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Chapter 1. Introduction 

 

The genetic improvement of livestock has historically been based on phenotypic selection, where 

animals have been selected based on conformation, visual appeal and performance. The 

introduction of quantitative genetics theory has altered many breeding programs by establishing 

the concept of estimated breeding values (EBV), using Best Linear Unbiased Prediction (BLUP) 

(Henderson, 1950). Selection using BLUP EBV’s is based on information regarding phenotypic 

performance and the performance of an animal’s relatives. In BLUP a linear mixed model is used 

to correct phenotypic information for common environmental effects such as birth type and year 

of birth. Furthermore, the accuracy in which the breeding value is estimated increases as more 

information becomes available; for example, a breeding value will have a low accuracy if the 

only available information is on an animal’s parents, accuracy increases when that animal has a 

phenotypic measurement and finally the breeding value becomes highly accurate when that 

animal has many progeny. Furthermore, the mixed model that produces BLUP breeding values is 

also used to estimate of the amount of additive genetic variation in the population (Mrode, 2005).  

 

The discovery of genetic markers such as restriction fragment length polymorphisms (RFLP), 

microsatellites and single nucleotide polymorphisms (SNP) allowed for research to begin 

investigating the underlying causes of genetic variation. Initially, genetic markers were used to 

identify regions of the genome that cause genetic variation in quantitative traits, called 

quantitative trait loci (QTL) (Haley & Knott, 1992; Meuwissen et al., 2002; Grapes et al., 2004). 

Original expectations were that QTL’s would be widely used in animal breeding and genetic 
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evaluation, however, this has not eventuated for several reasons: 1) early marker densities were 

very low and marker maps were sparse so the QTL could not be fine mapped; 2) the effects of 

QTL tended to be overestimated and unable to be validated in different populations; 3) the 

experiments to find QTL were also often underpowered and were unable to detect QTL with 

moderate to small effects (Goring et al., 2001); 4) there were fewer QTL with large effects than 

what was initially expected and 4) finding and mapping QTL was very time consuming and 

expensive. Although there were many limitations for QTL detection and mapping, some QTL 

and markers for QTL were still used in a limited number of breeding programs in marker assisted 

selection (Guillaume et al., 2008). 

 

To attempt to avoid the limitations associated with QTL detection, Meuwissen et al. (2001) 

examined the possibility of fitting markers from across the entire genome simultaneously in a 

statistical model to predict breeding value. These markers had no verified association with QTL; 

rather it was assumed that each QTL would be in linkage disequilibrium with at least one 

marker. The initial simulation results of this ‘genomic selection’ were very promising as 

accuracies of greater than 0.8 for animals with no phenotypic information were achieved. The 

methods used for genomic selection ranged from a BLUP method that fits all SNP as random 

effects (ridge regression BLUP or RR-BLUP), to Bayes B, which is a variable selection method 

that allows some SNP to have an effect and others are assumed to have no effect. The effects of 

each SNP can be combined, depending on the number of alleles an animal carries, into a 

genomic estimated breeding value (GEBV). Furthermore, a group of animals with phenotypic 

measurements and genotypes called the reference population or dataset are used to estimate these 
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SNP effects and GEBV’s are predicted for animals with only genotypic measurements (Goddard 

& Hayes, 2009).  

 

Markers can also be used to make a genomic relationship matrix (GRM) (Villanueva et al., 2005; 

VanRaden, 2008; Yang et al., 2010) and combined into BLUP, by replacing the pedigree derived 

numerator relationship matrix with the GRM. This method is called genomic BLUP or gBLUP 

and has been shown to be equivalent to RR-BLUP (Habier et al., 2007). Instead of estimating 

SNP effects directly, gBLUP uses information from relatives in the reference population to make 

a direct prediction of breeding value. The precise makeup of the reference dataset for each 

method is relatively unknown; Habier et al. (2007) showed that regardless of the method used, 

the relationship between animals in these populations can affect the accuracy of genomic 

selection. 

 

The sequencing of many livestock genomes has resulted in the identification of a large number 

of SNP markers which can be placed on microchips for fast and more cost effective genotyping 

of individuals. Initially a chip with 1000 markers was regarded as a dense chip, now there is a 

possibility of using all SNPs present on the genome (millions of SNPS or SNP sequence) 

(Meuwissen & Goddard, 2010). The availability of high density marker chips has allowed for 

genomic selection to be validated in many livestock populations. The accuracies reported in real 

data have generally been dependent on the type of trait, the method used to predict breeding 

value and the population structure (Habier et al., 2010). Given this, the accuracies that have been 

achieved in dairy cattle using 50,000 markers have been high and generally range between 0.5 
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and 0.8 (VanRaden et al., 2007; Hayes et al., 2009). These high accuracies have resulted in many 

dairy cattle breeding schemes routinely reporting GEBVs to breeders.  

 

Given the high accuracies of GEBV’s for young animals, Schaeffer (2006) noted that genomic 

selection could double the rate of genetic gain in the dairy industry and change the structure of 

entire breeding program. Furthermore breeding programs may also be impacted due to the effect 

of the use of GEBV’s on inbreeding (Daetwyler et al., 2007). In simulation, Sonesson et al. 

(2010) showed that GEBV’s could increase merit and genomic relationship information could be 

used for the management of inbreeding in optimal selection. Although there have been many 

positive outcomes for the use of genomic information in dairy breeding programs, in species, 

such as beef cattle and sheep, the accuracy of breeding value estimation has been much more 

variable (Daetwyler et al., 2010). Furthermore the accuracies of GEBV’s in beef cattle and sheep 

still seem to be dependent on the type of trait, the method used to predict breeding value and the 

population structure i.e. the size and structure of the reference dataset and the large number of 

breeds used in these industries.  

 

The aim of this thesis was to examine the effect of genomic information on the genetic 

evaluation of livestock. This thesis represents many aspects of this rapid changing field of 

research, and each chapter provides insight into the impact of genomic information on genetic 

evaluation. 
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Chapter 2 is a review of literature that discusses the methods used for genomic evaluation in 

detail. It also gives a current review of genomic evaluations that are occurring in many livestock 

populations and identifies some interesting aspects of genomic selection.  

  

Chapter 3 examines how different methods are affected by the underlying model of genetic 

variation, giving insight into why some traits are more accurately predicted than others. It also 

examines the effect of different markers densities and SNP sequence on genomic selection given 

the different model of variation. Furthermore, it discusses how the relationships between animals 

can still affect the accuracy of genomic selection under the alternative methods and models of 

variation. 

 

Chapter 4 built on the concept of how the relationships between animals can affect the accuracy 

of genomic selection. It compared the accuracy of an animal’s breeding value that has a strong 

pedigree relationship with a reference data set with that of an animal that is essentially unrelated 

to the reference data set, and discussed the effect of these relationships on the design of reference 

data sets used in genomic selection breeding schemes.  

 

Chapter 5 examines the use of genomic information in optimal selection strategies where both 

genetic merit and inbreeding need to be balanced. Primarily we discuss the use of genomic 

relationship information to manage inbreeding and how this can be utilised in a breeding 

program. 
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Chapter 6 examines the properties of the genomic relationship matrix and the impact of building 

the GRM using identical by state (IBS) or identical by decent (IBD) information. We use real 

data from the Australia sheep CRC to observe the effect these alternative relationship matrices 

have on breeding values and variance component estimates. 

