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Abstract
Raymond, B. (2020). Use of whole-genome sequence data for genomic prediction
across populations and species. PhD thesis, Wageningen University, the
Netherlands
The availability of whole genome sequence data presents an opportunity to
improve the accuracy of genomic prediction (GP), given the expectation that the
data contains the causal variants that underlie any given complex trait. This thesis
investigated the benefit of using whole genome sequence data for GP across
populations and species. Results show that the accuracy of GP across populations
does not improve by simply increasing marker density up to whole genome
sequence level (Chapter 2). However, accuracy can be improved if GP across
populations is based on a few variants that are pre-selected from whole genome
sequence based on the significance level of their effect on the trait from a genomewide association study (GWAS). The result highlights the relevance of GWAS for GP.
In Chapter 3, it was demonstrated that the accuracy of prediction can further be
improved using a multi-population GP model in which important pre-selected
variants are used to create a genomic relationship matrix (GRM), other available
and unselected variants are used to create a second GRM, and both GRMs are
fitted simultaneously. While the pre-selected variants in the first GRM are isolated
from the noise effect of neutral variants, and as such their effects are more
accurately estimated, the variants in the second GRM captures genetic variance for
the trait that cannot be captured by the pre-selected variants in the first GRM. In
terms of accuracy, it was shown that the multi-population, multiple GRMs (MPMG)
GP model outperforms within-population and multi-population GP models in which
either the pre-selected or all available variants are equally weighted in a single
GRM. In Chapter 4, the predictive performance of the MPMG model was
theoretically underpinned by deriving and validating a deterministic prediction
equation for its accuracy. Using the derived prediction equation, it was found that
the predictive performance of the model is due to its ability to benefit from the low
number of effective chromosomal segments (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) represented by the few preselected variants in the first GRM. However, the low values for 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 due to the preselected variants is an advantage for the MPMG model only if variant pre-selection
is accurate, such that the pre-selected variants explain some genetic variance for
the trait of interest. In addition to its use as a tool to gain theoretical insights into
the performance of biology-informed GP models, the derived prediction equation
can be used to, a priori, estimate expected accuracy if the MPMG model were to be
implemented for GP. In Chapter 5, the usefulness of summary-level GWAS result

for human height as prior information for identifying genes and gene-associated
variants that affect stature in cattle, was investigated. Results show that in some
cases, for example in the absence of stature GWAS, human height GWAS results
can be useful in identifying cattle stature genes and associated variants.
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CHAPTER 1.
General introduction

Chapter 1

1.1 Genetic improvement of livestock
The practice of selective breeding of livestock for economically important traits has
traditionally been based on the phenotypic records of selection candidates and or
those of their relatives. Phenotype and pedigree records are combined in the so
called best linear unbiased prediction (BLUP) model (Henderson 1975; Henderson
1976; Henderson 1982), to estimate the breeding values of selection candidates.
Estimated breeding values (EBVs) are then used as a criterium to rank the selection
candidates, with the highest ranked individuals selected as parents for the next
generation. Since its introduction, pedigree-based BLUP (A-BLUP) has been
employed with great success in most genetic evaluation programs around the world
(e.g. Parnell et al. 1997; Jones et al. 2001; Barwick and Henzell 2005; Hare et al. 2006;
Van Pelt et al. 2016). A genetic selection program based on A-BLUP has a number of
limitations. Firstly, the total breeding value of an individual at birth consists of two
components, namely, the parent average and the mendelian sampling component
(Woolliams et al. 1999). The A-BLUP model is able to accurately estimate the parent
average component, given adequate phenotype and pedigree data. The A-BLUP
model is also able to estimate the mendelian sampling component. To do so,
however, the A-BLUP will require own performance or offspring records. Thus, the
A-BLUP cannot estimate the mendelian sampling component for young individuals
with no own performance or offspring records. Secondly, given its reliance on
pedigree records, the A-BLUP model cannot utilize information on individuals that
do not have a pedigree relationship with the selection candidates. Thirdly, the ABLUP model requires phenotypic records on selection candidates and or their
relatives, which for some traits are either difficult, takes very long time, or are costly
to measure. The implication is a long generation interval, as selection decisions
cannot be made at the time the selection candidates are born.
From around 1980 onwards, advances in molecular genetics research led to the
discovery of large number of polymorphisms in the genome, and that it was possible
to identify and utilize information on Quantitative trait loci (QTL), for the purpose of
breeding values estimation (e.g. Soller and Beckmann 1982; Smith and Simpson
1986; Andersson 2001). This discovery ushered in a new area of research called
marker-assisted selection (MAS), which held great promise to improve the accuracy
of estimating EBVs and the rate of genetic gain, as selection could be performed
directly on the QTL, and as such, some of the limitations of the A-BLUP model could
be, partly, circumvented (Lande and Thompson 1990; Goddard 1996; Dekkers and
Hospital 2002). With MAS, QTL information could be included as fixed or random
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effects in A-BLUP. Another approach was to combine QTL-based EBVs with polygenic
EBVs from the traditional A-BLUP, in a selection index (e.g. Lande and Thompson
1990). Despite the early optimism about MAS, it only resulted in either non or
negligible improvement in genetic gain as compared with A-BLUP (e.g. Dekkers and
Hospital 2002; Dekkers 2004). This was mainly because the few QTL found could only
explain small proportions of the total genetic variance for complex traits, and thus,
could not contribute significantly to improving the accuracy of prediction. Rather
than focusing on the identification and utilization of a few QTL for breeding value
estimation, Meuwissen et al. (2001) proposed a method to utilize information on all
available loci in the genome, a method now known as genomic prediction (GP).
The basic principle behind GP is the estimation of the effects of DNA markers such
as single nucleotide polymorphisms (SNPs) in a reference population, and use of the
estimated marker effects to predict the genomically estimated breeding values
(GEBVs) of selection candidates. Genomic prediction as originally proposed
(Meuwissen et al. 2001; Vanraden 2008) does not depend on the identification of
true causal variants for the traits, but its accuracy depends on the extent to which
the effect of the causal variants are tagged by markers through linkage
disequilibrium (LD). The application of GP for selection decisions has been very
successful in both plant and animal breeding (e.g. Dalton 2009; Hayes et al. 2009a;
Heffner et al. 2011). In dairy cattle for example, the adoption of GP as against
pedigree-based methods has led to approximately double the rate of genetic gain
(see Hayes et al. 2009b for a review). Therefore, the major development in animal
breeding over the past decade has been the implementation of routine genomic
prediction.

1.2 Statistical models for GP
There are several models that have been proposed for GP (e.g. Meuwissen et al.
2001; Vanraden 2008; Goddard 2009; Strandén and Garrick 2009; Habier et al. 2011;
Gianola 2013). The models can be categorized into two, namely, linear and nonlinear models. In linear models, phenotypes are modelled as a function of the linear
combination of marker effects. An example of a linear model is a random marker
regression model, also known as SNP-BLUP. The method is called SNP-BLUP because
the SNP or marker effects are simultaneously estimated using BLUP. An alternative
but mathematically equivalent model to SNP-BLUP is the G-BLUP model (Habier et
al. 2007b; Goddard 2009; Strandén and Garrick 2009). The G-BLUP is the same as the
traditional BLUP (Henderson 1975), except that pedigree relationship matrix is
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replaced by genomic relationship matrix. An assumption of the classical linear GP
models is that each marker has an infinitesimally small effect on the trait, with the
variance of each marker effect equal to
𝜎𝜎𝜎𝜎α2

2
𝜎𝜎𝜎𝜎α

𝑛𝑛𝑛𝑛

, where 𝑛𝑛𝑛𝑛 is the total number of SNPs and

is the genetic variance for the trait. This assumption is also called the infinitesimal
model assumption.

The application of linear model for GP has been very successful, especially in animal
breeding (Vanraden et al. 2009). The success of the classical linear GP models in
animal breeding can be attributed to a number of reasons. First, most traits that are
bred for in livestock have a complex genetic architecture. For example, milk
production in cattle is currently estimated to be affected by up to 10,000 genes
(Meuwissen et al. 2016). This means that that there are so many loci in the genome
affecting complex traits such that the infinitesimal model assumption that each
variant contributes to explaining the total genetic variance for the trait comes close
to biological reality. Secondly, the infinitesimal model assumption is only an
assumption and not a restraint on the output from the models. In practice, estimated
marker effects may deviate from the infinitesimal model assumption especially with
the availability of large sample sizes. With large sample sizes, linear models are able
to accurately estimate SNP effects, and thus are able to disentangle important
variants from neutral variants in the genome, even though the underlying
assumption is that all variants explain equal variances. A third reason that may
underlie the success of classical linear GP models in animal breeding is the fact that
LD extends over long distances in livestock populations such that almost every causal
variant is tagged by at least one SNP. The effect of a causal variant can then be
captured by a linear combination of SNPs that are in LD with it (Hayes et al. 2009c).
Fourthly, the linear GBLUP model is the same as the A-BLUP, with the only difference
being the replacement of the pedigree relationship matrix with a genomic
relationship matrix. As such linear GP model could easily be implemented with the
existing software that were used for the A-BLUP.
The second category of models are the non-linear models, like Bayesian models, in
which phenotypes are modelled as a function of the non-linear combination of SNP
effects. Unlike in the classical linear models, the assumption in non-linear models is
that a proportion (π) of the model parameters (SNPs) have a zero effect on the trait,
while only a proportion (1-π) have a non-zero effect on the trait. Intuitively, this
assumption matches more with biological reality, given that some variants in the
genome are expected to be neutral in their effect. The first non-linear models applied
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to GP: BayesA and BayesB, were proposed by Meuwissen et al. (2001). In their study,
Meuwissen et al. (2001) showed that the non-linear models resulted in a higher
accuracy of GP (0.85) as compared with the BLUP alternative (0.73), although they
used chromosomal segments instead of SNPs as predictor variables. Since the
landmark paper of Meuwissen et al. (2001), there has been a growing number of
Bayesian alphabets that differ mainly in the specification of priors but not in their
sampling approach (Gianola et al. 2009; De Los Campos et al. 2013; Gianola 2013).
For example, BayesR extended the BayesB method of Meuwissen et al. (2001) by
allowing SNP effects to be sampled from several normal distributions, starting with
a distribution with a variance of zero to one with variance of up to 1% of the total
genetic variance for the trait (Erbe et al. 2012). In general, flat or uninformative
priors are used in the classical non-linear models. Thus, the model uses the data to
find evidence as to whether a certain variant belongs to the proportion 𝜋𝜋𝜋𝜋 or 1 − 𝜋𝜋𝜋𝜋.
Results in literature suggest that non-linear models have somewhat a superior
predictive ability than the linear models for traits that are controlled by a limited
number of QTL with large effects (e.g. Habier et al. 2007b; Daetwyler et al. 2010;
Meuwissen and Goddard 2010; Tiezzi and Maltecca 2015) and for GP with WGS data
instead of lower density SNP panels (e.g. Meuwissen and Goddard 2010). For highly
polygenic traits, and in animal breeding populations that are highly structured, the
infinitesimal model assumption hold very well. A practical limitation of the non-linear
models is their high computation time and resource requirement (Meuwissen et al.
2001), which hinder their adoption in routine genetic evaluation.

1.3 Genomic prediction across populations
For GP to be accurate, it is necessary to have a large reference population such that
the effect of SNPs can be accurately estimated (e.g. Goddard 2009; Vanraden et al.
2009). For numerically small populations, it is difficult or impossible to assemble a
large reference population. Thus, in such populations, the accuracy of GP is low, with
consequent lower rate of genetic gain as compared to what is obtainable in
numerically large populations. An option to increase the accuracy of GP in
numerically small populations is to use a large reference population made up of
individuals from a different population, for example, individuals from a different
breed or line (e.g. Harris et al. 2008; Hayes et al. 2009c; Schrooten et al. 2013). This
method is called across-population GP. Results in literature indicate that the
accuracy of across-population GP is low (e.g. Harris et al. 2008; Erbe et al. 2012;
Kachman et al. 2013; Calus et al. 2014). There are three possible reasons that
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underlie the low accuracy of GP across populations. First, the pattern of LD between
SNPs and causal variants may not be consistent across different populations (Gautier
et al. 2007; De Roos et al. 2008; Thomasen et al. 2012). It is possible that a given SNP
is in LD with a causal variant in population A, while the LD between the same SNP
and the same causal variant is broken down due to recombination in population B.
In the extreme case that LD is broken down to zero for example, estimating the effect
of the SNP in population A and using the estimated SNP effect to predict EBV for
individuals from population B will result in a prediction accuracy of zero.
Furthermore, given a different pattern of LD between SNPs and causal variants
across populations, the relationship between individuals across populations
estimated using SNPs are less likely to represent the relationship at the causal
variants, which is a requirement for accurate GP. Second, there may be differences
of allele substitution effect of causal variants in different populations (Spelman et al.
2002). If the effects of the causal variants differ in different populations, meaning
that the genetic correlation between the populations is less than one, it becomes
difficult to translate the effect of a causal variant in one population to another. A
third reason that may cause the low accuracy of GP across populations is possible
differences in allele frequency of variants across populations. The proportion of
genetic variance explained by a given variant is dependent on its allele substituting
effect and its allele frequency. Say a given variant has the same allele substitution
effect in two populations A and B, but the variants segregates at a high frequency in
A, but at low frequency in B, the variant will explain more genetic variance for the
trait in population A than in population B. This difference negatively impacts the
accuracy of prediction across the populations A and B.
A suggestion to improve the accuracy of GP across populations is to first identify
either the causal variant or SNPs that are physically close to and in very high LD with
causal variants across-populations, and use only the identified variants for prediction
(e.g. Zhong et al. 2009; Boichard et al. 2012; Hoze et al. 2014; Saatchi and Garrick
2014). Another suggestion is to increase the density of SNPs such that every causal
variant is in LD with at least one SNPs across populations (De Roos et al. 2008).
Following this reasoning, across population with whole genome sequence (WGS)
data is expected to be more accurate than with low density SNP arrays. In this thesis,
the impact of using all WGS variants on the accuracy of GP across populations was
further investigated.
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1.4 Multi-population GP
An alternative approach to across-population GP is to build a reference population
with individuals from multiple populations, including individuals from the target
population, a method called multi-population GP, see (Lund et al. 2014) for a review
of the method. Just as in across-population GP, the success of multi-GP depends on
the pattern of LD between SNPs and causal variants, differences in allele substitution
effects and allele frequencies in the different populations (Wientjes et al. 2015;
Wientjes et al. 2016). Several studies in literature reported only marginal or not
benefit at all of implementing multi-population GP as against within-population GP
(e.g. Hayes et al. 2009c; Harris and Johnson 2010; Kizilkaya et al. 2010; Erbe et al.
2012; Lund et al. 2014; Zhou et al. 2014b). However, there are a few studies that
reported an increase in accuracy of prediction by implementing a multi-population
GP instead of within-population GP (Lund et al. 2014). These studies, however,
combined individuals from different sub-populations of the same breed (e.g.
Schenkel et al. 2009; Vanraden et al. 2012; Zhou et al. 2013), or individuals from
closely related breeds, that have had frequent exchanges of genetic material (e.g.
Brøndum et al. 2011; Zhou et al. 2014a). For example, Zhou et al. (2013) compared
the accuracy of prediction for Chinese Holstein population using either a Chinese
Holstein reference population or a combined Chinese and Nordic Holstein reference
population. By using the combined reference population instead of the reference
population made of only Chinese Holsteins, they showed an increase in accuracy of
prediction from 0.22, 0.15 and 0.11 to 0.51, 0.47 and 0.36 for milk yield, fat yield and
protein yield, respectively. In general, the more close the populations are, the more
benefit there is in combining them in a reference population for multi-population
GP.
There are two approaches that are used for multi-population GP. The first and the
most simple approach is to pool the data from different populations in a univariate
analysis. This is the same as assuming a genetic correlation of 1 between all the
populations. While this strategy may work when different sub-populations of the
same breed are combined in the reference population, assuming a genetic
correlation of 1 between distantly related populations in multi-population GP can
result in even poorer prediction accuracies than a within-population GP (e.g. Olson
et al. 2012). The second approach for multi-population GP is the multi-trait approach
that takes into account the genetic correlation between the populations in the
reference. In the multi-trait approach, phenotypes from the different populations
are considered as those for different but correlated traits (e.g. Karoui et al. 2012;
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Olson et al. 2012; Huang et al. 2014; Wientjes et al. 2016). The advantage of this
approach is the information of individuals in the reference population are weighted
by their genetic correlation with the validation population. Thus, individuals in the
reference population can only contribute towards the prediction if and only if the
genetic correlation with the validation population is different than zero. With the
multi-trait approach, the worst case scenario is that the accuracy of prediction is the
same as within-population GP accuracy, but not lower (Wientjes et al. 2016).
An implicit assumption made in the multi-trait, multi-population GP model is that
the genetic correlation between populations at the causal variants is the same as the
genetic correlation at the non-causal variants. In their study, Wientjes et al. (2018)
showed that this assumption can be safe to make if the non-causal variants have
similar properties, for example, the same patterns of allele frequencies as the causal
variants. In situations where SNPs have different properties as the causal variants,
assuming that there is only one genetic correlation between population across the
whole genome is sub-optimal (Calus et al. 2018). As more biological information
about complex traits becomes available, and as causal or predictive variants are
identified, it will become important to have a multi-population GP model that takes
into account the possibility that genetic correlation between populations at such
variants maybe different from the genetic correlation at other variants in the
genome.

