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Propositions 
 

1. Information from commercial crossbred pigs is crucial for selecting purebreds for crossbred 
performance. 
(this thesis) 
 

2. Practical implementation of genomic prediction for crossbred performance will not use 
breed of origin of alleles. 
(this thesis) 
 

3. Humans are predisposed to stereotypes because human brains process information in a 
Bayesian style. 
 

4. Low plasticity of dietary preferences proves that we are not a migrant species. 
 

5. An academic CV with expertise in other fields of science has a greater value than expertise 
abroad in one’s own field. 
 

6. The lack of solidarity and social citizenship in a country is often rooted in colonialism. 
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Abstract 
Sevillano, C.A. (2018). Genomic evaluation considering the mosaic genome of the 
crossbred pig. PhD thesis, Wageningen University, the Netherlands 
 
In pigs, the breeding goal is to improve performance of crossbred (CB) animals in 
commercial farms. The best purebred (PB) animals to produce CB animals can be 
selected based on their genomic estimated breeding value (GEBV) for CB 
performance. GEBVs are the result of combining estimated effects of single 
nucleotide polymorphisms (SNPs) with the animal’s genotype. Using CB genomic 
information allows to estimate SNP allele effects accounting for the CB genetic 
background. The genome of CB animals is a mosaic of genomic regions inherited 
from the different parental breeds, therefore, this thesis aimed to investigate 
whether SNP alleles have different effects depending from which parental breed 
the allele was inherited and study the impact on GEBV of PB animals for CB 
performance when breed-specific allele effects were taken into consideration. 
Firstly, I showed that around 94 % of alleles of three-way CB pigs can be assigned a 
breed of origin. Knowing this, allowed me to implement a model that accounts for 
breed-specific effects of all SNP alleles. Using results of this model, I showed that 
estimated effects and explained variance of SNPs strongly associated with CB 
performance are different depending upon from which parental breed they were 
inherited, however, the majority of the genomic regions are not or only weakly 
associated with CB performance. Therefore, I implemented a new model that 
allows to estimate breed-specific effects only for alleles of SNPs strongly associated 
with CB performance, and for the rest of the SNPs assumes that allele effects are 
the same across breeds. Differences of prediction accuracies between models were 
generally small. When the estimated genetic correlation between the performance 
of PB and CB animals per breed of origin differed largely across models, it was 
better to use models that make a distinction of alleles according to their breed of 
origin and whether or not they were associated to the trait. 
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1.1 Introduction 
Current pig breeds originated from the Eurasian wild boar (Sus scrofa), which began 
to be domesticated about 9,000 years ago (Ervynck et al., 2001; Cucchi et al., 2011). 
The domestication process occurred independently in multiple locations across 
Eurasia (Larson et al., 2005; Groenen et al., 2012). Subsequently, during the 18th 
and early 19th centuries, the Asian pigs were introduced into Europe and were 
hybridized (Kijas and Andersson, 2001). As explained by White (2011): “The coming 
of Chinese swine stock, with its enhanced capacity for rapid weight gain, played a 
critical role in transforming Western pigs from peasant subsistence to industrial 
meat production.” Early in the 20th century, herd books were set up for the various 
breeds in most European countries. This work was initiated by national 
governments and implemented regionally. All herd books focused on purebred 
selection and breeding for efficient pork production. In 1964, Smith demonstrated 
the benefits of crossbreeding programs in pigs (Smith, 1964). Since then, 
crossbreeding has been widely practiced by pig breeders. In crossbreeding 
programs, breeds were developed into specialized sire and dam lines. In parallel, 
breeding farms also became specialized for pure breeding, multiplication and/or 
crossbreeding, and commercial farms for piglet production and/or fattening. The 
commercial farms bought replacement gilts and boars from the breeding farms 
instead of breeding these replacement pigs themselves (Visscher et al., 2000). This 
is how pig-breeding programs (and companies), as we know them today, started. 
Currently, any pig-breeding program involves a pyramid breeding scheme, where 
selection is within purebreds at breeding farms to optimize the performance of 
crossbreds in commercial farms (Figure 1.1). 
 
The only difference between the breeding programs of the late 60s and the 
breeding programs nowadays, is the type of information collected and how it is 
used to select the best pigs. In the early days, pigs were selected based only on 
their physical characteristics, (e.g., number of teats, body weight) or on their 
performance, (e.g., litter size, average daily gain). These observable traits, known 
as phenotypes, were recorded, and the pigs with the best phenotypes were 
selected to become parents of the next generation. This is phenotypic selection or 
mass selection, and it is the simplest form of selection. Soon after, it was realized 
that if a trait is recorded for various relatives, these data could be combined to 
better predict the potential of a pig as a parent for that trait. This is known as a 
selection index. Nowadays, the potential of a pig is predicted using phenotypes and 
family relationships via mixed-model equations. Mixed-model equations, in 
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comparison to the selection index, allow fixed effects in the data to be accounted 
for in an optimum way. The predictions from the mixed-model equations are 
known as estimated breeding values. Accounting only for relationships through the 
sire led to a “sire model”, and accounting for all relationships among all animals led 
to an “animal model”. Family relationships used in mixed-model equations were 
firstly established based on pedigree but nowadays are based also on genomic 
information. 
 

A.  

 
 
 
 
 
 
 
 
 
 
B. 

 
Figure 1.1 Pyramid breeding system (A) and three-way terminal crossbreeding scheme (B). 
 
Following these developments in selection strategies, a future improvement will be 
selection of purebred pigs based on their potential to produce crossbred offspring 
with superior performance, i.e., their estimated breeding value for crossbred 
performance. As already shown in some studies, there is a benefit of using 
crossbred phenotypes for estimating breeding values of purebred individuals for 
crossbred performance, when using pedigree (Wei and Van der Steen, 1991) or 
genomic information (Hidalgo et al., 2015a; Veroneze et al., 2015; Sewell et al., 
2018). Importantly, in crossbred animals, the genome is a mosaic of genomic 
regions inherited from the different parental breeds. As a result, depending on 
which breed a genomic region was inherited from, it might have different effects. 
Therefore, a given genomic region could have a different effect on crossbred 
performance, depending on the breed it was inherited from. In previous studies 
using real crossbred genomic information, this was largely unaccounted for. Thus, a 
new model, as proposed by Ibánẽz-Escriche et al. (2009) and Christensen et al. 
(2014), that accounts for SNP allele differences according to the breed of origin, 
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might be beneficial if we wish to start using crossbred genomic information for 
estimation of breeding values of purebred pigs for crossbred performance. In this 
thesis, I evaluated the outcome of using genomic information from commercial 
crossbred individuals for estimating breeding values of purebred individuals for 
crossbred performance. More precisely, I evaluated the outcome of accounting for 
the effects of genomic regions which are dependent on the breed of origin. 
 
Text box 1 provides a glossary of some of the technical terms that geneticists and 
animal breeders use, and that I will use throughout this thesis. 
 
Box 1. GLOSSARY 
Quantitative trait 
A particular phenotypic trait. They are continuous, usually affected by many genes 
(polygenic) and by environmental factors. In contrast, qualitative traits, are 
expressed in different categories, typically monogenic and little affected by 
environmental factors. Quantitative traits are the most interesting for animal 
breeders. 
Locus (plural loci) 
A position in the DNA, such as the position of a gene or a marker. 
QTL (Quantitative trait locus)  
A locus variation which is statistically associated with the variation of a 
quantitative trait. A QTL is not necessarily a causal mutation or a gene. 
SNP (Single-nucleotide polymorphism) 
A variation in a single nucleotide that occurs at a base position in the genome. 
SNPs are markers, commonly bi-allelic, used in animal genetics. 
LD (Linkage disequilibrium) 
The co-occurrence, more or less often than expected in a random association, of 
two alleles in different loci in individuals from a population. 
Dominance effect 
A non-additive effect due to the interaction between alleles at the same locus. 
Epistasis effect 
A non-additive effect due to the interaction between genotypes at different loci. 
Allele substitution effect (α)  
The effect that the presence of a copy of that allele has on the phenotype. This 
depends on the additive effect (a), dominance effect (d) and allele frequencies (p 
and q for bi-allelic loci) in the observed population. 

𝜶 = 𝒂 + 𝒅(𝒒 − 𝒑) 



1 General introduction 

 
 

14 
 

Breeding value 
The sum of the effects of the alleles carried by an individual. 
Additive genetic variance  
The main cause of resemblance between relatives. It is the variation in true 
breeding values across all the individuals in a population. 

𝑽𝑨 = 𝟐𝒑𝒒𝜶𝟐 
Heterosis 
Also known as hybrid vigor, this is the deviation of any trait in a crossbred 
offspring compared to the parental average. One of the main causes of heterosis 
is dominance. 
 
 
1.2 Crossbreeding  
The practice of crossing different breeds or lines to generate descendants is known 
as crossbreeding, and this leads to an improvement of the performance of the 
crossbred offspring compared to the average performance of their parents. The 
improvement is obtained from heterosis and breed complementarity (Visscher et 
al., 2000). One of the main causes of heterosis is dominance (Falconer et al., 1996). 
This is because crossbred superiority is attributed to the advantage of 
heterozygotes over the mean of the two homozygotes. Crossbreeding is common 
practice for pigs and poultry, and in cattle, the use of crosses or composite breeds 
also makes a contribution to the beef and dairy industries. Large-scale commercial 
pig producers routinely use a terminal crossbreeding system. In this system, F1 
females from two maternal breeds are mated to purebred or F1 boars. All pigs from 
this cross, i.e., commercial crossbreds, are sold as market pigs, thus making this a 
terminal crossbreeding system. A terminal crossbreeding system typically involves 
a pyramid breeding program (Figure 1.1), in which selection is within purebred 
individuals at the nucleus level to optimize the performance of commercial 
crossbred individuals in commercial farms. However, the genetic progress obtained 
at the nucleus level is not fully transferred to the commercial level. For traits 
presenting low (<0.8) genetic correlation between the performance of purebred 
and commercial crossbred (rpc) individuals, the use of information from commercial 
crossbred individuals has the potential to maximize genetic progress at the 
commercial level (Wei and van der Werf, 1994; Bijma and Van Arendonk, 1998). In 
their review paper, Wientjes and Calus (2017) reported the rpc for 39 different traits 
measured in 27 studies using either two-way or three-way crossbred pigs (Table 
1.1). 
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Table 1.1 Genetic correlations between the performance of purebred and crossbred (rpc) 
individuals per trait category (Wientjes and Calus, 2017). 

Trait category Traits (number of rpc estimates per 
trait) 

Total number 
of rpc estimates 

Avg. 
rpc 

Growth Average daily gain (28), body weight (13), 
age at test weight (2) 

43 0.66 

    
Meat amount Back fat (30), lean meat content (16), 

muscle depth (3), carcass length (2), 
meat content (2), muscle area (2), 
meat:fat ratio (2), ham content (2), body 
length (1), belly meat content (1), lipid 
deposition (1), protein deposition (1) 

63 0.69 

    
Meat quality Meat pH (11), conductivity (5), meat 

clarity (2), meat quality score (1), drip 
loss (1), intramuscular fat (1) 

21 0.67 

    
Feed Feed conversion ratio (4), feed efficiency 

(2), feed intake (1), residual energy 
intake (1) residual feed intake (1) 

9 0.67 

    
There are two major causes that lead to rpc being lower than unity. Firstly, additive 
genetic variance between purebred and commercial crossbred individuals can be 
different (Dekkers, 2007). As previously mentioned, crossbreeding maximizes 
heterosis, and one of the main causes of heterosis is dominance (Falconer et al., 
1996). Therefore, differences in additive genetic variance between purebred and 
commercial crossbred individuals can be due to differences in allele frequencies 
that affect the contribution of dominance effects to the additive genetic variance 
(see glossary for an explanation of how additive genetic variance is derived). 
Secondly, purebred animals are kept under nucleus conditions including superior 
management and biosecurity, in contrast to the range of conditions and disease 
challenges experienced by commercial crossbred animals. These differences in 
environment can cause (partly) different genes to be important for the trait when 
measured in nucleus or commercial environments, i.e., genotype-by-environment 
interaction (GxE). Moreover, global consolidation of pig-breeding companies has 
resulted in commercial farms all around the world with specific local circumstances 
(such as tropical climate or alternative feed). These differences can also result in 
GxE across commercial environments. Therefore, to take into account genetic 
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differences between purebred and commercial crossbred individuals, and the local 
circumstances in which crossbred animals need to perform, selection strategies 
should include information from crossbred animals in commercial farms (Bijma and 
Van Arendonk, 1998). 
 
 
 
This thesis is part of the NWO-project entitled “LocalPork”. Text box 2 provides an 
overview of the project and of the three theses involved in the project. 
 
Box 2. LocalPork Project 
Efficient local production of pork in Brazil is essential for meeting the increasing 
internal demand for animal protein, and to make the Brazilian pork sector 
competitive and sustainable in the future. Two important threats are: 1) Brazilian 
pork production relies on feeding corn and soybeans, which are becoming more 
expensive due to the large demand for alternative uses and increasing transport 
distances and 2) consolidation of pig-breeding businesses has resulted in global 
breeding programs that do not necessarily select the best pigs for specific local 
circumstances (such as tropical climate or alternative feed). This multidisciplinary 
project aimed to quantify these threats, develop and evaluate alternatives 
involving feeding by-products from more locally produced sources and develop 
breeding strategies that allow global breeding plans to serve specific local breeding 
goals. 
Thesis: “Enhancing the environmental and economic sustainability of pig farming” 
Brazilian pig production relies heavily on high-quality feed ingredients (corn and 
soybean) and exotic pig breeds that are not bred for local production 
circumstances. This has caused economic and environmental problems. Economic 
problems follow from the increasing competition for corn and soybeans between 
the pig industry and other sectors, which ultimately results in rising feed costs and 
shrinking farm profits. The problems are exacerbated by feed and pork price 
volatility, which brings uncertainty that affects investment, production and other 
business decisions of farmers. Environmental problems follow from the strong 
dependence on scarce resources, (e.g., cropland, fossil fuel and water) and the 
release of pollutants into the air, water and soil. This thesis assessed the 
contributions of locally produced alternative feed sources and the genetic 
improvement of pigs to enhancing the environmental and economic sustainability 
of the Brazilian pig production system. 
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Thesis: “Genotype by environment interaction for feed efficiency in growing-
finishing pigs in Brazil versus the Netherlands” 
Improving the feed efficiency of crossbred pigs in commercial environments is a 
priority in pig-breeding programs. Selection for feed efficiency, as for other traits, 
traditionally relies on measuring the performance of purebred pigs in the nucleus 
environment, although the aim is to improve crossbred performance in the 
commercial environment. Thus, the differences between these two environments 
may give rise to genotype-by-environment interaction (GxE). When comparing 
nucleus farms in the Netherlands and commercial farms in Brazil, several 
environmental factors could be responsible for GxE, e.g., the management and 
hygiene status of the farms, the ingredients of the diets and the climate conditions. 
This thesis investigated the genetic correlation between purebred and crossbred 
performance and the GxE interactions for feed efficiency traits in pigs raised in 
different conditions and fed different diets. 
Thesis: “Genomic evaluation considering the mosaic genome of the crossbred 
pig” (this thesis) 
Feed efficiency plays an important role in the breeding goals of today’s pig industry 
and it is one of the most important traits for efficient local production. However, if 
traits included in the breeding goal have genetic correlations between purebred 
and crossbred performance which differ from unity, selection response at the 
nucleus level (purebred animals) will not be fully expressed in the rate of genetic 
change at the commercial level (crossbred animals). The success of breeding 
programs in the near future will rely on the use of phenotypes and genotypes taken 
from crossbred animals at local commercial levels and the use of newly developed 
genomic models for handling this new type of information. This thesis investigated 
and developed new methodologies for using crossbred genomic information to 
increase the genetic change at the commercial level. 
 
1.3 Selection in pigs 
The aim of animal breeding is to select the best animals to be parents of the next 
generation, and thereby to improve the performance of future generations, i.e., 
genetic progress. The best animals are selected based on estimated breeding 
values. Traditionally, these estimated breeding values were calculated based on 
phenotypes and pedigrees, most often using best linear unbiased prediction (BLUP) 
via mixed-model equations (Henderson, 1975). With the possibility of using DNA 
information, new selection strategies were developed, firstly marker-assisted 
selection (Fernando and Grossman, 1989) and later genomic selection (Meuwissen 
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et al., 2001). Marker-assisted selection uses information on markers that are 
associated with a specific QTL to estimate breeding values for that trait (Dekkers, 
2004). Marker-assisted selection was performed using microsatellite markers. The 
problem with this strategy is the difficulty in identifying markers affecting the trait 
and the low availability of microsatellite markers. In addition, the link between a 
microsatellite marker and a QTL is family-dependent, and therefore the association 
had to be established for every family in which the marker was to be used for 
selection (Meuwissen et al., 2001). Genomic selection uses a large number of 
genome-wide markers simultaneously to estimate genomic breeding values. In 
contrast to marker-assisted selection, in genomic selection all available markers are 
used without prior testing of their association with the trait. The most common 
markers used for genomic selection are single-nucleotide polymorphism (SNP) 
markers, because they are abundant and easy to genotype, therefore they are 
expected to be in linkage disequilibrium with the QTL. Therefore, SNPs can be used 
to explain the QTL variation. The first SNP chip for pigs with about 60,000 SNPs 
became available in 2009 (Ramos et al., 2009). The most common method for 
genomic selection is the genomic best linear unbiased prediction (GBLUP) 
VanRaden (2008) method, in which the pedigree-based relationship matrix is 
replaced by a genomic relationship matrix in the mixed-model equation. The 
benefit of genomic selection compared to pedigree-based selection for purebred 
pig populations was shown by Forni et al. (2010), Ibáñez-Escriche et al. (2014), Knol 
et al. (2016) and Lopes et al. (2018) using real data. In pig breeding, an extension of 
the GBLUP, the so-called ‘single-step’ method, is the most frequently used method 
for genomic selection (Aguilar et al., 2010; Christensen and Lund, 2010). The single-
step method modifies the pedigree-based relationship matrix to include the 
genomic information. In this way, the evaluation is able to deal with both 
genotyped and non-genotyped animals. 
 
1.4 Selection for crossbred performance 
Additive genetic variance and local environments for purebred and commercial 
crossbred individuals can be different, resulting in a genetic correlation between 
performance of purebred and crossbred (rpc) individuals different from unity. The 
more rpc deviates from unity, the more important information on commercial 
crossbred individuals is for selecting purebred individuals for crossbred 
performance. A selection method that includes phenotypic information from 
crossbred individuals for selection of purebred individuals, denoted combined 
crossbred and purebred selection (CCPS), was evaluated by Wei and van der Werf 
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(1994). CCPS was shown to be superior to purebred selection for rpc values lower 
than 0.8. CCPS improves accuracy but requires larger purebred populations to 
avoid an excess of inbreeding, leading to a decrease in selection intensity. The 
inbreeding problem for CCPS arises from the fact that estimated breeding values of 
purebred selection candidates are largely determined by the performance of 
crossbred half-sibs, especially for traits with low rpc. This is because CCPS only uses 
pedigree (not genomics) for selection, therefore there is no information on the 
Mendelian sampling term of the purebred selection candidates to allow 
differentiation between sibs. This induces high intraclass correlation between 
estimated breeding values of full- and half-sibs and a tendency to between-family 
selection (Bijma et al., 2001). CCPS has not been extensively implemented in 
breeding programs, mainly due to the cost of collection of crossbred phenotypes in 
each generation (Kinghorn et al., 2010). The strategy of breeding organizations that 
implemented CCPS was to contract a limited number of test farms and 
slaughterhouses where crossbred information was collected. Pig-breeding 
companies include the phenotypic crossbred information in their routine 
evaluation through single-step genomic evaluation. Going one step further and 
including genomic crossbred information in the genetic evaluation is more accurate 
and will overcome the limitations of inbreeding (Dekkers, 2007). It will also 
overcome the need for extensive pedigree recording of commercial crossbred 
individuals, although pedigree recording, even for commercial crossbred 
individuals, is a routine task in most pig-breeding companies. Breeding companies 
recently started investing in genotyping commercial crossbred animals. How this 
information can be handled and its relevance for calculation of estimated breeding 
values is part of the research described in this thesis. 
 
1.5 Genomic selection for crossbred performance 
When information on commercial crossbred individuals is included in genomic 
selection models, estimated SNP allele effects for crossbred performance may be 
specific to the parental breed of origin. At least three possible components are 
known that influence SNP allele effects and can give rise to differences between 
populations; in this case, parental breeds. The first component is the extent of 
linkage disequilibrium between SNPs and the QTL. An inconsistent linkage 
disequilibrium phase of the SNP and QTL alleles between populations can explain 
why an SNP associated with an important effect in one population may not be 
effective for selection in a second population (De Roos et al., 2009). The 
persistence of phase between crossbreds and their parental breeds was higher 
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than 0.9 for distances of 50 kb for two-way crossbreds (Grossi et al., 2017) and 
three-way crossbreds (Veroneze et al., 2014). Across purebred populations, 
persistence of phase was around 0.8 when marker distances were smaller than 50 
kb (Badke et al., 2012; Veroneze et al., 2014; Grossi et al., 2017). Therefore, the 
currently used SNP chip with around 60,000 SNPs equally distributed across the pig 
genome, having an average spacing of 47 kb, should allow for genomic selection 
with crossbred information. 
 
The second possible component is the difference in allele frequencies of both the 
QTL and SNPs across populations. The QTL might segregate differently by 
population and may even not segregate at all in one population. These differences 
in allele frequencies by population result in differences in genetic variance 
explained by a QTL and by the SNP in LD with that QTL. 
 
The third possible component is the presence of epistatic interactions, which 
implies that the effect of a QTL allele depends on the genotype and allele 
frequency of a locus with which the QTL interacts. If the allele frequency of the 
locus with which the QTL interacts varies among populations, the effect of the QTL 
allele can be significant in one population but not in another, or can even be of the 
opposite sign in two different populations (Mackay, 2014). 
 
As SNP allele effects in crossbred animals may be specific to the parental breed of 
origin, genomic selection using crossbred genotype information could benefit from 
models that estimate different SNP allele effects for crossbred performance 
depending upon the breed of origin, as suggested by Dekkers (2007). Thus, 
implementing a model that uses genomic information both from purebred and 
commercial crossbred individuals and that takes into account the breed of origin of 
alleles, might improve estimation of breeding values of purebred individuals for 
crossbred performance. With simulated data, this model performed better than a 
model where SNP allele effects are assumed to be the same across breeds, when 
the number of markers was small and when breeds were distantly related or 
unrelated (Ibánẽz-Escriche et al., 2009). With real data, predictions will be affected 
by the history of the breeds, non-additive effects (if present) and the errors that 
might be included when tracing the origin of the alleles. The performance of this 
model has not been investigated with real data from three-way crossbred 
commercial pigs. 
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1.5 Outline of the thesis 
The objective of this thesis was to investigate new methodologies for using 
crossbred genomic information to increase the genetic progress at the commercial 
level. The hypothesis was that genomic selection using crossbred genotype 
information could benefit from models that estimate different SNP allele effects for 
crossbred performance, depending upon the breed of origin. To investigate this, I 
firstly needed to evaluate an approach that assigns the breed of origin of alleles in 
real data on three-way crossbred pigs, and this is discussed in chapter 2. I obtained 
genomic information from three populations, i.e., purebred, F1 and three-way 
crossbred populations. Following the approach for assigning the breed of origin to 
alleles, I phased the genotypes of all the pigs and determined the unique 
haplotypes among the purebreds. Finally, I assigned the breed of origin to each 
allele carried on the haplotypes of crossbred pigs, based on the knowledge of the 
breed of origin of the haplotypes, on the zygosity, (i.e., homozygosity or 
heterozygosity) of the locus and on the breed composition of the crossbred. I 
measured the percentage of assignments when the phasing was performed using 
or ignoring pedigree information. This chapter demonstrates that around 94% of 
the alleles of three-way crossbred pigs were assigned a breed of origin. Therefore, 
it was possible to implement a model that estimated SNP allele effects for 
crossbred performance based on their breed of origin (BOA model).  
 
In chapter 3 I evaluated the performance of the BOA model. I assigned the breed of 
origin to each allele carried on three-way crossbred pigs using the approach tested 
in chapter 2. Subsequently, I compared the results from the BOA model to those 
from models in which SNP allele effects for crossbred performance were assumed 
to be the same across breeds (G model), using either breed-specific allele 
frequencies or allele frequencies averaged across breeds. In this chapter, I used 
phenotypes from purebred and three-way crossbred pigs on average daily gain, 
back-fat thickness and loin depth. The BOA model predicted the crossbred 
performance better for average daily gain, but only for one of the maternal 
purebred lines, which showed the lowest genetic correlation between performance 
of purebred and crossbred (rpc). 
 
In chapter 4 I investigated whether the allele effect of a given SNP differs 
depending on the environmental or genetic background where it is expressed. In 
chapter 3, the applied BOA model assumed that allele effects of all SNPs were 
breed-specific. This assumption might not hold for all the SNPs, and possible 



1 General introduction 

 
 

22 
 

reasons are discussed in chapter 4. In this chapter, I used phenotypes from 
purebred and three-way crossbred pigs on average daily gain, back-fat thickness 
and residual feed intake. This chapter demonstrates that the effect of haplotypes 
strongly associated with crossbred performance are different, depending upon the 
population from which they originate. This chapter also shows, however, that the 
majority of the genomic regions are not, or are only weakly, associated with 
crossbred performance. 
 
With this knowledge in mind, in chapter 5 I developed the SEL-BOA model, that 
accounts for breed-specific allele effects only for SNPs strongly associated with 
crossbred performance. For the rest of the SNPs the SEL-BOA models assumes the 
same effects across breeds. I selected the SNPs strongly associated with crossbred 
performance based on the results from chapter 4, so that they explain together 5% 
or 10% of the total crossbred genetic variance for average daily gain in each breed 
of origin. I compared the results from the SEL-BOA model to those from the G and 
BOA model. Differences of prediction accuracies between models were small. The 
BOA model predicted better crossbred performance than the G model when 
estimated crossbred genetic variances and rpc differ largely between the G and the 
BOA models. Superiority of the SEL-BOA model compared to the BOA model was 
only observed for scenario 10% and when rpc for the selected SNP and non-selected 
SNP differed strongly from the rpc estimated by the G or BOA model. 
 
In the last chapter, chapter 6, I present the main contributions of this thesis to the 
understanding of the mosaic genome of crossbred pigs and the results of using this 
knowledge in models for predicting crossbred performance. Further, I discuss 
aspects of the implementation of these prediction models in breeding programs, as 
well as potential avenues for research on alternative prediction models. 
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Abstract 
Although breeding programs for pigs and poultry aim at improving crossbred 
performance, they mainly use training populations that consist of purebred 
animals. For some traits, e.g. residual feed intake, the genetic correlation between 
purebred and crossbred performance is low and thus including crossbred animals in 
the training population is required. With crossbred animals, the effects of single 
nucleotide polymorphisms (SNPs) may be breed-specific because linkage 
disequilibrium (LD) patterns between a SNP and a quantitative trait locus (QTL), 
and allele frequencies and allele substitution effects of a QTL may differ between 
breeds. To estimate the breed-specific effects of alleles in a crossbred population, 
the breed of origin of alleles in crossbred animals must be known. This study was 
aimed at investigating the performance of an approach that assigns breed of origin 
of alleles in real data of three-breed cross pigs. Genotypic data were available for 
14,187 purebred, 1354 F1, and 1723 three-breed cross pigs. On average, 93.7 % of 
the alleles of three-breed cross pigs were assigned a breed of origin without using 
pedigree information and 94.6 % with using pedigree information. The assignment 
percentage could be improved by allowing a percentage (fr) of the copies of a 
haplotype to be observed in a purebred population different from the assigned 
breed of origin. Changing fr from 0 to 20 %, increased assignment of breed of origin 
by 0.6 and 0.7 % when pedigree information was and was not used, respectively, 
which indicates the benefit of setting fr to 20 %. Breed of origin of alleles of three-
breed cross pigs can be derived empirically without the need for pedigree 
information, with around 93.0 % of alleles assigned a breed of origin. Pedigree 
information is useful to reduce computation time and can slightly increase the 
percentage of assignments. Knowledge on the breed of origin of alleles allows the 
use of models that implement breed-specific effects of SNP alleles in genomic 
prediction, with the aim of improving selection of purebred animals for crossbred 
offspring performance.  
 
Key words: SNP, crossbred, imputation, phasing, origin of alleles, pig   
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2.1 Introduction 
The genetic correlation between purebred and crossbred performance (rpc) is a 
crucial parameter that determines the effect of selection at the nucleus level, 
where purebred animals are used, on the rate of genetic change at the production 
level, where crossbred animals are used (Wei and van der Steen, 1991; Brandt and 
Täubert, 1998). In many cases, rpc deviates from 1 because of (1) different genetic 
backgrounds, and (2) different management procedures for purebreds and 
crossbreds (Wei and van der Steen, 1991; Lutaaya et al., 2001; Bastiaansen et al., 
2014). As rpc decreases, the benefit of using crossbred information increases (Wei 
and van der Steen, 1991; Bijma and van Arendonk, 1998), e.g. Dekkers (2007) 
reported that even with a rpc as low as 0.7 using crossbred information was 
advantageous. When information on crossbred animals is used, effects of single 
nucleotide polymorphisms (SNPs) may be breed-specific because linkage 
disequilibrium (LD) patterns between a SNP and a quantitative trait locus (QTL) 
(Bastiaansen et al., 2014) and allele frequencies and allele substitution effects of a 
QTL may differ between breeds (Wientjes et al., 2015). With genomic prediction, it 
is possible to determine the effect of alleles from different breeds and, thus, it can 
be used to select purebred animals for crossbred performance. An additive model 
that accounts for breed-specific SNP effects for genomic prediction using crossbred 
information was proposed by Ibánẽz-Escriche et al. (2009) and Christensen et al. 
(2014; 2015). Ibánẽz-Escriche et al. (2009) and Esfandyari et al. (2015) showed with 
simulated data that, under some conditions (i.e., low SNP density, large training 
data size, and low breed relatedness), the model that accounts for breed-specific 
SNP effects outperformed models in which SNP effects are assumed to be the same 
across breeds. If the above-mentioned conditions that favor the model that 
accounts for breed-specific effects with simulated data are met in real then it is 
important to determine whether such models are also superior in real data. 
 
To estimate the effect of a SNP allele that is present in a crossbred animal and 
originates from a purebred animal, the breed of origin of alleles in crossbreds must 
be known. While breed of origin of alleles was assumed to be known without error 
by Ibánẽz-Escriche et al. (2009), errors in breed of origin of alleles and the total 
percentage of alleles assigned to a breed of origin likely impact the accuracy of 
subsequent analyses such as genomic prediction. 
 
For a two-way cross, determining the breed of origin of alleles is relatively easy, 
especially when both parents are genotyped (Lopes et al. 2016). However, in pig 
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and chicken production, three-way crosses are commonly used. Bastiaansen et al. 
(2014) developed an approach to assign breed of origin to alleles in three-breed 
cross animals. They used a long-range phasing method (Hickey et al., 2011) to relax 
the dependency on genotyped parents and available pedigree information. 
Haplotypes that were derived from the long-range phasing method were assigned 
to a breed if they were present in only one of the purebred populations, which 
subsequently allowed assigning  the breed of origin of alleles when that haplotype 
was observed in crossbred animals. Vandenplas et al. (2016) improved and tested 
the approach to assign breed of origin of alleles on simulated data and obtained 
highly accurate allele assignments in three-breed cross animals without using 
pedigree information. Our aim was to investigate the performance of assignment 
of breed of origin of alleles on real data of three-breed cross pigs. The impact of 
using pedigree information of the crossbred animals on the assignment of breed of 
origin of alleles was also tested because in this dataset the pedigree was 
completely known and this approach is able to use such information when 
available. 
 
2.2 Methods 
2.2.1 Ethics statement 
The data used for this study was collected as part of routine data recording in a 
commercial breeding program. Samples collected for DNA extraction were only 
used for routine diagnostic purposes of the breeding program. Data recording and 
sample collection were conducted strictly in line with the Dutch law on the 
protection of animals (Gezondheids- en welzijnswet voor dieren). 
 