 

Chapter 7 is the general discussion of this thesis. It discusses five main topics arising from this 

work. These are: 1) the number of markers used in genomic evaluation 2) The makeup and 

construction of reference populations in livestock breeding 3) across breed and family prediction 

4) the value of genomic information to the breeding program and 5) using simulation and real 

data to validate genomic selection methods. 
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Chapter 2. Review of Literature 

 

The success of a breeding program is measured by response to selection. Response to selection 

can be increased by: 1) increasing the accuracy in which animals are selected, 2) by reducing the 

generation interval i.e. breeding from animals at a younger age and 3) increasing selection 

intensity. The measurements of phenotypes on individuals and their relatives can increase 

accuracy, however in many cases this may increase generation interval (Falconer & Mackay 

1996; Lynch & Walsh 1998). The discovery of regions on the genome that are associated with 

variation in quantitative traits (quantitative trait loci (QTL)) enabled the possibility of using this 

genomic information in selection. Initially there were large projects designed to detect and map 

these QTL and find genetic markers that were also highly associated with these QTL so that this 

information could be incorporated into the breeding program through marker assisted selection 

(MAS).  

 

Marker assisted selection offered an increase in response to selection, especially for traits that 

were measured late in life, had a low heritability or were difficult to measure, because if there 

was knowledge about an animal’s genome, this information could be used to accurately select an 

animal at a young age. However, the process of finding QTL was costly and only few QTL were 

actually found and validated in separate populations. To reduce the need for QTL mapping 

Meuwissen et al. (2001) fitted many markers simultaneously in a statistical model to give an 

estimate of breeding value. The sequencing of many livestock genomes and the resulting high-

density genotyping with genetic markers has led to the widespread interest in using this ‘genomic 
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selection’ in livestock breeding programs. Genomic selection offers the same benefits as MAS of 

accurate selection at a young age and is predicted to increase the rate of genetic improvement in 

livestock breeding schemes (Schaeffer 2006; Dalton 2009). 

 

This literature review will focus on the use of DNA information in breeding programs. It will 

briefly discuss the era of the detection and mapping of QTL, it will discuss the variations in 

DNA that are commonly used as genetic markers. Then a more detailed review will be on using 

dense markers information in genomic predictions and the methods used to gain an 

understanding into what is actually being predicted in genomic selection. 

 

2.1. Genetic markers  

Different types of variations in DNA can be used as markers for QTL in animal breeding 

programs. There are two main types of genetic variants used as markers in genetic evaluation and 

genome wide association studies. These are microsatellites and single nucleotide polymorphisms 

(SNP). Microsatellites are segments of DNA that consist of a variable number of tandem repeats 

(VNTR) of a simple sequence of nucleotides. For example, the base pairs AC are repeated 12 

times in succession. Microsatellites markers have multiple alleles with a variable number of 

repeats. With many alleles most individuals are heterozygous, which makes each marker more 

informative in tracking the inheritance of chromosome segments. This gives the power to detect 

associations between the marker alleles and the performance of progeny, thus inferring the 

inheritance of specific QTL alleles (Walsh & Henderson, 2004). Microsatellites are large in size, 

highly polymorphic and therefore highly informative which makes them useful genetic markers. 
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However, microsatellites are hard to genotype and have a limited density on the genome and 

have been replaced by SNP markers in genomic evaluation systems.  

 

Single nucleotide polymorphisms are the most abundant genetic marker on the genome and are 

now widely used in genomic evaluation and genome wide association studies (GWAS). These 

SNPs are the result of a single base pair change in the DNA structure and may alter the function 

of the transcribed protein (Moon et al., 2007; Womack, 2005). However, not all SNP result in 

this functional change, they can still be used as markers for QTL. Since the sequencing of many 

livestock genomes, high densities of SNP have been placed on microchips for large scale 

genotyping. In sheep, the current density of the SNP chip used in genomic evaluation is 48,640 

markers (Daetwyler et al., 2010) and in humans 1.3 million markers are now being used for 

GWAS (Kwee et al., 2012).  In GWAS, SNPs are used to find QTL and regions that cause 

variation in phenotypes. If a SNP is highly associated with variation in phenotype it may be used 

to develop a marker for that QTL (Pereira et al., 2005; Womack, 2005) and also, may be a useful 

tool in mapping the QTL within these regions (Pereira et al., 2005). Other variations in DNA can 

include: deletions, substitutions, inversions and copy number variants (CNV), however these are 

not commonly used in large scale genomic evaluations.  All classes of genetic variants can be 

used as markers for QTL and specific genes. Markers can be direct markers and represent a 

change in the function transcribed protein (Dekkers, 2004; van der Werf, 2000). They can also be 

in linkage equilibrium with QTL, this is when a marker and QTL are associated yet the effect of 

the markers varies within different families (Dekkers, 2004; Farnir et al., 2000; Notter, 2004). 

Finally, markers can also be in population-wide linkage disequilibrium (LD) with the QTL or 
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functional mutation such that selection on the markers will result in a change in the frequency of 

the QTL.  

 

Linkage disequilibrium is an important factor in understanding the effectiveness of genomic 

evaluation (Dekkers, 2004; Khatkar et al., 2006; Moore et al., 2003). When a marker is in 

linkage disequilibrium with a QTL there is a higher probability that if a particular allele is found 

for a gene marker, a prediction can be made about the QTL allele (Farnir et al., 2000). The extent 

of LD depends on the distance between the marker and the QTL (van der Werf, 2000). If the two 

loci are tightly linked then recombination does not occur rapidly and therefore LD is maintained 

for a long period. The extent of LD in the population is also highly depended on the effective 

population size (Ne). If this is small, LD can be present for large distances; therefore fewer 

markers are needed to make an accurate prediction of breeding value. In contrast if Ne is large 

more markers are needed such that every QTL is in LD with at least one marker. If the extent of 

LD is large, there is the potential for a locus to be segregating and in LD with a QTL across an 

entire population or even a whole species (Dekkers, 2004; Farnir et al., 2000, Goddard, 2009).  

 

2.2. Genome wide association studies and QTL mapping 

In livestock and human genetics, genome wide association studies (GWAS) and QTL mapping 

are used to detect locations of the genome that have an effect on important quantitative traits and 

disease susceptibility. In GWAS, each SNP is regressed on the phenotypes of a group of 

individuals (single SNP regression) to attempt to find associations between the marker and 

causative loci. Following the detection of highly significant SNP, often these areas are fine 
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mapped and candidate genes identified which may provide insight into biological pathways that 

are responsible for the variation in phenotype.  

 

Initially the primary method to detect and map QTL was interval mapping using linkage analysis 

within crosses or sibling groups (Hayley & Knott, 1992). This method used the probability of a 

QTL genotype conditional on the genotypes of adjacent markers to provide likelihood 

calculations and the logarithm of the odds favouring linkage score (LOD score) that assessed the 

probability that a QTL was located in a specific region or not. Linkage disequilibrium 

information can also be used to map QTL. In pure LD mapping, no specific family structure is 

required to obtain associations between marker alleles and QTL (Hayes et al., 2006). However, it 

can be more efficient to use both LD and linkage information simultaneously to map QTL 

(Meuwissen et al., 2002). This LDLA method uses both linkage and LD information to define 

the probability that a QTL is present at a particular site on the genome. The extent of across 

population LD is typically much less than within family linkage (Farnir et al, 2000); therefore the 

LDLA method requires a denser marker map than interval mapping in order to gain information 

from population-wide LD.  

 

In both GWAS and QTL mapping experiments factors such as; population size, the size of the 

QTL effects and marker density can influence the detection of QTL (Grapes et al., 2004; Zhao et 

al., 2007). Large populations of individuals with phenotypic information are needed for the 

detection of QTL so that; all genotypes are observed and that there are a large number of animals 

in each genotype group. Furthermore, sufficient phenotypic information is also needed so that 
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there is enough statistical power to accurately detect QTL, so that the error around this detection 

is low (Moghaddar & van der Werf, 2007). This ‘power’ relates to the size of the QTL effect that 

is able to be detected. For example a larger amount of data is required to find smaller QTL 

effects. The marker density required to detect QTL also varies for the size of the QTL effect. 