1.5 The accuracy of GP
The accuracy of GP depends on four main factors. The first is the extent of linkage
disequilibrium (LD) between SNPs and causal variants, as that determines the
proportion of genetic variance for the trait that can be explained by SNPs (e.g. Calus
and Veerkamp 2007; Calus et al. 2008; Solberg et al. 2008; Weir 2008; Hayes et al.
2009b). In dairy cattle for example, It has been estimated that SNP density must be
high enough such that LD between adjacent SNPs as measured by r 2 (Hill 1981) must
be equal to or greater than 0.2 to achieve a genomic prediction accuracy of 0.8 (Calus

and Veerkamp 2007). The second factor affecting the accuracy of GP is the size of
the reference population, as large sample sizes are required to accurately estimate

the effects of variants and obtain accurate prediction of GEBVs (Goddard 2009;
Vanraden et al. 2009). The third factor is the heritability of the trait. Given the same
reference population size, GP prediction will be more accurate for a trait with a high
heritability than for a trait will low heritability (e.g. Daetwyler et al. 2008; Goddard
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2009). The fourth factor is the polygenicity of the trait. In general, larger reference
population size will be required to obtain accurate GP of a highly polygenetic trait
than a trait that is affected by only a few causal variants with large effects (Hayes et
al. 2009b).
Two of the factors affecting the accuracy of GP, namely, the heritability and
polygenicity of the trait cannot be influenced to increase the accuracy of GP. To
increase the accuracy of GP, only the size of the reference population and the extent
of LD between SNPs and causal variants can be influenced. Propositions to increase
the size of the reference population include combining and sharing of data across
countries as currently done through Interbull (Palucci et al. 2018), the genotyping
and inclusion of cows in the reference population (e.g. Buch et al. 2012; Thomasen
et al. 2014; Su et al. 2016; Uemoto et al. 2017), and the combination of individuals
from different breeds in a reference population (e.g. Pryce et al. 2011; Wientjes et
al. 2015; Wientjes et al. 2016). To increase the LD between SNPs and causal variants,
high density SNP panels can be used such that every causal variant affecting the trait
is tagged by at least one SNP. Given that whole genome sequence (WGS) data is the
ultimate high-density panel, the use of WGS instead of low density SNP panels was
expected to improve the accuracy of GP (e.g. Meuwissen and Goddard 2010).
Furthermore, given the expectation that causal variants are included in WGS data,
the accuracy of GP with WGS data no longer depend on LD between SNPs and causal
variants, as the effect of the causal variants themselves can be directly estimated.

1.6 Use of WGS data in genomic prediction
The possibility to use WGS data instead of SNP arrays, and the potential impact on
the accuracy of GP were first investigated by simulation studies. For example, the
study by Meuwissen and Goddard (2010) reported an increase in the accuracy of GP
by more than 40% when WGS data was used instead of a 30k SNP chip. Using WGS
data, they also showed that accuracy of GP when both the reference and test
population come from the same generation was the same with that in which the
reference and test population were separated by 10 generations. Their results
supports the theory that the accuracy of GP no longer depends on the existence of
LD between SNPs and causal variants when WGS data is used in GP. The study by
Macleod et al. (2014) also reported an increase in the accuracy of GP by 22% when
WGS was used compared to a 600k SNP chip. This increase in accuracy, however,
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was achieved under the condition that the effective population size was large, and
therefore average LD was low in the population. Other studies (e.g. Druet et al. 2014;
Clark et al. 2011) obtained similar results.
Given the optimistic results regarding the use of WGS data in GP from simulation
studies, a number of studies using real data followed, which mostly did not support
the results from simulation studies (e.g. Ober et al. 2012; Iheshiulor et al. 2014;
Brøndum et al. 2015; Van Binsbergen et al. 2015). For example, Ober et al. (2012)
used WGS data to predict quantitative traits in Drosophila melanogaster. They found
that WGS added little or no benefit to the accuracy of GP when compared with HD
SNP chip, although they had a very small sample size of 157. In dairy cattle, Van
Binsbergen et al. (2015) used imputed WGS data for GP with a relatively bigger
sample size (3,416 bulls in the reference population, and 2,087 bulls in the validation
set). They also did not find any advantage for using WGS over HD SNP chip. While
theoretically, the use of WGS held the promise to greatly improve the accuracy of
GP, results from studies using real data were suggesting otherwise.
One of the hypotheses put forward with respect to the results from studies that used
real data was that the lack of increase in accuracy is because the studies were carried
out within-breed where LD extends over long distances. Given that GP is dependent
on the existence of LD (Habier et al. 2007a; Gianola et al. 2009; Habier et al. 2010),
HD SNP chips are already sufficient to tag the effect of causal variants within-breed,
especially in breeds with very small effective population sizes. In that sense, simply
going from HD SNP chips to WGS level is unlikely to improve GP accuracy. The benefit
of using WGS for GP is therefore expected to be highest when applied in situations
where LD is conserved only across short distances, for example in across or multibreed GP scenarios (Van Den Berg et al. 2016).
Another hypothesis is that the sample sizes used in the studies were not large
enough to be able to simultaneously and accurately estimate the effect of millions
of SNPs in WGS data (Gianola 2017). This is referred to as the 𝑁𝑁𝑁𝑁 << 𝑝𝑝𝑝𝑝 problem,
where 𝑁𝑁𝑁𝑁 is the size of the sample size and 𝑝𝑝𝑝𝑝 is the number of variants whose effects
are estimated. Thus, it is expected that as sample sizes increases, evidence for the
benefit of WGS data for GP will become stronger. It must be noted, however, that
animal breeding populations are highly structured and have small effective
population sizes. Thus, simply increasing sample size is not the same as increasing
the effective sample size, especially if the added samples are from the same
population as the original samples. The pre-selection of variants in WGS data based

20

General introduction

1
on biological information may help to alleviate the 𝑁𝑁𝑁𝑁 << 𝑝𝑝𝑝𝑝 problem and improve
the accuracy of GP. The pre-selection of markers from WGS based on biological
information and its impact on the accuracy of GP was investigated in this thesis.

1.7 Objective and outline of this thesis
The overall objective of this thesis was to investigate the benefit of WGS data for GP
across populations and species. The overall objective was divided into three subobjectives. The first sub-objective was to investigate strategies for the efficient use
of WGS data in across-population GP. Mainly, I investigated the benefit pre-selection
of WGS variants based on GWAS results and the subsequent use of the pre-selected
variants in across- and multi-population GP. The second sub-objective of the thesis
was to theoretically underpin the advantages and limitations of multi-population
genomic prediction model that weights pre-selected variants from GWAS differently.
The third sub-objective of the thesis was to investigate the usefulness of results from
a WGS-based genome-wide association study (GWAS) for complex traits in humans,
in the identification of genes and variants in or close to the genes that affect
equivalent traits in cattle.
In Chapter 2, I investigated whether using WGS data instead of low-density SNP
arrays can improve GP across breeds, especially when variants in WGS data are preselected based on their estimated effect or conditional and joint (COJO) effect on the
trait from a genome-wide association study (GWAS). In Chapter 3, strategies for the
incorporation of prior biological information from WGS data in multi-population GP
were investigated. For this purpose, I tested the performance of a multi-breed,
multiple genomic relationship matrices GP (MBMG) model that weight pre-selected
variants separately, uses the remaining unselected variants to explain the residual
genetic variance that is not explained by pre-selected variants, and weight
information of breeds in the reference population by their genetic correlation with
the validation breed. In Chapter 4, selection index theory was used to derived a
deterministic prediction equation for the accuracy of the MPMG model. The purpose
of the equation was to theoretically underpin the advantages and limitations of the
MBMG model over multi-population GP model that equally weight all variants. In
Chapter 5, I investigated, if instead of using a within-species GWAS to identify genes
and gene-associated variants for complex traits in livestock, a GWAS results for the
same trait but from a different species could be utilized. Thus, I investigate the
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usefulness of GWAS results on human height as a prior information for identifying
genes and gene-associated variants that affect stature in cattle.
In Chapter 6 (General discussion), I discussed two main topics related to the results
of the previous chapters. The first topic discussed was the methods for variants preselection based on biological information, and the impact of pre-selection of variants
on the accuracy of GP. This included discussion on the use of GWAS to pre-select
relevant variants for GP, the combined use of GWAS and gene-expression analysis
and other methods such as the combined annotation dependent depletion (CADD)
scores and the functional and evolutionary trait heritability (FAETH) scores. The
second topic that was discussed was the statistical and modelling methods for the
implementation of biology-driven GP.
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Abstract

Background: Genomic prediction (GP) across breeds has so far resulted in low
accuracies of the predicted genomic breeding values. Our objective was to evaluate
whether using whole-genome sequence (WGS) instead of low-density markers can
improve GP across breeds, especially when markers are pre-selected from a genomewide association study (GWAS), and to test our hypothesis that many non-causal
markers in WGS data have a diluting effect on accuracy of across-breed prediction.

Methods: Estimated breeding values (EBV) for stature and bovine high-density (HD)
genotypes were available for 595 Jersey bulls from New Zealand, 957 Holstein bulls
from New Zealand and 5553 Holstein bulls from the Netherlands. BovineHD
genotypes for all bulls were imputed to WGS using Beagle4 and Minimac2. Genomic
prediction across the three populations was performed with ASReml4, with each
population used as single reference and as single validation sets. In addition, the 50k,
HD and WGS markers that were significantly associated with stature in a large metaGWAS analysis were selected and used for prediction, resulting in 10 prediction
scenarios. Furthermore, we estimated the proportion of genetic variance captured
by markers in each scenario.
Results: Across breeds, 50k, HD and WGS markers resulted in very low accuracies of
prediction ranging from -0.04 to 0.13. Accuracies were higher in scenarios with preselected markers from a meta-GWAS. For example, using only the 133 most
significant markers in 133 QTL regions from the meta-GWAS yielded accuracies
ranging from 0.08 to 0.23, while 23,125 markers with a –log10(p) higher than 7
resulted in accuracies of up 0.35. Using WGS data did not significantly improve the
proportion of genetic variance captured across breeds compared to scenarios with
few but pre-selected markers.
Conclusions: Our results demonstrated that the accuracy of across-breed GP can be
improved by using markers that are pre-selected from WGS based on their potential
causal effect. We also showed that simply increasing the number of markers up to
the WGS level does not increase the accuracy of across-breed prediction, even when
markers that are expected to have a causal effect are included.
Key words: Across-breed genomic prediction, whole genome sequence, marker preselection, cattle, stature
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2.1 Background
Today genomic prediction (GP) is a routine procedure in livestock breeding schemes
(Dalton 2009; Hayes et al. 2009a), and its adoption has resulted in a significant
increase in the rate of genetic gain. This is especially evident in dairy cattle, where
its application has led to a doubling of the rate of genetic gain (Schaeffer 2006), as
compared to the traditional progeny-testing scheme. Genomic prediction has been
very successful mainly because it enables the estimation of genomic estimated
breeding values (GEBV) for young bulls, thereby drastically reducing the generation
interval. This method has been implemented mainly for within-breed genetic
evaluation for which both the reference and the validation sets come from the same
breed.

2

The use of the effect of markers that are trained in one breed to obtain GEBV for
animals from a different breed, a method called across-breed GP has been rather
unsuccessful. Reported accuracies for across-breed GP using the genomic best linear
unbiased prediction (GBLUP) model are clustered around 0 (e.g. Hayes et al. 2009b;
Erbe et al. 2012; Kachman et al. 2013; Calus et al. 2014), except in rare cases in which
the quantitative trait loci (QTL) that underlie the trait are known and information
about these QTL is used in the prediction model (e.g. Boichard et al. 2012; Hoze et
al. 2014; Saatchi and Garrick 2014). The poor performance of across-breed GP could
be due to a number of reasons, some of which include differences in linkage
disequilibrium (LD) phase between markers and QTL across breeds, QTL segregating
in only one breed and not the other, differences in minor allele frequencies (MAF)
and allele substitution effects due to the different genetic background of the breeds
(Spelman et al. 2002; Thaller et al. 2003; Zhong et al. 2009). An earlier hypothesis
was that accuracies of across-breed prediction increase when higher density SNP
panels are used (e.g. De Roos et al. 2008). An important question in this regard is
how much gain in accuracy of across-breed prediction can be achieved if wholegenome sequence (WGS) markers are used instead of the lower density single
nucleotide polymorphisms (SNPs) panels.
Given that multi-locus LD across breeds is conserved only over short distances (De
Roos et al. 2008 ), the expectation is that for a large proportion of the markers, LD
with causal loci changes across breeds, thus they become independent of the causal
loci. Our hypothesis is that independent, non-causal markers from WGS data exhibit
a dilution effect on accuracy of across-breed prediction. In other words, these
markers have no explanatory value and only serve as additional sources of noise in
prediction models, which in turn negatively impact the accuracy of predicting GEBV
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across breeds. For example, in their simulation study, Wientjes et al. (2015) obtained
an increase in the accuracy of across-breed GP of approximately 53% by selecting
only the markers that surround the causal mutations rather than using all those
available, effectively eliminating the non-causal markers that are not in LD with the
causal loci. Similar results were obtained by Van Den Berg et al. (2016). To fully use
WGS data for across-breed GP, it may become necessary to first pre-select markers
with a potential causal effect on the trait of interest and use only these for
prediction.
Thus, our objective was to investigate the effect of using WGS data instead of the
lower density SNP chips on the accuracy of across-breed prediction. In addition, we
assessed the importance of pre-selecting SNPs, using the significance and the
conditional and joint (COJO) effects of SNPs in a meta-GWAS as selection criteria. We
investigated this objective using 595 New Zealand Jersey and 957 New Zealand
Holstein bulls, as well as 5553 Dutch Holstein bulls, all of which had deregressed
proofs (DRP) for stature and bovine HD genotypes that were imputed to WGS.

2.2 Methods
2.2.1 Phenotype
Stature was used as a model trait in all analyses. Estimated breeding values (EBV)
and number of daughters were available for 735 Jersey (NZJ) and 1239 Holstein
(NZH) bulls from New Zealand and 5553 Dutch Holstein (DH) bulls. Data were
provided by CRV BV (Cooperative Cattle Improvement Organization, Arnhem, the
Netherlands). Estimated breeding values for stature for all bulls were deregressed to
obtain DRP using the iterative procedure described in Calus et al. (2016a). This
approach, called matrix deregression corrects for information of the parents of an
individual on its EBV and shrinkage to the mean. To avoid double-counting of
information, matrix deregression also corrects for information of other relatives that
are included in the same reference population as the individual whose EBV is being
deregressed. The output from this procedure were the DRP and deregressed
effective daughter contributions (EDC). Animals with deregressed EDC of 0 were
removed, resulting in 595 NZJ, 957 NZH and 5553 DH bulls in the final dataset.
Deregressed EDC were used as weights for the DRP in subsequent analyses. For the
DH set, the mean EDC was equal to 52, while for the NZH and NZJ sets, it was equal
to16 and 17, respectively. The set of DH individuals included in the meta-GWAS of
Bouwman et al. (2018) was the exact same set of DH individuals used in our study.
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2.2.2 Genotypes and imputation to WGS
The bulls were either genotyped with the Illumina BovineHD Bead chip (HD; 734,403
SNPs; Illumina Inc., San Diego, USA), or with a 50K SNP chip and imputed to HD. The
HD genotypes were subsequently imputed up to WGS using the sequenced
population from the 1000 Bull Genomes Project Run 4 as reference population. This
multi-breed reference population contained 1147 sequenced animals with on
average 11-fold coverage. The reference population contained 311 Holstein and 61
Jersey animals, but all individuals were used as reference because earlier studies
showed that a multi-breed sequenced reference population can be beneficial for
imputation accuracy, especially for SNPs with a low minor allele frequency (MAF)
(e.g. Bouwman and Veerkamp 2014; Brøndum et al. 2014; Daetwyler et al. 2014).
Polymorphic sites, including SNPs and short insertions and deletions (indels) were
identified in the 1147 individuals simultaneously as described in Daetwyler et al.
(2014). The genotype calls of the 1000 bull genomes reference population were
improved with BEAGLE 4.0 (Browning and Browning 2009) The sequence data
contained 30,339,468 bi-allelic markers (SNPs and indels) with four or more copies
of the minor allele in the reference population, which were used for imputation.
Further details about the 1000 bull genomes reference population, variant calling
and filtering of variants are in Daetwyler et al. (2014).

2

Imputation of HD genotypes to WGS was done using standard settings in MINIMAC2
(Fuchsberger et al. 2015) and the pre-phased reference genotypes (SNPs and indels)
that resulted from BEAGLE 4.0 (default settings) (Browning and Browning 2009). The
imputed data were allele dosages that were subsequently converted to most
probable genotypes. The output from MINIMAC2 included an r2 value, which is the
estimated correlation between imputed and true genotypes. Markers that had an r2
lower than 0.5 and those that were either monomorphic or had only opposing
homozygous genotypes were filtered out. We also filtered out markers that had less
than 10 copies of the minor allele in the populations. This criterion was the same as
setting a MAF threshold of

10

N∗2

, where 𝑁𝑁𝑁𝑁 is the number of genotyped individuals.