2.2.2 Genotypic data 
We used pigs that originated from a three-way crossbreeding design, in which 
Landrace (LR) pigs were crossed with Large White (LW) pigs to produce F1 (LR x LW 
or LW x LR) crossbred pigs, which in turn were crossed with synthetic boar (S) pigs 
to produce three-breed cross pigs (S (LR x LW) or S (LW x LR)). Genotyping data was 
available for 14,187 purebred, 1354 F1, and 1723 three-breed cross pigs (Table 
2.1). All pigs were genotyped using one of the three following SNP panels: Illumina 
PorcineSNP60.v2 BeadChip (60K.v2), Illumina PorcineSNP60 BeadChip (60K), or 
Illumina PorcineSNP10 BeadChip (10K) (see Table 2.1 for details). LR, LW and S pigs 
were primarily genotyped with the 60K (N = 2352), 10K (N = 3618), and 10K (N = 
1233) chips, respectively. F1 pigs were primarily genotyped with the 60K.v2 (N = 
786) chip and three-breed cross pigs with the 10K (N = 1432) chip. SNPs were 
removed from the data if they had the same position as another SNP (only one 
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removed), if they had no position assigned, or if they were present on Sus scrofa 
chromosome (SSC) X or SSCY. The SNP set for subsequent analyses consisted of 
SNPs from the 60K.v2 that had a call rate higher or equal to 90 % across all 
purebred lines. Pigs genotyped with the 60K or 10K chips were imputed to the 
60K.v2 panel. SNPs with low imputation accuracy across all purebred lines and F1 
crossbreds (concordance < 0.80) were removed from the final set of SNPs. Finally, 
52,164 SNPs remained for the analyses (Fig. 2.1). 
 
Table 2.1 Number of genotyped pigs available per SNP panel, and per crossbred line or cross 
SNP panel S LR LW F1 3-breed 

cross 
Total 

60K.v2 810 914 878 786 0 3388 
60K 782 2352 2687 543 291 6655 
10K 1233 913 3618 25 1432 7221 
Total 2825 4179 7183 1354 1723 17 264 
S = Synthetic boar, LR = Landrace, LW = Large White, F1 = LR x LW or LW x LR, 3-breed cross = 
S (LR x LW) or S (LW x LR). 
 
2.2.3 Imputation 
FImpute Version 2.2 software (Sargolzaei et al., 2014) was chosen for imputation 
with default parameter settings and using pedigree information because it is one of 
the most efficient available software programs for imputation (Sargolzaei et al., 
2014; Ventura et al., 2014). Within each of the three purebred lines, LR, LW, and S, 
imputation was performed in two steps: (1) pigs genotyped with the 10K chip were 
imputed to 60K, and (2) all pigs with 60K data were imputed to 60K.v2. For F1 and 
three-breed cross pigs, imputation was done in a single step, i.e. pigs genotyped 
with the 10K and 60K chips were directly imputed to 60K.v2, because all ancestors 
were genotyped or already imputed to 60K.v2. The numbers of SNPs from each 
panel that were used in each imputation step are in Fig. 2.1. 
 
2.2.3.1 Validation of imputation 
Imputation accuracy was assessed in 80 pigs from each of the purebred lines, LR, 
LW, and S, and in 80 F1 crossbred pigs, which were all genotyped with the 60K.v2 
panel. Accuracy of imputation in three-breed cross pigs was not assessed because 
none of them were genotyped with the 60K.v2. All pigs that were chosen to assess 
imputation accuracy had no offspring and both their parents were genotyped with 
the 60K.v2, 60K, or 10K chips. In these pigs, the genotypes of all SNPs on the 60K.v2 
panel were set to missing, except for the SNPs that were also on the 10K panel. 
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Imputation accuracy was calculated for each SNP in two ways, based on 
concordance and Pearson correlation, using the real and imputed genotypes. 
Pearson correlations per SNP between the real and imputed genotypes were 
corrected for minor allele frequency (MAF), i.e., real genotype – 2*MAF and 
imputed genotype – 2*MAF. The MAF for each SNP was calculated using the data 
for the 80 pigs tested from each population. SNPs with low imputation accuracy 
across all purebred lines and F1 crossbreds (concordance < 0.80) were removed 
from the final set of SNPs. 
 
 

 
Figure 2.1 Distribution of SNPs across the three different SNP panels after pruning. SNPs 
within the shadowed blue circle are included in the final set of SNPs. SNPs outside the 
shadowed blue circle were used during the imputation procedure. 
 
 
2.2.4 Assignment of breed of origin of alleles 
To assign breed of origin of alleles to three-breed cross pigs, we used an approach 
that consisted of three steps : (1) phasing the haplotypes of both purebred and 
crossbred pigs, (2) determining the unique haplotypes among the pure breeds, and 
(3) assigning the breed of origin for each allele carried on the haplotypes of 
crossbred pigs, i.e. F1 and three-breed cross pigs. For these steps, we used all the 
52 164 SNPs in the final set. 
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2.2.4.1 Phasing 
AlphaPhase1.1 software (Hickey et al., 2011) that implements a long-range phasing 
and haplotype library imputation algorithm was used to phase the genotypes. 
Although FImpute (Sargolzaei et al., 2014) also searches for long shared haplotypes 
and builds a haplotype library, the breed of origin approach cannot use this 
program because it also searches for short shared haplotypes. Short shared 
haplotypes can be difficult to assign to a breed because they may be shared across 
breeds. Long-range phasing is of particular interest because it does not rely on 
pedigree information. However, we tested both scenarios, phasing with and 
without pedigree information, to assess if allele assignment was improved when 
using pedigree information. Due to computational limitations, assigning breed of 
origin without using pedigree information was performed only for chromosomes 3, 
4, 9, 12, and 16. For both scenarios, haplotypes were built using nine combinations 
of core and tail lengths: 350:50, 250:100, 300:100, 350:100, 150:200, 200:200, 
250:200, 300:200, 350:200. The concepts of core and tails are outlined in detail in 
Hickey et al. (2011). Briefly, a core is a consecutive string of SNPs that are phased 
simultaneously, while tails are consecutive strings of SNPs that are immediately 
adjacent to either end of a core and that are used together with the core SNPs to 
identify which pigs in the data carry the same haplotype. Each combination of core 
and tails was run both considering “Offset” and “NotOffset” modes. The “Offset” 
mode shifts the start of the cores to halfway along the first core, creating 50 % 
overlaps between cores. These settings were chosen based on results of 
Vandenplas et al. (2016) and allowed each allele to be considered 18 times through 
different haplotypes of variable length. Varying the haplotype lengths may improve 
the overall phasing when some animals do and others do not have close relatives 
present in the genotype data. For all phasing analyses, 1 % of genotype errors and 
1 % disagreement between genotypes and haplotypes were allowed. 
 
2.1.4.2 Assignment of breed for haplotypes and alleles 
Assignment of breed of origin to haplotypes was performed as in Vandenplas et al. 
(2016). To assign a breed of origin to a haplotype, it was necessary that most of its 
copies were present in a specific breed. We tested two relaxation factors (fr), i.e. 0 
and 20 %, which is the maximum percentage of the copies of a haplotype that may 
be observed in a different purebred population. When the percentage of the copies 
of a haplotype that was observed in a single breed was less than (100- fr) %, the 
breed of origin for that haplotype was set to unknown. 
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Assignment of breed of origin to each allele that is carried on the haplotypes of 
crossbred animals is based on the knowledge available for the breed of origin of 
the haplotypes, the zygosity (i.e., homozygosity or heterozygosity) of the locus, and 
the breed composition of the crossbred animals (see Vandenplas et al. (2016) for 
the algorithm). Each allele at each locus can receive 18 breed-of-origin 
assignments, but, in some analyses, this number can be smaller when no breed is 
assigned to the haplotype. 
 
2.2.5 Principal components analysis 
A principal components analysis (PCA) was performed to check if three-breed cross 
pigs with a low assignment of breed of origin to their alleles were genetically 
distinct to the three-breed cross population. The PCA was performed by eigen 
decomposition of the genomic relationship matrix (G-matrix). The G-matrix was 
computed as in Yang et al. (2010), using our in-house software calc_grm (Calus and 
Vandenplas, 2015). 
 
2.3 Results 
2.3.1 Imputation and accuracies of imputation 
Accuracies of imputation were very close to 1, both when based on concordance 
and Pearson correlation (Table 2.2). The Pearson correlation between imputed and 
real genotypes per SNP was greater than 0.96 across all pure lines and F1 pigs 
(Table 2.2). The Pearson correlation per SNP was very similar across different MAF 
(Fig. 2.2). Some individual SNPs (N = 406) showed poor imputation accuracy 
(concordance < 0.80) and were removed from the set of SNPs. The final set of SNPs 
considered for imputation and assignment of breed of origin for alleles of three-
breed cross pigs included 52,164 SNPs from the 60K.v2 panel. 
 

Table 2.2 Average imputation accuracies computed across pigs or SNPs 
 Pig  SNP 

Concordance  Correlation Concordance 
Landrace 0.99  0.97 0.98 
Large White 0.99  0.97 0.98 
Synthetic boar 0.98  0.96 0.98 
F1 crossbred 0.98  0.97 0.98 

Accuracy was computed for the masked loci as the proportion of pigs 
or loci that had the same observed and imputed genotype 
(concordance), or the same Pearson correlation between the observed 
and imputed genotypes. 
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Figure 2.2 Accuracy of imputation according to minor allele frequencies. Minor allele 
frequencies (MAF) of genotyped SNPs versus the accuracy (Pearson correlation) of 
imputation from the PorcineSNP10 BeadChip panel to Illumina PorcineSNP60.v2 BeadChip 
for 80 pigs of each purebred line, i.e. synthetic boar (S), Landrace (LR), Large White (LW), and 
crossbred F1 pigs. The dark green dots are the average accuracy for different MAF. 

 
 
 
2.3.2 Assignment of breed of origin for alleles 
2.3.2.1 Comparison of different settings used for assignment of 
breed of origin 
All pigs were used to assign the breed of origin of alleles but the results are 
presented only for three-breed cross pigs. Breed-of-origin assignments were 
obtained from analyses without pedigree information for chromosomes 3, 4, 9, 12, 
and 16, and from analyses with pedigree information for all autosomes. For 
chromosomes 3, 4, 9, 12, and 16, on average 93.0 % (±1.0 %) of the alleles of a 
three-breed cross pig were assigned to a breed of origin without using pedigree 
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information and 94.6 % (±1.0 %) with using pedigree information, both with a fr 
equal to 0 % (Table 3). For all autosomes, on average 93.9 % (±1.4 %) of the alleles 
of a three-breed cross pig were assigned to a breed of origin when using pedigree 
and fr set at 0 %. Relaxing fr from 0 to 20 % increased the assignment by 0.6 and 0.7 
% with and without using pedigree information, respectively, for chromosomes 3, 
4, 9, 12, and 16, and increased the assignment by 1.3 % with using pedigree 
information for all autosomes (Table 2.3). In general, increases in assignment 
percentage were small regardless of whether pedigree information was used or not 
or whether fr was set to 0 or 20 %. 
 
Table 2.3 Allele assignment (%) to purebred lines as breed of origin when pedigree 
information is used or not, and with a relaxation factor (fr) of 0 or 20 %. SD are in 
parenthesis. 

Ped+ fr 
(%) 

Paternal   Maternal  Total 
Line S  Line LR  Line LW Total   

No1 0 49.5 (0.25)  22.4 (0.59) 21.1 (0.38) 43.5 (0.80)  93.0 (1.04) 
20 49.6 (0.23)  22.5 (0.64) 21.6 (0.42) 44.1 (0.82)  93.7 (1.03) 

Yes1 0 49.7 (0.26)  23.2 (0.48) 21.8 (0.33) 45.0 (0.71)  94.6 (0.97) 
20 49.7 (0.25)  23.0 (0.61) 22.6 (0.83) 45.5 (0.67)  95.2 (0.91) 

Yes2 0 49.5 (0.46)  22.5 (0.90) 21.8 (0.53) 44.4 (1.13)  93.9 (1.44) 
20 49.6 (0.42)  23.0 (0.65) 22.7 (0.59) 45.7 (0.73)  95.2 (0.95) 

Synthetic boar (S), Landrace (LR), Large White (LW) 
+Ped = Pedigree information (yes or no). 
1Averages estimated using chromosomes 3, 4, 9, 12, and 16. 
2Averages estimated using all 18 autosomes. 
 
The assigned breed of origin of alleles for heterozygous genotypes may differ 
depending on the approach used. To assess the effect of using pedigree 
information, breed-of-origin assignments with or without the use of pedigree 
information were compared. Both scenarios included only chromosomes 3, 4, 9, 12, 
and 16 (Table 2.4, comparison A). Only 0.3 % of the assignments displayed a change 
in their breed of origin depending on the use of pedigree information or not. 
Assignments were concordant for 94.2 % of the genotypes and 5.5 % of the 
genotypes were assigned a breed of origin by only one of the two approaches. 
 
To assess the impact of increasing the relaxation factor, assignments of breed of 
origin obtained with fr set at 0 and 20 % were compared. In this case, both 
scenarios included pedigree information and only chromosomes 3, 4, 9, 12, and 16 
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were used (Table 2.4, comparison B). Only 0.1 % of the assignments displayed a 
change in their breed of origin between setting fr at 0 or 20 %. The assignments 
were concordant for 99.2 % of the genotypes and 0.7 % of the genotypes were 
assigned a breed of origin by only one of the approaches. Because differences in 
breed-of-origin assignments between options were small, only results obtained 
with pedigree information and an fr set at 20 % will be presented in the following. 
 
Table 2.4 Comparison between different scenarios for the assignment of breed of origin of 
alleles 
Comparison A Comparison B 
Pedigree No pedigree % fr 20 % fr 0 % % 
Concordance 94.16 Concordance 99.24 
Assigned Not assigned 3.57 Assigned Not assigned 0.63 
Not assigned Assigned 1.97 Not assigned Assigned 0.07 
Disagreement 0.30 Disagreement 0.06 
(A) Breed-of-origin approach with vs. without pedigree (relaxation factor (fr) of 0 %) 
(B) Breed-of-origin approach with fr set to 20 % vs. fr se to 0 % (with pedigree) 
Concordance, same allele assigned to the same breed of origin by both scenarios or same 
allele not assigned to a breed of origin by both scenarios. 
Disagreement, same allele assigned to different breed of origins by both scenarios 
Allele assigned to a breed of origin by only one scenario (assigned – not assigned or not 
assigned - assigned). 
 
2.3.2.2 Performance of assignment of breed of origin 
Average assignment percentages were similar across three-breed cross pigs. On 
average, for each chromosome, at least 80 % of alleles were assigned a breed of 
origin to 98.7 % of the three-breed cross pigs. Of the three-breed cross pigs, 8 % (N 
= 141) had a chromosome for which less than 80 % of the alleles were assigned and 
4 % (N = 66) had multiple such chromosomes. The assignment percentage of these 
207 three-breed cross pigs is illustrated in Fig. 2.3. The chromosome that has the 
lowest percentage of assignment varied across these 207 pigs. The lowest 
assignment for a chromosome was observed in a three-breed cross pig for which 
only 19.0 % of the alleles on chromosome 9 were assigned to a breed. For this pig, 
chromosome 6 had the highest assignment, for which 67 % of the alleles were 
assigned to a breed. Two three-breed cross pigs, including the one mentioned 
above, had a low percentage of assignment for all 18 chromosomes (Fig. 2.3). 
 



2 Determination of the breed of origin 

 
 

34 
 

 
Figure 2.3 Average (±SD) assignment of breed of origin of alleles for 207 three-breed cross 
pigs. All three-breed cross pigs had at least one of their chromosomes with less than 80 % 
breed-of-origin assignment of alleles. Numbers of chromosomes per pig with poor 
assignment are written next to the averages (number is omitted if number of chromosomes 
is lower than five). 
 
The average assignment of breed of origin of alleles was similar across 
chromosomes, with a standard deviation (SD) of 0.95 % among the 18 
chromosomes. Within chromosome, the SD ranged from 3.36 % for chromosome 1 
and 13, to 5.97 % for chromosome 2. The highest assignment was obtained for 
chromosome 17 (96.5 %) and the lowest for chromosome 12 (93.6 %) [See 
Supplementary material, Additional file S2.1]. For chromosome 17, 49.8 % of the 
alleles were assigned to the paternal S purebred line, 23.1 % to the maternal LR 
purebred line, and 23.6 % to the maternal LW purebred line. For chromosome 12, 
49.3 % of the alleles were assigned to the paternal S purebred line, 21.7 % to the 
maternal purebred LR line, and 22.6 % to the maternal LW purebred line. The main 
differences between chromosomes were due to differences in the percentage 
assigned to the maternal purebred lines. 
 
For most three-breed cross pigs, one chromosome of each pair was almost 
completely assigned to the paternal S purebred line, as shown for 25 random pigs 
in Fig. 2.4, while the other chromosome showed large blocks that were assigned to 
the maternal LR or LW purebred line. While it is expected that 50 % of the maternal 
chromosome originates from one of the two maternal purebred lines, these 
percentages can deviate strongly from this value for individual animals. The pattern 
in Fig. 2.4 is as expected based on the 1.2 recombination rate of Sus scrofa 
chromosome (SSC) 12 (Tortereau et al., 2012), and we observed on average one 
recombination per chromosome. However, near the ends of the maternal 
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chromosomes, the number of alternate assignments of breed of origin of alleles 
between the maternal LR or LW purebred lines increased, which is consistent with 
the higher levels of recombination that are observed in these chromosome regions 
(Tortereau et al., 2012). Assignment of breed of origin to each allele is also based 
on the breed composition of the crossbred animals. For one three-breed cross pig, 
if the origin of the maternal allele is assigned, the algorithm always assigns the 
paternal origin to the other allele at the same locus, i.e. in Fig. 2.4 no dark grey 
region is observed opposite to an assigned maternal allele. The other way around, 
if the origin of the paternal allele is assigned, the algorithm does not necessarily 
always assign the maternal origin to the other allele at the same locus, because it 
cannot choose between the 2 maternal purebred lines, as can be observed from 
dark grey regions opposite to an assigned paternal allele. 
 

 
 
Figure 2.4 Breed of origin of alleles in 25 three-breed cross pigs. Each three-breed cross pig 
is represented in two rows, one row representing the paternal and one row the maternal 
chromosome. Dark grey regions indicate unassigned allelic origin. White regions indicate 
regions that not covered with SNPs. 
 
2.3.3 Principal component analysis 
The principal component analysis of the genomic relationship matrix provided a 
clear separation between the purebred lines and between the three-breed cross 
pigs (Fig. 2.5). The first and second principal components together explained 16.9 % 
of variation, while the third principal component only explained 1.9 % of the 
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variation, which is mainly associated with variation within the LR purebred line 
population. Previously, we detected two three-breed cross pigs with a low 
percentage of assignment for all 18 chromosomes. In Fig. 2.5, we plotted the first 
three principal components of the genomic relationship matrix and we observed 
that one of these pigs was placed within the paternal S purebred line population, 
while the other pig was placed outside the three-breed cross population, but also 
outside all purebred line populations. This indicates that these two pigs were 
genetically distinct from the three-breed cross population. 
 

  
 
Figure 2.5 Three first principal components (PC) for the three purebred lines and three-
breed cross pigs. Each circle (o) or triangle (∆) represents a pig. The two pink dots represent 
the two three-breed cross pigs with a low percentage of assignment for all 18 chromosomes. 

 



2 Determination of the breed of origin 

 
 

37 
 

2.4 Discussion 
2.4.1 Imputation 
For the three purebred lines, LR, LW, and S, imputation was performed in two 
steps, 10K genotypes were imputed to 60K, and the output of the first step was 
imputed to 60K.v2. This strategy was chosen because the 10K panel shared more 
SNPs (8743) with the 60K panel than with the 60K.v2 panel (6861). Pedigree 
information was used for the imputation because it was available. However, in the 
absence of pedigree information and with high-density panels, family information 
can be captured by searching for long haplotypes and used for imputation 
(Sargolzaei et al., 2014). The accuracies of imputation that were obtained in our 
study, using related pigs that were genotyped with high-density panels (60K or 
60K.v2) and using pedigree information, were close to accuracies reported in the 
literature with similar datasets (Gualdron Duarte et al., 2013; Ventura et al., 2014). 
Gualdron Duarte et al. (2013), imputed 9K genotypes of F2 individuals from a Duroc 
x Pietrain population to 60K, and obtained an accuracy of imputation higher than 
0.94. With our data, the accuracy of imputation per SNP was very similar across 
different values of MAF, which indicates that rare variants were also accurately 
imputed. Similarly, Gualdron Duarte et al. (2013), observed that SNPs with a MAF 
lower than 0.10 were imputed with reasonably good accuracy in the F2 population. 
Ventura et al. (2014), imputed crossbred beef cattle from 6K to 50K, and concluded 
that the accuracy of imputation of crossbred animals can be high if the number of 
reference animals genotyped with high-density panels is sufficiently large and if all 
breeds that have led to the crossbred animals are included. They also used the 
FImpute software (Sargolzaei et al., 2014) and obtained imputation accuracies 
higher than 0.94. However, accuracy of imputation was based only on 
concordance. Concordance estimates for imputation accuracy are generally higher 
than Pearson correlations. Imputation errors are generally due to the assignment 
of the major instead of the minor allele, and the probability of such errors 
decreases as MAF decreases. Therefore, SNPs with a low MAF generally show high 
concordance (Lin et al., 2010). Moreover, the slightly lower accuracies reported by 
Ventura et al. (Ventura et al., 2014) compared to those found in our study, can be 
explained by the fact that they lacked pedigree information. Another reason may 
be the higher levels of genomic divergence between the reference population and 
the group of animals to be imputed. In addition, the structure of the populations 
may have also contributed to this difference since pig breeding populations have a 
small effective population size, few boars with large family sizes, and generally 
complete pedigree information, while beef cattle populations have a larger number 
of sires with smaller family sizes and incomplete pedigree information (Ventura et 
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al., 2014). Accuracy of imputation in our three-breed cross pigs data was not 
assessed because none of these animals were genotyped with the 60K.v2 chip. 
However, we would expect high imputation accuracies, i.e. similar to the results 
obtained for the purebreds and F1 pigs. Shared haplotypes should have been found 
easily and accurately because the reference group was large and related to the 
target group (Sargolzaei et al., 2014). Moreover, high imputation accuracy of rare 
variants was also expected in the three-breed cross pigs, because alleles present in 
the crossbreds must be present in the purebred parental lines (Gualdron Duarte et 
al., 2013). 
 
2.4.2 Assignment of breed of origin 
Percentage of assignment of breed of origin to alleles increased only slightly when 
pedigree information was used (1.6 % with fr set at 0 %, and 1.5 % with fr set at 20 
%). Using pedigree information is recommended, first to increase allelic 
assignments, and second to reduce computation time during the phasing analyses. 
Only a small difference in assignment of breed of origin between using pedigree 
information or not was expected, because this information was only used for the 
phasing step, and it has been shown that long-range phasing, as implemented in 
AlphaPhase1.1 software, performs well in the absence of pedigree information 
(Hickey et al., 2011). Percentages of assignments were in line with the results based 
on simulated data that were reported by Vandenplas et al. (2016). In their 
simulation study (Vandenplas et al., 2016), the distantly-related breeds scenario is 
comparable to our real data analysis. We obtained the highest percentage of 
assignment when using pedigree information and fr equal to 20 %. Based on the 
simulation study of Vandenplas et al. (2016), relaxing the maximum percentage of 
copies of the haplotype observed in another purebred population from 0 to 10 %, 
and then to 20 %, slightly increased the percentage of correct assignments but did 
not influence the percentage of incorrect assignments, and consequently slightly 
decreased the percentage of unknown assignments for crossbred animals that 
originated from distantly-related breeds. Across our results in Tables 2.3 and 2.4, 
91 % of the alleles were always assigned and 2.8 % were never assigned, regardless 
of whether pedigree information was used or not. Therefore, 6.2 % of the alleles 
might switch from not being assigned to being assigned or vice versa, depending on 
whether pedigree information is used or not and the value set for fr. Furthermore, 
we observed that assignments of breed of origin obtained with fr set at 0 or 20 % 
were consistent. Therefore, relaxing the maximum percentage of copies of the 
haplotype to be observed in another purebred population from 0 to 20 % did 
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appear to have resulted in extra assignments rather than rearrangement of 
assignments. 
 
2.4.3 Animals with a low percentage of assignment of breed of 
origin 
The percentage of assignment of breed of origin to alleles was high and constant 
across chromosomes. Two hundred and seven three-breed cross pigs had at least 
one chromosome for which less than 80 % of the alleles were assigned. It is difficult 
to characterize these animals, since 115 of these have only one or none of their 
parents genotyped. However across the whole data, 221 three-way crossbred 
animals also had only one or none of their parents genotyped, which means that 
106 of them still achieved more than 80 % assignment for all chromosomes. 
Relatedness within these three-way crossbred animals does not seem to be the 
issue either. We found a maximum of 16 half- or full-sibs (in the scenario with 
common sire A) and 11 half- or full-sibs (in the scenario with common sire B), 
however, sires A and B also produced 13 and 15 other half- or full-sibs, 
respectively, with more than 80 % assignment for all chromosomes. A low 
assignment percentage was found for the whole genome for two three-breed cross 
pigs. A principle component analysis of the genotype data showed that these two 
pigs do not overlap with the three-breed cross population. Thus, the approach used 
was not able to assign an origin to most of their haplotypes. We suspect that this 
absence of overlap of these two three-breed cross pigs with the three-breed cross 
population may be due to erroneous pig identification, i.e. the first pig might have 
originated from the paternal S purebred line and the second pig from a cross with 
another line that was not included in this study. This absence of overlap with the 
correspondent population was also observed for some purebred line pigs, likely for 
the same reasons. Pigs with low assignment of breed of origin to alleles along the 
whole genome should be removed from the dataset because they do not add 
information about breed of origin of alleles when it is used in further analyses, and 
because the low assignment may indicate an error in the data. The assignment of 
breed of origin to alleles of other three-breed cross pigs in the dataset should not 
be affected by these apparently incorrectly labelled pigs, even if the incorrect 
assignment occurs for the purebred line pigs, i.e. using breed-of-origin assignment 
with a fr of 20 %, we still expected that at least 80 % of the alleles from the other 
purebred line pigs would be assign the correct breed. 
 
With the third principal component, we observed that pigs from the LR line were 
more variable compared to those from the other purebred lines (Fig. 2.5). This is 
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probably because the recent history of the LR pigs used in our study involves 
animals that originated from two populations. As a result, the three-breed cross 
pigs were also sub-divided into two sub-groups, which probably depended on 
which of these two sub-populations the LR grand-dam came from. This variation 
within the LR population was mainly captured by the third principal component but 
it explained only 1.94 % of the extra variation. 
 
2.4.4 Phasing and haplotypes library 
The first step to assign the breed of origin of alleles, was to phase the genotypes 
using the long-range phasing and haplotype library algorithm AlphaPhase1.1 
(Hickey et al., 2011). Phasing using pedigree information was on average three 
times faster than phasing without pedigree information. For the starting analysis, 
which includes phasing of the purebred animals, and the first batch of the 
crossbred animals, the assignment of breed of origin can still be accurately 
obtained without pedigree information, but one has to account for the increased 
computational demand. AlphaPhase1.1 builds a library of all unique haplotypes 
that long-range phasing has found in the dataset. This library can then be used in 
subsequent analyses for phasing new crossbred animals that are added to the 
dataset and that may or may not have pedigree information, without the need to 
phase the reference population again. Hickey et al. (2010) tested this phasing 
strategy with simulations and obtained 81 to 94 % of correctly phased SNPs with 
low error rate (< 0.08 %). This phasing strategy can be applied for breed-of-origin 
assignment to speed up the assignment of alleles of new crossbred animals that are 
added to the dataset. 
 
2.4.5 Application 
Using crossbred performance for genetic predictions could be beneficial in 
breeding systems where production animals are crossbred, especially for traits with 
a low genetic correlation between purebred and crossbred performance. Genomic 
selection outperforms selection based on pedigree relationships and allows the use 
of crossbred performance information, even when pedigree information is not 
available. However, when using crossbred information for genomic prediction, we 
must take into account that effects of SNPs may be breed-specific because LD 
patterns between a SNP and a QTL may differ between breeds (Bastiaansen et al., 
2014), and allele frequencies and allele substitution effects of QTL may also differ 
between breeds (Wientjes et al., 2015). To include these differences between 
breeds in a prediction model, we first need to determine the breed of origin of 
alleles in three-breed cross animals with high accuracy, as in this study, and then 
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use prediction models that estimate breed-specific SNP effects, as proposed by 
Ibánẽz-Escriche et al. (2009) and Christensen et al. (2014). The benefit of this 
approach, training with crossbred data and using breed-specific SNP effects 
models, is that allele substitution effects of purebred alleles will be estimated 
against the genetic background that they will be expressed in. Thus, this approach 
can potentially incorporate the additive components of dominance and epistasis 
(Ibánẽz-Escriche et al., 2009; Kinghorn et al., 2010). This could be used in 
combination with reciprocal recurrent selection (Wei and van der Steen, 1991) 
using phenotypes and genotypes of crossbred animals instead of only phenotypes 
(Kinghorn et al., 2010). Under some conditions (i.e., low SNP density, large 
crossbred training data size, and low breed relatedness), Ibánẽz-Escriche et al. 
(2009) and Esfandyari et al. (2015), reported improved predictions using a model 
that accounts for the breed of origin of alleles compared to an additive or 
dominance model where SNP effects are assumed the same across breeds. In 
Ibánẽz-Escriche et al. (2009) and Esfandyari et al. (2015), simulated data were used 
and breed of origin of alleles was assumed to be known a priori. With the results 
obtained in our study, the genomic model that accounts for breed of origin of 
alleles can be tested with real data. Since applications of genomic prediction 
require frequent re-estimation of SNP effects to maintain prediction accuracy, 
genomic prediction based on crossbred performance and breed-of-origin 
knowledge would also require repeated derivation of breed-specific SNP effects. 
 
In addition to genomic prediction analyses, knowledge of breed of origin of alleles 
can also be used in genome-wide association studies (GWAS), accounting for the 
fact that the effect of causative mutations on phenotypes may depend on breed of 
origin. The approach can be similar to that using parental origin of sequence 
variants (Kong et al., 2009), in which genomic imprinting restricts the effect to the 
allele inherited from a parent of a specific sex; however, to be able to distinguish 
between parental origin and breed of origin, reciprocal crosses will be needed. 
 