Larger QTL effects can be detected with lower marker densities; however the exact number of 

markers that is needed is dependent on the structure of the population. 

 

Initially, it was thought that QTL and markers for QTL would be very useful in livestock genetic 

evaluation, to be used in marker assisted selection (MAS). However, their impact has been 

limited due to various reasons. Firstly, in early genomic research the marker densities used were 

very low and marker maps were sparse so the QTL could not be fine mapped. Secondly, the size 

of the populations used to find QTL were often too small and therefore the effects of QTL tended 

to be overestimated and unable to be validated in different populations. Moreover, the inadequate 

numbers of phenotypes also resulted in the experiments to find QTL often being underpowered 

and were therefore only able to detect a few large QTL (Goring et al., 2001).  After many GWAS 

and mapping experiments it is now suggested that only a few large QTL actually exist and that 

most of the genetic variation is due to many small QTL effects (Yang et al., 2010). 

 

Given these limitations, GWAS and QTL mapping have still been used to discover many 

significant markers, QTL and causal mutations. However, in many cases the areas identified only 

explain a small amount of the cumulative genetic variation. For example, in human genetics the 

30 genetic markers identified for Crohn’s disease account for less than 10% of the additive 
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genetic variance similarly for the trait height, less than 5% of genetic variation is explained by 

the 44 identified loci (Visscher, 2008). This has led to discussion regarding this ‘missing 

heritability’ and many theories have been suggested to explain why all genetic variation is not 

captured by these significant regions (Maher, 2008, Yang et al., 2010). Fearnhead et al. (2004) 

suggested that the inconsistencies that exist between high estimates of heritability and the small 

proportion of total genetic variance explained by QTL may be due to rare variants that are 

difficult to detect using QTL mapping and GWAS.  However, Yang et al. (2010) observed that a 

large proportion of genetic variance can be explained by common variants, although many of 

these variants have small effects and they are often too small to be detected. Furthermore, they 

suggested that some of the missing heritability observed in GWAS may be due to markers that 

are not in complete LD with QTL and therefore all of the genetic variance at the QTL level is not 

being captured by markers. The debate about the missing heritability has also created discussion 

about the patterns in which QTL effects follow. These range from models that have few QTL 

with large effects like those used by Meuwissen et al. (2001) to infinitesimal like models, very 

many loci explain some variation, each of them having a small effect (Fisher, 1918). Moreover, 

non-additive models such as the epistatic model where all QTL interact with each other have also 

been discussed as possible models of genetic variation (Zuk et al., 2012). The assumptions made 

about the model of variation may therefore affect the success of genetic evaluation using 

genomic information. 

 

2.3. Genetic evaluation using genomic information  

To avoid the limitations associated with QTL detection, Meuwissen et al. (2001) examined the 

possibility of fitting all markers simultaneously in a statistical model to predict breeding value. 
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Unlike traditional marker assisted selection, the markers used in this genome wide evaluation 

had no verified association with QTL; rather it was assumed that each QTL would be in linkage 

disequilibrium with at least one marker. This assumption allows for a reduced cost of using 

genomic information in breeding value prediction as it negates the need for QTL detection and 

mapping (Hayes & Goddard, 2009). In simulations the accuracy of the estimated breeding values 

using this genome wide evaluation are often very high, however they are dependent on the 

assumed model of variation used in the simulation (Meuwissen et al., 2001; Muir, 2007). Similar 

to QTL mapping, genomic selection relies on a group of individuals that have phenotypic and 

genotypic information recorded on them. Information from this ‘reference population’ is used to 

predict animals that only have genotypic information recorded.  

 

The size and make-up of the reference population is important for a number of reasons. 1) As in 

QTL mapping and GWAS the reference population needs to be large enough such that markers 

effects are accurately estimated. 2) The relationships between animals in the reference 

population and the selection candidates can also have an impact on the prediction of breeding 

value (Habier et al., 2007, Habier et al., 2010). If marker effects are representative of QTL 

effects based on LD information, these effects may persist over many generations. However, if 

genomic predictions are reliant on information from close relatives then these predictions may 

erode within a few generations (Habier et al., 2007, Habier et al., 2010). Therefore the makeup of 

the reference may also govern how often marker effects need to be re-estimated, such that 

genomic predictions remain accurate.  
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2.4. Methods used for genomic evaluation 

There have been a number of methods proposed for genomic evaluation. These range from 

methods that assume all markers have an effect and share the same variance such as ridge 

regression best linear unbiased prediction (RR-BLUP) and genomic BLUP (gBLUP) to variable 

selection methods such as Bayes A and B that assume only few markers have large effects and 

many have small or zero effects and each marker has its own variance.  

 

2.4.1. Ridge Regression Best Linear Unbiased Prediction (RR-BLUP) 

Genetic markers can be incorporated into the mixed model equations as random effects. This 

method has been termed RR (ridge regression or random regression) BLUP (Habier et al., 2010) 

or SNP BLUP. This method has been extensively examined by Meuwissen et al. (2001) and 

Habier et al. (2007) and assumes the model; 

      ∑   

 

   

where   is the mean and    is the effect of each SNP. The elements in the matrix W are formed 

by subtracting 2pj (where pj is the minor allele frequency of marker j) from the genotype code (0, 

1 or 2) such that the sum of the coefficients in each column is zero.  Here the marker effects are 

treated as random and these effects are summed over all SNP to give an estimate of breeding 

value. Each marker effect is treated as random because it is difficult to gain a fixed estimate of 

marker effects when there are large numbers of effects to be estimated from a limited number of 

phenotypic records. This may lead to some over fitting of the data and result in inaccurate 

estimation of marker effects, which in turn results in poor breeding value estimates. Meuwissen 
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et al. (2001) showed that this approach results in an inaccurate prediction of breeding values 

when they fitted SNP effects in a least squares analysis. Treating marker effects as random 

allows for an effect to be estimated for each marker provided the variance of markers effects is 

assumed to be known. When all markers share the same variance then the variance at each locus 

is small and large marker effects are often strongly shrunk towards zero. The genetic variance 

explained by the SNP effects is given by      
    and the residual variance is    

 , and the 

variance-covariance matrix among observations is therefore       
   +    

 ,   Rather than 

assuming the variance for each SNP to be equal, this variance can also be assumed different at 

each locus, in which case it has to be estimated. This is only possible if prior assumptions are 

made about the variance and the distributions of SNP effects. Bayesian methods have been 

proposed to achieve this (Meuwissen et al., 2001; Habier et al., 2010; Habier et al., 2011).  

 

2.4.2. Bayes A and B 

Meuwissen et al. (2001) proposed two Bayesian methods for the genomic prediction of additive 

genetic effects. These were called Bayes A and Bayes B. In the Bayes A method all markers are 

assumed to have an effect, like RR-BLUP (above) and in Bayes B only a proportion of markers 

have an effect. The general model assumed by these methods is; 

       ∑       

 

   

    

where yi is the phenotype of animal i, μ is the overall mean, k is the number of marker loci, Xij is 

a matrix that contains the marker genotype at locus j which is coded as 0, 1, or 2 and is the 

number of copies of the SNP allele that individual (i) carries, j is the allele substitution effect at 
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locus j,    is a 0/1 indicator variable and determines whether the marker is included in the model. 

In Bayes B the probability (π) defines how many markers are assumed to have an effect and in 

Bayes A this value is assumed to be 0, such that all markers have an effect. The final term ei is 

the random residual effect (Meuwissen et al., 2001; Habier et al., 2007). 

 

In Bayes A and B parameters are estimated using a Gibbs sampling procedure. The Gibbs 

sampling algorithm draws parameter values (µ, e and β) from conditional distributions (e.g. 