Filtering based on MAF was done separately for the NZH, NZJ and DH sets.
Furthermore, in the final dataset we retained only markers that segregated in all
three populations.
The results of a meta-GWAS analysis conducted on 58,265individuals with imputed
WGS were used to select variants associated with stature (Bouwman et al. 2018).
This meta-analysis was performed on 17 populations from eight breeds, including
Holstein and Jersey, from different countries. The DH population was included in the
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meta-GWAS, whereas both the NZH and NZJ populations were not included. The
meta-analysis across the populations found 24,230 genome-wide significant (p <
5×10e-8) WGS markers in 163 distinct QTL regions that were spread across 27
autosomes (excluding chromosomes 24 and 27). For each of the 163 regions, the
lead marker (160 SNPs and three indels) was determined based on its highest
significance.
2.2.3 Scenarios and selection of markers
In our first scenario, we used all available markers in the WGS data for GP to test the
hypothesis that the number of markers used determines the accuracy of acrossbreed predictions. We also created scenarios that contained only markers that
showed statistical significance in the previously conducted meta-GWAS analysis to
evaluate whether the non-significant markers from the meta-GWAS only add noise
in a GP model. Since markers can show spurious associations based on the effect of
LD and family structure, simply selecting markers based on statistical significance is
not sufficient to filter out all the potentially non-causal markers. Hence, we
performed a forward selection of markers to create other scenarios using the
conditional and joint (COJO) effect method described in Yang et al. (2012) and
implemented in the GCTA software Yang et al. (2011). The COJO option in GCTA is a
stepwise marker selection procedure that selects independently associated markers,
given some parameter thresholds and the summary level result from a GWAS. As
outlined in the main paper of Yang et al. (2011), the marker selection model is
initiated with the most significant marker that is below the threshold, followed by a
calculation of the conditional p values for the remaining markers i.e. conditional on
the marker that is already in the model. The marker with the lowest conditional p
value is then selected and added to the model, and the process is repeated. It is
possible that the marker being tested is in high LD with other markers that are
already in the model. To avoid having such markers in the model, a collinearity
threshold is set. If the threshold is exceeded, the marker being tested is dropped and
the next one is considered instead. A window size in mega base pairs (Mb) is defined,
outside of which markers are assumed to be in linkage equilibrium. Once all the
markers have been considered and those that are independently significant have
been identified by the model and selected, the selected markers are then jointly
fitted in a model and those with a p value higher than the threshold are dropped.
These steps are repeated iteratively until no more markers can be added or removed
from the model. In total, 10 scenarios were created depending on whether or not
variants were pre-selected from WGS data and the criteria of selection that were
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used. All the scenarios are described in Table 2.1. The total number of markers in
each scenario and their mean MAF are in Table 2.2.
Table 2.1 Description of scenarios used in the study
Scenario
Description
Scenarios with unselected markers
Full_seq
All variants in WGS data that met the quality check criteria were
included, following the assumptions of infinitesimal model; this was
the default scenario
HD
SNPs on the commercial BovineHD SNP chip
50k
SNPs on the commercial 50k chip

2

Scenarios with selected marker + unselected markers
HD_Top
Top_markers added to HD
50k_Top
Top_markers added to 50k
Scenarios with only selected markers
Pval5
All variants that had a –log10(p) value higher than 5 from the metaGWAS analysis
Pval7
All variants that had a –log10(p) value higher than 7 form the metaGWAS analysis
COJO3
Variants selected using the following COJO model parameters
thresholds: conditional and joint p-value threshold (p) = 5e-3,
collinearity between selected SNPs = 0.9, window size = 10 Mb
COJO8
Variants selected using the following COJO model parameters
thresholds: conditional and joint p-value threshold (p) = 5e-8,
collinearity between selected SNPs = 0.9, window size = 10 Mb
Top_markers
The most significant variants identified in each defined QTL region
from the meta-GWAS analysis; only those that passed QC are
included here
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Table 2.2 Number of markers in each scenario and their mean minor allele frequency
in Dutch Holsteins (DH), New Zealand Holsteins (NZH) and New Zealand Jerseys (NZJ)
Scenario
Number of SNPs
Mean MAF
DH
NZH
NZJ
Scenarios with unselected markers
Full_seq
14,341,737
0.18
0.17
0.15
HD
583,078
0.27
0.28
0.24
50k
48,912
0.25
0.26
0.21
Scenarios with unselected + selected markers
HD_TOP
583,194
0.27
0.28
0.24
50k_TOP
49,045
0.25
0.25
0.21
Scenarios with only selected markers
Pval5
59,828
0.25
0.23
0.17
Pval7
23,125
0.24
0.23
0.17
COJO3
1570
0.18
0.17
0.13
COJO8
360
0.20
0.21
0.13
Top_markers
133
0.23
0.24
0.16
2.2.4 Proportion of genetic variance explained
In each scenario, a genomic relationship matrix (GRM) was calculated for all the
animals according to the first method of Vanraden (2008). This was done using
calc_grm (Calus 2013) as:
GRM =

ZZ′

,

2 ∑ pj (1−pj )

where pj is the frequency of the allele of marker j with the homozygous genotype
being coded as 2, and Z is the centred (Zij = Xij − 2pj ) genotype matrix. Xij is the

genotype of marker j for animal i, with the elements of Xij coded as 0, 1, 2. Using the

estimated GRM and the DRP of the reference animals as phenotypes, a genomic
restricted maximum likelihood (GREML) analysis was run in ASReml (Gilmour et al.
2009) to estimate the proportion of genetic variance captured by the markers in each
scenario. In the GREML model, deregressed EDC were used to scale the residual of
each animal in the model such that animals with a high deregressed EDC has
effectively a small residual. The weighting procedure is described in more detail
below in the genomic prediction sub-section. Normally, the residual variance
obtained from such analyses is defined for a weight of 1, but because the
deregressed EDC that were used as weights were considerably higher than 1, the
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resulting residual variances were inflated. To correct for this, we scaled the residual
variances by the mean of the deregressed EDC in the data (Garrick et al. 2009). For
example, if the mean of deregressed EDC in the data is 𝑘𝑘𝑘𝑘, we computed the
phenotypic variance as: 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(g) +
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(e) is the residual variance.

𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(e)
𝑘𝑘𝑘𝑘

, where 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(g) is the genetic variance and

2

2.2.5 Genomic prediction with variants in the different scenarios
For GP, the composition of reference and validation sets are in Table 2.3. Estimation
of GEBV and the proportion of genetic variance captured by markers as explained in
the previous section was carried out simultaneously using the same GRM, phenotype
data and model. A single-trait animal model was fitted in ASReml (Gilmour et al.
2009) as follows:
y = 1µ + Wg + e,

where y is a vector containing stature DRP for the reference set (missing for the
validation set), 1µ is the mean of the DRP, g is a vector of additive genetic effects for
all animals, W is the design matrix that links g to the DRP in y and e is a vector
containing the residuals. Both g and e are assumed to be normally distributed as g =
𝑁𝑁𝑁𝑁(0, GRMσ2g ) and e = 𝑁𝑁𝑁𝑁(0, Dσ2e ), where σ2g the genetic variance, σ2e the residual

variance and D is a diagonal matrix that contains the inverse of deregressed EDC,
which in this case were used as weights for the DRP in the model. We measured the
accuracy of GP as the correlation between the GEBV and the DRP of the validation
animals. The standard error (SE) of accuracy was calculated based on the sampling
variance of a correlation as SE =

1−𝑣𝑣𝑣𝑣 2

√𝑁𝑁𝑁𝑁−2

, where 𝑣𝑣𝑣𝑣 is the accuracy and 𝑁𝑁𝑁𝑁 is the sample

size (number of validation candidates).
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Table 2.3 Composition of reference and validation sets used in the study
Reference set (size)
Validation set (size)
New Zealand Holsteins (957) New Zealand Jerseys (595)
Dutch Holsteins (5,553)
New Zealand Jerseys (595)
New Zealand Holsteins (957)
Dutch Holsteins (5553)
Dutch Holsteins (5553)
New Zealand Holsteins (957)
New Zealand Jerseys (595)
Furthermore, prediction bias was assessed by regressing DRP of validation animals
on their GEBV. Stature is measured on a different scale in New Zealand and in the
Netherlands. As a result, the GEBV of the NZH and NZJ bulls that were obtained by
using a DH reference population will be on the DH scale, while their DRP are on a
different scale. To estimate the slope and intercept of regression, we rescaled the
DRP and GEBV so that they are on the same scale and expressed in their standard
deviation units as:
Scaled_DRP =

Scaled_GEBV =

1

(SDDRP )
1

������),
∗( DRP-DRP

�SDDRP_Ref �

∗ (GEBV),

where Scaled_DRP and Scaled_GEBV are the rescaled DRP and GEBV of the
validation animals, DRP is the DRP of the validation animals on their original scale,
SDDRP is the standard deviation of DRP and SDDRP_Ref is the standard deviation of
the DRP of reference population.

2.3 Results
2.3.1 Proportion of genetic variance explained
We estimated the proportion of genetic variance explained by markers in the
different scenarios. This was done separately for the DH, NZH and NZJ datasets and
the results are presented in Fig. 2.1. Across the three populations, the proportion of
genetic variance captured increases almost linearly with the number of markers up
to 50k. Above 50k, the proportion of genetic variance captured plateaus.
Consequently, using WGS markers did not lead to any significant gain in the
proportion of genetic variance explained compared to the lower density panels.

40

Utility of whole-genome sequence data for across-breed genomic prediction

Proportion of genetic variance explained
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Fig. 2.1 Proportion of genetic variance for stature explained by the different marker
sets in Dutch Holstein, New Holstein and New Zealand Jersey populations.
Except for the extreme cases of the Top-markers, COJO8 and COJO3 scenarios that
contained only 133, 360 and 1570 markers, respectively, the proportion of captured
genetic variance did not differ markedly between scenarios. With only 133 markers
that were identified as lead markers in a meta-GWAS analysis [18] and across the
three populations, 41 to 59% of the genetic variance was captured, which is more
than half of the genetic variance captured by the WGS data, which include
approximately 14 million markers (76 to 97%). Across all the scenarios, more genetic
variance was explained in the DH population followed by the NZH population. This
was expected, given that the DH bulls were included in the meta-GWAS that was
used to select the markers, whereas the New Zealand populations were not included.
Moreover, about 40% of the animals used for the meta-GWAS were Holsteins
whereas only about 5% of the animals were Jerseys from Australia. Another
important reason in this regard is the large size of the DH population compared to
those of NZH and NZJ.
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2.3.2 Accuracy of across-breed genomic prediction
Our main objective was to investigate how much gain in accuracy of genomic
prediction can be achieved across breed and across country by using WGS data
instead of the lower density marker panels. As presented in Table 2.4, using WGS
data did not lead to any gain in the accuracy of GP compared to using HD or 50k
markers. Accuracy of prediction was close to 0 (0.02 to 0.08) in the across-breed,
across-country (DH and NZJ) GP scenario. Similarly, accuracy of prediction obtained
using WGS data ranged from 0.06 to 0.09 in the across-breed but within-country
(NZH and NZJ) GP scenario. In the within-breed, across-country (NZH and DH) GP
scenario, accuracies of prediction were considerably higher, ranging from 0.41 to
0.51. However, even in this case the accuracies obtained using WGS data were lower
than those obtained using the 50k and HD marker panels.
The remaining scenarios, apart from those with WGS data which contained
unselected markers (50k and HD), also performed poorly in across-breed prediction
with accuracies ranging from -0.04 to 0.13. The top markers were subsequently
added to the 50k and HD markers to form new scenarios (50k_Top and HD_Top,
respectively). However, using the combined markers (50k_Top and HD_Top) in
across-breed GP resulted in low accuracies of prediction (-0.04 to 0.13), similar to
those obtained by using only the 50k and HD markers. Using the 50k_top and
HD_Top markers in within-breed GP, but across countries, also resulted in similar
accuracies as those obtained using only 50k and HD. Overall, adding the potentially
causal markers to the 50k and HD markers did not result in any gain in the accuracy
of GP.
The prior-selection of markers from WGS data, which was based on their potential
causal effect, and the benefit of using such markers for across-breed GP were also
investigated in this study. Accuracies of across-breed prediction obtained by using
the pval5 markers ranged from 0.14 to 0.32, whereas accuracies obtained with the
pval7 markers ranged from 0.07 to 0.35. Accuracies of prediction using the Pval5 and
Pval7 markers are already 3 to 4 times higher than those obtained using WGS data
although they contained only very small fractions of the number of markers that are
in WGS data. In the within-breed, across-country GP scenario, we also observed a
slight increase in the accuracy of GP using pval5 and pval7 markers compared to all
the scenarios with unselected markers.
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0.43
0.43
0.52
0.46
0.45
0.47
0.41
0.01

Scenarios with unselected markers + selected markers (number of markers)
HD_Top (583,194
0.10
0.05
0.07
-0.04
50k_Top (49,045)
0.07
0.06
0.13
-0.03

Scenarios with only selected markers (number of markers)
Pval5 (59,828)
0.19
0.19
0.14
Pval7 (23,125)
0.01
0.15
0.07
COJO3 (1570)
0.20
0.22
0.14
COJO8 (360)
0.21
0.25
0.16
Top_markers (133)
0.23
0.18
0.08
SE*
0.04
0.01
0.04

0.58
0.47
0.52
0.44
0.47
0.01

0.55
0.53

0.51
0.55
0.52

The populations are Dutch Holsteins (DH), New Zealand Holsteins (NZH) and New Zealand Jerseys (NZJ). *SE: Standard error of
estimates.

0.32
0.35
0.31
0.18
0.27
0.03

0.41
0.43
0.42

0.06
-0.04
-0.04

Scenarios with unselected markers (number of markers)
Full_seq (14,341,737) 0.08
0.02
0.09
HD (583,078)
0.10
0.05
0.07
50k (48,912)
0.06
0.05
0.13

Table 2.4 Accuracies of prediction for all prediction scenarios in the study
Across-breed, across-country Across-breed, within-country Within-breed, across-country
Reference
DH
NZJ
NZH
NZJ
NZH
DH
Validation
NZJ
DH
NZJ
NZH
DH
NZH
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One can argue that selecting markers purely on significance in a GWAS is naive, in
the sense that some of these markers are selected simply because they are in LD
with causal mutations and that they provide redundant information in GP. It was for
this reason that we performed forward marker selection to limit the effect of LD,
thus resulting in the COJO3 and COJO8 scenarios. The COJO scenario contained
independently significant markers from the meta-GWAS at a significance level of 5e3 for COJO3 and 5e-8 for COJO8. Accuracy of across-breed prediction using the
markers in the COJO3 scenario ranged from 0.14 to 0.31, whereas that in the COJO8
scenario ranged from 0.16 to 0.25. This indicates that the COJO scenarios have about
the same level of accuracy as the Pval scenarios, in spite of having fewer markers.
The accuracy of across-breed prediction using only the 133 top markers from the
meta-GWAS ranged from 0.08 to 0.27, which for some across-breed prediction
scenarios (NZJ as reference population or DH as reference population to predict
GEBV for NZJ) is approximately 3 times higher than the accuracy obtained using WGS
data.
2.3.3 Prediction bias
In this study, we assessed prediction bias based on the slope of regression when the
DRP of the validation animals were regressed onto their GEBV; the results are in
Table 2.5. For across-breed, across-country GP, the slope ranged from 0.01 to 0.81,
and there was no apparent difference between the scenarios with selected and
unselected markers sets. For across-breed, within-country GP, predictions were also
biased. GEBV for the NZJ predicted from the NZH were underestimated, whereas
GEBV for the NZH predicted from the NZJ were overestimated. Exceptions were the
scenarios HD, HD_Top, 50k and 50k_Top, which all had negative slopes, although
these estimates had high standard errors and were not significantly different from
zero. These scenarios using unselected marker sets, also had close to zero (and
slightly negative) prediction accuracies (Table 4). For within-breed, across-country
GP, when DH was used as reference population to predict GEBV for NZH, slopes
deviated more from 1 in the scenarios with pre-selected markers (0.55 to 0.72) than
those with unselected markers (0.77 to 0.85). When GEBV for DH were predicted
from NZH, the use of pre-selected markers or unselected markers made a difference
in either over- or under-predicting the breeding values.
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Table 2.5 Intercept and slope of regression when deregressed breeding values of
validation animals were regressed onto their predicted genomic breeding values.
The populations are Dutch Holsteins (DH), New Zealand Holsteins (NZH) and New
Zealand Jerseys (NZJ). Standard errors for the slopes are given in parentheses.
Across-breed, across-country
Scenarios
DH reference, NZJ validation
NZJ reference, DH validation
Intercept
Slope
Intercept
Slope
Full_seq
0.28
0.38 (0.20)
-0.01
0.36 (0.22)
HD
0.39
0.41 (0.16)
-0.02
0.73 (0.20)
50k
0.24
0.20 (0.14)
-0.01
0.63 (0.16)
HD_Top
0.39
0.41 (0.16)
-0.02
0.74 (0.20)
50k_Top
0.28
0.23 (0.13)
-0.02
0.73 (0.16)
Pval5
0.30
0.36 (0.08)
-0.03
0.59 (0.04)
Pval7
0.01
0.01 (0.06)
-0.04
0.42 (0.03)
COJO3
0.40
0.35 (0.07)
-0.05
0.71 (0.04)
COJO8
0.13
0.40 (0.07)
-0.03
0.81 (0.04)
Top_markers
0.46
0.43 (0.08)
-0.06
0.48 (0.03)
Across-breed, within-country
Scenarios
NZH reference, NZJ validation
NZJ reference, NZH validation
Intercept
Slope
Intercept
Slope
Full_seq
0.37
1.17 (0.01)
-0.04
0.87 (0.47)
HD
0.47
1.17 (0.01)
0.02
-0.58 (0.43)
50k
0.45
1.17 (0.01)
0.02
-0.43 (0.36)
HD_Top
0.47
1.17 (0.01)
0.02
-0.57 (0.43)
50k_Top
0.46
1.19 (0.01)
0.02
-0.33 (0.36)
Pval5
0.32
1.19 (0.02)
0.01
0.90 (0.08)
Pval7
0.40
1.16 (0.03)
0.05
0.87 (0.07)
COJO3
0.52
1.20 (0.02)
0.05
0.89 (0.09)
COJO8
0.54
1.13 (0.03)
0.00
0.56 (0.10)
Top_markers
0.51
1.02 (0.04)
0.03
0.70 (0.08)
Within-breed, across-country
Scenarios
DH reference, NZH validation
NZH reference, DH validation
Intercept
Slope
Intercept
Slope
Full_seq
HD
50k
HD_Top

0.45
0.40
0.36
0.40

0.85 (0.04)
0.81 (0.04)
0.77 (0.04)
0.81 (0.04)

-0.24
-0.27
-0.27
-0.27

1.16 (0.03)
1.17 (0.03)
1.13 (0.03)
1.17 (0.03)
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50k_Top
Pval5
Pval7
COJO3
COJO8
Top_markers

0.38
0.47
0.24
0.44
0.33
0.47

0.78 (0.04)
0.72 (0.03)
0.55 (0.03)
0.64 (0.03)
0.55 (0.04)
0.69 (0.04)

-0.27
-0.27
-0.27
-0.22
-0.22
-0.16

1.14 (0.03)
1.09 (0.02)
0.98 (0.03)
0.91 (0.02)
0.91 (0.02)
0.74 (0.02)

2.4 Discussion
The objective of this study was to investigate the potential gain in accuracy of acrossbreed prediction when WGS data are used instead of lower density marker panels.
Our results showed that simply increasing the number of markers up to WGS does
not result in an increased accuracy of across-breed prediction and that, in some
cases, it can even result in lower accuracies compared to when 50k or HD marker
panels are used. These results are in agreement with previous studies that showed
no added benefit of using WGS data for GP (e.g. Ober et al. 2012; Hayes et al. 2014;
Van Binsbergen et al. 2015; Calus et al. 2016b), although in these studies, GP was
carried out within breed.
One of the explanations for the low accuracy of across-breed GP is the inconsistency
of LD between markers and causal mutations across breeds (Meuwissen et al. 2001).
On the one hand, this challenge can be circumvented by simply increasing the
number of markers up to the point that each causal locus is in LD with at least one
marker across breeds. For example, in cattle it was shown that about 300,000 SNPs
are sufficient to ensure the consistency of LD phase across breeds (De Roos et al.
2008), which is far less than the 14 million markers that we used in this study. On the
other hand, increasing the number of markers up to WGS increases the chance that
causal mutations are in LD with a large number of non-causal markers, even across
breeds. Thus, the effect of the causal markers are picked up by a linear combination
of many other non-causal markers, with which the causal markers are in LD. In other
words, with a GREML model, the effect of the causal markers is shrinked towards the
mean to obtain a uniform distribution of marker effects, as is the assumption in the
infinitesimal model. As a result, the model is not able to pinpoint appropriately the
true effect of the causal markers across breeds, thereby resulting in low accuracies
of prediction.
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Another possible explanation for our result, which was also put forward by Wientjes
et al. (2015), is that the accuracy of estimating marker effects is low. The low
accuracy of estimating marker effects can be due to differences in allele substitution
effects at the causal loci between the breeds (Spelman et al. 2002), resulting from
differences in genetic background, differences in MAF between breeds, possible
gene-by-environment interactions, different contributions of non-additive gene
effects and the limited size of available data. The differences in allele substitution
effects at the causal loci reflect the genetic correlation between breeds (Bohren et
al. 1966; Falconer and Mackay 1996), which in theory sets an upper limit for the
accuracy of across-breed GP. Although the low accuracies that we observed for
across-breed prediction might have been exacerbated by the low accuracies of
estimating marker effects, we believe that another major underlying reason is the
increased model complexity and over-parameterization that comes along with the
use of WGS data in GP.