The genomic prediction model and GWAS that account for breed of origin can be 
also tested using haplotypes instead of single SNPs, which can increase prediction 
accuracies in genomic prediction (Calus et al., 2008), and increase power and 
precision in GWAS (Pryce et al., 2010). However, although the output of the breed-
of-origin approach provided 18 haplotypes libraries, it will be still necessary to 
combine them and redefine the start and endpoints of the haplotypes so that they 
are suitable for these types of analyses. 
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2.5 Conclusion 
Breed of origin of alleles of crossbred animals can be empirically derived without 
pedigree information. Pedigree information is, however, useful to reduce 
computation time and slightly improves assignment percentage. Around 94 % of 
the alleles of three-breed cross pigs were assigned a breed of origin. The results of 
this approach for assigning breed of origin to alleles allows the use of models that 
implement breed-specific effects of SNP alleles in genomic prediction, with the aim 
to improve selection of purebred animals for crossbred offspring performance. 
Breed-of-origin information also opens new possibilities to study associations 
between SNPs and production traits. 
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Abstract 
Genomic prediction of purebred animals for crossbred performance can be based 
on a model that estimates effects of single nucleotide polymorphisms (SNPs) in 
purebreds on crossbred performance. For crossbred performance, SNP effects 
might be breed-specific due to differences between breeds in allele frequencies 
and linkage disequilibrium patterns between SNPs and quantitative trait loci. 
Accurately tracing the breed of origin of alleles (BOA) in three-way crosses is 
possible with a recently developed procedure called BOA. A model that accounts 
for breed-specific SNP effects (BOA model), has never been tested empirically on a 
three-way crossbreeding scheme. Therefore, the objectives of this study were to 
evaluate the estimates of variance components and the predictive accuracy of the 
BOA model compared to models in which SNP effects for crossbred performance 
were assumed to be the same across breeds, using either breed-specific allele 
frequencies (GA model) or allele frequencies averaged across breeds (GB model). In 
this study, we used data from purebred and three-way crossbred pigs on average 
daily gain (ADG), back fat thickness (BF), and loin depth (LD). Estimates of variance 
components for crossbred performance from the BOA model were mostly similar 
to estimates from models GA and GB. Heritabilities for crossbred performance 
ranged from 0.24 to 0.46 between traits. Genetic correlations between purebred 
and crossbred performance (rpc) across breeds ranged from 0.30 to 0.62 for ADG 
and from 0.53 to 0.74 for BF and LD. For ADG, prediction accuracies of the BOA 
model were higher than those of the GA and GB models, with significantly higher 
accuracies only for one maternal breed. For BF and LD, prediction accuracies of 
models GA and GB were higher than those of the BOA model, with no significant 
differences. Across all traits, models GA and GB yielded similar predictions. The BOA 
model yielded a higher prediction accuracy for ADG in one maternal breed, which 
had the lowest rpc (0.30). Using the BOA model was especially relevant for traits 
with a low rpc. In all other cases, the use of crossbred information in models GA and 
GB, does not jeopardize predictions and these models are more easily implemented 
than the BOA model. 
 
 
Key words: origin of alleles, crossbred, genomic prediction, finisher, pig 
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3.1 Introduction 
Genomic selection (GS) is more accurate than pedigree-based selection, and thus 
was developed for purebred (PB) populations of many farm species (Hayes et al., 
2009; Forni et al., 2010; Jannink et al., 2010; Wolc et al., 2011). However, many 
production systems use crossbreeding schemes to produce crossbred (CB) 
individuals for commercial production. Crossbreeding in plants is common practice 
in many crops, such as maize. Crossbreeding in animals is common practice for pigs 
and poultry, and, in cattle, the use of crosses or composite breeds contributes 
largely to the beef and dairy industry. If selection is based on the performance 
measured on PB individuals, the rate of genetic change observed in CB individuals 
may be reduced because of differences in additive variance between PB and CB 
individuals, and because the genetic correlation between performance in PB and 
CB individuals (rpc) is lower than 1 (Wei and Van der Steen, 1991; Brandt and 
Täubert, 1998). With rpc values of 0.7 or lower, using only PB performance was 
predicted to yield considerably less genetic progress in CB performance compared 
to using performance of both PB and CB (Dekkers, 2007; Van Grevenhof and Van 
der Werf, 2015). In pigs, rpc lower than 0.7 were reported for daily gain, daily feed 
intake, feed conversion ratio and residual feed intake (Lutaaya et al., 2001; 
Nakavisut et al., 2005; Knap and Wang, 2012), and also in poultry for egg number 
(Wei and Van der Werf, 1995), and in cattle for weight-related traits (Newman et 
al., 2002). In maize, the correlation between PB and CB performance for grain yield 
(GY) is lower than that for grain dry matter content (GDMC), and it was observed 
that models that do not include CB information failed to predict the performance 
of CB for GY but for GDMC yielded a high prediction accuracy (Schrag et al., 2009). 
 
With GS, training with CB information is facilitated because GS eliminates the 
disadvantages of having to record pedigree data on CB individuals (Dekkers, 2007). 
Moreover, GS using CB information could benefit from models that estimate the 
effects on CB performance of markers that segregate within the parental breeds, as 
suggested by Dekkers (2007), Ibáñez-Escriche et al. (2009), Kinghorn et al. (2010) 
and Christensen et al. (2014; 2015) in the context of animal breeding, and by 
Schrag et al. (2009) in the context of hybrid performance in maize. 
 
A commonly used GS model, known as genomic best linear unbiased prediction 
(GBLUP) (Meuwissen et al., 2001), replaces the pedigree-based relationship matrix 
by a genomic relationship matrix. The values in the genomic relationship matrix are 
a function of allele content and allele frequencies (VanRaden, 2008). Consequently, 
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the genomic relationship matrix is built under the assumption that all individuals 
belong to the same population, with the same average allele contents. Moreover, 
GBLUP implicitly assumes a single value for the linkage disequilibrium between a 
single nucleotide polymorphism (SNP) and a quantitative trait locus (QTL). When 
individuals originate from different populations, as in the crossbreeding context, 
these assumptions are violated because allele frequencies and the linkage 
disequilibrium patterns across the genome differ between breeds (De Roos et al., 
2008; Makgahlela et al., 2013; Veroneze et al., 2014). Models that account for 
breed-specific allele frequencies were tested with simulated and real data and 
showed no improvement in prediction accuracies (Makgahlela et al., 2014; 
Moghaddar et al., 2014; Lourenco et al., 2016). Models that, in addition to 
including breed-specific allele frequencies, also account for breed-specific SNP 
effects did outperform models in which SNP effects were assumed to be the same 
across breeds. However, these results were only observed in simulation studies 
under some conditions (i.e., low SNP density, large training data size, and low 
breed relatedness) and where breed of origin of alleles was assumed to be known 
without error (Ibánẽz-Escriche et al., 2009; Esfandyari et al., 2015). With real data 
from a two-way crossbreeding scheme, Xiang et al. (2016) and Lopes et al. (2017) 
reached different conclusions. When using a model that accounted for breed-
specific SNP effects compared to a model in which SNP effects were assumed to be 
the same across breeds, Xiang et al. (2016) found improved prediction accuracies 
and reduced bias of prediction, whereas Lopes et al. (2017) found similar prediction 
accuracies between the two models. The benefit of a two-way CB is that tracing the 
breed of origin of alleles is relatively straightforward. However, many 
crossbreeding schemes are based on a three-way cross, for which tracing the breed 
of origin of alleles is considerably more complicated (Vandenplas et al., 2016). 
Recently we have developed a procedure that enables breed-of-origin assignment 
(BOA) of alleles in three-way CB animals (Sevillano et al., 2016). BOA allows 
empirical testing of the model that accounts for breed-specific SNP effects in real 
data. Therefore, the objectives of this study were to evaluate the estimates of 
variance components and the accuracy of a model that accounts for breed-specific 
SNP effects using information from both PB and three-way CB pigs for average daily 
gain (ADG), back fat thickness (BF), and loin depth (LD). 
 
3.2 Methods 
3.2.1 Data 
The pig data consisted of three PB populations: Synthetic boar (S), Landrace (LR), 
and Large White (LW), and a three-way CB population: (S (LR x LW) or S (LW x LR)), 
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produced by crossing the above-mentioned PB populations. The numbers of 
available genotypes and phenotypes per trait and per population are in Table 3.1. 
All pigs were genotyped using one of the three following SNP panels: Illumina 
PorcineSNP60.v2 BeadChip (60K.v2), Illumina PorcineSNP60 BeadChip (60K), or 
Illumina PorcineSNP10 BeadChip (10K). Pigs genotyped with the 60K or 10K chips 
were imputed to the 60K.v2 panel using FImpute Version 2.2 software (Sargolzaei 
et al., 2014). SNP quality control and imputation were applied on the same dataset 
in a previous study (Sevillano et al., 2016), in which more details are provided. The 
final SNP set for subsequent analyses consisted of 52,164 SNPs. Phenotypes for 
ADG (g/d), BF (mm), and LD (mm), were measured for most of the PB and CB pigs. 
ADG for PB was calculated as the difference of on-test body weight measured on 
average at 60 days of age and off-test body weight measured on average at 173 
days of age. ADG for CB was calculated as the difference of on-test body weight 
measured on average at 70 days of age and body weight at the end of the finishing 
period, which was on average 120 kg. BF and LD for PB were measured on average 
at 173 days of age using an ultrasound instrument, while BF and LD for CB were 
measured on the carcass after slaughter using a probe, named “capteur gras 
maigre” (CGM; Sydel, France). For all phenotyped pigs, four generations of 
pedigree information were included.  
 
Table 3.1 Number of genotypes and phenotypes available for each trait and population 
Population Genotypes ADG BF LD 

S 2733 2575 2616 2595 

LR 4148 2333 3605 2386 

LW 7103 5294 6769 5469 

CB 1706 1675 1676 1681 

Total 15,690 11,877 14,666 12,131 

S = Synthetic boar, LR = Landrace, LW = Large White, and CB = three-way crossbred pigs. 
ADG = average daily gain, BF = back fat thickness, and LD = loin depth. 

 
3.2.2 Analyses 
3.2.2.1 GBLUP model with breed-specific partial relationship 
matrices (BOA model) 
To account for the breed-specific effect of SNPs, the following 4-trait animal model 
with three breed-specific partial relationship matrices (𝐆(𝐒), 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖))  
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𝐲𝐒 = 𝐗𝐒𝐛𝐒 + 𝐖𝐒𝐮𝐒 + 𝐙𝐒𝐚𝐒 + 𝐞𝐒, 

𝐲𝐋𝐑 = 𝐗𝐋𝐑𝐛𝐋𝐑 + 𝐖𝐋𝐑𝐮𝐋𝐑 + 𝐙𝐋𝐑𝐚𝐋𝐑 + 𝐞𝐋𝐑, 

𝐲𝐋𝐖 = 𝐗𝐋𝐖𝐛𝐋𝐖 + 𝐖𝐋𝐖𝐮𝐋𝐖 + 𝐙𝐋𝐖𝐚𝐋𝐖 + 𝐞𝐋𝐖, 

𝐲𝐂𝐁 = 𝐗𝐂𝐁𝐛𝐂𝐁 + 𝐖𝐂𝐁𝐮𝐂𝐁 + 𝐙𝐂𝐁𝐠𝐂𝐁
(𝐒)

+ 𝐙𝐂𝐁𝐠𝐂𝐁
(𝐋𝐑)

+ 𝐙𝐂𝐁𝐠𝐂𝐁
(𝐋𝐖)

+ 𝐞𝐂𝐁, 

where 𝐲𝐒, 𝐲𝐋𝐑, 𝐲𝐋𝐖, and 𝐲𝐂𝐁 are the vectors of the phenotypes for S, LR, LW, and CB 
pigs, respectively; 𝐛𝐒, 𝐛𝐋𝐑, 𝐛𝐋𝐖, 𝐛𝐂𝐁 represent the vectors of fixed effects (listed in 
Table 3.2) and 𝐗𝐒, 𝐗𝐋𝐑, 𝐗𝐋𝐖, 𝐗𝐂𝐁 are the respective incidence matrices relating pig 
records to fixed effects; 𝐮𝐒, 𝐮𝐋𝐑, 𝐮𝐋𝐖, 𝐮𝐂𝐁 represent the vectors of random 
common litter effects, and 𝐖𝐒, 𝐖𝐋𝐑, 𝐖𝐋𝐖, 𝐖𝐂𝐁 are the respective incidence 
matrices relating pig records to litter effects; 𝐚𝐒, 𝐚𝐋𝐑, 𝐚𝐋𝐖, are the vectors of 

additive genetic effects in PB, 𝐠𝐂𝐁
(𝐒), 𝐠𝐂𝐁

(𝐋𝐑), 𝐠𝐂𝐁
(𝐋𝐖) are the vectors of the additive 

genetic effect of PB gametes in CB, and 𝐙𝐒, 𝐙𝐋𝐑, 𝐙𝐋𝐖, 𝐙𝐂𝐁 are the respective 
incidence matrices. Because each model was run for each trait and only pigs with 
phenotypes were included, 𝐙 incidence matrices relating pig records to additive 
genetic effects were identity matrices when variance components were estimated. 
Finally, 𝐞𝐒, 𝐞𝐋𝐑, 𝐞𝐋𝐖, 𝐞𝐂𝐁 represent the vectors of random residual effects. The 
variance-covariance of the common litter effect and residual effect were: 
 

Var

𝐮𝐒
𝐮𝐋𝐑
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The variance-covariance of additive genetic effect for breed S origin was:  
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where S pigs have additive effects (i.e. breeding values), 𝐚𝐒 for PB performance and 

𝐚𝐂𝐁
(𝐒) for CB performance. The CB pigs have additive effects from the breed S 

gametes, 𝐠𝐂𝐁
(𝐒)for CB performance and 𝐠𝐒 for PB performance. This last effect, 𝐠𝐒, is 

an artificial random vector that is added to be able to define the variance-
covariance of additive genetic effects with the above Kronecker product, but does 
not have practical relevance. The matrix 𝐆(𝐒) is a breed-specific partial relationships 
matrix for breed S which contains four blocks, one for within S pigs (𝐆𝐒,𝐒), two for S 

with CB pigs (𝐆𝐒,𝐂𝐁
(𝐒)  and 𝐆𝐂𝐁,𝐒

(𝐒) ), and one for within CB pigs (𝐆𝐂𝐁,𝐂𝐁
(𝐒) ). 

 
The variance-covariance structures for the origin of breeds LR and LW are defined 
similarly, and the three variance-covariance structures are assumed independent, 
i.e. no covariances are considered between S, LR, and LW effects (Christensen et 
al., 2015). There are six genetic variance components, two for each breed of origin, 
and three covariance components, one for each breed of origin. To construct the 
three breed-specific partial relationship matrices, 𝐆(𝐒), 𝐆(𝐋𝐑), and 𝐆(𝐋𝐖), we used 
the breed of origin of phased alleles in CB pigs. Then, the breed-specific partial 
relationship submatrices are defined as, e.g. breed S origin: 
 
𝐆𝐒,𝐒 = (𝐌𝐒 − 2𝟏𝐩𝐒 )𝐃𝐒(𝐌𝐒 − 2𝟏𝐩𝐒 ) /𝑁, 

𝐆𝐒,𝐂𝐁 = (𝐌𝐒 − 2𝟏𝐩𝐒 )𝐃𝐒 𝐌𝐂𝐁(𝐒) − 𝟏𝐩𝐒 /𝑁, 

𝐆𝐂𝐁,𝐂𝐁 = (𝐌𝐂𝐁 − 𝟏𝐩𝐒 )𝐃𝐒 𝐌𝐂𝐁(𝐒) − 𝟏𝐩𝐒 /𝑁, 

where 𝐌𝐒 is a matrix containing breed-specific allele content for breed S pigs 
(coded as 0, 1, or 2), 𝐌𝐂𝐁(𝐒) is a matrix containing breed S allele content for CB pigs 
(coded as 0, or 1), alleles that were not assigned a breed of origin were set to 
missing, 𝐩𝐒 is the vector of breed S specific frequencies of the counted allele (𝑝 ). 
𝑝  was calculated across S and CB pigs by counting the occurrences alleles 

originating from the S breed and coded as 1, across the S breed and in CB, divided 
by the total number of S alleles in the S breed and CB on locus j. 𝐃𝐒 is diagonal with 

𝐷 =
( )

. 𝑁 is the number of SNPs. 

 
The breed-specific partial relationship submatrices 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖) are defined 
similarly to 𝐆(𝐒). However, the entries of the 𝐌𝐂𝐁 matrix containing the breed-
specific allele content for CB pigs are set to a missing value if the origin of the allele 
corresponds to the other maternal line, and effectively does not contribute to the 
breed-specific partial relationship matrix. 
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Table 3.2 Fixed effects used in the GBLUP models for average daily gain (ADG), back fat 
thickness (BF), and loin depth (LD), for purebred (PB) (i.e. S, LR, LW) and three-way crossbred 
(CB) pigs 
Trait Population Fixed effects 
ADG PB farm ∗ breed ∗ sex +  b × birth weight 
 CB trial +  farm ∗ sex + b × birth weight 
BF, LD PB farm ∗ breed ∗ sex +  b × off_test BW 
 CB trial + farm ∗ sex + b × hot carcass weight 
ba, bb, bc, are regression coefficients for birth weight, off-test BW, and hot carcass weight, 
respectively. 
 
3.2.2.2 Assigning breed of origin to alleles in crossbreds 
To infer the breed of origin of the alleles in CB pigs, we used the BOA approach that 
was developed by Vandenplas et al. (2016). It consists of three steps: (1) phasing 
the haplotypes of both PB and CB pigs with AlphaPhase1.1 software (Hickey et al., 
2011), (2) determining the unique haplotypes among the PB, and (3) assigning the 
breed of origin for each allele carried on the haplotypes of CB. This approach was 
applied to the same dataset in a previous study (Sevillano et al., 2016). On average, 
95.2% of the alleles of the three-way CB pigs were assigned a breed of origin. These 
alleles with their assigned breed of origin were used to build the breed-specific 
partial relationship matrices. Alleles that were not assigned a breed of origin were 
set to missing, and effectively did not contribute to any of the breed-specific partial 
relationship matrices. 
 
3.2.2.3 GBLUP model with the genomic relationship matrix 
For comparison to the BOA model, the following 4-trait animal model was fitted (G 
model): 
 
𝐲𝐒 = 𝐗𝐒𝐛𝐒 + 𝐖𝐒𝐮𝐒 + 𝐙𝐒𝐚𝐒 + 𝐞𝐒, 

𝐲𝐋𝐑 = 𝐗𝐋𝐑𝐛𝐋𝐑 + 𝐖𝐋𝐑𝐮𝐋𝐑 + 𝐙𝐋𝐑𝐚𝐋𝐑 + 𝐞𝐋𝐑, 

𝐲𝐋𝐖 = 𝐗𝐋𝐖𝐛𝐋𝐖 + 𝐖𝐋𝐖𝐮𝐋𝐖 + 𝐙𝐋𝐖𝐚𝐋𝐖 + 𝐞𝐋𝐖, 

𝐲𝐂𝐁 = 𝐗𝐂𝐁𝐛𝐂𝐁 + 𝐖𝐂𝐁𝐮𝐂𝐁 + 𝐙𝐂𝐁𝐚𝐂𝐁 + 𝐞𝐂𝐁, 

where vectors and matrices are defined as in the BOA model, with the only 
difference being that the additive genetic effect in CB pigs was defined only by one 
vector, 𝐚𝐂𝐁. Therefore, the variance-covariance matrix of genetic effects was: 
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Var

𝐚𝐒
𝐚𝐋𝐑

𝐚𝐋𝐖
𝐚𝐂𝐁

=

⎣
⎢
⎢
⎢
⎡

σ σ , σ , σ ,

σ , σ σ , σ ,

σ , σ , σ σ ,

σ , σ , σ , σ ⎦
⎥
⎥
⎥
⎤

⊗ 𝐆. 

 
This model was implemented using two different genomic relationship matrices (𝐆) 
as explained in the next sections. 
 
3.2.2.4 Genomic relationship matrix using allele frequencies 
across all genotyped pigs (𝑮𝑨 matrix) 
The 𝐆𝐀 matrix was constructed using the second method in VanRaden (2008): 
 
𝐆𝐀 = (𝐌 − 2𝟏𝐩 )𝐃(𝐌 − 2𝟏𝐩 ) /𝑁, 

where 𝐌 is a matrix containing SNP genotypes for each pig (coded as 0, 1, or 2), 𝒑 
is the vector of the frequencies of the counted allele (𝑝 ), calculated across the 

genotyped population, 𝐃 is diagonal with 𝐷 =
( )

, and 𝑁 is the number of 

SNPs. 
 
3.2.2.5 Genomic relationship matrix using breed-specific allele 
frequencies (𝑮𝑩 matrix) 
To account for population structure, we also used a genomic relationship matrix 
based on genotypes centered and scaled by breed-specific allele frequencies (𝐆𝐁): 
 
𝐆𝐁 = (𝐌 − 2𝟏𝐩𝐁 )𝐃𝐁(𝐌 − 2𝟏𝐩𝐁′) /𝑁, 

where each 𝐩𝐁 is the vector of the frequencies of the counted allele at locus 𝑗 
(𝑝 ). 𝑝  was specific for each breed B (i.e. S, LR, and LW), and the weighted 
contribution of each breed for the CB. The weights considered for the CB were 0.5 

for S, 0.25 for LR and 0.25 for LW. 𝐃𝐁 is diagonal with 𝐷 =
( )

. 

 
3.2.3 Estimation of variance components and BLUP 
Implementation of the aforementioned GBLUP models required estimates for all 
variance components involved. Variance components were estimated for each of 
the three models using the ASReml software (Gilmour et al., 2009). Instead of one 
4-trait multivariate model, three bivariate models were fitted to overcome 
workspace memory limitation of the software. Each analysis included PB of one of 
the three breeds and all CB. As a consequence, genetic co-variances between 
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breeds were not estimated. For the BOA model, these genetic co-variances are not 
considered and thus are effectively equal to 0. For the other two models, we also 
assumed that these co-variances were not significant, and therefore, we set them 
to 0 in the subsequent BLUP analyses. Variance components of the bivariate 
models were combined to obtain the full variance-covariance matrices for the 4-
trait model. The variance-covariance matrices were combined by averaging the 
three CB variance components estimated in each of the bivariate models. If 
necessary, the combined variance-covariance matrices were bended to make them 
positive definite (Jorjani et al., 2003). Bending changed the variance-covariance 
components on average by 7.5% (0.3 to 18.5%). BLUP for the three models were 
obtained using the MiXBLUP software (Ten Napel et al., 2016). 
 
3.2.4 Cross-validation 
The accuracy of EBV of PB pigs for CB performance from the three models was 
evaluated as the average accuracy obtained from 4-fold cross-validation. Because 
of different degrees of relationship between PB and CB, genotyped S, LR, or LW 
pigs were first divided into four mutually exclusive clusters, using the K-means 
clustering method applied to a dissimilarity matrix computed from elements of the 
𝐆𝐀 matrix (Saatchi et al., 2011). Then, each CB pig was assigned to the PB cluster 
with the closest relationship based on the 𝐆𝐀 matrix. For the maternal breed LW, 
the CB pigs were not very evenly distributed across the clusters, with one cluster 
including most of the CB. Therefore, for this breed, the cluster with the largest 
number of CB pigs was randomly split into four groups and each of those groups 
was joined with one of the other clusters. 
 
In each training analysis, the data excluded PB and CB pigs from one fold to train on 
the remaining three folds to predict EBV for CB performance of the excluded PB 
pigs (validation set). This resulted in every PB pig having EBV for CB performance 
that were obtained without using performance of the most closely-related CB pigs 
for training. Thus, the information coming from the most closely-related CB pigs 
could be used for validation. The number of pigs in the validation and training sets 
for each of the folds of the cross-validation and for each trait are in Tables 3.3, 3.4 
and 3.5 for S, LR, and LW, respectively. 
 
3.2.4.1 Validation set 
The PB pigs cannot have an own performance for CB performance, and also in our 
data, they do not have large offspring groups, which would allow to compute a 
phenotype as average offspring performance. Therefore, we calculated 
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deregressed proofs (DRP) for PB pigs within the validation sets to validate the 
predictions of our models. For this, first we obtained EBV from the G model with a 
pedigree-based relationship matrix. This resulted in an EBV for CB performance for 
each PB pig. The EBV were estimated based on performance of the CB pigs 
assigned to each of the validation folds (Tables 3.3, 3.4, and 3.5 for S, LR, and LW, 
respectively). Phenotype information was also available for an additional 501 CB 
pigs (CB-extra) that were not genotyped. These records were used in each of the 
four validation folds (Tables 3.3, 3.4, and 3.5 for S, LR, and LW, respectively). Within 
each validation fold, the EBV of PB pigs for CB performance were then deregressed 
according to Calus et al. (2016). The deregression involved removal of all effects of 
relatives in the same validation set, and correction for regression to the mean, to 
obtain a more accurate estimate of the expected phenotype. In addition, a 
weighting factor (w) was estimated for each DRP value based on the reliability of 
the calculated DRP. These w are the effective record contributions (Přibyl et al., 
2013), and reflect the amount of information in the DRP contributed by the animal 
itself, correcting for any information of the relatives that contributed to its EBV 
before deregression. 
 
Table 3.3 Cross-validation strategy for crossbred performance of Synthetic boar (S) 
Folds Training  Validation 

S CB  S CB CB-extra* 
Average daily gain 

1 2115 1535  460 140 199 
2 2119 1341  456 334 268 
3 1895 605  680 1070 297 
4 1596 1544  979 131 145 

Back fat thickness 
1 2132 1536  484 140 188 
2 2144 1344  472 332 246 
3 1932 604  684 1072 289 
4 1640 1544  976 132 145 

Loin Depth 
1 2128 1541  467 140 200 
2 2132 1348  463 333 272 
3 1921 605  674 1076 299 
4 1604 1549  991 132 145 

Numbers of individuals for Synthetic boar (S), three-way crossbred (CB) and extra three-way 
crossbred pigs (CB-extra) in the training and validation sets per trait. 
*Three-way crossbred pigs with only phenotypic information, no genotype. 
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Table 3.4 Cross-validation strategy for crossbred performance of Landrace (LR) 
Folds Training  Validation 

LR CB  LR CB CB-extra* 
Average daily gain 

1 1584 1564  748 111 456 
2 1825 1523  507 152 465 
3 1762 1531  570 144 456 
4 1825 407  507 1268 471 

Back fat thickness 
1 2829 1565  775 111 463 
2 2492 1523  1112 153 472 
3 3002 1532  602 144 463 
4 2489 408  1115 1268 478 

Loin Depth 
1 1631 1570  754 111 463 
2 1891 1528  494 153 472 
3 1823 1537  562 144 463 
4 1810 408  575 1273 478 

Numbers of individuals for Landrace (LR), three-way crossbred (CB), and extra three-way 
crossbred pigs (CB-extra) in the training and validation sets per trait. 
*Three-way crossbred pigs with only phenotypic information, no genotype. 
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Table 3.5 Cross-validation strategy for crossbred performance of Large White (LW) 
Folds Training  Validation 

LR CB  LR CB CB-extra* 
Average daily gain 

1 3628 1193  1666 482 468 
2 3612 1269  1682 406 468 
3 4008 1111  1286 564 468 
4 4634 1452  660 223 468 

Back fat thickness 
1 4870 1191  1899 485 475 
2 4954 1271  1815 405 475 
3 4381 1113  2388 563 475 
4 6102 1453  667 223 475 

Loin Depth 
1 3759 1196  1710 485 475 
2 3678 1275  1791 406 475 
3 4162 1114  1307 567 475 
4 4808 1458  661 223 475 

Numbers of individuals for Large White (LW), three-way crossbred (CB), and extra three-way 
crossbred pigs (CB-extra) in the training and validation sets per trait. 
*Three-way crossbred pigs with only phenotypic information, no genotype. 

 
3.2.4.2 Predictive ability 
Accuracies of the BOA and G models were calculated as the weighted correlation 
between the DRP and the EBV of PB pigs for CB performance, where the weighting 
factor 𝑤 was used to account for differences in the amount of available 
information on relatives to estimate DRP. The standard error (SE) of the 

correlations were approximated as (1 − r ) √N⁄ , were r is the accuracy of the 
model, and N is the number of validation animals (Stuart and Ord, 1994). 
 
3.3 Results 
3.3.1 Genotyped population and relationship matrices 
The three breeds, S, LR, and LW, were clearly different populations as shown in Fig. 
3.1 based on the first two principal components of the 𝐆𝐀 matrix. The CB 
population appeared intermediate among the PB populations. The divergence 
among the three populations estimated with Weir and Cockerham’s FST (Weir and 
Cockerham, 1984), were equal to 0.17 between S and LR, 0.12 between S and LW, 
and 0.14 between LW and LR, which indicated that they are distantly-related 
breeds. 
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The relationships between breeds, calculated with the 𝐆𝐀 matrix were mainly 
negative (Table 3.6), with average relationships between breeds ranging from -0.13 
to -0.07. When using the 𝐆𝐁 matrix, the average relationships between all breeds 
are zero by definition. When using breed-specific partial relationship matrices 
(𝐆(𝐒), 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖)), only the relationships based on common alleles originating 
from the same breed were considered and, consequently no relationships were 
estimated between breeds. For CB pigs, the diagonal elements of the 𝐆𝐀 and 𝐆𝐁 
matrices had an average of 0.96 and 0.94, respectively. For the 𝐆(𝐒), 𝐆(𝐋𝐑) and 
𝐆(𝐋𝐖) matrices, as they are partial relationship matrices, the diagonal elements for 
CB pigs had averages of 0.49, 0.23, and 0.23 for 𝐆(𝐒), 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖), respectively. 
These averages are close to the expected values, i.e. 0.50 for the S breed and 0.25 
for the LR and LW breeds. 

 
Figure 3.1 The two first principal components (PC) from the genomic relationship matrix 
between the different populations. Synthetic boar (S), Landrace (LR), Large White (LW), and 
three-way crossbred (CB) pigs. Each circle (o) represents a pig. 
  



3 Genomic prediction with breed of origin of alleles 

 
 

57 
 

Table 3.6 Descriptive statistics for relationship between populations based on different 
genomic relationship matrices 

a𝐆(𝐒) = partial relationship matrix for breed Synthetic boar (S); 𝐆(𝐋𝐑) = partial relationship 
matrix for breed Landrace (LR); 𝐆(𝐋𝐖) = partial relationship matrix for breed Large White 
(LW); 𝐆𝐀 = genomic relationship matrix by allele frequencies obtained across the genotyped 
population; 𝐆𝐁 = genomic relationship matrix by breed-specific allele frequencies. 
 
 
3.3.2 Variance components, heritabilities, and genetic 
correlations 
Estimated variance components for ADG, BF, and LD using the BOA model with the 
𝐆(𝐒), 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖) matrices, the G model with the 𝐆𝐀 matrix (G  model), and 
the G model with 𝐆𝐁 matrix (G  model) are in Table 3.7. The standard errors of the 
estimated variance components in Table 3.7 are provided in Table S3.1 [see 
Supplementary material, Additional file S3.1.]. Regardless of the model and trait, 
the PB additive genetic variance estimated for the maternal breeds, i.e. LR and LW, 
were very similar. For the maternal breeds, CB additive genetic variance was larger 
than PB additive genetic variance for all traits. For the paternal breed, the opposite 
was observed, i.e. CB additive genetic variance was smaller than PB additive 
genetic variance, for all traits except BF. Estimates of CB heritability tended to be 
higher than estimates of PB heritability for all traits except LD. 
 
A comparison between models showed that PB and CB additive genetic variances 
for the maternal breeds were similar between the G  and G  models. For the 
paternal breed S, compared to the G  model, the G  model estimated a larger PB 
additive genetic variance, and smaller CB additive genetic variance. Estimated PB 
additive genetic variances with the BOA model were similar to those obtained with 

Relationship between Matrixa Mean Median Min Max SD 
S-LR 𝐆𝐀 -0.13 -0.13 -0.22 0.00 0.02 
 𝐆𝐁 0.00 0.00 -0.09 0.09 0.02 
S-LW 𝐆𝐀 -0.07 -0.07 -0.18 0.12 0.02 
 𝐆𝐁 0.00 0.00 -0.11 0.11 0.02 
LR-LW 𝐆𝐀 -0.13 -0.13 -0.23 0.16 0.02 
 𝐆𝐁 0.00 0.00 -0.13 0.23 0.02 
CB (diagonal) 𝐆(𝐒) 0.49 0.49 0.40 0.80 0.04 
 𝐆(𝐋𝐑) 0.23 0.23 0.02 0.40 0.04 
 𝐆(𝐋𝐖) 0.23 0.23 0.07 0.39 0.04 
 𝐆𝐀 0.96 0.95 0.88 1.07 0.03 
 𝐆𝐁 0.94 0.93 0.86 1.08 0.03 
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the G  or G  models and the estimated CB additive genetic variances with the BOA 
model, on average across the three breeds, were larger than those obtained with 
the G  or G  models. The estimates of PB and CB heritability were similar across 
models, while estimates obtained with the BOA model tended to be slightly lower 
and those with the G  model tended to be slightly higher than with the G  model. 
The genetic correlations for traits between PB and CB pigs estimated with the BOA 
model were generally similar to those of the G  and G  models, except for the 
genetic correlation between LR and CB pigs for ADG that was much higher than 
that estimated with the G  and G  models. The genetic correlations between PB 
and CB pigs estimated with the G  or G  models were similar. In general, the SE of 
PB additive genetic variances and heritabilities were similar across models, 
although the SE of the three CB additive genetic variances estimated with the BOA 
model were much larger than the SE of the single CB additive genetic variance 
estimated with the G  or G  models. The SE of the estimated genetic correlations 
were relatively large, ranging from 0.10 to 0.29, across all models and traits. 
 