µ~uniform, e ~ N(0,   
 

 ) and β ~ N (0,   
  ) ) where marker effects and the residual are normally 

distributed. A prior distribution of the variance of the residual and of the marker effects needs to 

be given. In Meuwissen et al. (2001) an inverted chi-squared distribution was assumed, i.e. 

  
      (   )  using hyper-parameters v (degrees of freedom (df)) and S (scale) to define the 

shape of the prior distribution. The scale and df parameters control the shape of the conditional 

distributions, hence controlling the ability of the model to differentiate between markers with 

large effect to those with small effects.  After running the Gibbs chain for a sufficient number of 

iterations the posterior mean will stabilize according to the marginal (posterior) distribution.  The 

initial estimates of marker effects can be biased towards the starting value and therefore may be 

important to discard a number of initial cycles as burn in, so that unbiased estimates can be 

obtained. Estimates of the parameters and SNP effects are average values from the final cycles 

and these mean SNP effects are aggregated to give an estimate of breeding value.  

 

In the Bayes A and Bayes B methods it is difficult to observe the impact of the prior on the final 

estimates of marker effects and variance estimates. One criticism of the Bayesian models used by 



31 

 

Meuwissen et al. (2001) is that Bayes A and B are dependent on the prior and they don’t allow 

for Bayesian learning to occur (Gianola et al., 2009). This means that the hyper-parameters (the 

scale and df of the prior distribution) that are assigned to the variance may have a strong 

influence on the extent of shrinkage on marker effects, regardless of the amount of data used. 

Ideally Bayesian learning should be such that the shrinkage value should tend to 0 as more data 

becomes available, therefore reducing the dependency of the model on the prior and letting the 

data be more influential (Gianola et al., 2009).  

 

Bayes B uses the same model as Bayes A, however another variable indicating the absence (with 

probability π) or presence (with probability 1 − π) of locus j in the model is included (represented 

by    in the above equation). This allows for further differentiation between markers with large 

effects from those with no effect (Meuwissen et al., 2001). Given that some markers are now 

assumed to explain zero variance, it is difficult to use Gibbs sampling to sample the variance 

from the prior distribution, as it no longer moves through the entire sample space, because the 

variance due to the prior is greater than zero. To achieve marker variance estimates, the Bayes B 

algorithm adds another step such that variance estimates are obtained by running a Metropolis 

Hastings (MH) algorithm; the MH accepts a new sample of the marker variance as drawn from 

the prior distribution with a probability determined by the likelihood of the data given this 

variance. The MH step in Bayes B can be run for many cycles to obtain an estimate of marker 

variance, instead of simply sampling it from the prior distribution as in Bayes A.  Similar 

methods such as Bayes C π use this principle of some markers having zero effect, however the 

proportion of markers that have an effect (π) is estimated based on the data (e.g. see Habier et al., 

2011). 
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2.4.3. Genomic Best Linear Unbiased Prediction (gBLUP) 

 

All methods used by Meuwissen et al. (2001) relied on estimating marker effects from the data. 

However markers can also be included in genomic evaluations through the use of a marker 

derived relationship matrix, known as the genomic relationship matrix (GRM) (Nejati Javaremi 

et al., 1997; Villanueva, 2004; VanRaden, 2008). 

 

The traditional BLUP methodology relies on pedigree information to define the covariance 

between known relatives, based on expected additive genetic relationships. This covariance can 

also be defined by the genotypes of a large number of DNA markers that are spread across the 

entire genome. Combining the information from genetic markers into a relationship matrix was 

first suggested by Nejati- Javaremi et al. (1997). Similarly, Villanueva et al. (2004) examined the 

inclusion of a marker derived relationship matrix in genomic evaluation. They suggested that 

BLUP using a GRM can be used to produce higher accuracy estimates than pedigree based 

BLUP by representing additive relationships between individuals based on information using 

shared DNA markers.  Relationship estimates in the GRM can deviate from the expected 

relationship given in the numerator relationship matrix (A). For example variation in the 

relationship between 2 full siblings may range from 0.4 to 0.6 instead of the expectation of 0.5 

given in A (Visscher et al., 2006; Hill & Weir, 2011). Moreover, relationships between more 

distantly related individuals (often related beyond the existing pedigree) can also be used.  This 

exploitation of the variation in relationships is what makes the GRM a useful tool in genomic 

evaluations.   
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The gBLUP method commonly used in many evaluations was introduced by VanRaden (2008) 

and Habier et al. (2007). In practice the model used to implement gBLUP is; 

          

where y is a vector of phenotypes, X is a design matrix relating the fixed effects to each animal, 

b is a vector of fixed effects, Z is a design matrix allocating records to genetic values, g is a 

vector of additive genetic effects for an individual and e is a vector of random normal deviates 

with variance   
 . Furthermore var(g) = G  

  where G is the genomic relationship matrix, and   
  

is the genetic variance for this model.   

 

Habier et al. (2007) showed that gBLUP and RR BLUP are actually equivalent models. Given 

that the variance of y in the gBLUP model is given by (      
     

 ) where   
  is the residual 

variance and   
  is the genetic variance (See above) is equal to the variance of y in the RR-BLUP 

model: var (y)        
     

   (assuming equal variance for each SNP) with   
  being the 

genetic variance and   
     

  (see above). Although these methods are equivalent, gBLUP has 

three important features that makes it more desirable to use than RR-BLUP: (1) the dimensions 

of the genetic effects in the mixed model equations is reduced from m x m (where m is the 

number of markers) in RR BLUP to n x n (where n is the number of individuals in the 

population) in gBLUP, which is computationally more efficient; (2) the accuracy of an 

individual’s genomic estimated breeding value (GEBV) can be calculated in the same way as in 

pedigree based BLUP. And (3) gBLUP information can be incorporated with pedigree 

information in a single step method (e.g. see Misztal et al., (2009)).  
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The use of gBLUP also has some properties that are not ideal. In pedigree based evaluations, the 

NRM can be incorporated into the mixed model equations and inverted using specific rules based 

on pedigree information. This allows for fast and efficient genetic evaluations for large numbers 

of animals. The GRM cannot be inverted using these rules and is often hard to invert because; in 

many cases the GRM is not positive definite or diagonal dominant. Furthermore, the GRM is 

very dense and therefore inversion becomes very slow when the number of animals included in 

the evaluation is large. 

 

2.4.1. The genomic relationship matrix (GRM) 

Estimates of the genomic relationship matrix can be formed using different methods and various 

ways to make the GRM have been proposed (VanRaden, 2008; Yang et al., 2010; Goddard et al., 

2011).  Some of these will be presented in this section. Firstly, the method presented by 

VanRaden (2008) develops an incidence matrix M, coded as -1, 0, 1 that specifies which alleles 

each individual has inherited. The minor allele frequency at locus i is pi, and the matrix P 

contains the allele frequencies expressed as a difference from 0.5 and multiplied by 2, such that 

column i of P is 2(pi - 0.5). Subtraction of P from M gives exactly W (termed matrix Z in 

VanRaden (2008)). The minor allele frequency correction forces the sum of coefficients across 

animals to be zero for each marker. It also gives more weighting to rare alleles than to common 

alleles when calculating genomic relationships (VanRaden 2008). The genomic relationship 

matrix is calculated as G = WW’'/[2∑pi(1 - pi)]. The division by 2∑pi (1 - pi) places G on a 

similar scale as the numerator relationship matrix (A) which is used widely in livestock breeding 



35 

 

(VanRaden 2008), however this may only be if the allele frequencies used to scale G are 

referring to the same base population as used in A. 