2

In this study, we investigated the effect of prior selection of markers from a metaGWAS study on the accuracy of across-breed GP. Our results clearly demonstrated
that when markers in the WGS data are selected a priori based on their potential
causal effect and that the potentially non-causal marker are excluded, the accuracy
of across-breed prediction can be increased significantly. We believe that the noncausal markers in WGS data exhibit some kind of dilution effect on the accuracy of
genomic prediction. Although a slight dilution effect of non-causal markers was
noted for within-breed, across-country GP i.e., when we used DH to predict NZH and
the other way round, this effect was more pronounced in an across-breed GP
scenario. A possible explanation is that within breeds, LD extends over long
distances, which increases the chance that every marker in the dataset is in LD with
a causal locus and with other markers in LD with the same causal locus. Thus, many
of the markers, although having no causal effect on their own, still have an
explanatory value due to LD. However, LD between markers and causal loci across
breeds is conserved only across short distances (De Roos et al. 2008). This means
that across breeds, there are probably many markers that are not linked to any
causal locus, and have different LD patterns in different breeds, which in a way make
them serve as sources of noise and dilution factors in across-breed GP. The
proportion of these ‘lone standing’ markers and the corresponding noise effect
increase when for example instead of 50k or HD marker panels, WGS data are used
for GP across distantly related breeds. Our results agree completely with those of
Van Den Berg et al. (2016) who found in their simulation studies that GP using
markers that are in LD with causal loci was more accurate than when all markers
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(both those in LD with causal loci and those that are not) were used together. Similar
results were obtained Brøndum et al. (2014). We have empirically shown that there
is a good prospect for the use of WGS data in across-breed GP, provided the
potentially causal markers in such data are accurately identified and used for
prediction.
In this study, we benefitted from the results of a very powerful meta-GWAS
(Bouwman et al. 2018). Thus, there is a high level of confidence that the pre-selected
markers from the meta-GWAS either are the causal variants themselves or are in
high LD with the causal variants. This explains the significant improvement in
accuracies of across-breed GP resulting from the use of pre-selected markers
compared to the use of unselected marker sets (Table 4). Such a powerful metaGWAS for pre-selection of markers is currently rather unique, hence pre-selection of
markers for other traits is not a trivial task. Other ways to pre-select markers from
whole-genome sequence based on their significance for the trait of interest include
GWAS using (a subset of) the reference population or variable selection models.
Performing a GWAS using data on the reference population and using preselected
markers based on their significance from the GWAS for GP in the same population
was shown to be less optimal than using unselected markers sets for GP (Veerkamp
et al. 2016). In their study, Veerkamp et al. (2016) found that the use of pre-selected
markers from a GWAS for GP in the same population than that used for the GWAS
resulted in lower accuracy of prediction and increased prediction bias compared to
the use of unselected marker sets. If the use of such pre-selected markers results in
decreased accuracy of within-breed prediction, the expectation is that using such
markers for across-breed GP will result in little to no benefit, given that there may
be differences in the properties of the markers across breeds.
In theory, similar or better prediction accuracies than those reported in this study
can be obtained if data on all the individuals in the meta-GWAS are available, and if
they are combined in a single multi-breed reference population to predict the GEBV
of validation animals, using a Bayesian variable selection model. There are, however,
two major limitations to this approach, the first being the willingness of all parties
involved to share both phenotype and genotype data. In the meta-GWAS, this
limitation was non-existent because the partners in the consortium shared only the
summary level results of their ‘in-house’ GWAS (Bouwman et al. 2018) and did not
have to share their phenotype or genotype data. Second, implementing a Bayesian
variable selection model with 58,265 individuals all of which have WGS data is
computationally not practical (e.g. Van Binsbergen et al. 2015; Calus et al. 2016b).
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Alternatively, a Bayesian variable selection model can be used to analyse the WGS
data of the reference population in this study and the results could be applied for
across-breed GP. However, with Bayesian variable selection models, like most other
models, inference about marker effects or variances depends highly on sample size
(Gianola et al. 2009; Habier et al. 2011) i.e., the size of the reference population. In
that sense, the inferential power or accuracy of a Bayesian variable selection model
using a training population of at most 5,553 individuals is expected to be much lower
compared than that of a meta-GWAS carried out using 58,265 individuals with WGS.
Moreover, with a single breed reference population, strong family relationships and
long stretches of LD can hinder the accurate pinpointing of the causal regions
underlying complex traits, irrespective of the type of model applied (e.g. Habier et
al. 2007; Habier et al. 2010; Calus et al. 2016b). For example, Habier et al. (2007)
showed that, in the presence of LD, prediction accuracies obtained using different
models including BayesB decayed rapidly across generations. If the argument holds
that such a decay in accuracy is a result of differences in LD patterns across
generations, then difference in LD patterns across breeds will hinder the accurate
prediction of GEBV across breeds using a single breed reference population, even
with a Bayesian variable selection model.

2

In GP, prediction bias is commonly estimated as the regression coefficient (β) when
DRP of validation animals are regressed onto their GEBV. The expectation of 1 for β
does not hold in an across-breed GP scenario, mainly because the prediction model
does not take all the uncertainty into account i.e. differences in LD phase between
breeds and differences in allele substitution effect at the causal locus (genetic
correlation less than 1) between breeds (Van Den Berg et al. 2016). When markers
are in high LD with causal mutations within the reference population, their estimated
effects are likely to be close to the true effect of the causal loci, at least proportional
to the extent of LD with the causal loci (Zhu et al. 2015). However, if the LD between
these markers and the causal mutation does not hold across breeds, then these
markers lose their effect across breeds. This loss in the effect of markers across
breeds is not accounted for in the prediction model and therefore can result in the
inflation of the variance of GEBV of the validation animals (Wientjes et al. 2016) and
thus in lower slope values, as observed in most of the scenarios in our study (Table
2.5).
The DH population used in our study was included in the meta-GWAS that was used
to pre-select the markers. When the DH population was used as a reference
population to predict the GEBV of another Holstein population (NZH), predictions
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were more biased downwards in the scenarios with pre-selected markers than in the
scenarios with unselected markers. One of the reasons for this might be that the
markers are discovered in (partly) the same population as the one used to train the
effects of the markers for GP, resulting in an overestimation of the effects of the
markers and consequently of the variance of GEBV, a phenomenon commonly
referred to as the “Beavis effect” (Xu 2003). For example, the variance of the GEBV
estimated by using WGS data was equal to 0.36, while it was 0.46 when the preselected top-markers were used instead. Moreover, the DH and NZH populations are
related, since some of the DH individuals were used as sires for the NZH population.
Therefore, using DH as a reference population to predict the GEBV of NZH could have
resulted in prediction error covariance between the DRP and GEBV of the validation
animals (Wray et al. 2013), hence the biased predictions. Veerkamp et al. (2016) also
showed that predictions were more biased when they used pre-selected markers
from WGS data based on the result of a GWAS, than when unselected marker sets
were used. Moreover, in their study, the discovery (GWAS) population was the same
as the reference population used for GP.
When GEBV are estimated with low accuracy, they are strongly regressed towards
the mean, resulting in a narrow range of values for GEBV, which means that the slope
of regression (bias) becomes very sensitive to even slight changes in GEBV between
scenarios. For example, when the numerically small NZJ population was used as a
reference population to predict GEBV for NZH, the slope of regression drastically
changed from 0.87 in Full_seq to -0.58 in HD. These scenarios have very low
prediction accuracies (Table 4) and very narrow ranges of values for GEBV (-0.22 to
0.26 for Full_seq and -0.26 to 0.29 for HD). Because the DRP remained the same
between the scenarios (-3.37 to 3.2), only a slight change in GEBV between these
scenarios could have resulted in such a huge difference in the estimated slope,
accompanied by high standard errors (Table 2.5).
With higher accuracies, for example in the scenarios with pre-selected markers, the
GEBV become less regressed to the mean compared to the scenarios with very low
prediction accuracies. For example, GEBV ranged from -1.26 to 1.33 when using the
Top-markers and from -1.1 to 1.1 when using the COJO8 markers. As a result, the
slopes are estimated more precisely in these scenarios, i.e., with low standard errors
and the slopes do not change drastically between the scenarios (Table 5). An
important message from our results is that expectation for the bias is not 1, when
across-breed differences are not properly accounted for, especially when a
numerically small reference population is used. Furthermore, with low accuracies of
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across-breed prediction, the range of GEBV for the validation animals becomes very
small due to shrinkage to the mean, and estimated bias in such cases can be very
unreliable, since they are estimated with high standard errors.

2

2.5 Conclusions
The use of whole-genome sequence data holds the potential to increase the accuracy
of across-breed GP because it is expected to contain all the causal mutations that
underlie the traits of interest. Contrary to common belief (e.g. Meuwissen and
Goddard 2010; Macleod et al. 2014), our results showed that simply using all markers
in the WGS data in a linear GREML model results in a very low accuracy of acrossbreed GP. In addition to possible differences in allele substitution effects at the
causal loci between breeds, this could be due to the increased model complexity and
over-parameterization that accompany the use of WGS data. Furthermore, the
results of this study showed that the problem of over-parametrization can be
avoided partly by prior selection of markers in WGS data to contain only those with
a potential causal effect. This approach enables the model to focus directly on the
important regions and can result in an increase in accuracy of across-breed
prediction that is more than twice that obtained by using 50k and HD marker panels
or unselected WGS data. However, for some scenarios in our study, accuracies of
prediction were still low even when doubled by the use of pre-selected markers
instead of WGS.
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Abstract

Background: Genomic prediction (GP) accuracy in numerically small breeds is limited
by the small size of the reference population. Our objective was to test a multi-breed
multiple genomic relationship matrices (GRM) GP model (MBMG) that weighs preselected markers separately, uses the remaining markers to explain the remaining
genetic variance that can be explained by markers, and weighs information of breeds
in the reference population by their genetic correlation with the validation breed.

Methods: Genotype and phenotype data were used on 595 Jersey bulls from New
Zealand and 5,503 Holstein bulls from the Netherlands, all with deregressed proofs
for stature. Different sets of markers were used, containing either pre-selected
markers from a meta-genome-wide association analysis (GWAS) on stature,
remaining markers or both. We implemented a multi-breed bivariate GREML model
in which we fitted either a single multi-breed GRM (MBSG), or two distinct multibreed GRM (MBMG), one made with pre-selected markers and the other with
remaining markers. Accuracies of predicting stature for Jersey individuals using the
multi-breed models (Holstein and Jersey combined reference population) was
compared to those obtained using either the Jersey (within-breed) or Holstein
(across-breed) reference population. All the models were subsequently fitted in the
analysis of simulated phenotypes, with a simulated genetic correlation between
breeds of 1, 0.5, and 0.25.
Results: The MBMG model always gave better prediction accuracies for stature
compared to MBSG, within-, and across-breed GP models. For example, with MBSG,
accuracies obtained by fitting 48,912 unselected markers (0.43), 357 pre-selected
markers (0.38) or a combination of both (0.43), were lower than accuracies obtained
by fitting pre-selected and unselected markers in separate GRM in MBMG (0.49).
This improvement was further confirmed by results from a simulation study, with
MBMG performing on average 23% better than MBSG with all markers fitted.
Conclusions: With the MBMG model, it is possible to use information from
numerically large breeds to improve prediction accuracy of numerically small breeds.
The superiority of MBMG is mainly due to its ability to use information on preselected markers, explain the remaining genetic variance and weigh information
from a different breed by the genetic correlation between breeds.
Key words: multi-breed genomic prediction, marker pre-selection, cattle, stature,
multiple genomic relationship matrices.
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3.1 Background
The accuracy of genomic prediction (GP) depends on the size of the reference
population. Therefore, accuracy of GP is limited in numerically small populations
(e.g. Vanraden 2008; Goddard 2009). Potentially, information from numerically
larger breeds can be used to predict genomic breeding values (GEBV) of animals in
numerically small breeds, through a method called across-breed GP. However, in
practice, it has been shown that across-breed GP does not result in significant
improvement in prediction accuracy, as compared with within-breed GP (e.g. Hayes
et al. 2009; Erbe et al. 2012; Kachman et al. 2013; Calus et al. 2014). In some cases,
across-breed GP can result even in negative prediction accuracies (e.g. Hayes et al.
2009; Calus et al. 2014). One of the suggested reasons for poor prediction accuracies
across breeds is that breeds differ in patterns of linkage disequilibrium (LD) between
quantitative trait loci (QTL) and markers. Some studies suggested that increasing
marker density, increases the probability that some of the markers are close to the
QTL and have a consistent LD across breeds. Therefore, GP across breeds is expected
to improve with increasing marker density (De Roos et al. 2008; Kizilkaya et al. 2010).
In contrast to these expectations, Van Den Berg et al. (2016a) and Raymond et al.
(2018) showed that simply increasing the density of markers up to whole-genome
sequence does not improve accuracy of GP across breeds.
As an alternative to a simple increase in marker density, some studies suggested that
across-breed prediction should be based on the QTL themselves, excluding potential
non-causal markers (e.g. Boichard et al. 2012; Hoze et al. 2014). While the use of
pre-selected markers or known QTL has been shown to significantly increase the
accuracy of across-breed GP (Van Den Berg et al. 2016a), the magnitude of the
increase in accuracy depends on the similarity of the effects of true QTL between the
breeds (Wientjes et al. 2015a; Brown 2016). This similarity can be measured by the
genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between breeds (Fisher 1919; Falconer 1952), that can be
estimated using a multi-breed genomic relationship matrix (GRM) (Wientjes et al.
2017; Wientjes et al. 2018). Accurately pinpointing QTL in the genome is often not
trivial, and in most cases, the identified QTL explain only a fraction of the total
genetic variance for the traits of interest.
Our hypothesis is that the accuracy of GP in numerically small breeds can be
improved using a model that uses all available markers, but weighs markers that
have a significant effect on the trait differently from other markers. The model must
also account for the 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between breeds in the reference and validation breeds, and
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use it to weigh the contributions of the breeds in the reference population to predict
the breeding values for individuals from the breed of interest (Wientjes et al. 2017).
The objective of this study was to test a multi-breed multi-GRM model (MBMG) that
weighs pre-selected significant markers separately from unselected markers, uses
unselected markers to explain the remaining genetic variance that can be explained
by markers (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 ), and weighs the information of breeds in the reference
population by the genetic correlation between the reference and target breeds. To
validate the performance of MBMG model in the analysis of real phenotypes, we also
implemented the model for the analysis of simulated phenotypes.