For the BOA model, the CB variance for litter effect was about three times larger 
than that obtained with the G  or G  models. Estimates of the CB residual variance 
were also slightly larger when using the BOA model compared to the G  and G  
models. Estimates of PB variance for litter and residual effects by the G  and G  
models were similar among breeds. Estimates of CB variance for litter and residual 
effects by the G  and G  models were similar among the maternal breeds, while 
for breed S, the CB variance for litter and residual effects was lower with the G  
model than with the G  model. In summary, estimated variance components were 
mostly similar across models, apart from the CB litter variance that was 
considerably larger with the BOA model compared to the other two models. 
 
3.3.3 Predicting breeding values of PB pigs for CB performance 
with different models 
For each breed S, LR, and LW, four validation groups were formed to perform the 4-
fold cross-validation. Figure 3.2 represents the first two principal components from 
the 𝐆𝐀 matrix and shows that the grouping for the cross-validation was done 
correctly. The first two principal components explained 6.3% of the variability 
among S pigs, 8.8% among LR pigs and 4.65% among LW pigs. 
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Table 3.7 Additive genetic variance (𝜎  ), litter variance (𝜎 ), residual variance (𝜎 ), and 
heritabilities for each breed for PB and CB performance, and genetic correlation between 
purebred and CB pigs (𝑟 ), estimated for each trait using the BOAa, GAb, anGBc models 
Model Breed 𝛔𝐚𝐏𝐁

𝟐  𝛔𝐮𝐏𝐁

𝟐  𝛔𝐞𝐏𝐁

𝟐  𝒉𝐏𝐁
𝟐  𝛔𝐚𝐂𝐁

𝟐  𝛔𝐮𝐂𝐁

𝟐 ∗
 𝛔𝐞𝐂𝐁

𝟐 ∗
 𝒉𝐂𝐁

𝟐  𝐫𝐩𝐜 

Average daily gain 
BOA S 2699 2925 6124 0.23 2316 853 4192 0.34** 0.50 
 LR 2165 2291 3778 0.26 3566    0.62 
 LW 2123 1595 4602 0.26 2258 0.57 
GA S 3386 2850 6068 0.28 2053* 258 3576 0.35 0.52 
 LR 2461 2282 3718 0.29     0.31 
 LW 2336 1563 4595 0.28 0.61 
GB S 2775 2846 6082 0.24 2261* 262 3592 0.37 0.52 
 LR 2248 2287 3703 0.27     0.30 
 LW 2154 1640 4568 0.26 0.59 

Back fat thickness 
BOA S 0.82 0.55 1.27 0.31 1.90 0.88 3.96 0.38** 0.74 
 LR 1.09 0.60 1.73 0.32 3.74    0.67 
 LW 1.33 0.86 1.67 0.34 4.16 0.58 
GA S 1.18 0.55 1.26 0.40 2.18* 0.33 3.32 0.37 0.73 
 LR 1.38 0.59 1.71 0.38     0.72 
 LW 1.57 0.85 1.64 0.39 0.65 
GB S 0.98 0.54 1.26 0.35 2.40* 0.34 3.34 0.39 0.69 
 LR 1.26 0.59 1.70 0.35     0.70 
 LW 1.44 0.85 1.64 0.37 0.62 

Loin Depth 
BOA S 10.59 6.00 8.43 0.42 11.59 3.20 31.45 0.24** 0.53 
 LR 5.72 3.00 6.65 0.37 7.23    0.58 
 LW 6.04 3.55 6.93 0.37 12.86 0.53 
GA S 12.78 5.93 8.41 0.47 9.05* 0.11 28.89 0.24 0.57 
 LR 6.58 2.98 6.60 0.41     0.57 
 LW 6.82 3.56 6.89 0.40 0.68 
GB S 10.58 5.87 8.33 0.43 10.00* 0.05 28.89 0.26 0.55 
 LR 5.82 2.97 6.57 0.38     0.56 
 LW 6.09 3.55 6.86 0.37 0.62 

S = Synthetic boar, LR = Landrace, LW = Large White, and CB = three-way crossbred pigs 
aBOA model, model with breed-specific relationship matrices 
bG  model, model with genomic relationship matrix by allele frequencies obtained across 
the genotyped population 
cG  model, model with genomic relationship matrix by breed-specific allele frequencies 
*Average from the three bivariate models 
**(0.5σ  +0.25σ  + 0.25σ )/( 0.5σ  +0.25σ  + 0.25σ  + σ *+ σ *) 
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Accuracies of the three models for the estimated breeding values of S pigs for CB 
performance are in Table 3.8. For ADG, the BOA model yielded slightly better 
accuracies than the G  and G  models. The opposite was observed for BF and LD, 
where the G  and G  models yielded slightly better accuracies than the BOA 
model. Accuracies of the three models for the estimated breeding values of LR pigs 
for CB performance are in Table 3.9. For ADG, the BOA model yielded higher 
accuracies than the G  and G  models. For BF and LD, there was no difference in 
accuracies between the three models. Accuracies of the three models for the 
estimated breeding values of LW pigs for CB performance are in Table 3.10. The 
trait ADG is not included, because the reliabilities of the EBV of LW pigs within the 
validation groups for CB performance for this trait were too low to be used for 
proper validation. Similar to the results for the LR breed, there was no difference in 
accuracies between the three models for the traits BF and LD. In general, 
accuracies from models G  and G  were similar. 
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Table 3.8 Accuracies* of BOAa, GAb, and GBc models calculated for each of the four folds of 
cross-validation for estimating breeding values of the paternal breed Synthetic boar pigs for 
crossbred performance for each trait, and average weighting factor (w) of the calculated DRP 
per validation fold 
Folds 𝒘 BOA 𝐆𝐀 𝐆𝐁 
Average daily gain 

1 0.49 0.055 0.055 0.057  
2 0.12 0.128 0.111 0.094  
3 0.21 0.170 0.156 0.152  
4 0.07 0.063 0.084  0.082  
Mean  0.104 0.102 0.096 

Back fat thickness 
1 0.31 0.168 0.168  0.162  
2 0.39 0.201 0.157 0.159  
3 0.52 0.191 0.294  0.280  
4 0.25 0.150 0.179  0.177 
Mean  0.178 0.199 0.195 

Loin Depth 
1 0.55 0.204 0.234   0.236   
2 0.67 0.212 0.209  0.207  
3 0.88 0.127 0.140 0.134  
4 0.45 0.088 0.135  0.142  
Mean  0.158 0.179 0.180 

*Accuracies measured as weighted correlation between DRP and EBVs of S pigs for 

crossbred performance. Approximate standard errors SE, computed as (1 − r ) √N⁄ , were 
equal to 0.023 to 0.024 for the mean accuracies across the folds, for all combinations of 
traits and methods 
aBOA model, model with breed-specific relationship matrices 
bG  model, model with genomic relationship matrix by allele frequencies obtained across 
the genotyped population 
cG  model, model with genomic relationship matrix by breed-specific allele frequencies 
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Table 3.9 Accuracies* of BOAa, G b, and G c models calculated for each of the four folds of 
cross-validation for estimating breeding values of the maternal breed Landrace pigs for 
crossbred performance for each trait, and weighting factor (𝑤) of the calculated DRP 
Folds 𝒘 BOA 𝐆𝐀 𝐆𝐁 
Average daily gain 

1 0.20 0.133 0.106  0.099 
2 0.23 0.190 0.095 0.111 
3 0.21 0.159 0.106  0.106 
4 0.22 0.094 0.007  0.014 
Mean  0.144 0.079 0.083 

Back fat thickness 
1 0.09 0.185 0.169 0.171  
2 0.07 0.186 0.210 0.199 
3 0.10 0.223 0.216 0.215 
4 0.09 0.144 0.149 0.141 
Mean  0.184 0.186 0.181 

Loin Depth 
1 0.43 0.224 0.206 0.203 
2 0.47 0.085 0.107 0.107 
3 0.45 0.239 0.232 0.228 
4 0.47 0.170 0.208 0.207 
Mean  0.179 0.188 0.186 

*Accuracies measured as weighted correlation between DRP and EBVs of LR pigs for 

crossbred performance. Approximate SE’s, computed as (1 − r ) √N⁄ , were equal to 0.024 
for the mean accuracies across the folds, for all combinations of traits and methods 
aBOA model, model with breed-specific relationship matrices 
bG  model, model with genomic relationship matrix by allele frequencies obtained across 
the genotyped population 
cG  model, model with genomic relationship matrix by breed-specific allele frequencies 
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Table 3.10 Accuracies* of BOAa, GAb, and GBc models calculated for each of the four folds of 
cross-validation for estimating breeding values of the maternal breed Large White pigs for 
crossbred performance for each trait, and weighting factor (w) of the calculated DRP 
Folds 𝒘 BOA 𝐆𝐀 𝐆𝐁 
Back fat thickness 

1 0.21 0.217  0.221 0.216 
2 0.13 0.095 0.094 0.089 
3 0.28 0.190 0.175 0.170 
4 0.23 0.219 0.242 0.243 
Mean  0.180  0.183  0.180 

Loin Depth 
1 0.62 0.235 0.234 0.232 
2 0.38 0.103 0.126 0.126 
3 0.74 0.226 0.229 0.228 
4 0.64 0.297 0.318 0.318 
Mean  0.215 0.227  0.226 

*Accuracies measured as weighted correlation between DRP and EBVs of LR pigs for 

crossbred performance. Approximate SE’s, computed as (1 − r ) √N⁄ , were 0.023-0.024 for 
the mean accuracies across the folds, for all combinations of traits and methods. 
aBOA model, model with breed-specific relationship matrices. 
bG  model, model with genomic relationship matrix by allele frequencies obtained across 
the genotyped population. 
cG  model, model with genomic relationship matrix by breed-specific allele frequencies 
 
3.4 Discussion 
3.4.1 Properties of the relationship matrices 
Genomic relationships within and across populations are defined differently 
depending on how the genetic covariance between individuals is calculated. Using 
across-breed allele frequencies when the correlations of allele frequencies 
between breeds differ from 1, could lead to genomic relationships between 
animals of different breeds that are on average negative (Lourenco et al., 2016), as 
observed for the 𝐆𝐀 matrix. This was not the case for the 𝐆𝐁 matrix, in which the 
genomic relationships between animals of different breeds was on average 0, as 
expected for distantly-related breeds. 
 
Diagonal elements (D) from a pedigree-based relationship matrix have a value of 1 
when there is no inbreeding. Because a genomic relationship matrix is built to 
resemble a pedigree-based relationship matrix and the current genotyped 
population is considered the base population (VanRaden, 2008), the average D 
from a genomic relationship matrix is expected to be 1, as we observed for the 𝐆𝐀 
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and 𝐆𝐁 matrices. To calculate the partial relationship matrices, 𝐆(𝐒), 𝐆(𝐋𝐑) and 
𝐆(𝐋𝐖), the D for CB pigs were expected to be 0.5 for 𝐆(𝐒), and 0.25 for 𝐆(𝐋𝐑) and 
𝐆(𝐋𝐖), expressing the proportion of the genome in CB pigs contributed by each 
breed S, LR, and LW, respectively. Using all the 52,164 SNPs, Fig. 3.3 shows how the 
diagonal elements among CB pigs from the 𝐆(𝐋𝐑), and 𝐆(𝐋𝐖) matrices increased as 
the percentage of alleles of CB pigs assigned to the respective maternal breed as 
breed of origin increased. 
 

 
Figure 3.3 Relation between percentage of assigned alleles to a breed of origin and 
diagonal elements of partial relationship matrices. (a) Observed percentage of assigned 
alleles of crossbred pigs to Landrace (LR) as breed of origin on the y-axis compared to the 
diagonal elements of the 𝐆(𝐋𝐑) partial relationship matrix for the same crossbred pigs on the 
x-axis. (b) Observed percentage of assigned alleles of crossbred pigs to Large White (LW) as 
breed of origin on the y-axis compared to the diagonal elements of the 𝐆(𝐋𝐖) partial 
relationship matrix for the same crossbred pigs on the x-axis. 
 
 
3.4.2 Variance components across models 
Estimating variance components for the 4-trait multivariate models was not 
possible due to workspace memory limitation when trying to run the full BOA 
model with the three partial relationship matrices or the G models with the 
relationship matrices containing the four populations. Therefore, for the G models, 
the construction of a full variance-covariance matrix based on sub-models was 
required, in this case three bivariate models. This procedure of constructing a full 
variance-covariance matrix is often used in genetic evaluation (Jorjani et al., 2003). 
The combined variance-covariance matrices in the G  and G  model for BF were 
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considerably bended (variance components changed up to 10.9%) and this may 
have affected the results. The combined variance-covariance matrix in the G  
model for LD was also bended, but, in this case, the components changed only up 
to 2.5%. For ADG, no bending of the variance-covariance matrix was required for 
any of the models. An advantage of the BOA model, since variance-covariance 
matrices are by breed, is that it allows the estimates of the CB additive genetic 
variance contributed by the different parental breeds to differ. With the G  and G  
models, these differences cannot be observed because there is only one estimate 
for CB additive genetic variance across the three breeds. A disadvantage of the BOA 
model is that estimates must be based on half the information (for the paternal 
breed) or on a quarter of the information (for the maternal breeds) compared to 
estimates from the G  or G  models. Therefore, the SE of CB additive genetic 
variances estimated with the BOA model were much larger than the SE of CB 
additive genetic variances estimated with the G  and G  models. With the BOA 
model, we could observe that estimates of CB additive genetic variance differed 
between the three breeds for all traits. This means that 𝑟  should also be 
interpreted separately by breed. The estimates of 𝑟  differed slightly across 
models. In theory, the CB additive variance components estimated with the BOA 
model comprises the variation observed in CB pigs due only to the alleles coming 
from the analyzed breed. Therefore, differences in 𝑟  estimated with the G  or G  
model rather than the BOA model were expected. For instance, for ADG, the 𝑟  
estimated with the BOA model for S and LW were slightly smaller than those 
estimated with the G  and G  models. However, the 𝑟  estimated with the BOA 
model for LR was twice as high compared to that of the other two models. One 
explanation is that a large part of the CB additive variance can come mainly from 
variation observed among the alleles originating from a specific breed and this is 
not captured when all alleles are assumed to have the same origin. 
 
In the literature, 𝑟  for production traits have been calculated from pedigree 
information only (Brandt and Täubert, 1998; Zumbach et al., 2007) and vary 
greatly, but on average they are higher than our estimates, probably because the 
breeds were different or the estimates were an average across different breeds. In 
general, the investigated traits showed a moderate 𝑟  indicating that using CB 
information together with PB information in the reference population might be 
beneficial for selection of PB pigs for CB performance. Using CB information is 
expected to be most important for combinations of trait and breed for which 𝑟  is 
low, for instance for ADG in breed LR. 
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From the estimates of the BOA model, we observed that CB litter effect and 
residual variance were much larger than those obtained with the G  or G  models. 
Because the genotypes of only one breed at a time were used in the bivariate BOA 
model, the litter and residual effect variance in the BOA model likely absorbed the 
variance coming from the genetic relationships from the breeds that were absent 
in the model. To investigate the impact of these possibly inflated litter and residual 
variances, we tried to correct this by setting the CB litter effect and residual 
variance of the BOA model equal to the average estimates from the G  and G  
models. Using these new variance estimates did not affect the accuracies of the 
BOA model compared to the G  and G  models (results not shown). 
 
3.4.3 Predictive ability across models 
The three breeds used in this study are distantly related and correlations between 
breed-specific allele frequencies were low: 0.31 for breeds S and LR, 0.54 for 
breeds S and LW, and 0.39 for breeds LR and LW. However, taking population 
structure into account by accounting for different allele frequencies in the three 
different breeds (G  model) did not improve the accuracy for predicting EBV 
compared with using allele frequencies obtained across genotyped populations (G  
model). In a study with CB sheep, Moghaddar et al. (2014) reported limited impact 
on prediction accuracy when adjusting for breed-specific allele frequency, also 
when differences in allele frequencies between breeds were large. Makgahlela et 
al. (2014) and Lourenco et al. (2016) also observed no advantage of using breed-
specific allele frequencies for constructing the relationship matrix, even when this 
led to observable changes in the coefficients of the relationship matrix. Although 
correlations between breed-specific allele frequencies were low, correlations 
between these breed-specific allele frequencies and the across-breed frequency 
were relatively high, simply because the breed-specific allele frequencies are 
included in the across-breed allele frequency. In our study, the correlations 
between the breed-specific allele frequencies and the across-breed frequency were 
equal to 0.74, 0.68, and 0.89, for breeds S, LR, and LW, respectively. The correlation 
between breed LW allele frequency and the across-breed frequency was higher 
than the others, because the LW breed has the largest number of pigs (Table 3.1), 
therefore, it has a larger contribution to the across-breed allele frequencies across 
breeds. The correlation between crossbred allele frequency and the across-breed 
frequency was equal to 0.93. Therefore, using breed-specific or across-breed 
frequencies in the calculation of the relationship coefficient between a PB and CB 
pig will have little effect on predicted EBV of PB for CB performance.  
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In the G  and G  models, genetic co-variances between breeds were assumed to 
be zero. To test if this was a correct assumption, covariances between PB lines 
were also estimated by fitting three additional bivariate models (one for each pair 
of PB) for the trait ADG using the G  model. Variance components of the six 
bivariate models were combined to obtain the full variance-covariance matrices for 
the 4-trait model. This combination was performed by averaging the three variance 
components estimated for each population, i.e. S, LR, LW and CB. In this case, it 
was not necessary to bend the combined variance-covariance matrix to make it 
positive definite. The genetic correlations between PB performance for ADG were 
0.13 (±0.24) between S and LR, 0.39 (±0.14) between S and LW, and 0.36 (±0.16) 
between LR and LW. These estimates were in line with estimated values of 0.23 
and 0.30 between a Danish Landrace and Danish Yorkshire population (Xiang et al., 
2017). Moreover, for breeds S and LR, the value of zero was within one SD. 
Accuracies of the G  model taking into account the covariance between PB for 
estimating breeding values of S pigs for CB performance, were similar to prediction 
accuracy of the G  model assuming the covariances between PB to be zero (Table 
3.11). This was expected because relationships between pigs from different breeds 
were low and showed very little variation (Table 3.6). Therefore, the G  model 
assuming the covariances between PB to be zero are not expected to affect 
accuracies, even when genetic correlations between PB are moderate. 
 
The BOA model assumes that relationships between PB are zero, and thus, also 
effectively assumes that the covariances between PB are zero. A study from Xiang 
et al. (2017) compares the BOA approach in a single-step model against a single-
step model with metafounders, where the last model defines relationships 
between the pedigree base populations across breeds but also takes genomic 
relationships across breeds into account. Taken together their conclusions that 
both models perform similarly and our findings, these results suggest that 
considering genomic relationships and covariances between PB lines has limited 
relevance in models for predicting crossbred performance for pig crossbreeding 
programs. 
 
Compared to the G  and G  models, taking population structure into account by 
using breed-specific partial relationships as in the BOA model, including breed-
specific allele frequencies, had some impact on the accuracy of EBV. The BOA 
model had a positive impact for traits with a low 𝑟  as for ADG in breed LR (0.30). 
BF and LD showed higher 𝑟  (0.55 to 0.73), and accuracies of the BOA model for 
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these traits was similar to those of the G  or G  models. Comparing PB lines, 
somewhat higher accuracies could have been expected for the S line, because the 
sire line contributes 50% of the genome of the CB, while the dam lines contribute 
only 25%. Thus, the sire line will have a larger variance in genomic relationships 
with the CB pigs used for training, which is expected to yield higher accuracies 
(Ibánẽz-Escriche et al., 2009). Nevertheless, in our study, accuracies were very 
comparable across the sire and dam lines. The BOA model was previously tested on 
simulated data (Ibánẽz-Escriche et al., 2009; Esfandyari et al., 2015), and on real 
data but for a two-breed cross scheme (Xiang et al., 2016; Lopes et al., 2017). These 
studies also compared the BOA model to models similar to G  and G . Ibánez-
Escriche et al. (2009) used a simulated population of two-way and three-way CB, 
for a trait with a heritability of 0.3. They observed that the prediction accuracy of 
EBV of PB pigs for CB performance with the G  model was often equal or higher 
compared to that with the BOA model. The superiority of the BOA model was only 
observed when PB populations were distant or unrelated, and SNP density was low. 
Similarly, Esfandyari et al. (2015) tested the BOA model with a simulated two-way 
CB population for a trait with a heritability of 0.3 and a 𝑟  of 0.78. They observed a 
higher response to selection in CB animals when the BOA model was used 
compared to the G  model, but, again, only when PB populations were distantly 
related. Vandenplas et al. (2017) predicted the average reliability of EBV for CB 
performance obtained from the G  and BOA models using simulated PB and two-
way CB data and different heritabilities (0.20, 0.40, and 0.95), 𝑟  (0.30 and 0.70), 
and population relatedness. In their study, average reliabilities of the BOA model 
were always lower than those of the G  model. The difference in reliabilities 
between the BOA and G  models also increased with increasing heritability, 𝑟  and 
with the population relatedness. Using real data of two-way CB, Xiang et al. (2016) 
and Lopes et al. (2017) tested the BOA approach. Xiang et al. (2016) used a single-
step model with a trait that had a CB heritability of 0.10 and r  of 0.59 and 0.73 
between each breed. They obtained up to 13% higher accuracy for EBV of PB pigs 
for CB performance considering breed-specific SNP effects. Lopes et al. (2017) 
tested the BOA approach with two traits that had a CB heritability of 0.14 and 0.37, 
respectively and 𝑟  higher than 0.88. They obtained similar prediction accuracies 
with the BOA approach than with a model that did not account for breed-specific 
SNP effects in CB animals. The results from these studies indicate that breeding 
values are better estimated with the BOA model for traits with a low heritability 
and low 𝑟 . In our study, CB and PB heritabilities were higher than 0.22, which may 
have limited the positive impact of the BOA model. Therefore, already considering 
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distantly-related breeds, the BOA model seems to outperform the G  and G  
models for predicting breeding values of PB animals for CB performance, only when 
the 𝑟  and heritabilities of the analysed trait are low. 
 
3.5 Conclusions 
A positive impact of the BOA model was observed for ADG in breed LR, which 
showed a low 𝑟  (0.30). Results from the literature and from our study suggest 
that, in cases where traits have a combination of low 𝑟  and low heritabilities, and 
breeds are distantly related, the use of the BOA model is justified. In other cases, 
using CB information in a model that does not account for breed-specific SNP 
effects in CB animals, such as the G  and G  models, does not seem to jeopardize 
predictions and may be preferred because it can be more easily implemented than 
the BOA model. 
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Abstract 
This study investigated if the allele effect of a given single nucleotide polymorphism 
(SNP) for crossbred performance in pigs estimated in a genomic prediction model 
differs depending on its breed of origin, and how these are related to estimated 
effects for purebred performance. SNP-allele substitution effects were estimated 
for a commonly used SNP panel using a genomic best linear unbiased prediction 
model with breed-specific partial relationship matrices. Estimated breeding values 
for purebred and crossbred performance were converted to SNP-allele effects by 
breed of origin. Differences between purebred and crossbred, and between 
breeds-of-origin were evaluated by comparing percentage of variance explained by 
genomic regions for back fat thickness (BF), average daily gain (ADG), and residual 
feed intake (RFI). From ten regions explaining most additive genetic variance for 
crossbred performance, 1 to 5 regions also appeared in the top ten for purebred 
performance. The proportion of genetic variance explained by a genomic region 
and the estimated effect of a haplotype in such a region were different depending 
upon the breed of origin. To illustrate underlying mechanisms, we evaluated the 
estimated effects across breeds-of-origin for haplotypes associated to the 
melanocortin 4 receptor (MC4R) gene, and for the MC4Rsnp itself which is a 
missense mutation with a known effect on BF and ADG. Although estimated allele 
substitution effects of the MC4Rsnp mutation were very similar across breeds, 
explained genetic variance of haplotypes associated to the MC4R gene using a SNP 
panel that does not include the mutation, was considerably lower in one of the 
breeds where the allele frequency of the mutation was the lowest. To conclude, 
similar regions explaining similar additive genetic variance were observed across 
purebred and crossbred performance. Moreover, there was some overlap across 
breeds of origin between regions that explained relatively large proportions of 
genetic variance for crossbred performance; albeit that the actual proportion of 
variance deviated across breeds of origin. Results based on a missense mutation in 
MC4R confirmed that even if a causal locus has similar effects across breeds of 
origin, estimated effects and explained variance in its region using a commonly 
used SNP panel can strongly depend on the allele frequency of the underlying 
causal mutation.  
 
Key words: crossbred, pig, breed of origin, genomic prediction, association study. 
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4.1 Introduction 
In pig production, as selection is performed in purebred lines, while the final 
product is a crossbred animal, there is an anticipated benefit of using crossbred 
information for estimating breeding values of purebred for crossbred performance 
(Hidalgo et al., 2015a; Lopes et al., 2017). The genetic correlation between 
purebred and crossbred performance (rpc) determines the effect of selection in the 
purebred animals on the rate of genetic change in the crossbred animals (Wei and 
Van der Steen, 1991; Brandt and Täubert, 1998). As rpc decreases, the benefit of 
using crossbred information increases (Bijma and Van Arendonk, 1998; Dekkers, 
2007). 
 
Moreover, crossbred genomic information is composed of a mosaic of genomic 
regions inherited from the different parental breeds (i.e. breed of origin). As a 
result, depending from which breed of origin an allele was inherited from, it might 
have different effects. These different allele effects can be due to: (1) quantitative 
trait loci (QTL) may be in linkage disequilibrium with different single nucleotide 
polymorphisms (SNPs) depending from which parental breed the QTL was inherited 
(Lopes, 2016), (2) the functional variation that underlies the inherited QTL may 
have different minor allele frequencies (MAF) in different parental breeds, with the 
extreme case where it is not segregating in one or more breeds (Wientjes et al., 
2015), (3) epistatic interactions in one parental breed may be different due to other 
genes that modify the effect of the inherited QTL in that breed (Mackay, 2014), and 
above all these reasons (4) multiple and different quantitative trait nucleotides 
(QTN) could be underlying a QTL in different parental breeds. Therefore, the allele 
effect of a given SNP for purebred performance might differ from its effect for 
crossbred performance, and an allele of that given SNP could have a different 
effect on crossbred performance depending on the breed it was inherited from. 
Thus, SNP by genetic background interactions may be relevant when training with 
crossbred information to estimate breeding values of purebred animals for 
crossbred performance. 
 
Several studies support that effects of SNPs may be breed-specific. Firstly, in many 
cases, estimated effects of SNPs in an association study for a given breed are not 
replicated by studies in other breeds (Diniz et al., 2014; Sevillano et al., 2015; 
Hidalgo et al., 2016). Secondly, associations found in a breed often are not 
replicated in crossbred populations derived from this breed (Kumar et al., 2005; 
Bolormaa et al., 2013). Finally, the proportion of genetic variance in crossbred 
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performance that is explained by each parental purebred population appears to 
deviate from the breed proportions (Hidalgo, 2015b). 
 
With crossbreeding, SNPs can be observed in the different genetic backgrounds. 
Estimation of background specific effects, however, requires that the SNP alleles 
present in the crossbred animal are assigned to one of the parental breeds. 
Recently, we have developed a procedure that enables breed-of-origin assignment 
of alleles in three-way crossbred animals (Sevillano et al., 2016; Vandenplas et al., 
2016). Knowing the breed of origin enables to estimate SNP effects for crossbred 
performance depending on the breed of origin, and to compare those within breed 
to estimated effects for purebred performance.  
 
For traits with low rpc (<0.70), tracing the breed of origin of alleles and using this 
information in a genomic best linear unbiased prediction model that accounts for 
breed-specific SNP effects for crossbred performance (BOA model) tended to show 
better predictive abilities compared to models in which SNP effects are assumed to 
be the same across breeds (Sevillano et al., 2017). This is another indication that 
the effect of alleles estimated for crossbred performance might be different 
depending upon the breed of origin. The objective of this study, therefore, was to 
investigate if the allele effect of a given SNP for crossbred performance in pigs 
estimated in a genomic prediction model using a commonly used SNP panel differs 
depending on its breed of origin, and how these related to estimated effects for 
purebred performance. For this, we estimated breed-specific SNP effects from the 
solutions of a BOA model. Based on previous results (Sevillano et al., 2017; Godinho 
et al., 2018) we chose three traits, back fat thickness (BF) with an rpc of 0.82, a 
heritability for crossbred performance of 0.43 and no better predictions observed 
when using the BOA model; average daily gain (ADG) with an rpc of 0.61, a 
heritability for crossbred performance of 0.26 and better predictions observed 
when using the BOA model; and residual feed intake (RFI) with an rpc of 0.62, a 
heritability for crossbred performance of 0.19, but not tested previously with the 
BOA model. To illustrate how the effect of SNP-alleles in crossbred pigs depend on 
their breed of origin, we evaluated the estimated effects across breeds of origin for 
the melanocortin 4 receptor (MC4Rsnp) which has a missense mutation that is 
known to affect BF and ADG. 
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4.2 Methods 
4.2.1 Data 
The data consisted of three purebred-based pig populations; S, LR, and LW, and 
one crossbred population (S (LR x LW) or S (LW x LR)). S is a synthetic sire line 
created as a combination of Large White and Pietrain. LR is a Landrace based dam 
line and LW is a Large White based dam line. All pigs were genotyped using one of 
the three following SNP panels: Illumina PorcineSNP60.v2 BeadChip (60K.v2), 
Illumina PorcineSNP60 BeadChip (60K), or Illumina PorcineSNP10 BeadChip (10K). 
Pigs genotyped with the 60K or 10K chips were imputed to the 60K.v2 panel using 
FImpute Version 2.2 software (Sargolzaei et al., 2014) with default parameter 
settings and using pedigree information. The imputation strategy was similar to 
Sevillano et al. (2016), where each of the three purebred populations; LR, LW, and 
S, were imputed in two steps: (1) pigs genotyped with the 10K chip were imputed 
to 60K, and (2) all pigs with 60K data (imputed or genotyped) were imputed to 
60K.v2. This strategy was chosen because the 10K panel shared more SNPs (8743) 
with the 60K panel than with the 60K.v2 panel (6861). For the crossbred 
population, imputation was done in a single step, crossbred pigs genotyped with 
the 10K chip were directly imputed to 60K.v2, because all ancestors were 
genotyped or already imputed to 60K.v2. 

Performance from purebred pigs were available from 52 nucleus and combined 
crossbred purebred system (CCPS) farms recorded from August 2005 until August 
2016. Performance from crossbred pigs were available from 7 CCPS and 
experimental farms recorded from January 2009 until March 2016. Phenotypes for 
BF and ADG were measured in most of the purebred and crossbred pigs. BF for 
purebred pigs was measured on average at 173 days of age using an ultrasound 
instrument, while BF for crossbred pigs was measured on the carcass using a probe, 
named “capteur gras maigre” (CGM; Sydel, France), crossbred pigs were 
slaughtered when they achieved 120 kg (at an average age of 169 days). BF was 
measured approximately at the third to fourth rib from the last rib position. ADG 
for purebred pigs was calculated as the difference of on-test body weight at an 
average age of 60 days and off-test body weight at an average age of 173 days 
divided by the phase length. ADG for crossbred pigs was calculated as the 
difference of on-test body weight at an average age of 70 days of age and body 
weight at end of the finishing period, which was on average 120 kg, divided by the 
phase length. RFI was obtained as the estimated residual term from the following 
regression model (Cai et al., 2008):  

𝐴𝐷𝐹𝐼 = µ +  𝑏 𝐵𝑊 +  𝑏 𝐵𝑊 +  𝑏 𝐵𝐹 + 𝑏 𝐴𝐷𝐺 +  𝑒, 
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in which ADFI is the average daily feed intake, µ is the mean, 𝐵𝑊  is the on-test 
body weight, 𝐵𝑊  is the off-test body weight, BF and ADG are the previously 
described traits, b1, b2, b3, and b4 are the linear coefficients of the regression on 
covariates, and e is the RFI. The numbers of available genotypes and phenotypes 
per trait and per population are summarized in Table 4.1. For all phenotyped pigs, 
four generations of pedigree information were included for analysis. 
 