 

Other genomic matrices have been proposed, such as the one used by Yang et al. (2010). Here 

they combined the information on all SNPs (i) (M is now coded 0, 1, 2) to calculate the 

relationship between individuals j and k into the GRM (    ). Weighting the off-diagonal and 

diagonal elements differently, when j≠k then; 
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When j is equal to k (i.e. the relationship of an individual to itself), then; 
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where mij is the element of M pertaining to marker i and individual j and N is the number of 

markers. These estimates of relationship are all relative to a base population in which the average 

relationship between individuals is zero (all individuals are completely unrelated). Yang et al. 

(2010) used the individuals in the sample as the base so that the average relationship between all 

pairs of individuals is 0 and the average relationship of an individual with him- or herself is 1.  
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The matrix G can also be regressed towards the numerator relationship matrix (A), which 

contains the expected numerator relationships as derived from the pedigree information. Then,  ̂ 

can be calculated as; 

 

 ̂  [    (   )] 

 Where   
  is the additive genetic variance and   

  is the variance of each of the marker effects, 

    
     

 . The regression of  ̂ back towards A is said to now remove some of the error 

associated with estimating genomic relationships from a finite number of markers, therefore 

acknowledging that  ̂ is an estimate of the true genomic relationship (Goddard et al., 2011).  

 

2.5. Results using genomic evaluation methods in real data 

The use of genome wide evaluation methods has been examined in many research articles and 

has been shown to obtain as accurate or more accurate breeding values in livestock breeding 

programs than pedigree based BLUP. It has been used extensively in dairy cattle breeding with 

many countries now reporting genomic breeding values to breeders (VanRaden et al., 2009). 

Genome wide evaluations have also been examined in beef cattle (Garrick et al., 2011), sheep 

(Daetwyler et al., 2010), Chickens (Wolc et al., 2011) and also for some plant populations 

(Jannick et al., 2010). In some cases genomic evaluation has been shown to increase genetic 

gain, for example in layer hens, Wolc et al. (2011) illustrated that the genomic selection could 

double the rate of genetic gain for early stage selection on egg weight through the increased 

accuracy of selection. 
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In real data, the accuracy of genomic breeding values has been estimated using the correlation 

between GEBV’s and accurate progeny test breeding values (PT BV) or by cross validation. 

Cross validation involves the sampling groups of animals to be used as the reference and 

predicting the phenotype (corrected for fixed effects) of animals in the validation group. Often 

re-sampling of the reference and validation groups occurs many times to gain a more accurate 

estimate of accuracy.  

 

In dairy cattle, VanRaden et al. (2009) used the correlation between GEBV and PT BV to 

measure accuracy and reported increases in breeding value accuracies of 20-50%. Similarly 

Harris et al. (2009) used the gBLUP method to generate genomic predictions on 4,500 dairy 

cattle and found that reliabilities were 16 to 33 % higher than the breeding values based on 

parent average information for milk production traits. Other studies have used cross validation to 

estimate accuracy. For example in beef cattle, accuracies generally range between 0.4 and 0.73 

depending on the trait, and at this stage are limited to within breed predictions (Garrick et al., 

2011). In sheep, Daetwyler et al. (2010) reported average accuracies of 0.2 to 0.8 and found that 

the accuracy of genomic breeding values was dependent on the trait, its heritability, the breed of 

animal and the number of animals with phenotypes in the reference population. These accuracies 

also are dependent on the relationships between animals; Habier et al. (2010) showed that these 

predictions quickly erode when the relationship between individuals with phenotypic information 

and those being predicted reduces.  
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There has generally been very little difference between using gBLUP and the non-linear models 

to estimate breeding values in real data (i.e. Bayes A, B) (Moser et al., 2009). This has generated 

some discussion regarding the model of variation. In many cases we observe that variation is 

controlled by a finite number of genes and genetic variation appears to be controlled by many 

small QTL in a model like Fisher’s (1918) infinitesimal model. However, there are also traits 

that have mutations that explain significant amounts of genetic variation (i.e. the DGAT1 

mutation explains ~20% of the variation in milk yield and ~50% of the variation in milk fat % in 

dairy cattle) (Spellman, 2002; Schennink et al., 2004). This means that it is important to 

understand how different methods perform under alternative models of variation so that the 

correct method can be used for each trait. 

 

There have been many positive results from the use of genomic evaluation in livestock breeding. 

However, there are still many interesting questions in which this thesis aims to examine. This 

thesis studies the selection of methods to be used in genomic selection and how these methods 

are affected by the underlying model of genetic variation. Moreover we examine the impact of 

marker density on genomic evaluations, the makeup of reference populations, and the use of 

genomic information in breeding programs where diversity (inbreeding) needs to be managed.  
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Chapter 6. General Discussion 

 

This thesis has aimed to improve the understanding of genetic evaluation using genomic data in 

livestock. Genetic evaluation systems in many breeding programs have undergone significant 

changes due to the inclusion of genomic information. The use of genomic information in animal 

breeding provides the opportunity to increase response to selection by increasing the accuracy of 

breeding values at a young age and therefore reducing the generation interval. It has also created 

an opportunity to reduce costs, especially for industries that rely on progeny testing for sire 

selection. Genomic evaluation has now started to be implemented in many livestock breeding 

sectors. The dairy cattle industry has started reporting genomic estimated breeding values 

(GEBV) for young bulls and this information is now being used in the selection of breeding 

animals (Wiggans et al., 2012). In other species such as pigs and poultry some companies are 

establishing pipelines to enable future large scale genomic evaluation and GEBVs are being 

predicted for some selection candidates (Cleveland et al., 2010; Wolc et al., 2011). In beef cattle 

and sheep, research into genomic evaluation has commenced, and some promising results have 

been reported (Garrick, 2011; Daetwyler et al., 2010b). Given this interest in, and use of genomic 

technologies, it is important to understand what is actually being predicted in genomic 

evaluations because of its impact on accuracy of breeding values, the design of reference 

populations and management of inbreeding in the breeding program.  

 

This thesis has focused on various different aspects of genomic evaluations that range from the 

choice of methods (Chapter 3 and 6) to the design of reference populations (chapter 4) and use of 
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genomic information in a structured breeding program (Chapter 5). The third chapter of this 

thesis focuses on the selection of appropriate methods used for genomic evaluation. This study 

showed that the performance of Bayes B and gBLUP is influenced by the underlying patterns 

that control genetic variation, the density of marker information and the relationship between 

animals in the reference and test populations.  It showed that the gBLUP method was robust 

against the changes to the assumed model of variation; however Bayes B was more accurate 

when larger QTL effects controlled variation. Under these assumptions, it also showed that 

Bayes B would be more accurate than gBLUP when the animals in the reference dataset were 

more unrelated to those in the validation set. Furthermore, even under an infinitesimal like model 

Bayes B performed as well as gBLUP as it used marker effects to parameterise the relationships 

between animals. When the marker density was increased to whole genome SNP sequence, 

accuracy of genomic predictions using Bayes B increased, however this was dependent on the 

presence of few large QTL effects. When sequence information was used to predict breeding 

values under infinitesimal assumptions it had not effect on the accuracy of predictions. Chapter 4 

built on the notion, that the relationships between animals in the reference and test datasets are 

important to the accuracy of breeding value estimation. Animals that had close relatives in the 

reference gained the highest accuracy of the breeding value. However; we show that even when 

animals are thought to be unrelated, gBLUP can use small relationship coefficients to give some 

‘baseline’ accuracy. This baseline accuracy is dependent on the size and makeup of the reference 

population.  