3.2 Methods
3.2.1 Genotype data
For this study, we used data on 595 New Zealand Jersey bulls (NZJ) and 5,503 Dutch
Holstein bulls (DH), all of which had genotypes for single nucleotide polymorphisms
(SNPs) on the Illumina Bovine snp50 beadchip (Illumina Inc., San Diego, CA, USA) with
48,912 SNPs remaining after quality control. These SNPs had at least ten copies of
the minor allele in each of the considered populations. In a combined dataset of the
DH and NZJ bulls, minor allelic frequencies (MAF) ranged from 0.009 to 0.5. This SNP
set will be referred to as 50k. We used two additional sets of SNPs that were preselected based on their significance for stature in a meta-genome-wide association
analysis (GWAS) analysis using imputed whole-genome sequence (Bouwman et al.
2018). This meta-GWAS was performed on 17 populations from different countries,
comprising eight breeds, including Holstein and Jersey. The DH population was
included in the meta-GWAS, whereas the NZJ population was not included. The
meta-GWAS across the populations identified 24,230 genome-wide significant (p <
5×10e-8) SNPs in 163 distinct QTL regions spread across 27 autosomes. The first set
of pre-selected SNPs were the so-called TOP SNPs, which showed the highest level
of significance in each of the 163 QTL regions identified in the meta-GWAS analysis.
These TOP SNPs accounted for 13.8% of the phenotypic variance for stature in the
meta-GWAS. In our study, some of the TOP SNPs had either a very low MAF or
segregated only in one of the two breeds and thus, after quality control, only 133 of
these TOP SNPs remained. The second set of pre-selected SNPs were the COJO8
SNPs, which were those that showed independent significant effects (p < 10e-8) in
the meta-GWAS study. We selected these SNPs using the conditional and joint effect
analysis as described in Yang et al. (2012) and implemented in the GCTA software
(Yang et al. 2011). From the 24,230 significant SNPs in the meta-GWAS, 357 COJO8
SNPs were selected. TOP and COJO8 SNPs were selected from imputed whole-
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genome sequence data, and the 50k SNP set used for our analyses did not contain
any TOP or COJO8 SNPs. Sixty-five SNPs overlapped between the COJO8 and TOP
SNPs.
For the analysis using real phenotypes, 50k, TOP and COJO8 SNP sets were each
fitted, one at a time, with a separate single GRM fitted in the prediction model. SNP
sets were evaluated in terms of the estimated genetic parameters and prediction
accuracy for stature. Furthermore, the TOP SNPs were combined with the 50k SNPs
into a single set (50k+TOP), and the 50k+COJO8 SNP set was a combination of COJO8
and 50k SNPs. These combined sets; 50k+TOP and 50k+COJO8, were fitted via one
GRM matrix and evaluated for the estimated genetic parameters and prediction
accuracy for stature.
3.2.2 Empirical phenotypes
For the analysis of real phenotypes, estimated breeding values (EBV) for stature and
the effective daughter contributions (EDC), which were the number of daughters on
which the EBV were based, were available for all 595 NZJ and 5503 DH bulls. Data
were provided by CRV BV (Cooperative Cattle Improvement Organization, Arnhem,
the Netherlands). EBV and EDC for stature for all bulls were deregressed to obtain
deregressed proofs (DRP) and deregressed effective daughter contributions (dEDC),
respectively, according to Calus et al. (2016). To obtain DRP, the deregression
procedure, called matrix deregression, corrects for the contribution of information
on parents, which also includes information on sibs, to an individual’s EBV. Similarly,
dEDC were obtained by removing any EDC that are contributed by relatives in the
dataset. The dEDC were used as weights for the DRP in subsequent analyses. Mean
dEDC were equal to 52 for DH and 17 for NZJ. In the meta-GWAS (Bouwman et al.
2018), 3047 Jerseys from Australia were included. However, Australia and New
Zealand do not have a joint genetic evaluation procedure for Jerseys, thus, the DRP
of the NZJ bulls do not depend on information that went into the meta-GWAS.
3.2.3 Simulated phenotypes
To validate the performance of the MBMG model in terms of prediction accuracy
and genetic parameter estimation, we also performed a simulation study.
Phenotypes for all 595 NZJ and 5,503 DH were simulated, using the real genotypes
for 49,045 SNPs (50k and TOP SNPs combined) in both breeds. A quantitative trait
with a heritability (ℎ2 ) of 0.8 in both breeds was simulated. The TOP SNPs (n = 133)
and 150 randomly selected SNPs were assumed to be causal in both breeds. Allele
substitution effects of the causal SNPs were sampled from a bi-variate normal
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distribution with a mean of 0, a variance of 1, and a correlation of 1, 0.5 and 0.25
between the breeds. Allele substitution effects were sampled independently from
the allele frequency of causal SNPs. Therefore, the correlation between allele
substitution effects was similar to the correlation between breeding values for
performance in DH and NZJ, which is defined as the genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between
DH and NZJ. In both breeds, a true breeding value (TBV) for individual 𝑖𝑖𝑖𝑖 was
calculated as ∑(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖,𝑗𝑗𝑗𝑗 ∗ 𝑎𝑎𝑎𝑎𝑗𝑗𝑗𝑗 ), where 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖,𝑗𝑗𝑗𝑗 is the genotype of individual 𝑖𝑖𝑖𝑖 at causal locus 𝑗𝑗𝑗𝑗
(coded as 0, 1, 2), and 𝑎𝑎𝑎𝑎𝑗𝑗𝑗𝑗 is the allele substitution effect of causal variant 𝑗𝑗𝑗𝑗. The
corresponding phenotype was computed as TBV𝑖𝑖𝑖𝑖 + 𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 , where 𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 is the residual effect
of individual 𝑖𝑖𝑖𝑖, sampled from a standard normal distribution with a mean of 0 and a
variance equal to 𝜎𝜎𝜎𝜎𝑎𝑎𝑎𝑎2𝑘𝑘𝑘𝑘 ∗ �

1

ℎ2

− 1�, where 𝜎𝜎𝜎𝜎𝑎𝑎𝑎𝑎2𝑘𝑘𝑘𝑘 is the genetic variance of TBV for breed

𝑘𝑘𝑘𝑘. Simulation of phenotypes was carried out in R (R Core Team 2013) and was
replicated 100 times.

For the analysis of simulated phenotypes, the following SNP sets were selected:
ALL (49,045 SNPs): we considered this set of SNPs to be the default set, which
included 283 causal and 48,762 non-causal SNPs.
50k (48,912 SNPs): this set included the 150 randomly selected causal and 48,762
non-causal SNPs.
TOP (133 SNPs): this set consisted of the 133 causal SNPs that were the TOP SNPs in
the empirical analysis, which were identified in the meta-GWAS analysis.
TOP+RN (283 SNPs): this set included 133 TOP SNPs and 150 additional randomly
selected non-causal SNPs that represented random noise (RN).
CAUSAL (283 SNPs): this set consisted of all the 283 causal SNPs used in this study.
NON CAUSAL (48,762 SNPs): this set consisted of all non-causal SNPs.
3.2.4 Statistical models
For both the empirical analysis and simulation, multi-breed GRM were calculated for
all SNP sets according to the method proposed by Wientjes et al. (Wientjes et al.
2017) as:
Z

Z′

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
⎡
∑ 2𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷�1−𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 �
⎢
GRM = ⎢
Z𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 Z′𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
⎢
⎣�∑ 2𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷�1−𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷��∑ 2𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷 �1−𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷�
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⎤

�∑ 2𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷�1−𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷��∑ 2𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷�1−𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷�⎥
Z𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 Z′𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

∑ 2𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷�1−𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷�

⎥,
⎥
⎦
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where Z𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 and Z𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 are matrices containing centred genotype codes for all
individuals from DH and NZJ populations, respectively, which were centred with
breed-specific allele frequencies for all loci, 𝑝𝑝𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 is the allele frequency for locus 𝑗𝑗𝑗𝑗 in
the DH population and 𝑝𝑝𝑝𝑝𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑗𝑗𝑗𝑗 is the allele frequency for locus 𝑗𝑗𝑗𝑗 in the NZJ population.
Two types of bivariate GREML models were implemented in the MTG2 (Lee and Van
Der Werf 2016) software using the calculated GRM and phenotypes.
3.2.4.1 MBSG model
This model is a bivariate, multi-breed, single GRM (MBSG) model. The bivariate
model considers the phenotypes of DH and NZJ for the same trait as those from two
different correlated traits and uses one GRM combining all markers. The model was
as follows:
y𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
�y � = � 0
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

0

1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

𝜇𝜇𝜇𝜇𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
W𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
� �𝜇𝜇𝜇𝜇 � + � 0
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

g 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
e𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
0
�
�
�
+
�
�,
g
e
W𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

where y is a vector of phenotypes, 𝜇𝜇𝜇𝜇 is the trait mean, W is an incidence matrix
linking observations in y to genetic effects in g, and e is the residual. Genetic effects
g 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
were assumed to be normally distributed as �g � ~𝑁𝑁𝑁𝑁(0, K ⊗ GRM) and K =
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
�
�, where 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 and 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 are genetic variances in DH and NZJ
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

populations, respectively, and 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 is the genetic covariance between the

breeds. The GRM fitted in this model were those computed based on SNPs in the
50k, TOP, COJO8, 50k+TOP and 50k+COJO8 sets for the empirical analysis. For the
simulated scenarios, GRM based on 50k, TOP, TOP+RN, CAUSAL, NON CAUSAL and
ALL sets were fitted.

3.2.4.2 MBMG model
This model is a bivariate, multi-breed, multi-GRM (MBMG) model and is an extension
of MBSG, in which instead of a single multi-breed GRM, two separate multi-breed
GRM (formed from two different marker sets) were fitted simultaneously. The model
was as follows:
y𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
1
�y � = �
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
0
e𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
�e �,
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

W1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
0 𝜇𝜇𝜇𝜇𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
��
�+� 0
1 𝜇𝜇𝜇𝜇𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

0

W1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

g1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
W2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
� �g
�+� 0
1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

0

W2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁J

g 2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
� �g
�+
2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
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where subscripts 1 and 2 represents the first and second GRM fitted in the model,
respectively, W1 and W2 are identical incidence matrices linking observations in y to
the two genetic effects, g1 and g 2 . Here, genetic effects were also assumed to be
normally distributed as:
g 2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
g1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
� ~𝑁𝑁𝑁𝑁(0, K1 ⊗ GRM1), �g
� ~𝑁𝑁𝑁𝑁(0, K 2 ⊗ GRM2),
�g
1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔21𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔22𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
with K1 = �
�
and
K
=
�
�.
2
2
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔22𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

For the empirical analysis, the sets of GRM fitted together in the MBMG model were
50k and TOP, 50k and COJO8. For the simulation analysis, the sets of GRM fitted
together were TOP and 50k, TOP and NON CAUSAL, CAUSAL and NON CAUSAL.

For both the MBSG and MBMG models, residual terms were assumed to be normally
distributed as e~𝑁𝑁𝑁𝑁(O, D𝜎𝜎𝜎𝜎 2 𝑒𝑒𝑒𝑒 ) in the empirical analysis, where 𝜎𝜎𝜎𝜎 2 𝑒𝑒𝑒𝑒 is the residual
variance and D is a diagonal matrix that contains the inverse of dEDC, which were
used as weights for the DRP. The dEDC in D were used to scale the residual of the
animals in the model, such that animals with a high dEDC have effectively a small
residual. For the analysis using simulated phenotypes, we assumed e~𝑁𝑁𝑁𝑁(O, I𝜎𝜎𝜎𝜎 2 𝑒𝑒𝑒𝑒 )
where I is an identity matrix.

For the multi-breed GP models described above, the reference population contained
both DH and a subset (n = 476) of NZJ bulls. NZJ bulls were always used as validation
individuals using 5-fold cross-validation, where the NZJ bulls were randomly split into
five sets of 119 individuals. The same validation sets were used for both the analyses
using real and simulated data. The GEBV of bulls in a particular validation set were
estimated based on the model obtained from the rest of the data, i.e. phenotypes of
all DH bulls and the remaining 476 NZJ bulls. This was repeated five times (once for
each validation set). In all models, accuracy of prediction was computed as the
correlation between the GEBV of NZJ bulls in each validation set and their TBV, which
in the analysis using real data were approximated by the DRP. The mean correlation
across the five validation sets was used as the prediction accuracy.
To assess the benefit of combining both breeds in the reference population
compared to only a single breed in the reference population, we implemented
alternative models to MBSG and MBMG in which only DH (across-breed) or only NZJ
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(within-breed) bulls were included in the reference population. The single-breed
equivalent to MBSG was:
y = 1µ + Wg + e,

where y is a vector of phenotypes for either DH (across-breed), in which case the
model is referred to as across-breed, single-GRM (ABSG), or NZJ (within-breed), in
which case the model is referred to as within-breed, single-GRM (WBSG). All other
model parameters are as described under MBSG. The single-breed equivalent to
MBMG was:
y = 1µ + W1 g1 + W2 g 2 + e,

where y is a vector of phenotypes for either DH (across-breed), in which case the
model is referred to as across-breed, multiple-GRM (ABMG), or NZJ (within-breed),
in which case the model is referred to as within-breed, multiple-GRM (WBMG). All
other model parameters are as described under MBMG.
The models ABSG, ABMG, WBSG, and WBMG were fitted using both real and
simulated phenotypes and NZJ bulls were the validation candidates. In the analyses
of real data, the calculated accuracies of prediction, which were the correlations
between DRP and GEBV, were scaled by the mean accuracy of the DRP. The dEDC for
all NZJ were converted into reliabilities (𝑟𝑟𝑟𝑟 2 ) of DRP as 𝑟𝑟𝑟𝑟 2 =

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝐷𝐷𝑑𝑑𝑑𝑑

1

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝐷𝐷𝑑𝑑𝑑𝑑+ 2
ℎ

, where ℎ2 , in this

case, is the heritability of stature in NZJ. The mean 𝑟𝑟𝑟𝑟 2 for the validation candidates
(NZJ) was equal to 0.76.
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3.3 Results
3.3.1 Empirical phenotypes
3.3.1.1 Estimated genetic parameters
2
for both DH and NZJ using
In the analysis using DRP for stature, we estimated ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
the MBSG and MBMG models, which in this case reflect the proportion of the
2
for
explained variance of DRP. These estimates are in Table 1. The estimated ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
DH and NZJ were similar between the bivariate multi-breed models and their
2
obtained
equivalent univariate models (results not shown). Thus, estimates of ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
with the MBSG model were similar to those obtained with the ABSG model for DH,
2
obtained with the MBMG model were
and WBSG for NZJ. Likewise, estimates of ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
similar to those obtained with ABMG for DH and WBSG for NZJ. In general, estimated
2
were lower for NZJ than DH, which reflected the smaller number of NZJ
ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
individuals in the reference population and their lower mean dEDC (17). The mean
of dEDC for the DH bulls was equal to 52.
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2
ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
DH

2
ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
NZJ

Estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 (DH vs. NZJ)

MBSG
50k
0.97 (0.00)
0.71 (0.02)
0.22 (0.17)
TOP
0.26 (0.01)
0.27 (0.01)
0.41 (0.15)
COJO8
0.75 (0.01)
0.38 (0.02)
0.44 (0.11)
50k+TOP
0.97 (0.00)
0.71 (0.02)
0.25 (0.17)
50k+COJO8
0.97 (0.00)
0.71 (0.03)
0.29 (0.17)
MBMG
TOP and 50k
0.25 (0.01) and 0.71 (0.01)
0.11 (0.01) and 0.61 (0.02)
0.64 (0.17) and 0.16 (0.19)
COJO8 and 50k
0.26 (0.01) and 0.70 (0.01)
0.17 (0.02) and 0.57 (0.02)
0.88 (0.14) and 0.21 (0.19)
Standard error of estimates are given in parentheses. In the multi-breed, single-GRM model (MBSG), a single multi-breed GRM was
fitted in a prediction model, while in the multi-breed, multiple-GRM model (MBMG), two separate multi-breed GRM, formed from
different SNP sets, were fitted simultaneously in a prediction model.

GRM fitted

2
Table 3.1 Estimated heritability (ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
) obtained by fitting different genomic relationship matrices (GRM) formed from different sets
of markers and the corresponding genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between Dutch Holstein (DH) and New Zealand Jersey (NZJ) breeds
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2
When the GRM based on the TOP 133 SNPs was fitted in MBSG, estimated ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
were
low, i.e. 0.26 and 0.27 for DH and NZJ, respectively. However, when using the GRM
2
were significantly higher, i.e. 0.75 and
based on the 357 COJO8 SNPs, estimated ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
2
were highest with the 50k GRM,
0.38 for DH and NZJ, respectively. Estimated ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
2
did not increase further by
i.e. 0.97 and 0.71 for DH and NZJ, respectively. ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
2
estimated when
adding either the TOP or COJO8 SNPs to the 50k set. Total ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
fitting two separate GRM simultaneously in the MBMG model did not differ
significantly from those obtained by fitting only the 50k GRM. For example, for DH,
2
of 0.25
the TOP and COJO8 SNPs fitted as the first GRM resulted in estimated ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
and 0.26, respectively, while the 50k SNPs fitted as the second GRM resulted in an
2
of about 0.70.
ℎ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

Estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 for stature between the DH and NZJ breeds, which can be interpreted
as the correlation between the breeding values of individuals from the two breeds,
are also in Table 1. With the MBSG model, in which a single GRM was fitted in a
bivariate model, 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 were higher when only the pre-selected SNPs (TOP or COJO8)
were fitted in the model compared to when the 50k or 50k plus pre-selected SNPs
were fitted. However, given the large standard errors of the 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 , the differences in
estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between the different GRM were not significant. With the MBMG
model, estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 resulting from the pre-selected SNP sets were significantly
higher than those obtained with MBSG. For the TOP SNPs, 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 increased from 0.41
when fitted alone in MBSG to 0.64 when fitted together with the 50k SNPs in MBMG.
For the COJO8 SNPs, 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 increased from 0.44 when fitted alone in the model, to 0.88
when fitted together with the 50k SNPs in MBMG. While the estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 due to preselected SNPs increased when fitted simultaneously with the 50k SNPs in MBMG, the
estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 obtained for the 50k set did not change significantly, but tended to
decrease compared to that obtained when the 50k SNPs were fitted alone in MBSG.
In general, estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between breeds were much higher for the pre-selected SNPs
than for the 50k or 50k plus pre-selected SNPs.