Table 4.1 Number of genotypes and phenotypes available per trait and per population.  
Population Genotypes BF/ADG RFI 

  S 8079 7547 2102 

  LR 5233 3288 56 

  LW 15 727 12 794 1133 

  Crossbred 3352 2816 2695 

Total 32 391 26 445 5986 

BF = back fat thickness, ADG = average daily feed intake, and RFI = residual feed intake  
 
4.2.2 Estimation of SNP-allele effects  
SNP-allele substitution effects were estimated using best linear unbiased 
predictions (BLUP) similar to Wang et al. (Wang et al., 2014). However, instead of 
using a single-step BLUP, we used a genomic BLUP (GBLUP) with breed-specific 
partial relationship matrices (BOA model) (Sevillano et al., 2017). With this 
approach, genomic estimated breeding values (GEBV) for purebred and crossbred 
performance could be calculated, and posteriorly converted to SNP-allele effects by 
breed of origin. SNP-allele effects were derived using the following steps: 

1. Determine breed of origin of alleles to calculate breed-specific partial 
relationship matrices, 𝐆(𝐒), 𝐆(𝐋𝐑), and 𝐆(𝐋𝐖). 

2. Calculate GEBVs for purebred and crossbred performance using a GBLUP 
model with breed-specific partial relationship matrices (BOA model). 

3. Back-solve SNP-allele effects for purebred and crossbred performance 
from GEBVs. 

4. Calculate proportion of variance explained by non-overlapping blocks of 
SNPs. 

 
4.2.2.1 Inference of the breed of origin of alleles 
To infer breed of origin of alleles in crossbred pigs we used the BOA approach 
developed by Vandenplas et al. (2016) and assuming the parameter settings 
recommended by Sevillano et al. (2016). The BOA approach consisted of three 
steps: (1) Phasing the haplotypes of both purebred and crossbred pigs with 
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AlphaPhase1.1 software (Hickey et al., 2011). Phasing was performed using 
pedigree, and using nine combinations of haplotypes length and each combination 
was run both considering “Offset” and “NotOffset” modes, the “Offset” mode shifts 
the start of the cores to halfway along the first core, creating 50% overlaps 
between cores. These settings allowed each allele to be considered 18 times 
through different haplotypes of variable length. (2) Determining the unique 
haplotypes among the purebred pigs. For assigning a breed of origin to a 
haplotype, at least 80% of its copies were required to be observed in a specific 
breed. (3) Assigning the breed of origin for each allele carried on the haplotypes of 
crossbred pigs based on the knowledge of the breed of origin of the haplotypes, on 
the zygosity (i.e., homozygosity or heterozygosity) of the locus, and on the breed 
composition of the crossbred. Alleles that were not assigned a breed of origin were 
set to missing. SNPs for which the paternal or maternal allele were assigned a 
breed of origin in less than 90% of the cases were removed. Crossbred pigs with 
assigned breed of origin for less than 90% of their genome were removed. If an 
allele was observed less than 5 times in any of the breeds-of-origin, the 
corresponding SNP was also removed from the final set of SNPs. The final SNP set 
for subsequent analyses consisted of 41,557 SNPs. All populations were analysed 
with the same set of SNPs. 
 
4.2.2.2 Model with three breed-specific partial relationship 
matrices 
To account for breed-specific effect of alleles, a 4-trait animal model (i.e., S trait, LR 
trait, LW trait and crossbred trait) with three breed-specific partial relationship 
matrices (𝐆(𝐒), 𝐆(𝐋𝐑), 𝐆(𝐋𝐖)) was fitted (BOA model) (Sevillano et al., 2017). The 
three breed-specific partial relationship matrices, 𝐆(𝐒), 𝐆(𝐋𝐑), and 𝐆(𝐋𝐖), were built 
using the breed of origin of phased alleles in crossbred pigs and the first method 
from VanRaden (2008). The breed-specific partial relationship submatrices are 
defined, considering e.g. the breed S origin, as: 
 
𝐆𝐒,𝐒 = (𝐌𝐒 − 2𝟏𝐩𝐒′)(𝐌𝐒 − 2𝟏𝐩𝐒′) F , 

𝐆𝐒,𝐂𝐁 = (𝐌𝐒 − 2𝟏𝐩𝐒′) 𝐌𝐂𝐁(𝐒) − 𝟏𝐩𝐒′ F , and 

𝐆𝐂𝐁,𝐂𝐁 = (𝐌𝐂𝐁 − 𝟏𝐩𝐒′) 𝐌𝐂𝐁(𝐒) − 𝟏𝐩𝐒′ F , 

where 𝐌𝐒 is a matrix containing breed-specific allele content for purebred S pigs 
(coded as 0, 1, or 2). 𝐌𝐂𝐁(𝐒) is a matrix containing breed S allele content for 
crossbred pigs (coded as 0, or 1), so that alleles not assigned a breed of origin were 
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set to missing, meaning that they had an entry of zero in the centered matrix 
represented by (𝐌𝐂𝐁 − 𝟏𝐩𝐒′); 𝐩𝐒 is the vector of breed S specific frequencies of 
the counted allele (𝑝 ), where 𝑝  was calculated across S and crossbred pigs by 
counting the occurrences of alleles originating from the S breed and coded as 1, 
divided by the total number of S alleles in the S breed and crossbred on locus j.  
Finally, the scaling factor was defined as F = ∑ 2𝑝 (1 − 𝑝 ). The breed-specific 

partial relationship submatrices 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖) are defined similarly to 𝐆(𝐒). 
Other effects in the model included fixed effects partially depending on the trait 
(Table 4.2), and random common litter effects. The BOA model was implemented 
in the MiXBLUP software (Ten Napel et al., 2016). To estimate variance 
components we used the same BOA model in the ASReml software (Gilmour et al., 
2015), after reducing each of the purebred populations to 3500 pigs most closely 
related to the crossbred population. 
 
Table 4.2 Fixed effects used in the models for each trait for purebred and crossbred pigs.  

Trait Population Fixed effects 

BF Purebred farm ∗ breed ∗ sex +  b × off − test BW 

Crossbred trial + farm ∗ sex + b × hot carcass weight 

ADG Purebred farm ∗ breed ∗ sex +  b × birth weight 

Crossbred trial +  farm ∗ sex + b × birth weight 

RFI Purebred farm ∗ breed ∗ sex +  b × on − test BW 

Crossbred trial + farm ∗ breed ∗ sex + b × on − test BW 

BF = back fat thickness, ADG = average daily gain, and RFI = residual feed intake. 
ba, bb, bc, bd, are regression coefficients for off-test BW, hot carcass weight, birth weight, and 
on-test BW, respectively. 
 
4.2.2.3 Back-solve SNP-allele effects from GEBV 
GEBV of purebred S pigs for purebred performance (𝐚𝐒) were converted to SNP-
allele effects (α ), considering that: 
 
𝐚𝐒 = 𝐖𝐒𝛂𝐬, 

where 𝐖𝐒 contains centered genotypes, which can be obtained respectively by: 
 
𝐖𝐒 = (𝐌𝐒 − 2𝟏𝐩𝐒′) and 

𝛂𝐬 = 𝐖𝐒′(𝐖𝐒𝐖𝐒′) 𝐚𝐒 = F 𝐖𝐒′𝐆(𝐒) 𝐚𝐒. 

 



4 SNP allele effect by breed of origin 

 
 

79 
 

The SNP-allele effects for crossbred performance and for the other purebred 
populations were calculated similarly. 
 
4.2.2.4 Variance proportion explained by SNP regions 
Under a back-solving approach, all SNPs are considered simultaneously in the 
model, therefore, the effect of a QTL is likely distributed across all SNPs that have a 
nonrandom association with the QTL. For this reason, it is recommended to 
calculate the proportion of variance explained by a group of SNPs in nonrandom 
association instead of reporting effects of single SNPs (Lopes, 2016). Groups of 
SNPs in nonrandom association will hereafter be called LD blocks. LD blocks were 
built per breed of origin, therefore, nonrandom association between alleles at two 
loci was tested in the crossbred population between all pair of loci coming from the 
same breed of origin. Significant nonrandom association between alleles at two loci 
was tested with Fisher’s exact test on a contingency table made for counts of the 
four gametic types at the two loci (Slatkin, 1994). If statistical significant 
nonrandom association is detected (P-value<0.01), then it can be concluded that 
the coefficient of linkage disequilibrium, D, is significantly different from zero and 
that pair of loci are in linkage disequilibrium (Slatkin and Excoffier, 1996). 
Breakpoints between LD blocks were defined when D between two consecutive 
SNPs was not significantly different from zero. Estimation of D and Fisher’s exact 
test was performed using the Arlequin software (Excoffier et al., 2005).   
 
Percentage of genetic variance explained by the i-th LD block was calculated as in 
Wang et al. (2014): 
 

( )
× × 100% =

(∑ )
× × 100%,  

where a  is genetic value of the i-th LD block, σ  is the total genetic variance, z  is a 
vector of genotypes of the j-th SNP for all purebred individuals of the same breed, 
α  is the estimated effect of the j-th SNP within the i-th LD block that contains n 
SNPs, x is the mean number of SNPs across LD blocks and n is the number of SNPs 
of the i-th LD block. With the back-solving approach we can identify peaks that 
explain the most variance, in our case, we took the top 10 LD blocks for comparison 
across scenarios.  
 
4.2.3 Candidate genes  
Putative candidate genes within the top 10 LD blocks and in the neighbouring 
upstream and downstream 1-Mb regions were identified based on the Sscrofa11.1 
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genome assembly, using the NCBI Map Viewer 
(https://www.ncbi.nlm.nih.gov/genome/gdv/?org=sus-scrofa) and based on 
literature. 
 
4.2.4 MC4R 
To illustrate the mechanisms underlying breed of origin specific estimated SNP 
effects, we investigated the estimated effects across breeds of origin for 
haplotypes associated to the MC4R gene, and the allele substitution effects for the 
MC4Rsnp itself. The MC4R gene has a missense mutation that is known to have a 
strong effect on BF and ADG (Kim et al., 2000). The genotypes at the MC4Rsnp 
were available for 4996 S, 1363 LR, 7663 LW, and 1478 crossbred pigs. The 
MC4Rsnp is biallelic (A|G) and located in the MC4R gene at 160,772,887 bp of the 
SSC1; allele A is the mutant allele (hereafter denoted as allele m) and allele G is the 
wild type allele (hereafter denoted as allele w). The MC4Rsnp was imputed in pigs 
that were not genotyped for it and the breed of origin of both alleles were inferred 
with the BOA approach. After quality control we had information for 7469 S, 3257 
LR, 12 707 LW, and 2763 crossbred pigs. Allele frequencies of the MC4Rsnp were 
computed in each of the purebred populations and in the crossbred population 
considering breed of origin. In order to build LD blocks that co-segregate with the 
MC4R gene, linkage disequilibrium was tested between the alleles of MC4Rsnp and 
the alleles from all the other loci in the SSC1 of the crossbred population (Slatkin, 
1994). Unlike the LD blocks previously built, breakpoints to define the MC4R LD 
blocks were not defined when D between two consecutive SNPs was not 
significantly different from zero, but when D between the MC4Rsnp and any of the 
other SNPS in the SSC1 was not significantly different from zero. The effect of each 
haplotype present in the LD block that co-segregate with the MC4R gene was 
calculated per breed of origin for crossbred performance for ADG. 
 
To enable comparison to the estimated haplotype effects we also estimated the 
effect of the MC4Rsnp itself. The effect was estimated with the software ASReml  
(Gilmour et al., 2015) by applying the following model: 
 
𝐴𝐷𝐺 = 𝜇 + 𝑏 𝑀𝐶4𝑅𝑠𝑛𝑝 + 𝑏 𝑀𝐶4𝑅𝑠𝑛𝑝 + 𝑏 𝑀𝐶4𝑅𝑠𝑛𝑝 + 𝑐 + 𝑢 + 𝑒 , 

where 𝐴𝐷𝐺  was the pre-corrected ADG phenotype of crossbred pig j, ADG 
phenotypes were corrected for fixed effects listed in Table 4.2; 𝑀𝐶4𝑅𝑠𝑛𝑝 , 
𝑀𝐶4𝑅𝑠𝑛𝑝 , and 𝑀𝐶4𝑅𝑠𝑛𝑝  were the centered allele content of MC4Rsnp (0 or 
1) of crossbred j for breed of origin S, LR, and LW, respectively; 𝑏 , 𝑏 , and 𝑏  
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were the unknown allele substitution effect of MC4Rsnp for breed of origin S, LR, 
and LW, respectively; 𝑐  was the random effect of common litter i, assumed to be 
normally distributed ~ N(0, I𝜎 ), where I was an identity matrix and 𝜎  was the 
unknown variance between litters; 𝑎  was the random additive genetic effect of 
crossbred j assumed to be normally distributed ~ N(0, A𝜎 ), where A was a known 
matrix of additive genetic relationship among pigs (pedigree-based) and 𝜎  was the 
genetic variance between pigs that was estimated in the BOA model; and 𝑒  was 
the random residual effect assumed to be normally distributed ~ N(0, I𝜎 ), where 
𝜎  was the unknown residual variance.  
 
4.3 Results 
4.3.1 Heritabilities and genetic correlations 
Estimated variance components and standard errors for BF, ADG, and RFI using the 
BOA model are shown in Table 4.3. Estimates of crossbred heritability tended to be 
larger than estimates of purebred heritability. The lowest heritability for crossbred 
performance was observed for ADG (0.29), while BF and RFI showed similar 
heritabilities of 0.41 and 0.40, respectively. The lowest rpc was observed for RFI 
(0.37-0.60), followed by ADG (0.60-0.69), while BF showed the highest rpc (0.71-
0.89). Because of the limited number of RFI records from LR pigs, genetic 
parameters estimated in this population had very high standard errors, therefore, 
estimates are not shown and were not further used in this study. 
 
Table 4.3 Heritability estimates for purebred (ℎ ) and crossbred (ℎ ) performance, and 
genetic correlation between performance in purebred and crossbred (𝑟 ). 
Trait Breed 𝒉𝑷𝑩

𝟐  𝒉𝑪𝑩
𝟐  𝒓𝑷𝑪 

BF 
 

S 0.31 (0.02) 0.41 (0.04) 0.80 (0.07) 
LR 0.33 (0.03)  0.71 (0.10) 
LW 0.34 (0.03)  0.89 (0.09) 

ADG S 0.09 (0.02) 0.29 (0.04) 0.69 (0.12) 
 LR 0.22 (0.02)  0.60 (0.16) 
 LW 0.20 (0.02)  0.68 (0.13) 
RFI S 0.15 (0.03) 0.40 (0.05) 0.37 (0.14) 
 LR -  - 
 LW 0.61 (0.05)  0.60 (0.18) 
BF = back fat thickness, ADG = average daily gain, and RFI = residual feed intake. 
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4.3.2 Proportion of genetic variance explained by a region 
The number and size of the LD blocks are shown per breed of origin in Table 4.4. 
The LD blocks coming from the S breed of origin were on average the longest (7.1 
SNPs), followed by the LD blocks coming from the LW breed of origin (6.4 SNPs), 
while the LD blocks coming from the LR breed of origin were on average the 
shortest (5.3 SNPs). 
 
Table 4.4 Description of LD blocks built per breed of origin. 
Breed of origin Number of blocks Length (number of SNPs) 
 Mean Min Max 
S 5516 7.1 1 115 
LR 7495 5.3 1 56 
LW 6296 6.4 1 86 

 
Figures 4.1–4.3 show for each breed genetic variances for all LD blocks for 
purebred and crossbred performance for BF, ADG, and RFI, respectively. Depending 
on the breed and across traits, the proportion of genetic variance jointly explained 
by the top 10 LD blocks with most explained genetic variance ranged, across breeds 
and traits, from 1.73% to 4.51% for purebred performance and from 1.71% to 
4.51% for crossbred performance (Table 4.5). Depending on the trait, and 
considering that the haploid genome of the domesticated pig is estimated to be 
2800 Mb, the top 10 LD blocks covered at least 0.19% and at the most 0.47% of the 
genome. Proportion of genetic variance and position of each of the top 10 LD 
blocks for purebred and crossbred performance by breed are detailed in 
Supplementary material, additional files S4.1-4.3 for BF, ADG and RFI, respectively. 
 

Table 4.5 Percentage of genetic variance explained by top ten LD blocks for 
purebred and crossbred (CB) performance. 
%* BF ADG RFI 
Purebred    
gVar S 4.51 3.57 2.80 
gVar LR 1.73 1.81 - 
gVar LW 2.61 3.00 2.33 
CB, breed of origin    
gVar CB,S 4.51 3.80 2.50 
gVar CB,LR 2.35 1.71 2.42 
gVar CB,LW 2.85 2.71 2.28 

*Percentage of genetic variance for purebred performance by breed and for 
crossbred (CB) performance by breed of origin. 
BF = back fat thickness, ADG = average daily gain, and RFI = residual feed intake. 
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LD blocks that appeared for both purebred and crossbred performance in the top 
10 with most explained genetic variance, are shown per breed of origin in Table 
4.6. Depending on the breed, the number of LD blocks from the top 10 that 
appeared for both purebred and crossbred performance, was 4 to 5 for BF, 3 to 6 
for ADG, and at most one for RFI. For the LD blocks that appeared for both 
purebred and crossbred performance in the top 10, the percentage of genetic 
variance they explained for both purebred and crossbred performance was quite 
similar. 
 
As LD blocks across breed of origin were not the same, because of different 
patterns of linkage disequilibrium, comparisons across breeds for crossbred 
performance were done regarding whether the top 10 LD blocks across breeds 
overlapped or were less than 1-Mb distance apart (Table 4.7). These regions can be 
observed in Figures 4.1-4.3 in light blue. From the top 10 LD blocks, at most, one 
region in common was observed between breeds for crossbred performance per 
trait. For both BF and ADG performance in crossbred, there were no common 
regions between the top 10 LD blocks from S breed of origin and the top 10 LD 
blocks from LR breed of origin. 
 
A similar comparison was made across breeds for purebred performance. For BF, 
there was one common region between the top 10 LD blocks from S and LW and 
there were two common regions between the top 10 LD blocks from LR and LW. 
For ADG, there was one common region between the top 10 LD blocks from S and 
LR. For RFI, comparisons could be only made between S and LW because the SNP-
allele effects for the LR population were not estimated, there was one common 
region between the top 10 LD blocks from S and LW. These regions can be 
observed in Figures 4.1-4.3 in light blue. 
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4.3.3 Candidate genes 
Putative candidate genes within the top 10 LD blocks either for purebred or 
crossbred performance and in the neighbouring upstream and downstream 1-Mb 
regions were identified based on the Sscrofa11.1 genome assembly and based on 
literature. The melanocortin 4 receptor (MC4R) was identified as a candidate gene 
for ADG and BF. The MC4R gene was previously associated with feed intake and 
growth rate in pigs, as well as with BF (Kim et al., 2000; Meidtner et al., 2006; Fan 
et al., 2010; Onteru et al., 2013). The MC4R gene controls energy balance (Seeley et 
al., 2004). MC4R are broadly distributed in the central neuronal system and an 
agonist stimulation at MC4R leads to a decrease in feed intake and loss of body 
weight (Seeley et al., 2004). The MC4R gene is located on SSC1 at 160,771,802 – 
160,774,335 bp. For S, the gene was contained in an LD block located at 160.2 – 
161.4 Mb. However, the LD block in the previous position (158.9 – 160.2 Mb) was 
in the top 10 with most explained genetic variance for crossbred performance for 
ADG and BF. This LD block explained a large variance for purebred performance for 
BF although it did not make it into the top 10 LD blocks. For LR, this region seems 
not to contain any QTL. For LW, the MC4R gene was located in an LD block located 
at 160.2 – 160.7 Mb. However, a second LD block, located immediately before 
(159.2 – 160.2 Mb) was in the top 10 with most explained genetic variance for 
purebred performance for ADG and BF. Additionally, a third LD block, located 
immediately after (160.9– 162.4 Mb) was in the top 10 with most explained genetic 
variance for both in purebred and crossbred performance for ADG. 
 
The StAR-related lipid transfer domain containing 13 (STARD13) was identified as a 
candidate gene for BF. The STAR gene family is involved with lipids and lipid 
hormones binding to be exchanged between biological membranes (Thorsell et al., 
2011). STARD13 seems to regulate FOS gene expression, which is a gene 
functionally related with intramuscular fatty acid composition (Puig-Oliveras et al., 
2016). The STARD13 gene is located on SSC11 at 9,496,111 – 9,760,394 bp. For S, 
the gene was located in a LD block located at 8.9 – 9.9 Mb. This LD block was in the 
top 10 with most explained variance for crossbred performance for BF. Two 
contiguous LD blocks (7.6 -7.9 Mb and 8.0 – 8.8 Mb) were also in the top 10 with 
most explained variance for crossbred performance for BF. These three LD blocks 
explained a relatively large part of the variance for purebred performance for BF 
although they did not make it to the top 10 LD blocks. For LR, this region does not 
seem to contain any QTL. For LW, the STARD13 gene overlapped one LD block (9.5 
– 9.7 Mb). However, the LD blocks in the previous positions (7.6 – 7.9 Mb and 8.0 – 
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9.4 MB) were in the top 10 with most explained variance for BF performance in 
purebred and crossbred, and crossbred, respectively. 
 
The porcine insulin-like growth factor binding protein (IGFBP-5) was also identified 
as a candidate gene for BF. IGFBP-5 is a focal regulatory factor during the 
development of several key cell types, e.g., myoblasts and neural cells (Salih et al., 
2004). The IGFBP-5 gene might be involved in intramuscular fat development in 
cattle (Wang et al., 2009), and was also associated with fat deposition in pigs (Fan 
et al., 2009). The IGFBP-5 gene is located on SSC15 at 118,860,219 – 118,879,384 
bp. For S, this region does not seem to contain any QTL. For LR, the gene was 
contained in a LD block located at 118.6 – 118.9 Mb. However, the LD block in a 
following position (119.3 – 119.8 Mb) was in the top 10 with most explained 
variance for purebred and crossbred performance for BF. For LW, the gene was 
contained in a LD block located at 118.8 – 119.0 Mb. However, the LD block in the 
previous position (118.2 – 118.8 Mb) was in the top 10 with most explained 
variance for crossbred performance for BF.  
 
We did not identify any candidate gene for RFI. For RFI, there are few GWAS 
studies in pigs and they all revealed different regions associated with this trait (Fan 
et al., 2010; Gilbert et al., 2017; Onteru et al., 2013; Do et al., 2014). RFI is a 
complex trait and the biology behind it seems difficult to unravel, as we were 
unable to find LD blocks explaining a large percentage of genetic variance or 
patterns across purebred and crossbred performance within the same breed. 
 
4.3.4 MC4R 
From all evaluated candidate genes, only for the MC4R gene the underlying causal 
mutation is known. Allele frequencies of this MC4Rsnp were quite similar between 
observed frequencies in purebred compared to crossbred pigs, but considerable 
differences were observed between breeds within the purebred or between 
breeds-of-origin within the crossbred (Table 4.8). In the S population and among 
alleles originating from S in the crossbred population, the m allele is highly 
prevalent (0.81-0.85), whereas in the LR population or among alleles originating 
from LR in the crossbred population, the m allele is almost absent (0.06-0.11). 
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Table 4.8 Frequency of MC4Rsnp alleles* in purebreds and 
in crossbreds (CB) within breed of origin. 

 
m w 

Purebred   
S 0.85 0.15 
LR 0.06 0.94 
LW 0.39 0.61 
CB, breed of origin†   
CB,S 0.81 0.19 
CB,LR 0.12 0.88 
CB,LW 0.44 0.56 

*m is associated with the mutant allele and allele w is 
associated with the wild allele of MC4R. 
†Expressed as frequency within each breed of origin. 

 
For S breed of origin, the MC4Rsnp was in LD with 31 flanking loci, which resulted 
in a LD block from 158.9 to 161.5 Mb. For LR breed of origin, the MC4Rsnp was in 
LD with 49 flanking loci, which resulted in a LD block from 158.8 to 163.3 Mb. For 
LW breed of origin, the MC4Rsnp was in LD with 42 flanking loci, which resulted in 
a LD block from 158.9 to 162.6 Mb. For comparison across breed of origin, we only 
considered the overlapping SNPs across the three LD blocks which resulted in a 
block of 31 SNPs (158.9 - 161.5 Mb). It is worthwhile noting that this MC4R based 
block contains the LD block spanning 158.9-160.2 Mb that was identified to be 
associated with ADG and BF in S and the LD block spanning 159.2-160.2 Mb 
associated with ADG and BF in LW. The block contained 74 different haplotypes, 
each unique haplotype was always exclusively co-segregating either the m or w 
allele of MC4Rsnp. The only exception was a haplotype that was observed in 83 
crossbred pigs originating from S, in 260 crossbred pigs originating from LR, and in 
1993 crossbred pigs originating from LW. This haplotype carried the m allele for all 
these crossbred pigs, except for two who received the haplotype from S and carried 
the w allele. These two cases, however, may simply be genotyping errors and were 
not used further for the MC4R analysis. Therefore, after including the MC4Rsnp in 
the LD block we still observed 74 different haplotypes. From the 74 haplotypes, 44 
were observed in the S breed of origin, 19 in the LR breed of origin and 31 in the 
LW breed of origin. 
 
In Figure 4.4, the effect of each haplotype that co-segregates with the MC4R gene 
is shown per breed of origin for crossbred performance for ADG. Within breed of 
origin, haplotypes co-segregating with the m allele had different effects compared 
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to haplotypes co-segregating with the w allele (T-test, P-value <0.05). Haplotypes 
co-segregating with the m allele, in general, had a positive effect, while haplotypes 
co-segregating with the w allele had a negative effect. Effects of specific haplotypes 
were similar if they originated from the S or the LW population, however, their 
effects were smaller if they originated from the LR population (paired T-test, P < 
0.05). For each breed the average effects of the m and w allele, weighted according 
to the haplotype frequencies, are shown as red numbers in Figure 4.4. The 
difference of the averages is an approximation of the allele substitution effect, 
substituting an m allele for a w allele has an effect on ADG of -2.5 g/d, -0.5 g/d and 
-1.6 g/d, when the allele originates from S, LR, or LW, respectively. Using the 
MC4Rsnp itself, the effect of substituting an m allele for a w allele at MC4Rsnp was 
-22.60 g/d, -14.21 g/d, or -21.67 g/d, when the allele originated from S, LR or LW, 
respectively. Figure 4.5 shows the number of times each haplotype was observed 
per breed of origin versus its effect on crossbred performance for ADG. For S breed 
of origin, there is one very common haplotype accounting for 73% of the 
observations and this haplotype had the largest effect (+1.52 g/d) among all the 
haplotypes in this LD block. For LR breed of origin, the 19 haplotypes observed had 
small effects, from -0.40 to +0.54 g/d, and the most common haplotype accounted 
for 37% of the observations and had an effect of -0.11 g/d. For LW breed of origin, 
the haplotypes had more variable estimated effects, and the most common 
haplotype accounted for 28% of the observations and had an effect of -1.16 g/d. 
 
4.4 Discussion 
The objective of this study was to show how the effect of SNP-alleles, estimated in 
a genomic prediction model using commonly used SNP panels, varies when 
observed in different genetic backgrounds. With crossbreeding, the effects of SNP-
alleles can be observed both against purebred and crossbred background. 
Moreover, the degree of allelic differentiation among the three populations 
estimated with Weir and Cockerham’s FST was previously estimated by Sevillano et 
al. (2017) and were equal to 0.17 between S and LR, 0.12 between S and LW, and 
0.14 between LW and LR, which indicates that they are distantly-related breeds. 
Since the three breeds are distantly-related, the effects of the SNP-alleles is 
expected to vary in the three distinctive backgrounds provided by each of the 
breeds-of-origin. 
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Figure 4.4.  Haplotypes effect on average daily gain (g/d) per breed of origin. From the 74 
haplotypes observed in the LD block associated with the MC4R gen. Average effects of the m 
and w allele, weighted according to the haplotype frequencies, are shown as red numbers. 
 
 
To observe the estimated effects of SNP-alleles for crossbred performance in 
different genetic backgrounds, we traced the breed of origin of alleles in crossbred 
animals and estimated breed-specific SNP effects from the solutions of a BOA 
model for three traits. For traits with low heritability (<0.20) and low rpc (<0.70) the 
BOA model tended to show better predictive abilities (Sevillano et al., 2017). 
Therefore, based on the heritability and rpc estimates with pedigree information 
from Godinho et al. (2018), BF, ADG and RFI, were chosen to be studied. Only for 
RFI, the estimated heritability for crossbred performance differed from the 
expected value of ~0.2 (Godinho et al., 2018) as it was considerably higher (0.40) in 
our data. Genetic parameters estimated for LR pigs had high standard errors 
because of the limited number of RFI records, therefore, GEBVs of LR pigs for 
purebred performance were not further used in this study. For all the other traits, 
estimates of rpc and heritability for crossbred performance were as expected. 
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Figure 4.5.  Number of observations (Log10) of each of the 74 haplotypes. Number of 
observations are presented according to the effect of the haplotype on average daily gain 
(g/d). From the 74 haplotypes observed in the LD block associated with the MC4R gen. 
 
 
4.4.1 Proportion of genetic variance explained by a region 
The proportion of total genetic variance explained was calculated for each LD block 
instead of reporting effects of single SNPs. The LD blocks built based on alleles 
originating from the S paternal population were, on average, longer than the LD 
blocks built based on alleles originating from the maternal LR and LW populations. 
This is in line with linkage disequilibrium estimations made by Veroneze et al. 
(2014) using the same populations as in our study, where they showed that the S 
population showed the highest level of linkage disequilibrium, followed by LW, and 
LR having the lowest level of linkage disequilibrium. Their populations named SL2, 
DL1 and DL2 correspond to S, LR and LW populations in the present study. 
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4.4.1.1 Regions associated with purebred and crossbred 
performance 
Within the same breed of origin, we observed some LD blocks that appeared for 
both purebred and crossbred performance in the top 10 with most explained 
genetic variance. Across traits, this number of common LD blocks in the top 10 is 
expected to be related to the rpc for that trait, as the correlation between allele 
substitution effects of the causal variants of two traits is expected to be the same 
as the genetic correlation between two traits (Wientjes and Calus, 2017). Our 
results are in line with this, as RFI showed the lowest rpc (0.37-0.60) and had at 
most only one LD block that appeared for both purebred and crossbred 
performance, while BF showed the highest rpc (0.71-0.89) and had 4 to 5 LD blocks 
that appeared for both purebred and crossbred performance.  
 