 

Chapter 5 examined the concept of using genomic relationship information in optimal selection 

so that inbreeding could be controlled and merit maximised. It showed that GEBV’s could be 
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used to increase merit because they were more accurate than pedigree based breeding values. It 

also showed that GEBV’s are highly dependent on information from close relatives for high 

accuracy however, some of the accuracy achieved is due to within family sources of variation 

(Mendelian sampling) not accounted for by pedigree based methods. The potential to exploit 

variation in relationship was also assessed i.e. optimal contribution selection where merit and 

inbreeding are balanced. In half sib families there was no gain from using genomic information 

to restrict inbreeding because there was already some differentiation between family members 

using pedigree based methods. However, using genomic information to manage inbreeding 

increased gains when selection candidates where from large full sib families because genomic 

relationships allowed for some differentiation between members of the same family. This 

allowed for the selection of high performing family members that actually share a lower 

relationship to the selected animal. This benefit occurred despite the fact that animals that are 

less related to the top animal are more likely to have a lower breeding value because of a high 

correlation between the relationship to the best sibling and breeding values.  

 

The sixth chapter of this thesis concentrated on the differentiation between IBD and IBS 

information for estimation of genomic relationships and the subsequent prediction of breeding 

values. Here we showed that differentiating between the different marker states has little effects 

on accuracy and there was a high correlation between the breeding values estimates of the 

different methods used. It also gave insights into the properties of genomic relationship matrices 

and how differences between relatives in these matrices can affect breeding values estimations 

and variance component analysis. Given the findings of this thesis, this general discussion will 

focus on five main points. These are; 1) the validation of genomic selection methods using 
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simulated and real data, 2) the number of markers used in genomic evaluation, 3) the 

construction of reference populations in livestock breeding, 4) across breed evaluations and 

using information from crossbred individuals, and 5) the value of genomic information to the 

breeding program.  

 

6.1.1. The validation of genomic selection methods using simulated and real data 

There are many applications for simulated data in testing genomic evaluation methods. 

Simulated data is often used to test important questions that cannot be achieved in real data 

because of population structure and a lack of knowledge regarding the true underlying models. 

However there is often debate regarding the validity of the methods and models assumed to 

simulate genomic data. Various methods range from forward simulation methods that involve 

random mating of individuals until an appropriate LD structure is found to methods that use 

coalescent theory that simulates genotypic information based on past ancestral gene flow. 

However, both methods have many limitations and many are not relevant to real livestock 

populations (Woolliams & Corbin, 2012). Initially, simulations were used because there was a 

limit of genotypic data from real livestock populations, now there is a large amount of genotypic 

information that has enabled the wide scale validation of genomic evaluation in many species. 

This large amount of data from real populations is often not structured for testing specific 

hypotheses, as can be done using simulation examples, and real data results are often much 

harder to interpret. There are two main difficult associated with genomic evaluations in real 

populations 1) the ways to validate genomic evaluations and 2) the population structure of 

livestock populations.   
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In simulation, accuracy is measured by the correlation between true (simulated) breeding value 

and estimated breeding value. In real populations, true breeding values are unknown and 

therefore a common method used to validate genomic predictions is the use of progeny tested, 

accurate breeding values in place of a ‘true’ breeding value (VanRaden et al., 2009). Often there 

are too few animals with highly accurate breeding values (0.99) and this threshold is reduced. 

This reduction in the accuracy threshold can mean that the accurate breeding is now also subject 

to error and is no longer a good estimate of true breeding value. This results in giving a lower 

accuracy for the estimated breeding values (EBV). Often comparisons are made between 

pedigree based parent average EBVs and GEBVs, however there is often a correlation between 

pedigree based and PT breeding values and this can inflate accuracies for parent average 

breeding values. Furthermore, progeny test BVs can be subject to selection and therefore may 

bias the empirical correlation. Using a correlation as a tool for validation can also overlook 

possible differences in scale and dispersion of various breeding values and therefore regressions 

statistics should also be calculated.  

 

Another method of testing genomic predictions is through cross validation of GEBV on a 

phenotype corrected for fixed effects (Daetwyler et al., 2010). Cross validation is when the 

population is split into a reference and validation. For example the population is split into 5 

groups, where 4 groups are combined as the reference dataset and used to predict breeding values 

of the fifth group (Daetwyler et al., 2010). This is undertaken such that all animals in each group 

receive an estimate of breeding value based on no phenotypic information.  Given that the 

relationships between animals in the reference and validation populations affects the accuracy of 

genomic selection (Habier et al., 2007; Habier et al., 2010; Hayes et al., 2009 and chapter 4 of 
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this thesis), the way in which the dataset is dissected will also have a large impact on predictions. 

For example if animals in the reference are only from one family and information from these 

animals is used to predict another entire family accuracies will be lower than if all families are 

represented in each population. Furthermore the corrected phenotype used to assess accuracy 

may not be a good estimate of true breeding value.  

 

Estimates of accuracy can be made using the prediction error variance (PEV) of the mixed model 

equations and have been shown to be similar to those estimated from the correlation between 

GEBV and progeny test BVs. One advantage of estimating accuracy using the PEV is that 

animals that share different relationships to the reference are given different accuracies. However 

this is only useful for the gBLUP method of genomic evaluation as no methods have been 

defined for variable selection methods that can assess the accuracy of prediction. However it is 

important to note that this accuracy may be influenced by selection i.e. the Bulmer effect. Bijma 

(2012) noted that the correlation between true and estimated breeding values will reduce due to 

selection, however the standard error (use in the calculation of the accuracy using the PEV) 

remains the same, hence selection is not taken into account. While this is the case, the PEV is 

still a good measure of how much a breeding value is expected to change and therefore can be 

used to evaluate accuracy. However, to use this measure of accuracy when calculating response, 

some adjustments may be needed to account for selection. The structure and management of real 

populations also affects the success of genomic predictions in livestock populations.  
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The definition of genetic groups can also have an effect on the accuracy of genomic predictions. 

For example if breed effects are not fitted, SNP effects will be biased by breed.  Furthermore, 

species and breeds that are heterogeneous and/or contain sub structures within a breed (e.g. sub-

strains of Merino sheep) also need to be accounted for in the model. If these genetic groups are 

not fitted it can cause misleading results as often differences between breeds may be well 

predicted and within breed predictions may be inaccurate. Furthermore, often pedigree and 

genomic based breeding values are blended in some evaluations therefore it is important that 

both pedigree based and genomic based breeding values are estimated using the same model and 

account for the same genetic group structure. All of these factors need careful consideration 

when using and validating genomic information in the genetic evaluation of livestock. 

Understanding the method used to validate genomic predictions is important when comparing the 

success of genomic evaluations in different livestock populations. 

  

6.1.2. The number of markers used in GS and the promise of sequence data 

The theory of genomic selection relies on the assumption that markers are in linkage 

disequilibrium (LD) with QTL. This allows for the use of marker information in genetic 

evaluation and the prediction of breeding values [10]. The number of markers used in genomic 

evaluation is expected to have an impact on the accuracy of genomic breeding values. The 

marker density needs to be high enough such that all QTL are in LD with at least one marker, 

and therefore allowing for accurate predictions of QTL effects from the marker information 

(Goddard, 2009; Daetwyler et al., 2010a; Goddard & Hayes, 2009). There have been proposals 

of using markers that range in number from 384 (Garrick, 2011) to whole genome SNP sequence 

(Meuwissen & Goddard, 2010; Clark et al., 2011) for genomic evaluation.  



156 

 

 

The number of SNP needed depends on the distance in which LD extends over the genome. If 

this distance is large, i.e. for across breed prediction, then there is a need for a high density of 

markers such each QTL is in LD with at least one marker. If SNP are too far apart then they may 

not capture all of the variance at the QTL level and breeding value predictions will not be 

accurate (Yang et al., 2010). For example, de Roos et al. (2009) found that there was LD 

conserved over the distance of 10kb in Bos taurus cattle breeds and therefore approximately 

300,000 markers would be needed for some prediction of merit across breed. In contrast, the 

number of markers needed for prediction of merit within a breed is substantially less (Weigel et 

al., 2009). Vazquez et al. (2010) showed that accurate genomic predictions could be made from 

2,000 markers in Holstein cattle. Furthermore, Garrick (2011) also showed that predictions of 

merit could be made from as little as 600 specially selected markers using variable selection 

methods. The numbers of markers used for within breed predictions is also dependent on the 

structure of the population. Factors such as how related the animals in the reference and test 

dataset are (i.e. predictions of offspring or predictions of unrelated animals), the effective 

population size and the number and size of QTL effects to be estimated can all impact how many 

markers are needed for genomic prediction. 