3.3.1.2 Accuracy of genomic breeding values
The accuracy of GEBV for the NZJ bulls using single or multi-breed reference
populations is shown in Fig. 3.1. When using a single GRM and a NZJ reference
population (WBSG model), accuracies of prediction were lower using the preselected marker sets (0.31 for the TOP and 0.34 for the COJO8 sets) than using the
unselected 50k SNPs (0.43). Accuracy did not change by adding either the TOP or
COJO8 SNPs to the 50k set. When using two separate GRM (WBMG model),
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accuracies increased slightly compared to a single GRM, i.e. 0.46 when fitting the
TOP and 50k SNPs in separate GRM, and 0.47 when fitting the COJO8 and 50k SNPs
in separate GRM.
When using a single GRM and a DH reference population (ABSG model), the highest
prediction accuracies were obtained using the pre-selected marker sets, i.e. 0.27
when the TOP SNPs were fitted and 0.25 when the COJO8 SNPs were fitted. With the
unselected marker sets (50k, 50k+TOP, 50k+COJO8), accuracies were low (~0.14).
When using two separate GRM (ABMG model), accuracies were lower when fitting
TOP and 50k SNPs in separate GRM (0.21) compared to the model with only the TOP
SNPs fitted (0.27). Fitting COJO8 and 50k SNPs in separate GRM improved prediction
accuracy slightly (0.27) compared to fitting only the COJO8 SNPs (0.25).

GRM(s) fitted

50K

0.43

0.13

0.43

TOP

0.27

COJO8
50K+TOP
50K+COJO8

0.32
0.34

0.25

0.38
0.43

0.14

0.43
0.43

0.14

TOP & 50K

0.45
0.46

0.21

COJO8 & 50K

0.00

0.31

0.47
0.47

0.27

0.10

0.20

0.49

0.30

0.40

0.50

Accuracy of predicting the GEBV of Jersey bulls
Within-Breed: 476 New Zealand Jerseys in reference population
Across-Breed: 5503 Dutch Holsteins in reference population
Multi-Breed: 5503 Dutch Holsteins and 476 New Zealand Jerseys in reference population

Figure 3.1 Accuracy of predicting genomic breeding values (GEBV) for stature of New
Zealand Jersey (NZJ) bulls from a reference population consisting of only NZJ or only
Dutch Holstein (DH) or a combination of NZJ and DH bulls.
When using a single GRM and combined reference population of DH and NZJ bulls
(MBSG model), prediction accuracies did not differ much from those obtained by
using only NZJ in the reference population for the 50k, 50k+TOP and 50k+COJO8 sets.
For the scenarios with pre-selected markers, accuracy of prediction increased
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compared to when only the Jersey bulls were included in the reference population.
For the TOP and COJO8 sets, prediction accuracies increased from 0.31 to 0.32 and
from 0.34 to 0.38, respectively, with a multi-breed reference population (MBSG)
compared to only NZJ bulls (WBSG). When using two separate GRM in the MBMG
model, prediction accuracies were always higher compared to the model with only
one GRM or to the model with only NZJ in the reference population. For example,
TOP and 50k GRM fitted in the MBMG model resulted in a prediction accuracy of
0.47, and COJO8 and 50k GRM fitted in the MBMG model resulted in an accuracy of
0.49.
3.3.2 Simulated phenotypes
3.3.2.1 Estimated genetic parameters
In the simulation study, a quantitative trait with an ℎ2 of 0.8 was simulated in the DH
and NZJ populations. The estimates of ℎ2 are in Table 3.2. In general, estimated
ℎ2 were lower in NZJ than in DH, as was also observed for a real phenotype. With a
simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1 for the trait in DH and NZJ, the unselected marker sets (50k, NON
CAUSAL, ALL) captured almost the entire ℎ2 in DH, ranging from 0.77 to 0.8, while
these values were slightly lower in NZJ ranging from 0.71 to 0.76.
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0.80 (0.06)
0.79 (0.06)
0.39 (0.05)
0.44 (0.05)

0.98 (0.19)
0.67 (0.18)
0.85 (0.05)
0.77 (0.07)
1.00 (0.00)
0.20 (0.20)

0.50 (0.18)
0.34 (0.18)
0.43 (0.12)
0.41 (0.11)

𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔

Simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0.5
MBSG (1 GRM fitted in a bivariate model)
ALL
0.80 (0.01)
50k
0.79 (0.01)
TOP
0.44 (0.03)
TOP+RN
0.48 (0.03)

ℎ2 NZJ

1.01 (0.03) & 0.98 (0.21)
1.02 (0.03) & 0.19 (0.22)
1.01 (0.01) & NA

ℎ2 DH

Simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 1
MBSG (1 GRM fitted in a bivariate model)
ALL
0.80 (0.01)
0.76 (0.06)
50k
0.79 (0.01)
0.76 (0.07)
TOP
0.44 (0.03)
0.38 (0.06)
TOP+RN
0.48 (0.03)
0.44 (0.05)
CAUSAL
0.80 (0.02)
0.76 (0.02)
NON CAUSAL
0.77 (0.01)
0.71 (0.20)
MBMG (2 separate GRMs fitted simultaneously in a bivariate model)
TOP & 50k
0.37 (0.04) & 0.41 (0.04) 0.29 (0.05) & 0.48 (0.07)
TOP & NON CAUSAL
0.37 (0.04) & 0.41 (0.03) 0.31 (0.05) & 0.47 (0.07)
CAUSAL & NON CAUSAL
0.80 (0.02) & 0.00 (0.00) 0.76 (0.04) & 0.00 (0.02)

GRM fitted

Table 3.2 Estimated heritability (ℎ2 ) in Dutch Holstein (DH) and New Zealand Jersey (NZJ), and the estimated genetic correlation
between breeds (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) estimated using the different genomic relationship matrices (GRM) and simulated phenotypes (100 replicates).
Simulated heritably for the trait was 0.8 and simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between breed were 1, 0.5 and 0.25.
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Simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0.25
MBSG (1 GRM fitted in a bivariate model)
ALL
0.80 (0.01)
0.80 (0.06)
50k
0.79 (0.01)
0.79 (0.06)
TOP
0.44 (0.03)
0.39 (0.05)
TOP+RN
0.48 (0.03)
0.44 (0.05)
CAUSAL
0.80 (0.01)
0.80 (0.02)
NON CAUSAL
0.78 (0.01)
0.76 (0.06)
MBMG (2 separate GRMs fitted simultaneously in a bivariate model)
TOP & 50k
0.37 (0.03) & 0.43 (0.04) 0.31 (0.05) & 0.49 (0.07)
TOP & NON CAUSAL
0.38 (0.03) & 0.41 (0.03) 0.31 (0.05) & 0.48 (0.07)
CAUSAL & NON CAUSAL
0.80 (0.01) & 0.00 (0.00) 0.80 (0.02) & 0.00 (0.03)

CAUSAL
0.80 (0.01)
0.80 (0.02)
NON CAUSAL
0.78 (0.01)
0.79 (0.06)
MBMG (2 separate GRMs fitted simultaneously in a bivariate model)
TOP & 50k
0.37 (0.03) & 0.43 (0.04) 0.31 (0.05) & 0.49 (0.07)
TOP & NON CAUSAL
0.38 (0.03) & 0.41 (0.03) 0.31 (0.05) & 0.48 (0.07)
CAUSAL & NON CAUSAL
0.80 (0.01) & 0.00 (0.00) 0.80 (0.02) & 0.00 (0.02)

0.27 (0.14) & 0.29 (0.21)
0.27 (0.13) & 0.08 (0.21)
0.26 (0.06) & NA

0.27 (0.19)
0.18 (0.18)
0.22 (0.13)
0.22 (0.12)
0.26 (0.06)
0.06 (0.18)

0.52 (0.11) & 0.53 (0.21)
0.52 (0.12) & 0.12 (0.21)
0.51 (0.05) & NA

0.51 (0.05)
0.11 (0.18)
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The TOP SNPs resulted in an estimated ℎ2 of 0.44 in DH and 0.38 in NZJ. Adding 150
randomly chosen non-causal SNPs, representing random noise, to the TOP (TOP+RN)
set resulted in increased ℎ2 , i.e. 0.48 in DH and 0.44 in NZJ. When the TOP SNPs were
fitted together with either the 50k or NON CAUSAL sets in MBMG, estimated ℎ2 using
the TOP SNPs decreased to 0.37 in DH and ~0.30 in NZJ. The CAUSAL SNPs resulted
in an estimated ℎ2 of 0.8 in DH, both when fitted alone or together with NON CAUSAL
SNPs. The NON CAUSAL SNPs resulted in an ℎ2 of 0.76, when fitted with the CAUSAL
SNPs. In general, there was no significant difference in the percentage of ℎ2 captured
between the scenarios with a simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1 and those with a simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 0.5
or 0.25 (Table 3.2).
Estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 using simulated phenotypes with a simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1 are also in Table
3.2. The estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 obtained by fitting the CAUSAL GRM in MBSG was equal to 1.
When all the SNPs (CAUSAL + NON CAUSAL) were fitted in MBSG, the estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔
was equal to 0.98 but decreased to 0.67 when only the 50k SNPs was fitted. When
the TOP SNPs were fitted, the estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 was equal to 0.85 and decreased to 0.77
when some 150 random noise were added to the TOP SNPs (TOP+RN). In general,
estimates of 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 were more precise when the causal markers were isolated from the
non-causal markers in a separate GRM (MBMG model), but also when all the causal
markers were present in the GRM. In general, estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 were proportional to the
simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 (Table 3.2).

3.3.2.2 Accuracy of genomic breeding values
3.3.2.2.1 Simulated genetic correlation of 1 between breeds
In the WBSG model, the unselected marker sets (50k, NON CAUSAL, and ALL)
resulted in accuracies of ~0.60 (Fig. 3.2). The TOP and TOP+RN sets also gave
accuracies of ~0.60, although they consisted only of a fraction of the SNPs in the
unselected marker sets. Except when fitting the CAUSAL SNPs in within-breed, singleGRM model, accuracies were significantly higher when two separate GRM were
fitted simultaneously rather than those in which only a single GRM was fitted.
In the ABSG model, in which a DH reference population was used to predict NZJ
GEBV, accuracies were much lower than those obtained in the within breed singleGRM model for the unselected marker sets. However, accuracies were only slightly
lower in ABSG for the TOP and TOP+RN SNP sets than those obtained in the within
breed single-GRM model. The only scenarios in which across-breed prediction
outperformed within-breed prediction were the scenarios in which the CAUSAL SNPs
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were fitted in ABSG and the CAUSAL and NON CAUSAL SNPs were fitted
simultaneously in ABMG, which reflects the larger reference population of DH than
of NZJ and an 𝒓𝒓𝒓𝒓𝒈𝒈𝒈𝒈 of 1. In general, across-breed prediction accuracies were by far

higher when the pre-selected marker sets were used for prediction compared to
when the unselected marker sets (50k, NON CAUSAL, and ALL) were used. Except
when fitting the CAUSAL SNPs in ABSG, across-breed prediction accuracies were
significantly higher with the ABMG model than with the ABSG model.

ALL
50K

GRM(s) fitted

0.61

0.28

0.64
0.6

0.19

0.62
0.61
0.57
0.64

TOP
TOP+RN

0.53

0.6
0.66
0.92

CAUSAL
NON CAUSAL

0.6

0.05

0.6

TOP & 50K

0.63

TOP & NON CAUSAL

0.72
0.78
0.71

0.59

0.76
0.92

CAUSAL & NON
CAUSAL

0

0.99
0.99

0.2

0.4

0.6

0.99
0.99

0.8

1

Accuracy of predicting the genomic breeding values of Jersey bulls
Within-Breed: 476 New Zealand Jerseys in reference population
Across-Breed: 5503 Dutch Holsteins in reference population
Multi-Breed: 5503 Dutch Holsteins and 476 New Zealand Jerseys in reference population

Figure 3.2 Accuracy with standard errors of predicting the genomic breeding values
(GEBV) of Jersey bulls from a reference population made of only Jersey or only
Holstein or a combination of Holstein and Jersey bulls. Simulated genetic correlation
between breed was 1.
Combining DH and NZJ bulls in the reference population to obtain NZJ GEBV (multibreed prediction) resulted in slightly better prediction accuracies than when only NZJ
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were used in the reference population. As also observed with empirical phenotypes,
the highest accuracies were obtained in MBMG, except in the unrealistic case that
all causal SNPs could be identified with 100% accuracy and were all fitted in the
MBSG model.
3.3.2.2.2 Simulated genetic correlation of 0.5 and 0.25 between breeds
Figures 3.3 and 3.4 show the prediction accuracies of the simulation with a 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 0.5
and 0.25 respectively, between DH and NZJ. In general, prediction accuracies of
GEBV for the NZJ bulls were lower with a simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between DH and NZJ of 0.5
and 0.25 than with an 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1, especially when only DH were included in the reference
population. In almost all cases, accuracies were higher in scenarios in which two
separate GRM were fitted simultaneously than those in which only a single GRM was
fitted. One exception was when the CAUSAL GRM was fitted alone. In across-breed
prediction, when only the DH reference population was used to obtain GEBV for NZJ,
the accuracy of prediction was about 50% lower when the simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 was 0.5
instead of 1 and 75% lower when the simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 was 0.25 instead of 1. With a
simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 0.5 and 0.25, combining DH and NZJ in the reference population did
not improve prediction accuracy compared to a reference population including only
NZJ individuals, although the combined reference population was more than 10
times larger than the NZJ reference population.
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1
Accuracy of predicting the genomic breeding values of Jersey bulls
Within-Breed: 476 New Zealand Jerseys in reference population
Across-Breed: 5503 Dutch Holsteins in reference population
Multi-Breed: 5503 Dutch Holsteins and 476 New Zealand Jerseys in reference population

Figure 3.3 Accuracy with standard error of predicting the genomic breeding values
(GEBV) of Jersey bulls from a reference population made of only Jersey or only
Holstein or a combination of Holstein and Jersey bulls. Simulated genetic correlation
between breed was 0.5.
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Accuracy of predicting the genomic breeding values of Jersey bulls
Multi-Breed: 5503 Dutch Holsteins and 476 New Zealand Jerseys in reference population
Across-Breed: 5503 Dutch Holsteins in reference population
Within-Breed: 476 New Zealand Jerseys in refernce population

Figure 3.4 Accuracy with standard error of predicting the genomic breeding values
(GEBV) of Jersey bulls from a reference population made of only Jersey or only
Holstein or a combination of Holstein and Jersey bulls. Simulated genetic correlation
between breed was 0.25.

3.4 Discussion
The objective of this study was to test the performance of a multi-breed, multi-GRM
(MBMG) model in terms of estimated genetic parameters and accuracy of predicting
GEBV of individuals from a numerically small population. The results of our analyses
using both real and simulated phenotypes demonstrated the superiority of the
MBMG model in terms of prediction accuracy in comparison with a single GRM fitted
in within-, across-, and multi-breed prediction models. The MBMG model also
outperformed a within- (WBMG) and across-breed (ABMG) GP model with two

77

Chapter 3

separate GRM fitted simultaneously. Three main distinguishing properties of MBMG
are: (1) prioritisation of pre-selected functional markers over other types of markers,
(2) use of the unselected markers to account for 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 in such a way that they do
not dilute the effect of the pre-selected functional markers, and (3) appropriate
weighting of information provided by each breed in the reference population by
their 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 with the validation breed.