For LD blocks that appeared for both purebred and crossbred performance in the 
top 10 with most explained variance, we observed that they explained a similar 
percentage of additive genetic variance. Despite the fact that percentages of 
additive genetic variance were quite similar, differences in allele frequencies 
between purebred and crossbred can explain rpc values below unity. However, as 
shown in Table 4.8, allele frequency of the MC4Rsnp between purebred and 
crossbred were quite similar. One of the possible reasons for rpc values below unity 
is the presence of genotype by environment interactions (GxE) (Wientjes and Calus, 
2017; Godinho et al., 2018). GxE might have been present because some purebred 
pigs were housed in high-health status farms (nucleus farms, free of a number of 
specific diseases), while some crossbred pigs were housed in experimental farms 
with environmental conditions similar to commercial farms with these specific 
diseases prevalent. Another environmental difference between purebred and 
crossbred is that trait measurement methods were different (Wientjes and Calus, 
2017; Godinho et al., 2018), as explained earlier in the methods section. ADG and 
BF were measured in a different way for purebred and crossbred pigs, and as these 
are the components traits for RFI, RFI was also derived differently for purebred and 
crossbred. It is unclear to which extent the genetic ranking is affected by these 
differences in measurements. Nevertheless, using crossbred information in the 
training set avoids that the difference in measurements affects the breeding 
decisions. 
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4.4.1.2 Regions associated with crossbred performance by 
breed 
Next to the comparison between purebred and crossbred background, comparison 
across breed of origin backgrounds was also performed. For all traits, there was at 
most one region in common between breeds-of-origin for crossbred performance. 
This indicates that the proportion of genetic variance for crossbred performance 
explained by a genomic region depends upon the breed of origin. Differences in 
genetic variance across breeds of origin can be due to differences in allele 
frequencies that affect the contribution of dominance effects to the additive 
genetic variance. The allele frequency of the MC4Rsnp (see Table 4.8) is quite 
different in crossbred pigs depending upon the breed of origin. In addition, for the 
block co-segregating with the MC4R gene originated from the LR population, we 
observed a relatively small variance among the effect sizes of the different 
haplotypes, caused by the low frequency of the m allele of MC4Rsnp (Figure 4.5). 
For S and LW, we observed that the haplotypes in this region had a larger variance 
of effect size for ADG performance in crossbred, because the MAF of the MC4Rsnp 
was considerably higher. We hypothesize that for other genomic regions, similar 
differences in MAF may be one important source of differences in how the genetic 
variance is distributed across the genome for different breeds, and therefore 
having different contribution to genomic prediction. 
 
We also observed that the effect of a haplotype associated with crossbred 
performance is different depending upon from which population it originates. In 
the case of MC4R, identical haplotypes co-segregating uniquely either with the 
mutant or the wild type allele, yielded different effects for LR compared to S and 
LW (Figure 4.4). Similarly, the effect difference between haplotypes co-segregating 
with the m allele and the w allele was five and three times larger for haplotypes 
originating from S and LW compared to haplotypes originating LR, respectively 
(Figure 4.4). Differences in haplotype effects across breed of origin can be due to 
differences in linkage between the haplotype and any QTL in the vicinity, however, 
this was not the case for MC4R. Another reason for these differences in haplotypes 
effects across breed of origin might be that the haplotypes are not identical 
between the breeds, they only appear to be so due to the genotype resolution 
used. If that is the case, the difference can be due to distinct interactions of the 
MC4R allele with different local genetic background, i.e. epistasis (Mackay, 2014); 
or because the unobserved differences between the haplotypes directly give rise to 
additional additive effects. So, what is observed as a breed of origin effect may 
actually be different haplotypes which can be only differentiated with a higher 
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density genotype. However, when we estimated the allele substitution effect of the 
MC4Rsnp itself, we still observed that the largest effect was when the allele 
originated from S, followed by LW origin, while alleles from LR origin had the 
smallest effect. But the magnitude was much larger than when we approximate the 
allele substitution effect from the haplotypes estimates. These differences might 
arise from the methodology as SNP effects in the haplotypes were estimated jointly 
as random effects via BLUP, being subjected to considerable shrinkage, whereas 
MC4Rsnp effects were estimated using fixed regression. For the MC4Rsnp we can 
conclude that the main difference across breeds are the allele frequencies which 
can reflect selection pressure for other performance traits, as also observed by Kim 
et al. (Kim et al., 2000). 
 
In general we observed few regions strongly associated with ADG, RFI, or BF for 
crossbred performance, and these are mainly breed-specific. Conversely, we 
observed many regions that did not have a large effect on ADG, RFI, or BF for 
crossbred performance. Hypothesizing that only for regions with large effect breed-
specific modelling is beneficial, using SNP effects averaged across breeds may be 
more realistic than considering breed-specific SNP effects. We previously compared 
the BOA model, which considers breed-specific SNP effects in crossbred animals, to 
a model that does not account for breed-specific SNP effects in crossbred animals 
(Sevillano et al., 2017), and found similar or slightly higher accuracies of estimated 
breeding values with the BOA model. This suggests that few regions, such as the 
region containing the MC4R, may benefit from accounting for breed-specific SNP 
effects. 
 
4.5 Conclusions 
Some similar regions explaining similar additive genetic variance were observed 
across purebred and crossbred performance. The number of similar regions was 
related to the trait rpc. Observed rpc values below one can be due to differences in 
housing and trait measurements between purebred and crossbred as they can 
affect the genetic ranking. Therefore crossbred information is valuable in the 
training set to account for the environmental background differences between 
crossbred and purebred performance.  
 
Moreover, there was some overlap across breeds of origin between regions that 
explained relatively large proportions of genetic variance for crossbred 
performance of ADG, RFI, and BF; albeit that the actual proportion of variance 
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deviated across breeds-of-origin. This variation is due to differences in allele 
frequencies across population and epistasis can be also playing a role. Results 
based on a missense mutation in MC4R confirmed that even if a causal locus has 
similar effects across breeds-of-origin, estimated effects and explained variance in 
its region estimated using a genomic prediction model relying on a SNP panel can 
strongly depend on the allele frequency of the underlying causal mutation. 
 
These results are valuable to understand the limited benefit obtained when 
predicting breeding values of purebred animals for crossbred performance with 
models that account for breed-specific effect of alleles, as the BOA model, 
compared to a model using crossbred information but without accounting for 
breed-specific effect of alleles. However, selecting important regions associated 
with crossbred performance and differentiating their SNP-allele effects according 
to their breed of origin, might improve prediction models for crossbred 
performance. 
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Abstract 
When using crossbred genomic information for estimating breeding values of 
purebred individuals for crossbred performance, it is important to realize that the 
genome in crossbred animals is a mosaic of genomic regions inherited from the 
different parental breeds. We previously showed that effects of haplotypes 
strongly associated with crossbred performance are different depending upon from 
which parental breed they are inherited, however, the majority of the genomic 
regions are not or only weakly associated with crossbred performance. Therefore, 
our objective was to develop a model that distinguishes between selected single 
nucleotide polymorphisms (SNP) strongly associated with crossbred performance 
and remaining SNP. For the selected SNPs, breed-specific allele affects were fitted 
whereas for the remaining SNP it was assumed that effects are the same across 
breeds (SEL-BOA model). We used data from three purebred populations; S, LR, 
and LW, and one commercial crossbred population (S x (LR x LW) or S x (LW x LR)).  
We selected SNPs that explained together either 5% or 10% of the total crossbred 
genetic variance for average daily gain in each breed of origin. The model was 
compared to the BOA model (allowing all SNP-alleles to have a different effect for 
crossbred performance depending upon the breed of origin) and a G model (all 
SNP-alleles having the same effect for crossbred performance across breeds). 
Across the models, the heritability for crossbred performance was very similar with 
values of 0.29-0.30. Across the breeds, the estimate of the rpc increased by 21.5% 
with the BOA compared to the G model. With the SEL-BOA models, in general, the 
rpc for the selected SNPs was larger than for the non-selected SNPs. For breed LR, 
the rpc for non-selected SNP and selected SNP estimated with the SEL-BOA 5% and 
SEL-BOA 10% were very different compared to the rpc estimated with the G or BOA 
model. For breeds S and LW, there was not a big discrepancy for the rpc estimated 
with the SEL-BOA models and with the G or BOA model. Differences of prediction 
accuracies between models were small, but there was a tendency that the SEL-BOA 
model performed better than the other models. We conclude that the BOA model 
calculates more accurate breeding values of purebred animals for crossbred 
performance than the G model when rpc differs (≈10%) between the G and the BOA 
model. Superiority of the SEL-BOA model compared to the BOA model was only 
observed for scenario SEL-BOA 10% and when rpc for the non-selected and selected 
SNP differed both (≈20%) from the rpc estimated by the G or BOA model. 
 
Key words: origin of alleles, crossbred, genomic prediction, finisher, pig  
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5.1 Introduction 
The breeding goal of pig breeding programs is commonly to select purebred 
animals for improved performance of their crossbred descendants. It has been 
shown that using crossbred information, in addition to commonly used purebred 
information, improves the accuracy of selection. The benefit was observed using 
crossbred phenotypes either with pedigree (Wei and Van der Steen, 1991) and 
even more pronounced with crossbred genomic information (Xiang et al., 2017; 
Sewell et al., 2018). The most common genetic markers used for genomic selection 
are single nucleotide polymorphisms (SNPs), i.e. bi-allelic markers. For crossbred 
animals, as their genome is a mosaic of genomic regions inherited from the 
different parental breeds, depending from which breed a SNP-allele was inherited 
from, it might have different effects. These different allele effects can arise 
because: (1) quantitative trait loci (QTL) may be in linkage disequilibrium with 
different single nucleotide polymorphisms (SNP) depending from which parental 
breed the QTL was inherited (Lopes, 2016), (2) partly different quantitative trait 
nucleotides (QTN) could be underlying a QTL in different parental breeds, while the 
common QTN may have different minor allele frequencies (MAF) in the parental 
breeds, with the extreme case where it is not segregating in one or more breeds 
(Wientjes et al., 2015), (3) epistatic interactions may be differ between parental 
breeds (Mackay, 2014). In most previous studies using crossbred genomic 
information potential differences in SNP-allele effects due to the breed of origin 
were ignored (e.g., Hidalgo et al., 2015; Veroneze et al., 2015; Sewell et al., 2018). 
A model that accounts for breed of origin of alleles (BOA model), has been 
proposed by Dekkers (2007), Ibánẽz-Escriche et al. (2009) and Christensen et al. 
(2014). The BOA model was expected to be beneficial when using commercial 
crossbred genomic information for estimation of breeding values of purebred pigs 
for crossbred performance. The observed benefits of the BOA model, however, 
were limited to traits with low genetic correlation between purebred and crossbred 
performance (rpc) and for crossbred populations that originated from distantly-
related breeds, as was shown in studies with simulated two-way (Ibánẽz-Escriche et 
al., 2009; Esfandyari et al., 2015) and three-way crossbred data (Ibánẽz-Escriche et 
al., 2009) and in studies with real two-way (Xiang et al., 2016) and three-way 
crossbred data (Sevillano et al., 2017).  
 
The BOA model allows all SNP-alleles to have a different effect for crossbred 
performance depending upon the breed of origin. In a recent study, Sevillano et al. 
(2018a) confirmed that the effect of haplotypes strongly associated with crossbred 
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performance are different depending upon from which population they originate. It 
was also shown, however, that the majority of the genomic regions are not or only 
weakly associated with crossbred performance. We hypothesized that targeting 
genomic regions strongly associated with crossbred performance and 
differentiating their SNP-allele effects according to their breed of origin, might 
improve prediction models for crossbred performance. Therefore, the objective of 
this study was to develop a model that accounts for breed-specific allele effects 
only for SNPs strongly associated with crossbred performance, and for the rest of 
the SNPs assumes that effects are the same across breeds. Thus, the model had 
one across-breed component, and a breed-specific component for each breed of 
origin. The performance of this model, in terms of estimated variances for the 
different model components and overall prediction accuracy, was tested using 
combined information from both purebred and three-way commercial crossbred 
pigs for average daily gain. The model was compared to the BOA model (allowing 
all SNP-alleles to have a different effect for crossbred performance depending upon 
the breed of origin) and a G model (all SNP-alleles having the same effect for 
crossbred performance across breeds).  
 
5.2 Methods 
5.2.1 Data 
The data consisted of three purebred pig populations; Synthetic boar (S), Landrace 
(LR), and Large White (LW), and one commercial crossbred population (S x (LR x 
LW) or S x (LW x LR)). All pigs were genotyped using one of the three following SNP 
panels: Illumina PorcineSNP60.v2 BeadChip (60K.v2), Illumina PorcineSNP60 
BeadChip (60K), or Illumina PorcineSNP10 BeadChip (10K). Pigs genotyped with the 
60K or 10K chips were imputed to the 60K.v2 panel using FImpute Version 2.2 
software (Sargolzaei et al., 2014) with default parameter settings and using 
pedigree information. The imputation strategy was similar to Sevillano et al. (2016), 
where each of the three purebred populations, LR, LW, and S, were imputed in two 
steps: (1) pigs genotyped with the 10K chip were imputed to 60K, and (2) all pigs 
with 60K data (imputed or genotyped) were imputed to 60K.v2. For the commercial 
crossbred population, imputation was done in a single step, commercial crossbred 
pigs genotyped with the 10K chip were directly imputed to 60K.v2, because all 
ancestors were genotyped or already imputed to 60K.v2.  
 
Purebred pigs were located in nucleus farms while crossbred pigs were located in 
experimental farms representative of commercial production conditions. 



5 Breed of origin of alleles for selected SNPs 

 
 

103 
 

Phenotypes for average daily gain (ADG) were measured in most of the purebred 
and commercial crossbred pigs. ADG for purebred pigs was calculated as the 
difference of on-test body weight at an average age of 60 days and off-test body 
weight at an average age of 173 days divided by the number of days. ADG for 
commercial crossbred pigs was calculated as the difference of on-test body weight 
at an average age of 70 days of age and body weight at end of the finishing period, 
which was on average 120 kg, divided by the number of days. 
 
The numbers of available genotypes and phenotypes were 7575, 3288 and 12 794 
for purebred population S, LR and LW respectively, and 2816 for the commercial 
crossbred population. For all pigs, four generations of pedigree information were 
included for analysis. 
 
5.2.2 Proposed model 
The proposed model considers breed-specific effects only for SNP strongly 
associated with performance in crossbred, and for the remaining SNP assumes that 
effects are the same across breeds. To build this model, we first needed to 
determine the breed of origin of alleles in crossbred pigs and secondly, determine 
which SNP are strongly associated with crossbred ADG. In this section, we will 
firstly introduce the proposed model, followed by a subsection “Inference of the 
breed of origin of alleles” where we explain how we determined the breed of origin 
of alleles in crossbred pigs, and we finish with a subsection “Targeting SNP” where 
we explain how we determine which are the SNP strongly associated with ADG 
performance in crossbred pigs. Hereafter, we will refer to the SNP strongly 
associated with crossbred performance as “selected SNP” and to the remaining 
SNP as “non-selected SNP”. 
 
5.2.2.1 The model 
To model breed-specific effects for SNPs strongly associated with crossbred 
performance  and across-breed effects for all other SNPs, the following 4-trait 
animal model was fitted (SEL-BOA model):  
 
𝐲𝐒 = 𝐗𝐒𝐛𝐒 + 𝐖𝐒𝐮𝐒 + 𝐙𝐒𝐚𝐒 + 𝐞𝐒, 

𝐲𝐋𝐑 = 𝐗𝐋𝐑𝐛𝐋𝐑 + 𝐖𝐋𝐑𝐮𝐋𝐑 + 𝐙𝐋𝐑𝐚𝐋𝐑 + 𝐞𝐋𝐑, 

𝐲𝐋𝐖 = 𝐗𝐋𝐖𝐛𝐋𝐖 + 𝐖𝐋𝐖𝐮𝐋𝐖 + 𝐙𝐋𝐖𝐚𝐋𝐖 + 𝐞𝐋𝐖, 

𝐲𝐂𝐁 = 𝐗𝐂𝐁𝐛𝐂𝐁 + 𝐖𝐂𝐁𝐮𝐂𝐁 + 𝐙𝐂𝐁𝐠𝐂𝐁
(𝐒)

+ 𝐙𝐂𝐁𝐠𝐂𝐁
(𝐋𝐑)

+ 𝐙𝐂𝐁𝐠𝐂𝐁
(𝐋𝐖)

+ 𝐙𝐂𝐁𝐚𝐂𝐁 + 𝐞𝐂𝐁, 
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where 𝐲𝐒, 𝐲𝐋𝐑, 𝐲𝐋𝐖, and 𝐲𝐂𝐁 are the vectors of the phenotypes for S, LR, LW, and 
commercial crossbred pigs, respectively; 𝐛𝐒, 𝐛𝐋𝐑, 𝐛𝐋𝐖, 𝐛𝐂𝐁 represent the vectors of 
fixed effects farm*breed*sex and birth weight as covariable and 𝐗𝐒, 𝐗𝐋𝐑, 𝐗𝐋𝐖, 𝐗𝐂𝐁 
are the respective incidence matrices relating pig phenotypes to fixed effects; 𝐮𝐒, 
𝐮𝐋𝐑, 𝐮𝐋𝐖, 𝐮𝐂𝐁 represent the vectors of random common litter effects, and 𝐖𝐒, 
𝐖𝐋𝐑, 𝐖𝐋𝐖, 𝐖𝐂𝐁 are the respective incidence matrices relating pig phenotypes to 

litter effects; 𝐚𝐒, 𝐚𝐋𝐑, 𝐚𝐋𝐖, are the vectors of additive genetic effects in PB, 𝐠𝐂𝐁
(𝐒), 

𝐠𝐂𝐁
(𝐋𝐑), 𝐠𝐂𝐁

(𝐋𝐖) are the vectors of the additive genetic effect of PB gametes in 
commercial crossbreds due to the selected SNPs, 𝐚𝐂𝐁 is the vector of additive 
genetic effect in commercials crossbred considering only the non-selected SNPs, 
and 𝐙𝐒, 𝐙𝐋𝐑, 𝐙𝐋𝐖, 𝐙𝐂𝐁 are the respective incidence matrices. Finally, 𝐞𝐒, 𝐞𝐋𝐑, 𝐞𝐋𝐖, 
𝐞𝐂𝐁 represent the vectors of random residual effects. The variance-covariance of 
the common litter effect and residual effect were: 
 

Var

𝐮𝐒
𝐮𝐋𝐑

𝐮𝐋𝐖
𝐮𝐂𝐁

=

⎣
⎢
⎢
⎢
⎡
I σ 0 0 0

0 I σ 0 0

0 0 I σ 0

0 0 0 I σ ⎦
⎥
⎥
⎥
⎤

, 

 

and Var

𝐞𝐒
𝐞𝐋𝐑

𝐞𝐋𝐖
𝐞𝐂𝐁

=

⎣
⎢
⎢
⎢
⎡
I σ 0 0 0

0 I σ 0 0

0 0 I σ 0

0 0 0 I σ ⎦
⎥
⎥
⎥
⎤

. 

 
The variance-covariance of additive genetic effect for breed S origin based on 
selected SNPs was: 
 

Var

⎣
⎢
⎢
⎢
⎡

𝐚𝐒

𝐚𝐂𝐁
(𝐒)

𝐠𝐒

𝐠𝐂𝐁
(𝐒)

⎦
⎥
⎥
⎥
⎤

=
σ σ ,

σ , σ
⊗ 𝐆(𝐒) =

σ σ ,

σ , σ
⊗

𝐆𝐒,𝐒 𝐆𝐒,𝐂𝐁
(𝐒)

𝐆𝐂𝐁,𝐒
(𝐒)

𝐆𝐂𝐁,𝐂𝐁
(𝐒)

, 

where breed S pigs have additive effects based on selected SNPs, 𝐚𝐒 for purebred 

performance and 𝐚𝐂𝐁
(𝐒) for crossbred performance. The commercial crossbred pigs 

have additive effects based on selected SNPs for the breed S gametes, 𝐠𝐂𝐁
(𝐒) for 

crossbred performance and 𝐠𝐒 for purebred performance. This last effect, 𝐠𝐒, is an 
artificial random vector that is added to be able to define the variance-covariance 
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of additive genetic effects with the above Kronecker product, but does not have 
practical relevance (Christensen et al., 2015). The matrix 𝐆(𝐒) is a breed-specific 
partial relationship matrix for breed S which contains four blocks, one within S pigs 

(𝐆𝐒,𝐒), two for S with commercial crossbred pigs (𝐆𝐒,𝐂𝐁
(𝐒)  and 𝐆𝐂𝐁,𝐒

(𝐒) ), and one within 

commercial crossbred pigs (𝐆𝐂𝐁,𝐂𝐁
(𝐒) ). 

 
The variance-covariance structures for breeds LR and LW are defined similarly, and 
the three variance-covariance structures are assumed independent, i.e. no 
covariances are considered between S, LR, and LW effects (Christensen et al., 
2015). There are six selected SNPs genetic variance components, one for purebred 
and one for crossbred performance for each breed of origin, and three covariance 
components, one for each breed of origin. To construct the three breed-specific 
partial relationship matrices, 𝐆(𝐒), 𝐆(𝐋𝐑), and 𝐆(𝐋𝐖), we used the breed of origin of 
phased alleles in commercial crossbred pigs. Then, the breed-specific partial 
relationship submatrices are defined as, e.g. breed S origin: 
 

𝐆𝐒,𝐒 = 𝐌𝐬𝐞𝐥
𝐒 − 2𝟏𝐩𝐒′ 𝐌𝐬𝐞𝐥

𝐒 − 2𝟏𝐩𝐒′ (F ) , 

𝐆𝐒,𝐂𝐁
(𝐒)

= 𝐌𝐬𝐞𝐥
𝐒 − 2𝟏𝐩𝐒′ 𝐌𝐬𝐞𝐥

𝐂𝐁(𝐒)
− 𝟏𝐩𝐒′ (F ) , and 

𝐆𝐂𝐁,𝐂𝐁
(𝐒)

= 𝐌𝐬𝐞𝐥
𝐂𝐁(𝐒)

− 𝟏𝐩𝐒′ 𝐌𝐬𝐞𝐥
𝐂𝐁(𝐒)

− 𝟏𝐩𝐒′ (F ) , 

where 𝐌𝐬𝐞𝐥
𝐒  is a matrix containing breed-specific allele content of selected SNPs for 

purebred S pigs (coded as 0, 1, or 2). 𝐌𝐬𝐞𝐥
𝐂𝐁(𝐒) is a matrix containing breed S allele 

content of selected SNPs for commercial crossbred pigs (coded as 0, or 1), so that 
alleles not assigned to breed S as breed of origin were set to missing, meaning that 

they had an entry of zero in the centred matrix represented by 𝐌𝐬𝐞𝐥
𝐂𝐁(𝐒)

− 𝟏𝐩𝐒′  
and therefore effectively did not contribute to the computed breed S partial 
relationship; 𝐩𝐒 is the vector of breed S specific frequencies of the counted allele 
(𝑝 ), where 𝑝  was calculated across S and commercial crossbred pigs by counting 
the occurrences of alleles originating from the S breed and coded as 1, divided by 
the total number of S alleles in the S and commercial crossbred pigs on locus j.  
Finally, the scaling factor was defined as F = ∑ 2𝑝 (1 − 𝑝 ). The breed-specific 

partial relationship submatrices 𝐆(𝐋𝐑) and 𝐆(𝐋𝐖) are defined similarly to 𝐆(𝐒). 

However, the entries of the 𝐌𝐬𝐞𝐥
𝐂𝐁(𝐋𝐑) matrix containing the breed LR allele content 

for commercial crossbred pigs are set to a missing value if the origin of the allele 
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corresponds to the other maternal line, and effectively does not contribute to the 
breed-specific partial relationship matrix for LR.  
For additive genetic effects in commercial crossbred pigs based on non-selected 
SNP we did not model breed-specific allele effects and therefore this was defined 
by one vector, 𝐚𝐂𝐁. The variance-covariance matrix of non-selected SNP genetic 
effect was: 
 

Var

𝐚𝐒
𝐚𝐋𝐑

𝐚𝐋𝐖
𝐚𝐂𝐁

=

⎣
⎢
⎢
⎢
⎡

σ σ , σ , σ ,

σ , σ σ , σ ,

σ , σ , σ σ ,

σ , σ , σ , σ ⎦
⎥
⎥
⎥
⎤

⊗ 𝐆𝐧𝐨𝐧 𝐬𝐞𝐥. 

 
The genomic relationship matrix (𝐆𝐧𝐨𝐧 𝐬𝐞𝐥|𝐬𝐞𝐥) was constructed using the first 
method in VanRaden (2008): 
 
𝐆𝐧𝐨𝐧 𝐬𝐞𝐥 = (𝐌𝐧𝐨𝐧 𝐬𝐞𝐥 − 2𝟏𝐩 )(𝐌𝐧𝐨𝐧 𝐬𝐞𝐥 − 2𝟏𝐩 ) /F , 

where 𝐌𝐧𝐨𝐧 𝐬𝐞𝐥 is a matrix containing non-selected SNP genotypes for each pig 
(coded as 0, 1, or 2), 𝐩 is the vector of the frequencies of the counted allele (𝑝 ) 
calculated across the entire genotyped population, and the scaling factor was 
defined as F = ∑ 2𝑝 (1 − 𝑝 ).  
 
The SEL-BOA model was implemented in the MiXBLUP software (Ten Napel et al., 
2016). To estimate de variance components we used the same SEL-BOA model in 
the MTG2 software (Lee and Van der Werf, 2016).  
 
5.2.2.2 Inference of the breed of origin of alleles 
To infer the breed of origin of alleles in crossbred pigs we used the BOA approach 
developed by Vandenplas et al. (2016) using the parameter settings recommended 
by Sevillano et al. (2016). The BOA approach consisted of three steps : (1) Phasing 
the haplotypes of both purebred and commercial crossbred pigs with 
AlphaPhase1.1 software (Hickey et al., 2011). Phasing was performed using 
pedigree, and using nine combinations of haplotype length and each combination 
was run both considering “Offset” and “NotOffset” modes, the “Offset” mode shifts 
the start of the cores to halfway along the first core, creating 50% overlaps 
between cores. These settings allowed each allele to be considered 18 times 
through different haplotypes of variable length. (2) Determining the unique 
haplotypes among the purebred pigs. For assigning a breed of origin to a 
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haplotype, at least 80% of its copies were required to be observed in a specific 
breed. (3) Assigning the breed of origin for each allele carried on the haplotypes of 
commercial crossbred pigs based on the knowledge of the breed of origin of the 
haplotypes, on the zygosity (i.e., homozygosity or heterozygosity) of the locus, and 
on the breed composition of the crossbred. Alleles that were not assigned a breed 
of origin were set to missing. SNPs for which the paternal or maternal allele were 
assigned a breed of origin in less than 90% of the cases were removed. Commercial 
crossbred pigs with assigned breed of origin for less than 90% of their genome 
were removed. If an allele was observed less than 5 times in one of the three breed 
of origin in the purebred populations or in the commercial crossbred population, 
the corresponding SNP was also removed from the final set of SNPs. The final SNP 
set for subsequent analyses consisted of 41,529 SNPs. All populations were 
analyzed with the same set of SNPs. 
 
5.2.2.3 Targeting SNPs 
Estimates for breed-specific SNP allele substitution effects were obtained from 
Sevillano et al. (2018a) where they used a genomic BLUP with breed-specific partial 
relationship matrices (BOA model) (Sevillano et al., 2017). With this approach, 
genomic estimated breeding values (GEBV) for crossbred performance were 
calculated, and afterwards converted to SNP-allele effects by breed of origin. The 
BOA model allows all SNPs to have breed-specific alleles. Therefore it is similar to 
the SEL-BOA, however, for each breed the BOA-model only has the breed-specific 
component. GEBV of purebred pigs for crossbred performance were then 
converted to SNP-allele effects (𝐚𝐂𝐁), e.g. for breed S: 
 
𝐚𝐂𝐁(𝐒) = 𝐖𝐂𝐁(𝐒)𝐛𝐂𝐁(𝐒), 

where 𝐖𝐂𝐁(𝐒) contains centered genotypes and 𝐛𝐂𝐁 are allele substitution effects, 
which can be obtained respectively by: 
 
𝐖𝐂𝐁(𝐒) = 𝐌𝐂𝐁(𝐒) − 𝟏𝐩𝐒′  and 

𝐛𝐂𝐁(𝐒) = 𝐖𝐂𝐁(𝐒)′(𝐖𝐂𝐁(𝐒)𝐖𝐂𝐁(𝐒)′) 𝐚𝐂𝐁(𝐒) = (F ) 𝐖𝐂𝐁(𝐒)′(𝐆𝐂𝐁,𝐂𝐁
(𝐒)

) 𝟏𝐚𝐂𝐁(𝐒). 

 
SNP-allele effects for crossbred performance of the other purebred populations 
were calculated similarly. 
 
Afterwards, Sevillano et al. (2018a) calculated the proportion of variance explained 
by a group of SNPs in nonrandom association, called LD blocks (see Sevillano et al., 
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2018a for details on how LD blocks were built). In a GBLUP model, all SNPs are 
considered simultaneously in the model, therefore, the effect of a QTL is likely 
distributed across all SNPs that have a nonrandom association with the QTL. For 
this reason, it is recommended to calculate the proportion of variance explained by 
a group of SNPs in nonrandom association instead of reporting effects of single 
SNPs (Lopes, 2016). LD blocks were built per breed of origin, therefore, nonrandom 
association between alleles at two loci was tested in the commercial crossbred 
population between all pair of loci coming from the same breed of origin. 
Percentage of genetic variance explained by the i-th LD block was calculated as in 
Wang et al. (2014): 
 

( )
× × 100% =

(∑ 𝐳 )
× × 100%,  

where a  is the genetic value of the i-th LD block, σ  is the total genetic variance, 𝐳  
is a vector of gene content of the j-th SNP for all purebred individuals of the same 
breed, α  is the estimated effect of the j-th SNP within the i-th LD block that 

contains n SNPs, and x is the mean number of SNPs across LD blocks. The factor  

adjust explained variances for the number of SNPs included in the LD block. 
 
For selecting SNP to be consider to have breed-specific allele effects, we took the 
top LD blocks that explained together at the most either 5 or 10 % of the total 
genetic variance in each breed of origin. Selected LD blocks per breed of origin 
were merged in one group and all the SNPs in each of the selected LD blocks were 
then classified as selected SNPs so their effects would be estimated in the SEL-BOA 
model as breed-specific. The non-selected SNPs were assumed to have the same 
effect across the three breeds of origin, as outlined before. The SEL-BOA model was 
then ran twice, considering 5 and 10% of all SNPs as selected SNPs (SEL-BOA 5% 
and SEL-BOA 10% models). 
 
5.2.3 Cross-validation 
5.2.3.1 Comparison of models 
For comparison to the SEL-BOA model, we also calculated GEBV of purebred pigs 
for crossbred performance using the BOA model (allowing all SNP-alleles to have a 
different effect for crossbred performance depending upon the breed of origin) 
and a G model (all SNP-alleles having the same effect for crossbred performance 
across breeds). 
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5.2.3.2 Training set 
The accuracy of GEBV of purebred pigs for crossbred performance from all models 
was evaluated as the average accuracy obtained from 4-fold cross-validation. 
Because of different degrees of relationship between purebreds and commercial 
crossbred pigs, each of the four populations were first divided into four mutually 
exclusive clusters, using the K-means clustering method applied to a dissimilarity 
matrix computed from elements of the G matrix (Saatchi et al., 2011). The 
commercial crossbred pigs were not evenly distributed across the four clusters, 
therefore the clusters were reorganized to contain each more or less ¼ of the 
commercial crossbred pigs with the closest relationship (i.e. highest average 
relationship) based on the G matrix. Then, within each breed, each of the four 
crossbred clusters was assigned to one of the four purebred clusters with the 
closest relationship (i.e. highest average relationship) based on the G matrix to 
form a fold. Therefore, each fold contains one purebred cluster and one crossbred 
cluster. This way, for each breed, we obtained four folds to be included in the 
cross-validation. 
 
In each training analysis, the data excluded phenotypes of purebred and 
commercial crossbred pigs from one fold to train on the remaining three folds to 
predict GEBV for crossbred performance of the excluded purebred pigs (validation 
set). This resulted in every purebred pig having GEBV for crossbred performance 
that were obtained without using performance of the most closely-related 
commercial crossbred pigs for training. Thus, the information coming from the 
most closely-related commercial crossbred pigs could be used for validation. The 
number of pigs in the validation and training sets for each of the folds of the cross-
validation are in Table 5.1. 
 
5.2.3.3 Validation set 
For the purebred pigs used for the validation, some sort of phenotype is needed to 
be able to compute the prediction accuracy. Purebred pigs cannot have an own 
performance for crossbred performance. In our data they did not have large 
offspring groups, needed to compute average offspring performance as an accurate 
phenotype. Therefore, we calculated deregressed proofs (DRP) for purebred pigs 
within the validation sets to validate the predictions of our models. For this, first 
we obtained estimated breeding values (EBV) from the 4-trait model with a 
pedigree-based relationship matrix. This resulted in an EBV for crossbred 
performance for each purebred pig. The EBV were estimated based on 
performance of the commercial crossbred pigs assigned to each of the validation 
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folds (Table 5.1). Within each validation fold, the EBV of purebred pigs for 
crossbred performance were then deregressed according to Calus et al. (2016). The 
deregression involved removal of all effects of relatives in the same validation set, 
and correction for regression to the mean, to obtain a more accurate estimate of 
the expected phenotype. In addition, a weighting factor (w) was estimated for each 
DRP value based on the reliability of the calculated DRP. These w are the effective 
record contributions (Přibyl et al., 2013), and reflect the amount of information in 
the DRP contributed by the animal’s crossbred relatives, correcting for any 
information of the crossbred relatives of other purebred animals that contributed 
to its EBV before deregression. 
 