 

The relationships between animals in the reference and test datasets will have an impact on the 

number of markers needed to accurately predict genetic merit. If there is a close relationship 

between animals in the two populations fewer markers will be needed to make accurate 

predictions. However because of this also means that the predictions are less reliant on LD 
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information, the effects estimated from these populations may not be relevant in different 

unrelated subsets of the population. To make accurate predictions of merit from LD information, 

the reference population size needs to be large and high densities of markers are needed such that 

predictions can be made across families (provided a range of families are represented in the 

reference). The amount of LD within the population is controlled by the effective population size 

(Ne) and the structure of that population. 

 

The effective size of a population is a major driver of LD in the population, for example if the Ne 

is low the LD between markers and QTL will be high and accurate predictions can be made from 

a small number of markers. This may explain why the accuracy of genomic predictions in 

Holstein and Jersey cattle have not increased when increasing the number of SNP from 50K to 

770K (Erbe et al., 2012; Su et al., 2012) as these breeds of cattle have small effective population 

sizes. Where Ne is large, as in humans, a large number of SNP (> 1,000,000) are needed to detect 

marker effects (Yang et al., 2010). The benefit of increasing the number of markers used in 

genomic evaluation is also affected by the number and size of the QTL that are to be estimated.  

If few QTL with large effects are responsible for genetic variation, then moving to higher SNP 

densities will increase accuracy (Goddard, 2009; Goddard & Hayes, 2009). Furthermore whole 

genome SNP sequence provides the opportunity to have enough markers to find causative loci. 

In simulation, where few QTL control genetic variation, the use of sequence data enabled 

accuracies of close to 1.0 to be achieved (Meuwissen & Goddard, 2010).  To gain the advantages 

associated with the use of high density genotypes and SNP sequence variable selection methods 

such as Bayes A and B need to be used to predict breeding values (Erbe et al., 2012). As shown 

in chapter 3, the use of sequence data may have no effect on the prediction of breeding values 
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when using gBLUP however, for variable selection methods, accuracy can increase. 

Furthermore, as shown in chapter 3, if there are many QTL with small effects, somewhat like 

Fisher’s (1918) infinitesimal model, increasing marker density alone may have very little impact 

on the accuracy of predictions.    

 

To gain all of the benefits that have been suggested regarding the use of SNP sequence a large 

number of phenotypic records also need to be obtained to make accurate estimates of marker 

effects. Although some theoretical formula have been suggested for the number of phenotypes 

needed (Goddard, 2009; Hayes et al., 2009; Goddard & Hayes, 2009), the exact number of 

phenotypic records required is still largely unknown. In a broad context, to gain a precise 

estimate of a markers effect there needs to be sufficient ‘power’ in the experiment. A large 

number of animals is needed to detect significant associations when the size of QTL effects is 

small and fewer animals are needed if QTL effects are large (Goddard & Hayes, 2009).  

 

The need for phenotypes may well be the major limiting factor in the use of high density marker 

information. In some industries, the availability of smaller, cheaper SNP chips may enable the 

genotyping of a large number of animals that have phenotypic measurements. For example in the 

US dairy industry approximately 40,000 cows with phenotypic records have been genotyped 

with a 3K chip (Wiggans et al., 2012). If there is a relationship between animals with low density 

marker genotypes with those that have high density or sequence information then many more 

SNP can be imputed such that animals with low density information now have high density 

genomic information (Scheet & Stephens, 2006). This allows for a large increase in the number 
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of phenotypes used in genomic evaluations.  Given the high reliance on phenotypic information, 

it is important that reference populations (or animals with phenotypic records) are constructed 

carefully such that all advantages associated with genomic selection can be achieved.  

 

6.1.3. The makeup of reference populations for genomic selection 

The reference population is the group of animals that have accurate genotypic and phenotypic 

measurements taken on them. These phenotypes then inform us about selection candidates, as 

these candidates share QTL and/or they share a direct relationship with animals in the reference. 

The makeup of the reference population depends on the animals that are to be predicted. Original 

expectations were that genomic evaluation predicted the effects of markers in LD with QTL and 

these effects would be consistent across families and breeds. However, many results show that 

the accuracy of genomic evaluations tend to be impacted heavily by the relationships between 

animals in the reference and test populations (Habier et al., 2007; Habier et al., 2010; Clark et al., 

2012). This reliance on family information shows that to achieve highly accurate predictions, 

animals that are to be predicted from the reference need to be closely related to those in the 

reference (as shown in Chapter 4). Interestingly, this may also imply that the current genomic 

predictions rely heavily linkage information rather than population wide LD to make accurate 

predictions of merit. Animals that are relatively unrelated to those in the reference will still 

receive some accuracy, which we termed the baseline accuracy in chapter 4. This is information 

from unrelated individuals is more likely to be based on LD information alone. If the reference 

population is small, the base line accuracy would be expected to be low. By increasing the 

number of animals in the reference this base line accuracy may increase due to selection 

candidates sharing more small relationships that would contribute to the estimate of the EBV.  
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There is often a high degree of similarity between the phenotypes of relatives and this means that 

each phenotypic observation is not independent. In a reference population it is important to have 

enough family members, such that accurate phenotypes can be observed. Furthermore it is 

important that the reference consists of many unrelated families, rather than one family alone. 

This also implies that the relationships between animals within the reference population are also 

important, especially for the prediction of breeding values across different families or even 

breeds. For example, if there are limitations on the number of animals to be used in this 

reference, animals within the reference should share a high relationship to the selection 

candidates and a low relationship to other animals in the reference (Pszczola et al., 2012). 

 

In many species, such as dairy cattle, the reference population consists of all animals with 

genotypic and phenotypic information (Wiggans et al., 2012). If phenotypic records are not 

available it can also be replaced by accurate breeding values (i.e. phenotypic information on 

progeny). Given that genomic selection has the greatest effect on traits that are hard to measure, 

measured late in life, sex limited or of low heritability, there is the opportunity to specially 

construct reference populations (van der Werf et al., 2010). In the Australian sheep industry the 

concept of a centralised nucleus for measuring these traits has been set up so that genomic 

information can be used to increase genetic gains for these important traits. Ideally the reference 

population would be continually updated such that all genotypic and phenotypic information is 

recorded on all animals (as in dairy) (Wiggans et al., 2012). This would also automatically 

indicate that selection candidates would have a close relationship to the reference. This 
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continually updating system is in fact similar to the current pedigree based evaluation system. 

Such a large scale updating reference population is not possible for centralised nucleus systems 

and therefore animals need to be specially selected to enter the reference. One way to construct a 

reference would be to include a large number of unrelated families (sires), and measure all 

important traits on a limited number of the offspring of these sires. The information gained from 

these animals is then used to predict animals in commercial populations.  To construct a 

reference population in this way there is a need for a large amount of initial recording of 

genotypes and phenotypes, yet in later generations updating can be reduced to key young sires 

that are not highly related to those already in the reference.  Given that there still has to be a high 

relationship to the reference to achieve high accuracies it presents some difficulties associated 

with using information from one breed to predict the merit of another. It may be that such 

problems become smaller if sequence data is used, as predictions may be from the causal DNA 

variants and may be valid across more generations and even across breeds (Meuwissen & 

Goddard, 2010).  The impact of sequence data on genomic predictions will become clearer in the 

near future as more sequence data is now being analysed. 