Prioritisation of known QTL or pre-selected functional markers over other types of
markers for the estimation of breeding value not an entirely new concept, and was
already the main idea behind marker-assisted selection (MAS) (Dekkers and Hospital
2002; Meuwissen et al. 2016). With MAS, pre-selected significant markers from a
genome-wide association study (GWAS) are used to predict breeding values for a
certain trait. One major pitfall of MAS for complex traits was that the pre-selected
significant markers accounted for only a small fraction of the total genetic variance
for the traits of interest (Meuwissen et al. 2016). As a result, there was little to no
gain in using (only) MAS over phenotypic selection (Dekkers and Hospital 2002), and
therefore most applications have focussed on GP using many markers across the
genome (Meuwissen et al. 2001). Even in this genomic selection era, a number of
studies have advocated the prioritization of causal regions in GP models, especially
as a result of the increasing availability and interest in the use of whole-genome
sequence (WGS) data in breeding (e.g. Brøndum et al. 2015; Van Den Berg et al.
2016b). For example, Brøndum et al. (2015) showed that when significant SNPs from
a GWAS using WGS data are added to a low-density SNP panel (50k), and used for
GP, accuracy of within-breed prediction can be increased. Also, Van Den Berg et al.
(2016b) showed that adding SNPs that are near QTL peaks in a GWAS to a 50k panel
improved the accuracy of within- and multi-breed GP as compared to the use of a
50k panel only. In the absence of additional markers, using only pre-selected markers
has been shown to result in little or no advantage for within-breed GP (Veerkamp et
al. 2016), which was confirmed in this study. In general, when we fitted only the preselected (TOP and COJO8) SNPs in a GP model and using real phenotypes, accuracies
of within-breed GP were lower compared to when we fitted the unselected SNP sets
(50k, 50K+TOP, 50k+COJO8) (Fig. 1). One reason could be that, for within-breed GP
in which the training set is the same breed as the validation set, the unselected
markers can still explain part of the genetic variance due to LD between markers and
QTL that are not yet identified (Table 3.1). Since long-range LD is present between
markers and QTL within breed, it is less important to identify the true causal markers
for within-breed GP.
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Across breeds, the LD phase between markers and QTL is not necessarily consistent
(e.g. De Roos et al. 2008; Wientjes et al. 2015b). Consequently, using non-causal
markers that do not tag the QTL through LD, may result in poor across-breed GP
accuracies, as was observed in this study for the unselected SNP sets and by others
(e.g. Hayes et al. 2009; Erbe et al. 2012; Calus et al. 2014; Saatchi and Garrick 2014).
This is mainly because the estimated effect of a non-causal marker is proportional to
the extent of its LD with a QTL (Zhu et al. 2015). Thus, if LD phase between the noncausal marker and QTL is different between breeds, then the non-causal marker
would have different estimated effects in different breeds, which is not accounted
for in the prediction model. For across-breed GP, it is important to identify the QTL
or markers close to QTL and use them for prediction (Wientjes et al. 2015b). Our
results from the analyses of real and simulated phenotypes showed that when
markers are pre-selected based on their causal effects and used for across-breed GP,
the accuracy of prediction is significantly higher than when all markers, including
non-causal or unselected markers are used. The obtained accuracies of across-breed
GP agree with those of Saatchi and Garrick (2014) who found that across-breed
genomic prediction resulted in accuracies close to 0, except for some traits due to
the segregation of common large-effect QTL with conserved linkage phase among
the different breeds.
Pre-selection of markers based on their potential causal effect is not trivial
(Andersson 2001). This is especially the case when pre-selection of potential causal
markers is carried out for traits with a complex genetic architecture within a single
population using GWAS. In those situations, the power of GWAS methods to
precisely identify the causative mutations for the traits of interest is hindered by the
high relatedness between individuals, strong and long range LD between QTL and
many non-causal markers within the genome, many QTL with very small effect sizes,
low allele frequency of the QTL, and small sample size (Korte and Farlow 2013). In
the current study, we benefitted from the results of a large international meta-GWAS
(Bouwman et al. 2018), in which some of these limiting factors, such as small sample
size, use of a single population, confounding effect of LD and family relationships
were overcome by the use of multiple populations consisting of eight cattle breeds
form different countries. Nevertheless, it is not guaranteed that all pre-selected SNPs
are truly causal, but the ones that are not false positives are at least in high LD with
and located close to the true causal loci. The large power in the meta-GWAS to
identify the potential causal markers that we used in our study can probably explain
the improved prediction accuracies in the across- and multi-breed GP scenarios using
pre-selected markers.
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Another possible pitfall of pre-selection of markers based on the results of GWAS is
the likely event of false positive findings. To investigate the effect of including
random noise on prediction accuracy, our simulation study included a scenario
(TOP+RN) in which 150 false positive SNPs were added to 133 causal SNPs. For
across-, and multi-breed GP, our results showed very little to no effect of adding the
random noise (53% of the SNPs) to the causal SNPs on prediction accuracy. When
the non-causal markers outweigh very much the number of true causal markers in a
set of markers, as was the case in the 50k scenario, accuracy of prediction becomes
considerably lower than when using only the true causal markers. Wang et al. (2018)
showed that reducing the number of non-causal markers from 12,000 to 1000 that
were added to a set of 10 true causal markers resulted in higher prediction accuracy.
In practise, a much lower proportion of false positive markers can be assumed, e.g.
a 5% false discovery rate is commonly used. Our results showed that it is unlikely
that pre-selected false positive markers (less than 53% of all pre-selected markers)
will have a significant negative effect on prediction accuracy.
In practice, pre-selected markers from a GWAS using whole-genome sequence data
may not be found on the traditional 50k SNP chip. In order to use the pre-selected
SNPs in routine genomic evaluations with the MBMG model, the pre-selected SNPs
may have to be imputed in the populations of interest. However, some pre-selected
SNPs, especially those with a low MAF, could be imputed with relatively low
accuracy, which could, in turn, negatively impact the performance of the MBMG
model. Still, the impact will most likely be small, given that, in general, SNPs with a
low MAF explain only a small proportion of the genetic variance. One way that the
imputation error of markers could be accounted for in GP is to use dosage scores
rather than genotype calls, to calculate the GRM. A more practical solution for the
breeding industry is to add known QTL or pre-selected SNPs to custom chips, as this
will result in more accurate genotypes.
The MBMG model uses the unselected markers to explain 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 that is not explained
by the pre-selected markers. Thus, instead of fitting only the pre-selected markers,
we fitted both pre-selected and unselected markers in two separate GRM, by using
the multi-breed reference population. In this way, the model benefits from improved
tagging of QTL by the pre-selected markers across breeds and, at the same time,
benefits from additional genetic variance explained by the unselected markers
within each breed. If all the QTL that underlie a trait are identified with 100%
accuracy, there would be no need to include other markers in the prediction model,
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since the QTL could explain 100% of the genetic variance (the CAUSAL scenarios in
our simulations). However, in practice it is unlikely to identify all the QTL for complex
traits. For example, the top SNPs in the 163 QTL identified in the large meta-GWAS
for stature explained only 13.8% of phenotypic variance for the trait (Bouwman et
al. 2018). This shows the importance of including multiple GRM in the MBMG model
to maximise the proportion of total genetic variance explained within breed.
Appropriate weighting of the information provided by each breed in the reference
population by their 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 with the validation breed is an important feature of the MBMG
model. Multi-breed GP can be implemented by simply pooling the information of
different breeds in a univariate GP model, effectively assuming a 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1 between the
breeds in the reference population and between the reference and validation
breeds. Assuming a 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1 between breeds, especially between distantly related
breeds such as Holstein and Jersey, can result in little to no advantage or even poorer
prediction accuracies, as compared to a within-breed prediction model (Olson et al.
2012). The MBMG model is a multi-trait model in which the phenotypes from
different breeds are treated as those from different but correlated traits (e.g. Karoui
et al. 2012; Olson et al. 2012; Wientjes et al. 2016). The expectation is that multitrait modelling only uses information from another breed that will improve accuracy
or, in the worst case, will not affect the accuracy, but it will not decrease the accuracy
either (Wientjes et al. 2016).
In the traditional multi-trait models used for multi-breed GP (MBSG), an implicit
assumption that is made is that 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 is the same across the entire genome. Due to
differences in genetic background and breeding practices between breeds, traits
might have evolved differently (Thaller et al. 2003). In such cases, it is expected that
marker effects, including the effect of causal markers, have different covariance
structures in the different breeds. In MBMG, we assumed that the 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between breeds
at the causal markers can be different from the 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between breeds at the unselected
markers. We believe that the assumption of different 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 for different regions in the
genome is one of the factors that make MBMG superior to MBSG in both our
empirical and simulation analyses (Figs. 3.1, 3.2, and 3.3).
In addition to accounting for the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 , fitting a second GRM made from the
unselected markers in MBMG allowed for a more precise estimation of the 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔
between breeds at the pre-selected markers compared to fitting only the preselected markers in MBSG (Tables 1 and 2). For example, in the scenario with a
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simulated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 of 1 between DH and NZJ, the estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 at the TOP SNPs was 0.88
when only the TOP SNPs were fitted in the model (MBSG). However, by fitting the
50k GRM as a separate component in MBMG, the estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 at the TOP SNPs was
exactly 1, as simulated. The difference in the estimate of 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 at the pre-selected
markers between MBSG and MBMG can probably be explained as follows: when the
pre-selected markers are fitted alone in MBSG, they also explain 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 due to longrange LD within the breeds. However, when the pre-selected markers are fitted
together with other markers in separate GRM (MBMG), the pre-selected markers
account for the genetic variance that is mainly due to the pre-selected markers, and
the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 is explained by other markers in the second GRM. The covariance between
breeds (the numerator) at the pre-selected markers remains similar between both
models (MBSG and MBMG), since genetic covariance depends only on the conserved
LD phase between breeds, which does not change between models (results not
shown). Thus, the inflated genetic variance within breeds (the denominators)
explained by the pre-selected markers in MBSG results in a lower estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 at the
pre-selected markers using MBSG than using MBMG. However, even in MBSG, we
observed higher estimates of 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 at the pre-selected markers than at the unselected
markers. This is because the precision of estimating 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between breeds using markers
depends on how accurately the marker-based relationships describes the
relationships at the causal markers (Wientjes et al. 2018). Hence, the estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 is
more precise for causal markers than for non-causal markers.
The MBMG model follows a similar principle since it can be implemented in Bayesian
models, for example, in the BayesRC method (Macleod et al. 2016) or the so-called
multitask Bayesian learning model (Chen et al. 2014; Calus et al. 2018). Similar to
MBMG, BayesRC incorporates prior biological knowledge in the prediction model by
assigning different markers into different classes, for instance, a pre-selected marker
class and unselected marker class, or even more classes. One of the differences
between MBMG and BayesRC is that in MBMG, we assumed a priori that the effects
of all markers in a certain class follow a normal distribution whereas in BayesRC, for
each class of markers, there is a mixture of four normal distributions, which allows
for pre-selected markers to have a large effect, an average effect, a small effect, or
no effect (false positive). In addition to allowing for different effect sizes of markers
and QTL as in BayesRC, the multitask Bayesian variable selection model for multibreed GP allows for markers associated with a breed specific QTL to have a large
effect in one breed and a small effect in another breed. Calus et al. (2018) showed
that, compared to a multi-trait GREML model (MBSG) that assumes a single 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 across
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the genome, the multitask Bayesian variable selection model had similar accuracies
of prediction for traits with a relatively high estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between Holstein and
Jersey, but outperformed the MBSG model for traits with a very low estimated 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔
between Holstein and Jersey. Our expectation is that Bayesian models will be more
suited than MBMG for prediction of traits that are influenced by a few QTL with large
effects and many additional smaller QTL, such as milk fat percentage with the DGAT1
QTL. Otherwise, when traits are influenced by many QTL with small effects, we
expect the MBMG and the Bayesian models to perform similarly. This is mainly
because, in such case, the assumption of the GREML model that the effect sizes of
QTL or markers linked to QTL follow a normal distribution holds.

3.5 Conclusions
We presented a multi-breed multi-GRM model, MBMG, for genomic selection in
numerically small breeds. The key features of MBMG are: (1) appropriate use of
information on known QTL or pre-selected markers; (2) explanation of 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚 by the
unselected markers; and (3) use of the genetic correlation between reference and
validation breeds to weigh the contribution of each breed in the reference
population to the accuracy of prediction. Our proposed MBMG model can be applied
to any case in which some form of prior information on markers exist, e.g., genome
annotation information, experimental evidence, etc. By using this model, we are able
to better combine information from numerically small and large breeds to improve
prediction accuracy for the numerically small breed using both pre-selected and
unselected markers. The MBMG model, together with the availability of wholegenome sequence data and accurate marker pre-selection strategies, can result in
more accurate genomic prediction in numerically small breeds and thus improve
their rate of genetic gain.
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Abstract

Background: A multi-population genomic prediction (GP) model in which important
pre-selected single nucleotide polymorphisms (SNPs) are differentially weighted
(MPMG) has been shown to result in better prediction accuracy than a multipopulation, single genomic relationship matrix (GRM) GP model (MPSG) in which all
SNPs are weighted equally. Our objective was to underpin theoretically the
advantages and limits of the MPMG model over the MPSG model, by deriving and
validating a deterministic prediction equation for its accuracy.
Methods: Using selection index theory, we derived an equation to predict the
accuracy of estimated total genomic values of selection candidates from population
𝐴𝐴𝐴𝐴 (𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ), when individuals from two populations, 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵, are combined in the
𝑇𝑇𝑇𝑇

training population and two GRM, made respectively from pre-selected and
remaining SNPs, are fitted simultaneously in MPMG. We used simulations to validate
the prediction equation in scenarios that differed in the level of genetic correlation
between populations, heritability, and proportion of genetic variance explained by
the pre-selected SNPs. Empirical accuracy of the MPMG model in each scenario was
calculated and compared to the predicted accuracy from the equation.

Results: In general, the derived prediction equation resulted in accurate predictions
of 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 for the scenarios evaluated. Using the prediction equation, we showed that
𝑇𝑇𝑇𝑇

an important advantage of the MPMG model over the MPSG model is its ability to
benefit from the small number of independent chromosome segments (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 ) due to
the pre-selected SNPs, both within and across populations, whereas for the MPSG
model, there is only a single value for 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 , calculated based on all SNPs, which is very
large. However, this advantage is dependent on the pre-selected SNPs that explain
some proportion of the total genetic variance for the trait.

Conclusions: We developed an equation that gives insight into why, and under which
conditions the MPMG outperforms the MPSG model for GP. The equation can be
used as a deterministic tool to assess the potential benefit of combining information
from different populations, e.g., different breeds or lines for GP in livestock or plants,
or different groups of people based on their ethnic background for prediction of
disease risk scores.
Key words: multi-population genomic prediction, deterministic prediction equation,
multiple genomic relationship matrices, accuracy, selection index.
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4.1 Background
Genomic prediction (GP) (Meuwissen et al. 2001) has become widely accepted and
has been successfully implemented in both animal and plant breeding schemes (e.g.
Dalton 2009; Hayes et al. 2009a; De Roos et al. 2011; Heffner et al. 2011). However,
for accurate GP it is essential that the training population is large (e.g. Daetwyler et
al. 2008; Vanraden et al. 2009; Zhong et al. 2009). For numerically small populations,
e.g., numerically small breeds or lines in livestock or numerically small human ethnic
groups, it is difficult or impossible to assemble a large enough training population
that can accurately predict the genomic values. Therefore, the accuracy of GP in
numerically small populations is limited (Thomasen et al. 2012).
A potential option to increase the accuracy of GP in numerically small populations is
to use a large training population made up of individuals from multiple populations,
including the target population, a method known as multi-population GP. Results
from dairy cattle indicate that this approach can lead to substantial increases in the
accuracy of GP for numerically small breeds, if the training population is made up of
individuals from different but closely-related breeds that have recently had
substantial exchanges of genetic material, and that a large number of individuals
from the additional breed is included (Zhou et al. 2014). However, in cases in which
distantly related breeds were combined in a single training population, increases in
the accuracy of multi-population GP were limited compared to that of withinpopulation GP (e.g. Hayes et al. 2009b; Pryce et al. 2011; Erbe et al. 2012).
Different statistical approaches have been adopted for multi-population GP. One
approach, and the most straightforward, is the univariate single-trait approach in
which individuals from multiple populations are pooled and treated as individuals
from the same population in a training population. The underlying assumption of this
approach is that the genetic correlation between the populations is equal to 1.
Deviations from this assumption, for example, when distantly related populations
are combined, can result in prediction accuracies that are even lower than the
accuracy of within-population GP (Hayes et al. 2009b). Another approach used for
multi-population GP is to consider phenotypes of individuals from different
populations, e.g. phenotypes from different, but correlated traits (e.g. Karoui et al.
2012; Olson et al. 2012). The advantage of this multi-trait approach is that it can
consider that the genetic correlation between populations can be less than 1. In the
worst-case scenario, the accuracy of multi-population GP using a multi-trait
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approach is expected to be the same as the accuracy of within-population GP, but
not lower (Wientjes et al. 2016).
In both the single-trait and the multi-trait approaches for multi-population GP, DNA
markers such as single nucleotide polymorphisms (SNPs) are equally weighted in the
model. However, some studies have shown that accuracy of GP can be improved by
prioritising certain SNPs that have a significant effect on the trait or by incorporating
prior biological knowledge on SNPs in the prediction model (e.g. Brøndum et al.
2015; Macleod et al. 2016; Van Den Berg et al. 2016). Based on that rationale, and
to improve the potential to use information from other populations, Raymond et al.
(2018) proposed the so-called multi-breed, multiple genomic relationship matrices
(GRM) GP model (MBMG), which in this study is generalised as MPMG, given that
the model can be applied in other species, e.g., plant or humans. The three key
features of this model are: (1) SNPs are pre-selected based on prior knowledge of
potential causal effects and are used to build a GRM; (2) the remaining unselected
SNPs are used to make a separate GRM, in order to explain the residual genetic
variance for the trait; and (3) information of each population in the training
population is weighed by their genetic correlation with the other populations and
with the selection candidates. The MPMG model is equivalent to a model with a
single GRM, in which different weights are applied to the two classes of SNPs. Using
both real and simulated data, Raymond et al. (2018) showed that the MPMG model
can result in significant increases in the accuracy of GP, as compared with a multitrait approach in which all SNPs are pooled together in a single GRM (MPSG). Given
the superior performance of the MPMG model over MPSG, the objective of this
study was to underpin theoretically the advantages and limits of the MPMG model
as compared to the MPSG model, by deriving and validating a deterministic
prediction equation for the accuracy.

4.2 Methods
4.2.1 Multi-population, multiple genomic relationship matrices (MPMG) model
We assume that individuals from populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 are combined in the training
population to predict the genomic value of selection candidates from population 𝐴𝐴𝐴𝐴
using the MPMG model following Raymond et al. (2018). The MPMG model is a
bivariate model that considers the phenotypes of individuals from populations 𝐴𝐴𝐴𝐴 and
𝐵𝐵𝐵𝐵 for the same trait as those from two different, but correlated traits. The prior
biological knowledge that exists about the effect sizes of the SNPs is used to preselect important SNPs that are used to build one GRM. The remaining SNPs are used
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to build a second GRM to explain the residual genetic variance not explained by the
pre-selected SNPs. Both GRM are fitted simultaneously in the bivariate model
(Raymond et al. 2018). The model can be specified as:
y𝐴𝐴𝐴𝐴
1
�y � = �
𝐵𝐵𝐵𝐵
0

W1
0 𝜇𝜇𝜇𝜇𝐴𝐴𝐴𝐴
� �𝜇𝜇𝜇𝜇 � + � 𝐴𝐴𝐴𝐴
0
1 𝐵𝐵𝐵𝐵

0
EGV1𝐴𝐴𝐴𝐴
W2
��
� + � 𝐴𝐴𝐴𝐴
W1𝐵𝐵𝐵𝐵 EGV1𝐵𝐵𝐵𝐵
0

0
EGV2𝐴𝐴𝐴𝐴
e𝐴𝐴𝐴𝐴
��
� + �e �, (4.1)
W2𝐵𝐵𝐵𝐵 EGV2𝐵𝐵𝐵𝐵
𝐵𝐵𝐵𝐵

where subscripts 1 and 2 represent the first and second GRM fitted in the model and
subscripts 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 represent the populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵. y𝐴𝐴𝐴𝐴 is a vector of phenotypes
for individuals from population 𝐴𝐴𝐴𝐴 and y𝐵𝐵𝐵𝐵 is a vector of phenotypes for individuals
from population 𝐵𝐵𝐵𝐵, 𝜇𝜇𝜇𝜇 is the trait mean, W1 and W2 are incidence matrices linking
phenotypes to the two estimated genomic values, EGV1 and EGV2 , and e is the
residual. Estimated genomic values are assumed to be normally distributed as:
�

EGV2𝐴𝐴𝐴𝐴
EGV1𝐴𝐴𝐴𝐴
� ~𝑁𝑁𝑁𝑁(0, K1 ⊗ GRM1 ), and �
� ~𝑁𝑁𝑁𝑁(0, K 2 ⊗ GRM2 ),
EGV1𝐵𝐵𝐵𝐵
EGV2𝐵𝐵𝐵𝐵

with K1 = �

𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐴𝐴𝐴𝐴1

𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐴𝐴𝐴𝐴,𝐵𝐵𝐵𝐵1

𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐴𝐴𝐴𝐴,𝐵𝐵𝐵𝐵1
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐵𝐵𝐵𝐵1

� and K 2 = �

𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐴𝐴𝐴𝐴2

𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐴𝐴𝐴𝐴,𝐵𝐵𝐵𝐵2

𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐴𝐴𝐴𝐴,𝐵𝐵𝐵𝐵2
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐵𝐵𝐵𝐵2

4

�,

where 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐴𝐴𝐴𝐴 and 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝐵𝐵𝐵𝐵 are genetic variances in populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵, respectively, and
𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔𝐴𝐴𝐴𝐴,𝐵𝐵𝐵𝐵 is the genetic covariance between the populations. The multi-population GRM
fitted in the MPMG model are calculated according to Wientjes et al. (2017).