Table 5.1 Cross-validation strategy for performance of average daily gain in crossbred 
Fold Training  Validation 

S LR LW CB  S LR LW CB 
1 5365 2624 9061 2112  2183 665 3738 704 
2 5771 2329 8194 2117  1777 960 4605 699 
3 6017 2188 10327 2109  1531 1101 2471 707 
4 5491 2726 10815 2110  2057 562 1980 706 

Numbers of individuals for Synthetic boar (S), Landrace (LR), Large White (LW), and three-
way crossbred (CB) pigs. 
 
5.2.3.4 Predictive ability 
Accuracies of all models were calculated as the weighted correlation between the 
DRP and the GEBV of purebred pigs for crossbred performance, where the 
weighting factor 𝑤 was used to account for differences in the amount of available 
information on relatives to estimate DRP. The standard error (SE) of the 

correlations were approximated as (1 − r ) √N⁄ , were r is the estimated 
correlation of the model, and N is the number of validation animals (Stuart and 
Ord, 1994). 
 
5.3 Results 
5.3.1 Targeted SNPs 
We selected the top LD blocks that explained together either 5% or 10% of the total 
crossbred genetic variance for ADG in each breed of origin using the BOA model 
that treats all SNPs in the same way. For the 5% scenario, for breed S origin there 
were 18 LD blocks which included in total 428 SNPs; for breed LR origin there were 
41 LD blocks which included in total 661 SNPs, and for breed LW origin there were 
26 LD blocks which included in total 524 SNPs. These three groups of selected LD 
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blocks per breed of origin were merged in one group resulting in 1498 SNPs 
classified as selected SNPs. These selected SNPs represent 3.6% of the whole SNP 
panel. The numbers of selected SNPs by breed of origin and the overlap between 
them are illustrated in Figure 5.1A. For the 10% scenario, for breed S origin, there 
were 66 LD blocks which included in total 1554 SNPs; for breed LR origin, there 
were 109 LD blocks which included in total 1512 SNPs, and for breed LW origin, 
there were 73 LD blocks which included in total 1131 SNPs. These three groups of 
selected LD blocks per breed of origin were merged in one group resulting in 3809 
SNPs classified as selected SNPs. These selected SNPs represent 9.2% of the whole 
SNP panel. The numbers of selected SNPs by breed of origin and the overlap 
between them are illustrated in Figure 5.1B.  
 
 
 

A)  
 
 
 
 
 
 
 
 
 
 

 
B)  

 
 
 
 
 
 
 
 
 
 
 

Figure 5.1 Numbers of selected SNPs by breed of origin and the overlap between them. (A) 
for scenario 5% and (B) for scenario 10%.  
 
 
5.3.2 Variance components, heritabilities, and genetic 
correlations 
Estimated variance components for ADG using the G, BOA, SEL-BOA 5% and SEL-
BOA 10% models are in Table 5.2. The standard errors of the estimated variance 
components in Table 5.2 are provided in Table S5.1 [see Supplementary material, 
Additional file  S5.1]. In the SEL-BOA 5% model, the selected SNPs explained 39%, 
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43%, and 40% of the total crossbred genetic variance for S, LR, and LW, 
respectively. And for the SEL-BOA 10% model, the selected SNPs explained 77%, 
75%, and 79% of the total crossbred genetic variance for S, LR, and LW, 
respectively. 
 
Comparing purebred variance components across models, additive genetic 
variances were larger when estimated with the G model and smaller when 
estimated with the BOA model, while with the SEL-BOA models they were in 
between, but in general, estimates were similar across models. Likewise, 
heritability estimates were similar across models, around 0.17, 0.23, and 0.22 for S, 
LR, and LW, respectively. For the SEL-BOA, in this comparison the considered 
additive variance was obtained as the sum of the variance explained by the 
selected and non-selected SNPs.  
 
Comparing crossbred variance components across models, additive genetic 
variances were very similar across G (2284), BOA (2285) and SEL-BOA 5% (2280) 
models, while the SEL-BOA 10% model had a slightly larger additive variance 
(2349). For the BOA and SEL-BOA models, in this comparison the considered 
additive variance was obtained as the weighted sum of the variance explained by 
the selected and non-selected SNPs, using weights of 0.50 for the paternal breed, 
and 0.25 for the maternal breeds. Crossbred heritabilities were similar across 
models (0.29-0.30).  
 
Comparing crossbred genetic variance components by breed of origin, we observed 
similar estimates independent of the model used for breed S origin, however, for 
breed LR and LW origin, the estimates differed largely according to the model. The 
genetic correlations between performance of purebred and crossbred pigs (rpc) 
estimated with the G model did not differs largely to the rpc estimated with the 
BOA model for breed S origin, but a larger difference was observed for the 
maternal breeds LR and LW, however, differences between the models were within 
the range of the standard errors. With the SEL-BOA models, the rpc for the selected 
SNPs was larger than for the non-selected SNPs, except for breed S origin when 
calculated with the SEL-BOA 5% which was zero. For breed LR origin, the estimate 
of the rpc for the selected SNPs was larger than unity, for further analysis we fixed 
the value to 0.99. Similar, for breed LR origin, the rpc for the non-selected SNPs 
calculated with the SEL-BOA 10%, had a value lower than zero and large SE (±0.31), 
for further analysis we fixed it to zero. For LR breed, the rpc for non-selected SNP 
and selected SNP estimated with the SEL-BOA 5% and SEL-BOA 10% were very 
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different compared to the rpc estimated with the G or BOA model. For S and LW 
breeds, there was not a big discrepancy for the rpc estimates across models, except 
for the rpc of zero estimated for the selected-SNPs with SEL-BOA 5% model. 
Crossbred heritability estimates for the SEL-BOA 5% were higher for the non-
selected SNPs (0.17) than for the selected SNPs (0.12). Conversely, crossbred 
heritability estimates for SEL-BOA 10% were lower for the non-selected SNPs (0.07) 
than for the selected SNPs (0.23).  
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5.3.3 Predictive ability for breeding values 
Accuracies of the four models for GEBV of purebred pigs for crossbred performance 
for ADG are in Table 5.3. In general the differences between the models were 
small, but there was a tendency that the SEL-BOA model performed better than the 
other models. For the paternal breed S and maternal breed LR, highest prediction 
accuracies were obtained with the SEL-BOA 10% model, followed by similar 
accuracies obtained with SEL-BOA 5%, BOA and G model. For the maternal breed 
LW, similar accuracies were obtained with the four models.  
 
Table 5.3 Accuracies* of Ga, BOAb, and SEL-BOAc models calculated for estimating breeding 
values of purebred pigs for crossbred performance for each of the four folds of cross-
validation and average weighting factor (w) of the calculated DRP per validation fold 
Folds 𝒘 𝐆 𝐁𝐎𝐀 SEL-BOA 5% SEL-BOA 10% 
Synthetic boar 

1 0.15 0.132  0.118 0.116 0.129 
2 0.18 0.024  0.030 0.026 0.038 
3 0.23 0.119  0.119 0.112 0.145 
4 0.09 0.092  0.092  0.092 0.100 
Mean  0.092 0.090 0.086 0.103 

Landrace      
1 0.26 0.140  0.177 0.110 0.152 
2 0.25 0.166  0.167 0.153 0.204 
3 0.21 0.111  0.105  0.183 0.175 
4 0.24 0.172 0.163  0.173 0.202 
Mean  0.147 0.153 0.155 0.183 

Large White 
1 0.20 0.150 0.163 0.158 0.149 
2 0.16 0.138 0.133 0.133 0.135 
3 0.11 0.123 0.135 0.118 0.114 
4 0.21 0.149 0.160 0.154 0.155 
Mean  0.140 0.148 0.141 0.134 

*Accuracies measured as weighted correlation between DRP and EBVs  
**Approximate standard errors computed as (𝟏 − 𝐫𝟐) √𝐍⁄ , were equal to 0.035 to 0.036 for 
the mean accuracies across the folds and for all methods 
aG model, model for across-breed effects for all SNPs. bBOA model, model for breed-specific 
effects for all SNPs. cSEL-BOA model, model with breed-specific effects for SNPs strongly 
associated with crossbred performance and across-breed effects for all other SNPs. SEL-BOA 
5% and SEL-BOA 10% considering top 5% or top 10% of the SNPs associated with crossbred 
performance as strongly associated with crossbred performance, respectively. 
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5.4 Discussion 
The objective of this study was to develop a model that accounts for breed-specific 
allele effects only for SNPs strongly associated with crossbred performance, and for 
the rest of the SNPs assumes that effects are the same across breeds. To construct 
the relationship matrices for this SEL-BOA model, we selected SNPs that explained 
together at the most either 5 or 10 % of the total genetic variance in each breed of 
origin using the BOA model. In the SEL-BOA 10% model the selected SNP actually 
explained 77%, 75%, and 79% of the total additive genetic variance for S, LR, and 
LW, respectively. This shows that the SEL-BOA model was really able to attribute 
much more genetic variance to the selected SNP than the original BOA model, 
where all SNP were treated similarly in the model. These high percentages of 
explained variance left little crossbred additive genetic variance to be explained by 
the non-selected SNPs, so we did not pursue any scenarios that selected even more 
SNPs. 

Across the models, the heritability for crossbred performance was very similar. 
However, the models using breed of origin of alleles (BOA, SEL-BOA 5%, and SEL-
BOA 10%) showed that estimates of crossbred additive genetic variance differed 
between the three breeds. This suggests that the G model, on average, obtains the 
correct heritability, even if the contribution to the crossbred variance of the 
different breeds varies. In theory, the crossbred additive variance components 
estimated with the BOA model comprises the variance observed in crossbred pigs 
due only to the alleles coming from the analyzed breed. This implies that the 
breed-specific rpc values estimated with the BOA model are effectively correlations 
of effects on purebred and crossbred performance of alleles originating from the 
same breed, while the G model estimates one rpc value considering effects of alleles 
originating from all breeds involved. Therefore, rpc are expected to be higher when 
calculated with the BOA model rather than the G model, and this is also what we 
observed in our estimates. For breed S, estimated crossbred genetic variance and 
rpc were very similar between the G and BOA model, and no benefit for calculating 
GEBV of S purebred animals for crossbred performance was observed using the 
BOA model. However a benefit was observed for breeds LR and LW that showed 
larger differences in their estimates of crossbred genetic variance and rpc between 
the G and BOA model. Similar results were found by Sevillano et al. (2017) who 
used similar but smaller data sets. 

With the SEL-BOA models, crossbred genetic variation is modelled separately for 
non-selected and selected SNP, where for the last component breed of origin 
specific effects are estimated. This has potentially two advantages, arising from 
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having separate variance components for the selected and non-selected SNPs. 
Firstly, the model is able to assign more variance to SNPs with a strong association 
to the trait than the G and BOA models, and less to the non-selected SNPs. 
Secondly, it can differentiate the rpc values for the two categories of SNPs. 
Differences in variance estimates alone are not sufficient to cause a difference in 
accuracy, the benefit of the SEL-BOA model comes when rpc estimates are also 
different. For instance, for breeds LR and LW, the crossbred genetic variance 
estimated for non-selected and selected SNP estimated with the SEL-BOA 5% and 
SEL-BOA 10% were very different compared to the crossbred genetic variance 
estimated with the G or BOA model. However, for LW, there were not large 
differences across the estimates of rpc, subsequently, no benefit of the SEL-BOA 
models were observed. Conversely, for LR, the rpc for non-selected and selected 
SNP estimated with the SEL-BOA 5% and SEL-BOA 10% were very different 
compared to the rpc estimated with the G or BOA model. The estimated rpc for the 
selected SNPs was greater than one, and we assumed a value of 0.99 in the 
subsequent analyses, meaning that their estimated effects are similar for purebred 
and crossbred performance. On the other hand, the rpc for the non-selected SNPs 
was below zero, and we assumed a value of zero in the subsequent analyses. This 
means that their estimated effects for purebred and crossbred performance are 
totally different, and using crossbred information is needed for estimating effects 
for crossbred performance as it cannot be derived from purebred information. As a 
result, SEL-BOA models were more accurate for calculating GEBV of LR purebred 
animals for crossbred performance than the BOA or G models. 

For breed S, similar to breed LW, accuracies for calculating GEBV of S purebred 
animals for crossbred performance were similar between the SEL-BOA models and 
the other models. For these breeds, there was not a big discrepancy for the rpc 
estimates, except for the rpc estimated for the selected-SNPs with SEL-BOA 5% 
model. In this case, however, the impact might not be so high because the selected 
SNPs only represented 39% of the crossbred genetic variance, therefore the main 
genetic variance was due to the non-selected SNPs that have an rpc that was close 
to the estimates of the BOA and G models. Therefore, for these cases rpc might 
have been more precisely estimated for each group of alleles with the SEL-BOA 
models, such as the slightly observed benefit with the SEL-BOA 5% suggests. The 
differences were however small, which may in part be because the SEL-BOA models 
actually may have had lower power than the G model because of the larger 
number of effects fitted. In general this is a problem that is faced by all models 
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using the concept of breed of origin of alleles (Ibánẽz-Escriche et al., 2009; 
Vandenplas et al., 2017). 

Although with the SEL-BOA 5% the selected SNPs explained 39%, 43%, and 40% of 
the total crossbred genetic variance for S, LR, and LW, respectively, this model 
performed similar to the G model for S and LW. For LR, allowing the 1498 selected 
SNPs to have a different effect rather than effects estimated combining the other 
breeds S and LW, improved accuracy. An important question is why LR did seem to 
benefit from using the SEL-BOA model, while S and LW did not. It is good to note 
that the S breed was created as a combination of Large White and Pietrain, which 
suggests that the S and LW breed, a Large White based dam line, are somehow 
related. On the other hand LR is a Landrace based dam line and LR pigs have 
undergone a different selection pressure that may have shaped their genomic 
architecture differently, possibly resulting partly in different haplotypes, and 
different haplotypes frequencies for the haplotypes that are in common with the 
other breeds (Egbert Knol, personal communication). In a previous study, Sevillano 
et al. (2018a) observed that the explained genetic variance of haplotypes 
associated to the MC4R gene, which has a missense mutation with a known effect 
on ADG (Kim et al., 2000), was considerably lower for the LR and also this breed 
showed the lowest allele frequency of the mutation compared to breeds S and LW. 
This seems to confirm that the LR breed indeed is quite different from the S and LW 
breeds. Similar to the MC4R, other regions coming from the LR breed might also 
show different genetic variances compared to S and LW, providing a possible 
explanation why this breed shows some benefit when some SNP effects are 
estimated separately by breed of origin in the SEL-BOA 5%. With the SEL-BOA 10%, 
the benefit for LR breed is even larger. With the SEL-BOA 10% model the benefit of 
the BOA model is obtained while reducing possible disadvantages due to 
calculating three times as many effects, because breed of origin specific effects are 
estimated for fewer SNPs.  
 
5.5 Conclusions 
The BOA model was more accurate for calculating GEBV of purebred animals for 
crossbred performance than the G model when estimated crossbred genetic 
variances and rpc differed largely between the G model and the BOA model. 
Superiority of the SEL-BOA model compared to the BOA model was only observed 
for the SEL-BOA model 10% when rpc for the non-selected SNP and selected SNP 
differed strongly from the rpc estimated by the BOA model. 
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6.1 Introduction 
The breeding goal for pig-breeding companies is to improve the performance of 
crossbred animals. To realize this breeding goal, it is important to estimate, as 
correctly as possible, the potential of purebred animals to produce crossbred 
offspring with superior performances, i.e. their estimated breeding value (EBV) for 
crossbred performance. Nowadays, EBVs are usually calculated using genomic 
information, which results in genomic estimated breeding values (GEBV). GEBV can 
be computed by multiplying the allele substitution effects of single-nucleotide 
polymorphisms (SNP) with the animal’s genotype. These SNP allele effects are 
estimated using a reference population consisting of animals with both phenotypes 
and genomic information. Including the genomic information on crossbred pigs in 
the reference population allows for the estimation of SNP allele effects, while 
accounting for the crossbred genetic background, which might improve the 
accuracy of the GEBV. At the start of this project, the impact of using crossbred 
genomic information in the reference population in order to predict the crossbred 
performance of purebred animals was largely unknown. In this thesis, I have 
studied how to handle crossbred genomic information in prediction models, and, 
more precisely, I have proposed two approaches: 1) the BOA model – a model that 
estimates SNP allele effects for crossbred performance, specifically for each breed 
of origin that occurs in the crossbreds, and 2) the SEL-BOA model – a model that 
estimates SNP allele effects for crossbred performance based on their breed of 
origin, only for SNPs that are strongly associated with crossbred performance, 
while for the remaining SNPs, the model assumes identical allele effects, 
irrespective of origin. In this last chapter of the thesis, I will start by discussing the 
relevance of using crossbred information in reference populations. Subsequently, I 
will discuss approaches to determine the breed of origin of alleles, which is an 
important prerequisite for implementing prediction models that consider SNP 
alleles effects to be breed-specific. Furthermore, I synthesize the most important 
results of the two proposed prediction models. I then propose further 
improvements to these models and discuss the challenges for their practical 
implementation in breeding programs. Finally, I propose an alternative model for 
handling crossbred genomic information. In each section, I will discuss the current 
state of knowledge, explore how the work described in this thesis contributes to 
the current knowledge, identify remaining gaps in the knowledge, and then suggest 
avenues for future research.  
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6.2 Relevance of crossbred information for breeding 
programs 
In the late 1980s, it was already recognized that the information collected on 
purebred animals in nucleus farms did not fully reflect the performance of 
crossbred animals in commercial circumstances (Merks, 1989). Genetic correlation 
between the performance of purebred and crossbred animals (rpc) is an indicator of 
the correlation between what breeders do in isolation and what farmers need in 
their commercial farm. An rpc lower to unity might be caused by differences 
between purebred and crossbred animals in environmental and additive genetic 
variance. In order to take into account these differences and deal directly with a rpc 
lower to unity, a selection strategy called combined crossbred and purebred 
selection (CCPS) was proposed (Wei and van der Werf, 1994). In this strategy, the 
nucleus purebred population can be directly selected for performance in 
commercial circumstances without actually being housed there. Having purebred 
populations housed in commercial environments is not in the interest of the 
breeders, as the commercial circumstances where crossbred animals need to 
perform are not homogeneous, as I will discuss in the next paragraph. This will 
mean that many nucleus purebred populations will be needed. 
 
Since commercial farms are located all over the world, commercial conditions can 
vary, due to different climates, feed, and diseases. As an example, figure 6.1 
presents the growth curves of three-way commercial crossbred gilts housed in two 
different commercial farms, and on one farm, the gilts were fed three different 
diets. This graph shows how performance can differ between farms, but also within 
farms. If sires had offspring in these four environments, the EBV of the sires for 
crossbred performance might change according to where the data of their 
offspring, which is used for evaluation, comes from, i.e. in which farm and under 
which feed regimen. Differences in EBV can cause a re-ranking of the sires. Such re-
ranking is known to be caused by an interaction between the genetics of an animal 
and the environment (GxE). In this example, the possible ranking difference in the 
farm using different diets could be caused by the different feeding, however, the 
causes of the possible ranking difference between the two farms are unknown. My 
study Sevillano et al. (2018b), which evaluated the effect of feeding two different 
diets to genetically similar growing-finishing full-sib gilts and boars, revealed that a 
cereals-alternative ingredients diet improved the ratio of protein to lipid 
deposition, compared to a corn-soybean meal diet. In a further study, Godinho et 
al. (2018) proved that this difference in lipid deposition was partially explained by a 
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genotype-by-feed interaction, a special type of GxE, which caused a re-ranking of 
genotypes and heterogeneity of genetic variance. The presence of GxE across 
commercial farms will not be further discussed here, as it goes beyond the scope of 
this thesis. However, it is important to realize that commercial circumstances 
where crossbred animals need to perform are not homogeneous, and, in global 
breeding programs, the commercial farms used for data collection should reflect 
the average commercial farm. Alternatively, for local breeding programs, the data 
should come from specific commercial farms, in order to rank the sires according to 
their EBV in local circumstances. 

 
Figure 6.1. Growth curve of three-way commercial crossbred gilts housed on two different 
farms, i.e. Farm 1 (red) and Farm 2 (blue ■). Farm 1 fed three different diets i.e. diet 1       

(red ♦), diet 2 (red ▲), and diet 3 (red ●). There were 402 gilts on Farm 1 and 447 gilts on 
Farm 2. On Farm 1, there were 209, 117, and 76 gilts on diet 1, diet 2, and diet 3, 
respectively.  
 
Historically, most pig-breeding companies have evolved in the following way: in the 
1960s, when crossbreeding systems were widely adopted, selection was solely 
based on purebred phenotypic information. Since the 1990s, selection has included 
crossbred phenotypic information (CCPS), and currently, genomic selection 
includes purebred phenotypic, genomic information, and crossbred phenotypic 
information. Moving from selection being based solely on purebred phenotypic 
information to CCPS was shown to improve genetic response for two-way 
crossbred animals, using the selection index theory (Wei and van der Werf, 1994). 
Even higher responses were observed using genomic information. In purebred 
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animals, adding genomic information was shown to improve genetic response in 
purebred animals (Forni et al., 2010; Knol et al., 2016; Lopes et al., 2018). Following 
these developments in selection strategies, it can be expected that including 
crossbred genomic information could lead to further improvements. As genomic 
selection approaches rely directly, or indirectly, on the estimation of SNP allele 
substitution effects, including crossbred animals in the reference population means 
that SNP allele substitution effects are being estimated for commercial conditions. 
 
6.2.1 Relevance of crossbred genomic information 
Wei and van der Werf (1994) and Bijma and Van Arendonk (1998) identified the 
potential of using crossbred information for traits presenting a rpc lower than 0.8. 
Two studies using two-way crossbred animals showed that training with crossbred 
genomic information, instead of purebred genomic information, improved the 
prediction of the performance of crossbred individuals when rpc was smaller than 
0.8 (Esfandyari et al., 2015; Hidalgo, 2015). However, breeding companies are 
interested in the outcome of using crossbred genomic information to predict the 
EBV of purebred individuals for crossbred performance, as that is their breeding 
goal. So far, there is only one study that evaluates the outcome of training with 
genomic information from crossbred pigs on the EBV of purebred individuals for 
crossbred performance (Sewell et al., 2018). This study was performed with a small 
dataset of three-way crossbred pigs. They observed that the accuracy of the EBV of 
purebred individuals for crossbred performance in average daily gain (ADG), loin 
depth (LD), and back fat thickness (BF) increased by 0.1 when including crossbred 
genomic information in the reference population, in comparison to when only 
purebred genomic information was included. Since training with crossbred pigs is 
expected to result in better accuracy, and because genotyping an individual is still 
becoming cheaper, I expect that, in the near future, genomic selection in pig-
breeding companies will include genomic information from crossbred pigs. Still, 
results using a larger dataset to show the added value of using crossbred genomic 
information in the reference population are required.  
 
In order to fill this gap, I included an analysis using a large dataset from a 
commercial sire line, the same synthetic boar line from which data was used for the 
analyses in chapters 2-5, and their three-way crossbred offspring. This dataset 
gives the opportunity to evaluate the added value of using crossbred information in 
the reference population with greater power because of the number of animals. 
There were 593 sires with phenotypic and genomic information, 47,181 purebreds, 
and 53,625 commercial crossbred offspring with phenotypic information. The 
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accuracy of the EBV of purebred individuals for crossbred performance for ADG, 
average daily feed intake (ADFI), BF, and LD were calculated using different 
information sources in the reference population: 1) only purebred phenotypes, 2) 
purebred and crossbred phenotypes, 3) purebred phenotypes, genotypes, and 
crossbred phenotypes, and 4) purebred and crossbred phenotypes and genotypes. 
To test the predictive ability of the models, I masked the phenotypes from 142 
youngest sires and the phenotypes of their 15,137 commercial crossbred offspring. 
The number of individuals in the reference and validation sets are presented in 
Table 6.1. For the 142 validation sires, I calculated the average of the individual 
crossbred offspring deviation (IODs). On average, the validation sires had 107 
crossbred offspring. EBVs and IODs were estimated using a multi-trait model on 
MiXBLUP software (Ten Napel et al., 2016), and the single-step approach (Aguilar et 
al., 2010) was used to combine the data across both genotyped and non-genotyped 
individuals. 
 
Table 6.1 Number of phenotypes and genotypes available in the reference and validation 
sets. 
  Reference  Validation  

Population*  Phenotype Genotype  Phenotype Genotype  

Sires  451 451  142 142  

PBoff  47,181 6594  0 0  

CBoff  38,488 2996  15,137 1190  

*PBoff = Purebred offspring, CBoff = Commercial crossbred offspring. To improve estimations, 
I also included 1,099,397 phenotypes and 46,730 genotypes of other dam lines used, in 
order to produce the crossbred offspring with the evaluated sire line, as well as other sire 
lines that were kept in the same farms as the evaluated sire line, and their respective 
crossbred offspring (both in the reference and validation set). 
 
The prediction accuracy of the four reference populations is shown in Figure 6.2. 
When the information for training only comes from purebred phenotypes 
(reference population 1), the accuracy of the EBV of purebred pigs for crossbred 
performance is affected by the trait’s rpc. The rpc of all traits were relatively high and 
comparable (0.75 to 0.88). After including commercial crossbred phenotypic 
information (reference population 2), a slight increase of EBV accuracies (3-7%) was 
observed for ADFI, BF, and LD, but not for ADG, which actually had a decrease in 
accuracy (-5%). To better understand why including crossbred phenotypes had such 
a low impact, I also calculated the accuracy in a reference population with only 
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crossbred phenotypes, and the accuracies were 0.10, 0.36, 0.27, and 0.21 for ADG, 
ADFI, BF, and LD respectively. Even though crossbred phenotypes in this data are 
useful for predicting ADFI, BF, and LD, for some reason, this is not reflected when 
using reference population 2. Most of the crossbred data came from CCPS farms, 
meaning that crossbred animals were housed in the same environment as 
purebred animals. Therefore, adding crossbred phenotypes did not add 
information about the environmental background. This may be why I did not see a 
bigger positive impact when using crossbred phenotypes, beyond the benefit of 
using a larger training population per se. After including purebred genomic 
information in the reference population, prediction accuracy increased drastically 
(31-62%) for ADFI, BF, and LD, but only 17% for ADG. The accuracy increased 
another 2-19% after including commercial crossbred genomic information. 
Therefore, including genomic information, either from purebred or crossbred 
animals, seems to always be beneficial for prediction accuracy. As accuracies are 
defined for crossbred performance, I also tested a reference population where 
phenotypes were only collected in crossbred animals, keeping genomic information 
in both populations. This reference population is interesting, largely because more 
animals per generation were available to phenotype. However, the accuracy 
decreased to the level of the reference population 3, except for ADFI. To conclude, 
including genomic information from both purebred and crossbred was beneficial. In 
certain traits, it is possible to phenotype only crossbred animals without losing 
prediction accuracy for ADFI. However, in other traits, it is necessary to have 
phenotypes in both purebred and crossbred animals, in order to achieve the 
highest prediction accuracy.  
 
Assuming the same selection intensities and generation intervals in all reference 
populations, the relative improvement in accuracy reflects the expected change in 
genetic improvement. Accuracies for the EBV of purebreds for crossbred 
performance are currently in the magnitude of 0.5, which still leaves room for 
improvement. This was the starting point of the research in this thesis; how can we 
improve the prediction model to better estimate crossbred performance in 
purebred animals? Adding genomic information from crossbreds improved 
accuracy, as it allowed us to take into account genetic differences in purebred and 
commercial crossbred performance. However, I expect that genomic information 
from crossbreds can be better utilized, as there is information in the crossbred 
genome that is unused by the genomic prediction models that are currently 
available. In this thesis, I investigated a model where the effects of SNP alleles in 
crossbred animals are specific to the parental breed of origin (Dekkers, 2007). 
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Before the discussion of this model, I will discuss approaches to determine the 
breed of origin of alleles, which is an important prerequisite for implementing 
prediction models that consider SNP alleles effects to be breed-specific. 
 

 
Figure 6.2. Predicted accuracy of the EBV of purebred animals for crossbred performance of 
average daily gain (ADG), average daily feed intake (ADFI), back fat thickness (BF), and loin 
depth (LD), using different reference populations: 1) purebred phenotypes, 2) purebred and 
crossbred phenotypes, 3) purebred phenotypes, genotypes, and crossbred phenotypes, and 
4) purebred and crossbred phenotypes and genotypes. 
 
6.3 Determination of the breed of origin of alleles 
In this section, I will discuss the determination of the breed of origin of alleles. 
Accuracy in determining the breed of origin of alleles is expected to impact the 
prediction accuracy of models that account for breed-specific SNP allele effects. I 
will mainly discuss the approach used in chapter 2.  
 
In order to estimate origin dependent allele effects, it is necessary to know the 
origin of all alleles of crossbred individuals. To assign the breed of origin of alleles in 
crossbred pigs, I used the approach developed by Vandenplas et al (2016). This 
approach, hereafter called the BOA approach, correctly assigns the breed of origin 
for ~96 % of the SNPs, and incorrectly for ~1%. It is not able to assign a breed of 
origin for ~3% of the SNPs of three-way crossbred pigs, simulated to originate from 
three distantly-related, purebred-based populations, such as the three purebred-
based populations used in this thesis. Other methods that infer local ancestry in 
admixed populations that originate from two or more populations also exist, for 
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instance PCADMIX (Brisbin, 2010), SABER+ (Johnson et al., 2011), LAMP-LD (Baran 
et al., 2012), CHROMOPAINTER (Lawson et al., 2012), ALLOY (Rodriguez et al., 
2013), and MULTIMIX (Churchhouse and Marchini, 2013). There are a few more 
methods that are only suitable for two-way admixture, e.g. Price et al. (2009). 
These methods for inferring local ancestry in admixed populations differ in their 
modelling assumptions, computation time, the data to which they may be applied 
(e.g. two-way admixture or more), and the parameters that must be specified by 
the user. These methods were developed for human studies in which ancestral 
populations are usually defined at a continental level (e.g. European, West African, 
Native American), which are genetically diverse populations with a Weir and 
Cockerham’s FST (Weir and Cockerham, 1998) between them of around 0.10-0.16 
(Bhatia et al., 2013). For pigs, purebred-based populations may include different 
lines of the same breed, or a cross of several breeds (i.e. a synthetic breed), which 
are still distantly related populations, with a FST of around 0.12-0.17 (chapter 2).  
 
From the approaches mentioned above, MULTIMIX (Churchhouse and Marchini, 
2013), which models the linkage disequilibrium background, had a good 
performance in assigning the ancestry to phased (±98%) and unphased data (±97%) 
from simulated admixed humans. The three-way admixed human population 
simulated by Churchhouse and Marchini (2013) and my three-way crossbred pig 
population differed in important aspects, which forces me to be cautious about a 
direct comparison of percentages of assignment between the approaches used for 
each population. The patterns of linkage disequilibrium in both populations might 
be different, and the breakdown of linkage disequilibrium might be higher in the 
human population because of its admixture dynamics (Bryc et al., 2010). 
Nonetheless, the FST between each of the three base populations were similar in 
the human study (0.10-0.16) (Bhatia et al., 2013) and my study (0.12-0.17) (Chapter 
2). For MULTIMIX, the number of incorrectly classified SNPs depends on the extent 
of admixture, therefore, I would expect that assigning the origin of alleles would be 
easier for the crossbred pigs than for the admixed humans, and that the ~1% higher 
percentage of correct assignments of MULTIMIX, compared to BOA, could be 
slightly larger if tested on three-way crossbred pigs. However, the MULTIMIX 
approach requires input parameters of the number of SNPs per window, for which 
optimal values are unknown for the three-way crossbred population. Therefore, 
this approach needs to be tested beforehand by using simulated data of three-way 
crossbred pigs, in order to establish these input parameters before using it on real 
data. The other approaches mentioned previously achieved assignments lower 
than 87% for admixed humans (Baran et al., 2012; Rodriguez et al., 2013), which is 
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lower than MULTIMIX. This makes them unappealing to be tested in the three-way 
crossbred pig population used in this thesis, at least not before the MULTIMIX 
approach.  
 