 

6.1.4. Across breed prediction 

In species such as beef cattle and sheep, it may be advantageous to be able to predict the merit of 

animals across different breeds. Especially for breeds that do not have enough phenotypes to 

form their own reference population i.e. small breeds of sheep and beef cattle. As previously 

noted, the number of markers used in these predictions needs to be sufficient so that there are 

enough markers to be in complete LD with the QTL in both breeds (de Roos et al., 2009; 

Goddard & Hayes, 2009). Furthermore, to be able to capture all QTL in different breeds there 
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must be assumptions made that QTL will have the same or similar effects in different breeds and 

that new QTL have not formed since the breeds diverged from a common ancestor. Additionally, 

if variation is controlled by many small QTL, across breed predictions may be difficult because 

different breeds share smaller amounts of their genome than animals of the same breed origin. 

These issues are difficult to overcome and may result in across breed predictions being of lower 

accuracy than within breed predictions.  

 

Given the restrictions of across breed predictions it is still plausible that animals in different 

breed can share QTL that have been conserved over time, however to use this information 

specific methods have to be used. Similarly to getting the value out of a high density of markers 

to predict across breeds, variable selection methods may be more suitable to gain some 

information from across breed predictions (Erbe et al., 2012). However the predictions may still 

be affected by the reference population makeup and the breed composition of the reference. For 

example marker effects may be biased towards the major breed in the reference population as the 

phenotypes used to train these predictions will be dominated by the larger breed. In some 

instances accuracy can actually be reduced by adding information from another breed, this 

watering down is mainly evident when there are few animals in the reference of the target breed. 

When using gBLUP to predict across different breeds it may be important to the GRM based on 

breed specific allele frequencies. However, to date, non-variable selection methods, such as 

gBLUP, have only been able to predict merit with low or no accuracy using across breed 

information (Erbe et al., 2012).  
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An alternative to using groups of purebred individuals to predict merit is the use of information 

from crossbreds to inform purebred selection candidates (Toosi et al., 2010). These crossbred 

animals carry alleles from both breeds and therefore may contain some information about each 

breed. Wei and van der Werf (1995) suggested the use of information for both crossbred and 

purebred animals in a combined crossbred and purebred selection (CCPS) and found that this 

could increase genetic gain in pedigree based breeding programs. This is often difficult to 

implement in large scale situations because crossbred individuals are not routinely recorded 

(Dekkers, 2007). The value of crossbred information to genomic evaluation still remains largely 

unknown and how to deal with this information presents some complications and opportunities 

(Ibánez-Escriche et al., 2009). One such complication may be due to non-additive sources of 

variation in cross bred animals, as these are less likely to occur in purebreds. This will therefore 

make the phenotypes that are being trained on different to those that need to be predicted. 

However this also provides opportunities for research into understanding some non-additive 

variation such as dominance and epistasis. Using genomic information may allow for better 

exploitation of these factors in the development of optimal breed crosses.  

 

In cross breeding programs, it may also be valuable to be able to estimate the breed proportions 

of high performing crosses. Current marker densities allow for the identification of breed crosses 

through methods such as principle component analysis and denser marker chips may be expected 

to increase the accuracy of this identification. Furthermore, as more breeds within species have 

genotypic information recorded on them, breed specific haplotype libraries may be possible for 

the identification of breed crosses. This may have important implications for systems in which 

knowledge of ancestry is limited and also where the performance of different breed crosses is 
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dependent on the environment (such as in subsistent or large scale farming systems). Similar to 

crossbreeding breeding programs, there are also opportunities for using genomic information in 

more traditional breeding programs. 

  

6.1.5. The value of genomic information to a structured breeding program 

In traditional breeding programs, the accuracy of an animal’s breeding value will increase as 

more information becomes available. Young animals have no information of their own therefore 

all of the accuracy achieved for breeding values of these animals is from parents and other 

relatives. As the animal ages it may have a phenotypic measurement recorded on it which 

increases accuracy. Once animals are selected they may also have progeny where accuracy is 

further increased. In many species, phenotypic measures are recorded after sexual maturity and 

gestation lengths are high such that it takes many years to obtain accurate measures of merit to 

make selection decisions. If genomic selection can offer accuracies of a phenotypic measurement 

then more accurate selection can occur at a younger age. In some species selection can occur in 

young animals after birth and can be used to determine which animals enter progeny test 

program, in a two stage selection (i.e. pre-selection of dairy bulls) (VanRaden et al., 2009). 

 

In the breeding program, there is also an opportunity to use genomic information in conjunction 

with artificial breeding technologies. Artificial insemination and multiple ovulation reproduction 

technologies are currently used to increase genetic gain in some livestock species i.e. dairy and 

beef cattle. Genomic selection could be used in conjunction these technologies, especially female 

reproductive technologies, as pre-selection could occur at the embryonic level such that higher 
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value embryos could be selected. The use of juvenile females as dams could also drastically 

reduce generation intervals in many species. However, it would be important to maintain genetic 

diversity such that long term gains could be achieved. 

 

Genomic information may also be useful in a breeding program to both control inbreeding and to 

increase genetic gain. In Chapter 5 we showed that inbreeding could be controlled by using the 

genomic relationship matrix as the measure of co-ancestry. Many methods used to constraint 

inbreeding limit the use of animals from the same family and are often limited by the amount of 

variation that is attributed to Mendelian sampling variation. As in Chapter 5, variation in 

breeding values is such that V(a) = ¼ V(sire)  + ¼ V(dam) + ½ V (MS)  + e. Information about 

mendelian sampling can only be obtained from the measurement of own performance, progeny 

or through a DNA test. With some of the Mendelian sampling variation explained, selection of 

more than one animal from a high performing family is possible (Avendano et al., 2004). When 

breeding values are predicted using parent information, full sibling share a high intra-class 

correlation between their breeding values and no information about the Mendelian sampling 

variation is known. Therefore with the use of genomic information the gains are expected to be 

the highest in breeding programs that select from large full sib families i.e. pig breeding 

programs. In other breeding programs where less related animals are to be selected, genomic 

information is expected to perform as well as pedigree based methods. Using genomic methods 

to control inbreeding may also be advantageous when pedigree is unavailable or incomplete (for 

example in conservation breeding programs). There may also be the opportunities to use 

genomic information to manage recessive genetic disorders whilst balancing merit. The culling 

of all carrier animals can eradicate the disorder however; some carrier individuals are often of 
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high merit. Genomic information could be used to manage the use of carrier individuals so that 

all animals can be effectively used in the breeding program. Managing the diversity of the 

population may also be possible by reducing the number of opposing homozygotes on the 

genome of an individual. As often many genetic disorders are recessive and are only observed 

when animals become more inbred. There are also other opportunities and challenges for the use 

of genomic data in the prediction of breeding values in real data. 

 

6.2. Conclusions 

The use of genomic information in the genetic evaluation of livestock has provided many 

interesting developments in animal breeding programs. This thesis has shown that the success of 

genomic prediction is dependent on the methods used to predict breeding values. We have shown 

that IBS or specific IBD based gBLUP methods and variable selection methods such as Bayes B 

can all be used to predict breeding value. The distribution of QTL effects resulting from the 

underlying genetic model can also affect breeding value estimation such that some traits may be 

more suited to be analyses with one method and another may be analysed with the other. We 

have clearly shown that the relationship between animals in the reference and test populations is 

important to the accuracy of genomic selection. Furthermore we have shown that estimates of 

genomic relationships can be used to manage inbreeding in an optimised breeding program and 

to increase genetic gain. We have discussed these issues in the context of both real and simulated 

populations and identified some areas for future research, which includes the use of sequence 

data in genomic evaluations and utilizing crossbred performance in genomic evaluations.  
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