Some of the approaches for inferring local ancestry in human populations, as 
already mentioned with regards to the MULTIMIX approach, make use of 
information such as levels of linkage disequilibrium between subsets of SNPs in 
ancestral populations or recombination rates. The BOA approach does not use this 
information directly. Including this information could be useful to increase the 
percentage of assigned alleles to a breed of origin using the BOA approach. Phasing 
within the BOA approach is done by AlphaPhase1.1 software (Hickey et al., 2011) 
that implements a long-range phasing (LRP), which uses information from both 
related and seemingly unrelated individuals, by invoking the concept of surrogate 
parents (Kong et al., 2008). For any given locus, the failure to identify surrogate 
parents of an individual results in the locus being unphased. If a locus is unphased, 
it is impossible to assign a breed of origin to the alleles. LRP ignores the fact that 
recombination rates vary across the genome, meaning that the optimal block 
length also varies across the genome. Therefore, a long block built with a LRP might 
not be observed in the parental populations, probably because that block is 
actually a recombined haplotype. In chapter 4, I built blocks based on linkage 
disequilibrium, which were, at the most, 115 SNPs long. The LRP blocks built in 
chapter 2 using the BOA approach were at least 450 SNPs long. As with LRP blocks, 
lengths are chosen arbitrarily, so it was possible that LRP blocks contained 
recombined haplotypes. Consequently, considering the linkage disequilibrium 
structure in unphased genomic regions from the BOA approach, allowing individual 
blocks to vary in size might increase the chances of identifying surrogate parents. 
Therefore, we might be able to phase that region. On the other hand, the 
approaches for human populations do not make use of the knowledge that each 
crossbred individual originates from a well-defined crossbreeding scheme. BOA was 
optimized for two-way and three-way crossbred schemes. For instance, for three-
way crossbred pigs, both the expectation for the percentage of global ancestry (i.e. 
0.5 for the paternal S breed, and 0.25 for each of the maternal breeds LR and LW) 
and the fact that these base populations are up to two or three generations 
behind, is known beforehand. There appear to be many available approaches to 
assign the breed of origin of alleles, but for the type of crossbred animals used in 
this thesis, the BOA approach still seems to be the best option. 
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6.4 Models for breed-specific allele effects 
In this thesis, I investigated a model where the effects of SNP alleles in crossbred 
animals were specific to the parental breed of origin (BOA model) (Dekkers, 2007). 
Theoretically, the superiority of this model could be associated to the fact that it 
takes into account the differences between parental breeds, concerning linkage 
disequilibrium between SNPs and QTL, allele frequencies of both SNPs and QTL, 
and epistatic interactions. In practice, this model has limited benefits when tested 
using the real data of three-way crossbred pigs (chapter 3), because assuming that 
all SNPs are breed-of-origin dependent was too strong a supposition, which may 
not apply to all SNPs. Later, I verified that SNP-allele effects are breed-of-origin 
dependent for genomic regions strongly associated with crossbred performance, 
however, the majority of the genomic regions are not, or are only weakly, 
associated with crossbred performance (chapter 4). In order to overcome this, I 
developed a model that accounts for breed-specific allele effects, only for SNPs 
strongly associated with crossbred performance, while for the remaining SNPs, the 
model assumes identical effects irrespective of their origin (SEL-BOA model) 
(chapter 5). In this thesis, all the models implementing breed-specific SNP-allele 
effects were compared to a model where all SNP-alleles have the same effect 
across breeds (G model). In this section, I will synthesize the most important 
findings of using genomic prediction models that account for breed of origin of 
alleles in crossbred animals, and I will discuss potential improvements of the 
model, as well as its potential implementation in breeding programs. 
 
The results in this thesis show that the BOA model, which estimates allele effects 
for crossbred performance of all SNPs based on their breed of origin, has limited 
benefit when tested using real data of three-way crossbred pigs (chapter 3). The 
positive impact of the BOA model was observed for average daily gain (ADG), and 
only for the maternal breeds, i.e. Landrace and Large White (chapters 3 and 5). 
Since the BOA model allows all SNPs to have allele effects estimated according to 
the breed of origin, this model may suffer from the need to estimate three times 
more effects using the same amount of data. Therefore, if alleles from a specific 
SNP have the same effect, independent of the breed of origin, the expected effects 
are the same, but each is estimated with less information. Similarly, Ibánẽz-Escriche 
et al. (2009) concluded that the BOA model requires more information to be 
competitive against a model where SNP allele effects are considered to be the 
same across breeds. Results from the literature and from chapter 3 suggest that, in 
cases where traits have a low rpc, the use of the BOA model has some benefits. 
However, in chapter 5, it became clear that, when estimates of rpc differ largely 
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between the BOA model and the G model, rather than a low rpc, the use of the BOA 
model has some benefits. These results imply that the breed-specific rpc values 
estimated with the BOA model are, effectively, correlated to the effects on 
purebred and crossbred performance of alleles originating from the same breed, 
while the G model estimates one rpc value considering the effects of alleles 
originating from all breeds involved. Figure 6.3 represents the accuracy of GEBV for 
different traits and breeds calculated with the BOA model and the G model, and 
compared to the difference of rpc estimated using the BOA and G model for the 
same traits and breeds. When the difference between the rpc, estimated using the 
BOA model and the G model (rpc difference= rpc BOA- rpc G), was positive and 
deviated further from zero, I observed higher accuracy in the BOA model, 
compared to the G model. I expected rpc to be higher when calculated with the BOA 
model rather than the G model, because the crossbred additive variance 
components estimated using the BOA model comprises the variation observed in 
crossbred pigs, only due to the alleles coming from the analyzed breed. This 
expectation was observed in 50% of the estimates. As for the other estimates, this 
was not always observed in most cases in my results. This is understandable, 
however, as standard errors, especially in the BOA model, are quite high (0.09-
0.29).  
 

 
Figure 6.3. Accuracy of GEBV calculated with the G model (blue ●) or the BOA model (red ▲) 
on the y-axis, compared to the difference of rpc estimated by the G and BOA model (rpc 

difference= rpc BOA- rpc G) for different traits (loin depth (LD), back-fat thickness (BF), and 
average daily gain (ADG)) and different breeds (Synthetic sire (S), Landrace (LR), and Large 
White (LW)). Accuracies obtained from Chapter 3 (2017) and from Chapter 5 (2018). 
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With the SEL-BOA, I selected SNPs that, together, explained either 5% or 10% of the 
total crossbred genetic variance in each breed of origin. For those selected SNPs, 
the model considers breed-specific effects, and for the rest of the SNPs, the model 
assumes that effects are the same across breeds. By having separate variance 
components for the selected and non-selected SNPs, the model is able to assign 
more variance to the SNPs with a stronger association to the trait than the G and 
BOA models, and less to the non-selected SNPs. Also, this can differentiate the rpc 
values into the two categories of SNPs. What I observed is that differences in 
variance estimates alone were not sufficient to cause a difference in accuracy, 
therefore, the benefit of the SEL-BOA model occurs when rpc estimates are also 
different (chapter 5). As not all the SNPs show a different genetic variance 
according to their origin, differences in rpc between the selected and non-selected 
SNPs indicate how different these SNPs behave, and making the distinction 
between these two groups is sometimes beneficial.  
 
Results from the literature also suggest that, in cases where parental breeds are 
distantly related, the use of models that account for breed of origin have some 
benefits (Ibánẽz-Escriche et al., 2009). From the three base populations, LR pigs 
underwent a different selection pressure that shaped their genomic architecture 
differently, as the results show regions with different genetic variances for certain 
traits, compared to S and LW (chapter 4 and Egbert Knol, personal 
communication). Consequently, we observed that the LR breed immediately 
presented a benefit when some SNPs were already allowed to be estimated 
separately by breed of origin (SEL-BOA 5%). 
 
Based on the accuracy estimated from the different models in chapters 3 and 5, I 
conclude that, in general, the differences between the models were small, but 
there was a tendency that the BOA model improves accuracies of GEBV for 
crossbred performance of traits and breeds that have a rpc that is quite different 
when estimated with the BOA model instead of the G model. In addition to this, the 
SEL-BOA model tended to increase the benefit observed by the BOA model, if the 
rpc, for the selected and non-selected SNP, differed strongly from the rpc estimated 
by BOA model. 
 
6.4.1 Further improvements to models for breed-specific allele 
effects 
When genotypes originate from imputation, it has been shown that the accuracy of 
GEBV is linearly dependent on the imputation accuracy (Mulder et al., 2012). The 
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percentage of SNP alleles assigned a breed of origin are expected to have a similar 
impact on the prediction accuracies. For the three-way crossbred individuals, the 
assignment was around 95%. Therefore, if the accuracy is also linearly dependent 
on the assignment percentage, the prediction accuracy of our model will be at a 
maximum of 94% of the maximum achievable value, assuming 1% of the SNPs are 
incorrectly assigned. In the same study (Mulder et al., 2012), it was observed that 
using predicted gene dosages, rather than the most likely genotype, in order to 
account for the uncertainty of imputation, leads to higher accuracy and reduces 
bias of the imputed genotypes and the subsequent GEBV. I recommend testing the 
same approach with BOA, as a way to take into account the uncertainty of the 
assignment. The BOA approach can be modified to represent the probability that 
each haplotype is unique to a pure breed, instead of only assigning a breed if 80% 
or more of the haplotype’s copies were present in only one of the purebred 
populations. Subsequently, the breed of origin probability for each allele at each 
locus will be the average probability of all haplotypes carrying that locus. In the 
BOA partial relationship matrices, the breed of origin probabilities can be used to 
weigh each of the breed-specific allele content for crossbred pigs (coded as 0 or 1), 
in order to calculate a predicted breed-specific allele dosage that is allowed to keep 
all the information available for the model. As previously mentioned, improving the 
BOA approach will have a limited impact on accuracy. Even if the percentage of 
assignment is improved, and 100% of the SNPs are assigned a breed of origin 
without errors, I expect that its impact will be limited to a maximum increase of 6% 
in GEBV accuracy. In other words, assuming a GEBV accuracy of 0.20, this means 
that GEBV accuracy will have increased to only 0.21 (0.20×1.06). However, using 
breed-specific allele dosage might have an impact on GEBV accuracy per se. 
Therefore, I believe it is worth performing these modifications to the BOA approach 
and the BOA model, in order to test their impact on prediction accuracy. 
 
6.4.2 Practical application 
This thesis showed that accounting for the breed of origin of alleles in crossbred 
animals slightly improves prediction accuracy for breeds and traits that have an rpc 
that is quite different when estimated with the BOA model instead of the G model. 
Moreover, for breeds and traits where the rpc for the ‘non-selected SNP’ and the 
‘selected SNP’ differed strongly from the rpc estimated by BOA model, it is better to 
use the SEL-BOA model, rather than the BOA model. For other breeds or traits, I 
expect that the application of the BOA or the SEL-BOA model will not improve, nor 
impair, the predictions. 
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Currently, routine genetic evaluation in pig-breeding companies is done using the 
‘single-step’ method (Aguilar et al., 2010; Christensen and Lund, 2010). As 
explained in chapter 1, the single-step method combines the pedigree-based 
relationship matrix with genomic information. In this way, the evaluation is able to 
deal with both genotyped and non-genotyped animals. For the BOA model to be 
used in routine evaluations, it needs to be implemented using the single-step 
method. This means that the partial relationship matrices used in the BOA model 
need to be adjusted to be compatible to the corresponding breed specific (partial) 
pedigree-based relationship matrices. Procedures to achieve this have been 
described by Christensen et al. (2014, 2015), and tested with real data from two-
way crossbred pigs by Xiang et al. (2016). Therefore, practically speaking, this does 
not present an obstacle to implement the BOA model in routine genetic evaluation. 
However, the running time of the genetic evaluation can be problematic. Major 
pig-breeding companies deliver EBVs for clients on a daily basis. Including genomic 
information from crossbred pigs without taking into account breed of origin is 
estimated to increase delivery time by up to three days (Rob Bergsma, personal 
communication). From my experience, the BOA model takes about 0.5 times longer 
than GBLUP to run, therefore, the delivery time is expected to be more than 4 days 
when calculating EBVs with the BOA model, as it is currently implemented. Using 
genomic information from crossbred pigs using a BOA approach means that, before 
knowing if an individual will be selected or discarded, the tested animal needs to 
stay in the testing farm for at least three extra days. If we consider the fact that a 
breeding program has 7500 testing animals (6000 gilts and 1500 boars), and the 
cost per day for maintaining one animal in the farm is 1 euro, every extra day of 
this breeding program has a consequence of 7500 euros worth of extra cost. 
Moreover, the determination of the breed of origin is also time consuming, and 
every time new crossbred animals are added to the dataset, the analysis has to be 
redone. The first part of the BOA approach, which includes the phasing with 
different window sizes, is, specifically, the most time consuming, as the haplotype 
library has to be built. The way the BOA model is currently implemented is not very 
time efficient. I can imagine some strategies to reduce the running time. For 
instance, the haplotype library built with the first reference population can be used 
in subsequent analyses for the phasing of new crossbred animals that are added to 
the dataset, without the need to phase the reference population again (Hickey et 
al., 2010). Also, if there is room for computational improvements, these 
modifications can be implemented to reduce the running time. 
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Furthermore, it might be of interest to implement the SEL-BOA model, as it 
displayed a better performance than the BOA-model for some traits and breeds 
(chapter 5). The implementation of the SEL-BOA model faces the challenge of 
multi-trait analysis, as it is commonly performed in routine breeding value 
evaluations. In a multi-trait analysis, many traits are included in the model, and 
they are analyzed with the same relationship matrix or with the same partial 
relationship matrices. Therefore, in the SEL-BOA model, the partial relationship 
matrices with SNPs selected to have breed-specific allele effects will not be trait-
specific, but the union of all SNPs will be associated to at least one of the traits. 
This means that all SNPs, including those not associated with the target trait, will 
be considered to have the same variance component and breed-specific effects for 
all traits. As more SNPs are allowed to have breed-specific allele effects, the benefit 
of making a distinction between non-selected SNPs and selected SNPs will be 
diluted, and the accuracy of the SEL-BOA model will decay. An option to minimize 
this would be to limit the number of SNPs selected per trait. One way to achieve 
this could be by increasing the number of phenotyped animals, or genome wide 
association studies (GWAS) with sequence data, as they lead to a more clear 
identification of QTLs (Meuwissen and Goddard, 2010; Bouwman et al., 2018). 
Therefore, the QTL regions could be narrowed down, and the markers identified in 
full linkage disequilibrium with the identified QTL can be used directly in genomic 
predictions models, where two (Brøndum et al., 2015) or more (SEL-BOA, chapter 
5) relationship matrices are used, without adding too many false positives to the 
analysis. In this way, the number of SNPs selected from the SNP panel to have 
breed-specific allele effects is reduced to only the SNPs highly associated with one 
or more traits of interest. However, meaningful GWAS with sequence data is only 
feasible when more than a thousand animals are sequenced or imputed to a 
sequence (Daetwyler et al., 2014; Sahana et al., 2014). However, few causative 
mutations have been identified in livestock species, mainly in cattle (Grisart et al., 
2004; Ibeagha-Awemu et al., 2016). In pigs, sequence data is still limited, but 
previously detected QTL regions have been refined by the use of high-density SNP 
chips with approximately 660,000 SNPs (Marcos Lopes, personal communication). 
However, even by knowing the causal mutation, the SEL-BOA model will only be 
beneficial if the causal mutation explains the different variance proportions 
according to its breed of origin. 
 
Since models that estimate breed-specific allele effects in part, or all, of the SNPs 
are only beneficial for a few traits and breeds, and the benefit is not of a large 
magnitude, it may not be worth investing time to overcome the challenges listed in 
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this section, in order to make these models more efficient for routine genetic 
evaluations. However, if a larger crossbred reference population becomes 
available, the potential of these models might improve, as there will be enough 
information to more accurately estimate the effects of alleles for the three breeds 
of origin. As previously mentioned, routine breeding value evaluations are 
performed using a multi-trait analysis, which is expected to increase the accuracy 
of the GEBV by making use of information from genetically correlated traits, 
especially for traits with a small number of phenotypic records (Guo et al., 2014). 
As more data is collected, the need for a multi-trait analysis is less relevant, which 
simplifies the application of the SEL-BOA for routine evaluations.  
 
To conclude, I expect that the amount of crossbred phenotypic and genomic data 
will be much larger in the near future. With more data, the BOA and SEL-BOA 
models can be re-tested, because the effects of alleles for the three breeds of 
origin will have more power to be estimated. For the SEL-BOA model, more data 
increases the possibilities of using only SNPs highly associated with the trait, and 
the dependency on multi-trait analyses could be relaxed. If a significant benefit is 
observed after re-testing the models, it would be worthwhile investing some time 
in making the BOA model, or the SEL-BOA model, more computationally efficient, 
so that it can be implemented in routine evaluations.  
 
6.5 Further optimization of models using crossbred 
reference population 
As discussed in the previous section, the proposed BOA model in chapter 3 and the 
SEL-BOA model in chapter 5 only displayed benefits in a few traits and breeds. The 
question: ‘How can we improve the prediction model to better estimate crossbred 
performance in purebred animals?’ is still open. An interesting single-step approach 
that uses the concept of meta-founder, together with a multi-trait model, might be 
a potential alternative to improve the prediction of crossbred performance 
(Christensen et al., 2015; Xiang et al., 2017). Meta-founders are pseudo-individuals 
that are included in the pedigree, as founders without known parents. These meta-
founders are arbitrarily grouped, based on breeds or lines to represent different 
base populations. For instance, for the pig populations used in this thesis, we have 
three base populations (meta-founders): Synthetic sire, Landrace, and Large White 
purebred-based population. This approach assumes that the base animals are 
related, inbred within breeds, and related between breeds, due to the finite size of 
the base population and the connections between populations (Legarra et al., 
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2015). Similar to the BOA model, this approach constructs additive relationships, 
assuming the allele substitution effects of SNPs will be different in different 
populations. However, it also allows the effects to be similar across populations, 
which is accounted for through the correlations between breeds. One advantage of 
the meta-founders approach, compared to the BOA model, is that the genomic 
relationship matrix is easier to construct, because tracing the breed of origin of 
alleles is not required. It also has more authority, as the estimation of SNP allele 
effects by population is done using all of the data, instead of only the alleles 
coming from the analyzed breed, as in the BOA model. Xiang et al. (2017) tested 
this single-step approach with two meta-founders, using data from Danish 
Landrace, Yorkshire, and two-way crossbred pigs. They found slightly better results 
than when using a single-step model using the breed of origin of alleles (Xiang et 
al., 2016). The benefit of the meta-founder approach over the breed of origin 
approach in three-way crossbreeding systems still needs to be tested using real 
data of three-way crossbred pigs. 
 
6.6 Concluding remarks 
The work in this thesis provides a better comprehension of the mosaic nature of 
the genome of crossbred pigs, in terms of estimated effects and explained 
variances by breed of origin. Moreover, this thesis provides useful tools and 
methods to analyze the complex genome of crossbred individuals, and it shows the 
impact of using the knowledge of breed origin of alleles in the prediction of 
breeding values for crossbred performance. In this thesis, I only used data from 
pigs, but the insights presented can also be applied to crossbred populations from 
other species. Moreover, in my general discussion, I corroborate the starting 
assumption that inspired this research: crossbred genomic information is relevant 
in the evaluation of purebred pigs for crossbred performance. With the aim to 
create a better model for the genetic background of the crossbred pig, I tested the 
impact of accounting for differences in the breed of origin of crossbred pig’s alleles. 
Despite some SNPs effects being dependent on the breed of origin, using this 
information in the prediction model only slightly improved the accuracies for traits 
and breeds that have an rpc that is quite different when estimated with the BOA 
model instead of the G model. Similarly, the SEL-BOA model increases the benefit 
already observed by the BOA model, if the rpc for the non-selected and selected 
SNP differs strongly from the rpc estimated by BOA model. The benefit of the 
models that account for breed of origin is due to the crossbred additive variance 
components being estimated by breed of origin. When variance components are 
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estimated by breed of origin, the variation comprises only the alleles coming from 
the analyzed breed, either considering all the SNPs (BOA model) or only SNPs 
strongly association to the trait (SEL-BOA model). The results in this thesis should 
motivate breeding programs to use genomic information from crossbred animals. 
However, the developed genomic models in this thesis still showed limited 
benefits, which does not make them suitable models to be implemented in 
breeding programs. Therefore, BOA and SEL-BOA models are not the way to go for 
handling crossbred genomic information aiming to increase the genetic progress at 
the production level. 
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Chapter 2 
 
Additional file S2.1. Allele assignment (%) per chromosome (Chr) to synthetic boar (S), 
Landrace (LR), or Large White (LW) when using pedigree information and a relaxation factor 
of 20%. 

Chr 

Paternal Maternal 

Total 
 Line S Line LR  Line LW Total 

1 48.52 22.83 22.24 45.07 93.59 

2 49.78 21.68 22.43 44.11 93.89 

3 49.84 23.35 22.42 45.76 95.60 

4 49.81 23.31 22.40 45.71 95.52 

5 49.26 23.85 22.61 46.46 95.72 

6 49.66 22.78 23.54 46.32 95.98 

7 49.49 23.31 22.40 45.71 95.20 

8 49.78 22.94 23.04 46.00 95.78 

9 49.80 23.46 22.27 45.73 95.53 

10 49.84 22.66 22.55 45.21 95.05 

11 49.66 24.28 21.86 46.14 95.80 

12 49.26 22.60 21.71 44.32 93.58 

13 48.52 22.83 22.24 45.07 93.59 

14 49.70 22.10 23.02 45.10 94.80 

15 49.77 22.91 23.35 46.26 96.03 

16 49.81 22.03 23.93 45.97 95.77 

17 49.77 23.58 23.09 46.68 96.45 

18 49.77 23.25 23.22 46.47 96.24 

Total 49.56 22.99 22.68 45.67 95.23 
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Chapter 3 
 
Additional file S3.1. Standard errors of additive genetic variance (𝛔𝐚𝟐), litter variance (𝛔𝐮𝟐), 
residual variance (𝛔𝐞𝟐), and heritabilities for each breed for PB and CB performance, and 
genetic correlations between purebred and CB pigs (𝐫𝐩𝐜), estimated for each trait using the 
BOAa, GAb, and GBc models. 
Model Breed 𝛔𝐚𝐏𝐁

𝟐  𝛔𝐮𝐏𝐁
𝟐  𝛔𝐞𝐏𝐁

𝟐  𝒉𝐏𝐁
𝟐  𝛔𝐚𝐂𝐁

𝟐  𝛔𝐮𝐂𝐁
𝟐  𝛔𝐞𝐂𝐁

𝟐  𝒉𝐂𝐁
𝟐  𝐫𝐩𝐜 

Average daily gain 
BOA S 374 330 307 0.03 509 170 201 0.07 0.13 
 LR 309 252 221 0.03 882    0.18 
 LW 196 144 137 0.02 811 0.18 
GA S 453 327 305 0.03 323 152 209 0.05 0.13 
 LR 347 253 222 0.03     0.17 
 LW 214 143 137 0.02 0.12 
GB S 372 327 305 0.03 357 152 209 0.05 0.12 
 LR 316 252 222 0.03     0.16 
 LW 197 146 137 0.02 0.11 

Back fat thickness 
BOA S 0.09 0.07 0.07 0.03 0.46 0.17 0.19 0.06 0.12 
 LR 0.11 0.08 0.08 0.03 0.77    0.15 
 LW 0.09 0.06 0.05 0.02 0.90 0.12 
GA S 0.11 0.07 0.07 0.03 0.30 0.15 0.19 0.05 0.10 
 LR 0.12 0.08 0.08 0.03     0.12 
 LW 0.10 0.06 0.05 0.02 0.10 
GB S 0.09 0.07 0.07 0.03 0.34 0.15 0.20 0.05 0.10 
 LR 0.11 0.08 0.08 0.03     0.12 
 LW 0.09 0.06 0.05 0.02 0.09 

Loin depth 
BOA S 0.99 0.66 0.53 0.03 2.97 0.93 1.38 0.07 0.12 
 LR 0.65 0.44 0.41 0.03 3.72    0.29 
 LW 0.45 0.27 0.22 0.02 4.83 0.17 
GA S 1.19 0.65 0.53 0.03 1.67 0.57 1.42 0.04 0.12 
 LR 0.72 0.43 0.41 0.03     0.17 
 LW 0.48 0.27 0.22 0.02 0.12 
GB S 0.98 0.65 0.53 0.03 1.77 0.29 1.42 0.04 0.11 
 LR 0.66 0.43 0.41 0.03     0.16 
 LW 0.44 0.27 0.22 0.02 0.11 

S = Synthetic boar, LR = Landrace, LW = Large White, and CB = three-way crossbred pigs 
aBOA model, model with breed-specific relationship matrices, b𝐆𝐀 model, model with genomic 
relationship matrix by allele frequencies obtained across the genotyped population, c𝐆𝐁 
model, model with genomic relationship matrix by breed-specific allele frequencies 
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Chapter 4 
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In pig-breeding programs, selection of genetically best animals to produce the next 
generation is routinely performed by genomic selection. Genomic selection uses 
information of many markers spread across the genome. For pig breeding the 
common density is 50k single-nucleotide polymorphism (SNP) markers spread across 
the genome. Genomic information is used to calculate genomic estimated breeding 
values by combining SNP allele effects with the animal’s genotype. These SNP allele 
effects are estimated in a training population composed by individuals with both 
phenotypes and genomic information. Since, any pig-breeding program involves a 
crossbreeding scheme, the selection in purebreds aims to improve crossbred 
performance at commercial farms. Therefore, currently training populations include 
purebred individuals with both phenotypes and genomic information but also 
crossbred individuals with phenotypes so the crossbred environmental background 
is taken into account. Including crossbred genomic information in the training 
population is expected to be beneficial for better estimation of SNP allele effects. 
Importantly, in crossbred animals, the genome is a mosaic of genomic regions 
inherited from the different parental breeds. As a result, depending from which 
breed a genomic region was inherited from, SNP alleles might have different effects. 
The main goal of this thesis, therefore, was to use crossbred genomic information in 
the training population to estimate SNP alleles effects by breed of origin, and 
evaluate if this approach improves the accuracy for estimation of breeding values of 
purebred animals for crossbred performance. Throughout this thesis I used pigs that 
originated from a three-way crossbreeding design, as common in pig production. In  
this data two maternal breed pigs, Landrace (LR) and Large White (LW), were crossed 
to produce F1 (LR x LW or LW x LR) crossbred pigs, which in turn were crossed with 
paternal synthetic breed (S) pigs to produce three-way crossbred pigs (S x (LR x LW) 
or S x (LW x LR)). 
 
Chapter 2 showed that breed of origin of alleles of three-way crossbred pigs can be 
derived empirically for around 93.7 % of the alleles without using pedigree 
information. Pedigree information is useful to reduce computation time and can 
slightly increase the percentage of assignments to 94.6 %. The approach tested used 
a long-range phasing method to relax the dependency on genotyped parents and 
available pedigree information. Purebred haplotypes that were derived from the 
long-range phasing method were assigned to a breed if 80% or more of the copies 
were present in only one of the purebred populations. Subsequently, if an haplotype 
was observed in crossbred animals crossbred, all the alleles present in that haplotype 
were assigned the haplotype’s breed of origin. The relatively assignment percentage 
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allowed the use of models that implement breed-specific effects of SNP alleles in 
genomic prediction. 
 
In chapter 3, I compared a model that accounts for breed-specific effects of SNP 
alleles (BOA model) to models in which effects of SNP alleles for crossbred 
performance were assumed to be the same across breeds, using either breed-
specific allele frequencies (G_A model) or allele frequencies averaged across breeds 
(G_B model). The comparison was done by evaluating the accuracies of the models 
for estimating breeding values of purebred animals for crossbred performance for 
average daily gain, back fat thickness, and loin depth. Only for average daily gain for 
LR breed, differences between the models was significant, where BOA had the 
highest accuracy. Across all traits, models G_A and G_B yielded similar predictions. I 
concluded that using the BOA model was especially relevant for traits with a low 
genetic correlation between purebred and crossbred performance (rpc), such as 
average daily gain in breed LR. 
 
The BOA model allows allele effects of all SNPs to be breed-specific. This assumption 
might not hold for all the SNPs and possible reasons were studied in chapter 4. In 
this study, SNP-allele substitution effects were estimated for a commonly used SNP 
panel using the BOA model. Estimated breeding values for purebred and crossbred 
performance were converted to SNP-allele effects by breed-of-origin. Differences 
between purebred and crossbred, and between breeds-of-origin were evaluated by 
comparing percentage of variance explained by genomic regions for back fat 
thickness, average daily gain, and residual feed intake. I observed overlapping 
regions across purebred and crossbred performance explaining similar additive 
genetic variance. The number of overlapping regions was related to the trait rpc. 
Moreover, I observed some overlapping regions across breeds of origin that 
explained relatively large proportions of genetic variance for crossbred performance; 
albeit that the actual proportion of variance deviated across breeds-of-origin. To 
illustrate underlying mechanisms, I evaluated the estimated effects across breeds of 
origin for haplotypes associated to a missense mutation in the MC4R gene with a 
known effect on back fat thickness and average daily gain, and for the mutation itself. 
Results confirmed that even if a causal locus has similar effects across breeds of 
origin, estimated effects and explained variance in its region using a commonly used 
SNP panel can strongly depend on the allele frequency of the underlying causal 
mutation observed in a specific breed. 
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I hypothesized that targeting regions strongly associated with crossbred 
performance and only differentiating their SNP-allele effects according to their breed 
of origin, might improve prediction models for crossbred performance. Therefore, in 
chapter 5 I developed a model that estimates breed-specific effects for alleles of 
SNPs strongly associated with crossbred performance, and for the rest of the SNPs 
assumes that allele effects are the same across breeds (SEL-BOA model). I selected 
the SNPs most strongly associated with crossbred performance based on the results 
from chapter 4 that explained together either 5% or 10% of the total crossbred 
genetic variance for average daily gain in each breed of origin. I compared the 
prediction accuracies of the SEL-BOA model to those from the G_B and BOA model. 
Differences of prediction accuracies between models was small. The BOA model 
predicted crossbred performance better than the G_B model when estimated 
crossbred genetic variances and rpc by breed of origin differed largely between the 
G_B and the BOA model. Superiority of the SEL-BOA model compared to the BOA 
model was only observed for the scenario 10% and when rpc for the selected and 
non-selected SNP differed strongly from the rpc estimated by the BOA model. 
 
Finally, in chapter 6 I discussed about the relevance of commercial crossbred 
information for breeding programs, and I showed that adding genomic crossbred 
information in the training population, without considering breed-specific effects of 
SNP alleles, already improved prediction accuracies of breeding values of purebred 
pigs for crossbred performance. I further focused on the practical applications of 
models that account for breed-specific effects of SNP alleles, therefore I discussed 
the approach used in this thesis to determine the breed of origin of alleles as well as 
alternative approaches for inferring local ancestry in admixed populations. I 
presented some challenges that models implementing breed-specific effects of SNP 
alleles have to overcome before they can be adopted in routine genetic evaluation 
in pig-breeding companies. I also presented some ideas that might improve the 
prediction accuracies of the BOA and SEL-BOA model, as well as an alternative model 
for using crossbred genomic information different to the breed of origin approach. 
Since the BOA and the SEL-BOA model are beneficial only for a few traits and breeds, 
I concluded that for practical application it may not be worth to invest time to 
overcome these challenges and future research should focus on alternative models 
to better utilize crossbred genomic information. 
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