4.2.1 Theory
In the following derivation, the main interest is to predict the accuracy of the
estimated total genomic value of selection candidates from population 𝐴𝐴𝐴𝐴 (𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ).
𝑇𝑇𝑇𝑇

𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 is a product of the accuracy of estimating SNP effects (𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ) and the square
𝑇𝑇𝑇𝑇

root of the proportion of total genetic variance explained by SNPs (𝜌𝜌𝜌𝜌) (Dekkers 2007;
Daetwyler et al. 2008; Goddard 2009). As a foundation, we will first derive an
equation to predict 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 for within-population GP using two GRM, made from two
𝑇𝑇𝑇𝑇

separate sets of SNPs, that are fitted simultaneously in a GREML model.
Subsequently, we will derive the full equation to predict 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 when individuals
𝑇𝑇𝑇𝑇

from two populations, 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵, are combined in the training population and two
separate GRM are fitted simultaneously in a GREML model (MPMG). For the
derivations, we will use selection index theory (Hazel 1943), and build upon works
from Daetwyler et al. (2008) and Wientjes et al. (2016), who have done similar
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derivations for within- and multi-population GP models in which all SNPs are equally
weighted in a single GRM.

4.2.1.1 Accuracy of within-population genomic prediction with two separate 𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆
(WPMG)
The within-population, multiple GRM model (WPMG) can be represented as:

y𝐴𝐴𝐴𝐴 = 1𝜇𝜇𝜇𝜇𝐴𝐴𝐴𝐴 + W1𝐴𝐴𝐴𝐴 EGV1𝐴𝐴𝐴𝐴 + W2𝐴𝐴𝐴𝐴 EGV2𝐴𝐴𝐴𝐴 + e𝐴𝐴𝐴𝐴 .

(4.2)

EGV𝐴𝐴𝐴𝐴 𝑇𝑇𝑇𝑇 = 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1 EGV𝐴𝐴𝐴𝐴1 + 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴2 EGV𝐴𝐴𝐴𝐴2 ,

(4.3)

With the WPMG model, two different sets of estimated genomic values are obtained
for the validation candidates. These are EGV𝐴𝐴𝐴𝐴1 , due to GRM1 , and EGV𝐴𝐴𝐴𝐴2 , due to
GRM2 . Both estimates of genomic values can be combined as sources of information
in a selection index approach to obtain EGV𝐴𝐴𝐴𝐴𝑇𝑇𝑇𝑇 as follows:

where 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1 and 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1 are weighting factors for the two sources of information. In the
context of selection index theory, the breeding goal (𝐻𝐻𝐻𝐻) is TGV𝐴𝐴𝐴𝐴 and the index trait
(𝐼𝐼𝐼𝐼) is EGV𝐴𝐴𝐴𝐴𝑇𝑇𝑇𝑇 . The optimum values of 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1 and 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴2 can be obtained as:
�

𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1
� = P −1 g
𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴2

(4.4)

where P is the (co)variance matrix of information sources EGV𝐴𝐴𝐴𝐴1 and EGV𝐴𝐴𝐴𝐴2 , and g is
a vector containing the covariances between information sources EGV𝐴𝐴𝐴𝐴1 and
EGV𝐴𝐴𝐴𝐴2 and the true genomic value (TGVA ). Thus:
P=�
and
g=�
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𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴1 )
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 , EGV𝐴𝐴𝐴𝐴2 )

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 , TGVA )
�.
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴2 , TGVA )

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 , EGV𝐴𝐴𝐴𝐴2 )
�,
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴2 )

(4.5)

(4.6)

Predicting the accuracy of multi-population genomic prediction with multiple GRMs

For simplicity of the derivation, we will assume that TGVA are scaled such that they
have a variance of 1. Therefore, the variance of the estimated genomic values can
be calculated as the reliability (𝑟𝑟𝑟𝑟 2 ) of the estimated genomic values. Thus,
2
2
and 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴2 ) = 𝑟𝑟𝑟𝑟EGV
.
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴1 ) = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴
1

2

(4.7)

We assume that there is no covariance between EGV𝐴𝐴𝐴𝐴1 and EGV𝐴𝐴𝐴𝐴2 , since the
expectation is zero when both GRM are jointly fitted (Yang et al. 2011). Thus, when
GRM are fitted simultaneously in a GREML model, only partial variances are
explained by each of the GRM such that the sum of the variances explained by the
two GRM equals the total genetic variance for the trait that can be explained by all
SNPs. The partial variances explained by SNPs in each GRM can be viewed as partial
regression coefficients in a multiple regression scenario.
Hence, P = �

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

0

1

0

4

�.
2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴2

The first element of the vector g is:
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣�EGV𝐴𝐴𝐴𝐴1 , TGVA �

= 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟�EGV𝐴𝐴𝐴𝐴1 , TGVA ��𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟�EGV𝐴𝐴𝐴𝐴1 � ∗ 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(TGVA )
2
2
∗ 1 = 𝑟𝑟𝑟𝑟EGV
= �𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1 � �𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴

(4.8)

1

1

2
.
Similarly, 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴2 , TGVA ) = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴
2

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴
Therefore, g = � 2 1 �.
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴

(4.9)

2

The accuracy of selection index, representing the accuracy of EGV𝐴𝐴𝐴𝐴𝑇𝑇𝑇𝑇 is the
correlation between the index values and the breeding goal (𝑟𝑟𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 ). Thus, 𝑟𝑟𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝜎𝜎𝜎𝜎𝐼𝐼𝐼𝐼 𝜎𝜎𝜎𝜎𝐼𝐼𝐼𝐼

.

As explained in Falconer and MacKay (Falconer and Mackay 1996) the selection index
is constructed such that one unit of the index is equivalent to one unit of the
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breeding goal. In other words, the selection index is constructed such that the
regression of the breeding goal on the index (𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 ) is 1, resulting in the expression
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝜎𝜎𝜎𝜎𝐼𝐼𝐼𝐼2. Thus,
𝑟𝑟𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇

=�

𝜎𝜎𝜎𝜎𝐼𝐼𝐼𝐼
𝜎𝜎𝜎𝜎𝐼𝐼𝐼𝐼

b′ g
g ′ P −1 g
=�
= �g ′ P −1 g
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(H)
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(TGV𝐴𝐴𝐴𝐴 )

2
=��𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴2 � �

1

�
⃓
⃓
⃓
⃓ 2
�𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1
=⃓
⃓
⃓
⃓
⎷

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

0

1

0

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

2

2
𝑟𝑟𝑟𝑟EGV

𝐴𝐴𝐴𝐴2
⎡ 2
2
𝑟𝑟𝑟𝑟EGV 𝑟𝑟𝑟𝑟EGV
⎢
𝐴𝐴𝐴𝐴1
𝐴𝐴𝐴𝐴2
2
𝑟𝑟𝑟𝑟EGV
�
𝐴𝐴𝐴𝐴2 ⎢
⎢
0
⎣

(4.10)

�

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴
� 2 1�
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴
2

⎤ 2
⎥ 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1
�
2
⎥ �𝑟𝑟𝑟𝑟 2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴1
EGV𝐴𝐴𝐴𝐴2
⎥
2
𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟 2
𝐴𝐴𝐴𝐴1 EGV𝐴𝐴𝐴𝐴2 ⎦
0

2
2
+ 𝑟𝑟𝑟𝑟EGV
.
= �𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴
1

−1

2

The accuracies of estimated genomic values 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1 and 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴2 can be calculated as

𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴1 and 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴2 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴2 respectively, where 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴1 and 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴2 are the accuracies of

estimated SNP effects in population 𝐴𝐴𝐴𝐴 for SNPs in GRM1 and GRM2 respectively, 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1
and 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴2 are the square root of the proportions of genetic variance explained in the
validation population 𝐴𝐴𝐴𝐴 by SNPs in GRM1 and GRM2 , respectively. The accuracies of
estimated SNP effects 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴1 and 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴2 can be deterministically predicted by
Daetwyler’s equation (Daetwyler et al. 2008). Hence, Eq. (10) can be written as:

2
2
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 = �𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
+ 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴22 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴
𝑇𝑇𝑇𝑇

= �𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21
96

1

2 𝑆𝑆𝑆𝑆
ℎ𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴
2
ℎ𝐴𝐴𝐴𝐴 𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴 +𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴
1

+ 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴22

2

2 𝑆𝑆𝑆𝑆
ℎ𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴
2
ℎ𝐴𝐴𝐴𝐴 𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴 +𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴
2

,

(4.11)

Predicting the accuracy of multi-population genomic prediction with multiple GRMs

where ℎ𝐴𝐴𝐴𝐴2 is the heritability of the trait in population 𝐴𝐴𝐴𝐴, 𝑁𝑁𝑁𝑁𝐴𝐴𝐴𝐴 is the number of
individuals from population 𝐴𝐴𝐴𝐴 in the training population, 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 and 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 are the
1

2

effective number of chromosome segments segregating in population 𝐴𝐴𝐴𝐴, based on
variation in GRM1 and GRM2 , respectively. The 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values represent the effective
number of effects that are estimated in the model. The values for 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 can be
calculated as the inverse of the variance of within-population GRM (Wientjes et al.
2015; Lee et al. 2017a).
4.2.1.2 Accuracy of multi-population GP with two separate GRM (MPMG model)
In the case of multi-population GP model with two GRM fitted simultaneously, we
assume that individuals from two populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 are combined in a training
population to estimate the total genomic values for validation candidates from
population 𝐴𝐴𝐴𝐴 (EGV𝐴𝐴𝐴𝐴𝑇𝑇𝑇𝑇 ). To estimate the accuracy of EGV𝐴𝐴𝐴𝐴𝑇𝑇𝑇𝑇 from this model, we
estimate the accuracy of a selection index in which EGV for the selection candidates
are combined from two different models having either population 𝐴𝐴𝐴𝐴 or 𝐵𝐵𝐵𝐵 as training
population. The first model is a WPMG model using individuals from population 𝐴𝐴𝐴𝐴 in
the training population (EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 and EGV𝐴𝐴𝐴𝐴2,𝐴𝐴𝐴𝐴 ). The second model is an acrosspopulation model with two GRM using individuals from population 𝐵𝐵𝐵𝐵 in the training
population (EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 and EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵 ). The selection index was as follows:
EGV𝐴𝐴𝐴𝐴𝑇𝑇𝑇𝑇 = 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 + 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵 EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 + 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2,𝐴𝐴𝐴𝐴 + 𝑏𝑏𝑏𝑏𝐴𝐴𝐴𝐴2,𝐵𝐵𝐵𝐵 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵 .

(4.12)

The (co)variance matrix of information sources is given as:
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(4.13)

.

1 ,𝐵𝐵𝐵𝐵

2
, 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟�EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 � = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

2 ,𝐴𝐴𝐴𝐴

2
, 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 ) = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

, and

and 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴2,𝐵𝐵𝐵𝐵 ) =

𝑟𝑟𝑟𝑟 2

,

2
𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟 2
.
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵

1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵

2
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵 ) = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

Therefore,

respectively. Following the derivation in Appendix A1, we show that:

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵 ) is the covariance of the EGV𝐴𝐴𝐴𝐴1 calculated using SNP effects estimated in the reference populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵,

2 ,𝐵𝐵𝐵𝐵

2
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴2,𝐵𝐵𝐵𝐵 ) = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

1 ,𝐴𝐴𝐴𝐴

2
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟�EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 � = 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

Again, we assume that the covariances between EGV based on GRM1 and GRM2 are zero. Given also that we assume a variance of 1
for TGV𝐴𝐴𝐴𝐴 :

0
0
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 )
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 )
⎡
⎤
0
0
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵 )
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 )
⎥
P=⎢
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 )
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴2,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴2,𝐵𝐵𝐵𝐵 )⎥
⎢
0
0
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑣𝑣(EGV𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 , EGV𝐴𝐴𝐴𝐴2,𝐵𝐵𝐵𝐵 )
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵 )
⎣
⎦
0
0

Chapter 4

𝑇𝑇𝑇𝑇

g′ P−1 g

𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑟𝑟𝑟𝑟(TGV𝐴𝐴𝐴𝐴 )

= �g ′ P −1 g.

With some algebra (see Appendix A2), we show that the equation �g ′ P −1 g for the MPMG model can be represented as:

𝑇𝑇𝑇𝑇

𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 = �

The accuracy of the index, representing 𝑟𝑟𝑟𝑟g�𝐴𝐴𝐴𝐴 can be calculated as:

𝑟𝑟𝑟𝑟 2
⎡ EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 ⎤
2
⎢𝑟𝑟𝑟𝑟EGV
⎥
𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
g = ⎢ 2 1 ⎥.
⎢𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴2,𝐴𝐴𝐴𝐴 ⎥
⎢ 2
⎥
⎣𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴2,𝐵𝐵𝐵𝐵 ⎦

Following Eq. (9), g can be written as:

2
2
0
0
𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟 2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
⎡
⎤
0
0
2
2
2
⎢
⎥
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
2
2
2
P = ⎢𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵
1
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 ⎥ .
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴
2
2
2
0
0
⎢
⎥
2
2
𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟 2
𝑟𝑟𝑟𝑟EGV
⎣
⎦
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
0
0

(4.15)

(4.14)

Predicting the accuracy of multi-population genomic prediction with multiple GRMs

4

99

100

�

𝐴𝐴𝐴𝐴 + 1 �� ℎ𝐵𝐵𝐵𝐵 + 1 �−� 𝐴𝐴𝐴𝐴 ��𝑟𝑟𝑟𝑟 2 ℎ𝐵𝐵𝐵𝐵 �
𝑔𝑔𝑔𝑔 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
𝑁𝑁𝑁𝑁𝐴𝐴𝐴𝐴 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵
𝑁𝑁𝑁𝑁𝐵𝐵𝐵𝐵
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵2
2
2
2

which in matrix form can be represented as:
�
𝑇𝑇𝑇𝑇
⃓
2
⃓
ℎ
ℎ2
⎡
⎤
⎡
⎤
⃓
𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 � 𝐴𝐴𝐴𝐴
𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 � 𝐴𝐴𝐴𝐴
⃓
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 ⎥
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 ⎥
⎢
⎢
⃓
1
1
⃓
−1 ⎢
⎢
⎥
⎥
⃓
ℎ2 𝐴𝐴𝐴𝐴
1
0
0
2 ℎ2
⃓
�ℎ
+
⃓
𝐴𝐴𝐴𝐴 𝐵𝐵𝐵𝐵
⎤ ⎢
⎢
2 ⎥ ⎡ 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
2 ⎥
𝑆𝑆𝑆𝑆
⃓
ℎ𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴
ℎ
0
0
𝐴𝐴𝐴𝐴1
𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔
⃓
⎢𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 �𝑀𝑀𝑀𝑀
⎥ ⎢
⎥ ⎢𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 �𝑀𝑀𝑀𝑀 𝐵𝐵𝐵𝐵 ⎥
ℎ2 𝐴𝐴𝐴𝐴
1
⃓
�𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴1 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵1
2 ℎ2
𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵1
𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵1
2 ℎ2
�ℎ
⃓
+
�ℎ
𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴
⎢
⎥ ⎢
⎥
⎥ ⎢
𝐴𝐴𝐴𝐴 𝐵𝐵𝐵𝐵
⃓
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴
𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟
2
⃓
2
ℎ 𝐵𝐵𝐵𝐵
1
𝑔𝑔𝑔𝑔
⎢
⎥ ⎢𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 𝑀𝑀𝑀𝑀 𝑀𝑀𝑀𝑀
⎥
⎢
⎥.
⃓
𝑀𝑀𝑀𝑀
𝑀𝑀𝑀𝑀
+
𝑒𝑒𝑒𝑒
𝑒𝑒𝑒𝑒
�
𝐴𝐴𝐴𝐴2
𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵2
⃓
𝑒𝑒𝑒𝑒
𝑒𝑒𝑒𝑒
2
�
2
𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵
2
2
𝑀𝑀𝑀𝑀
𝑆𝑆𝑆𝑆
1
1
ℎ𝐴𝐴𝐴𝐴
ℎ𝐴𝐴𝐴𝐴
𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵1
𝐵𝐵𝐵𝐵
�ℎ𝐴𝐴𝐴𝐴 ℎ𝐵𝐵𝐵𝐵
⎥ ⎢ 𝜌𝜌𝜌𝜌
⎢ 𝜌𝜌𝜌𝜌
⎥ ⎢
⎥
⃓
⃓
2
𝐴𝐴𝐴𝐴2 �𝑀𝑀𝑀𝑀
𝐴𝐴𝐴𝐴2 �𝑀𝑀𝑀𝑀
ℎ𝐵𝐵𝐵𝐵
1 ⎥
𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔
⃓
⎢
⎢
𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴2 ⎥ ⎢
𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴2 ⎥
0
0
+
⃓
�𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴2 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵2 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
⃓
𝑆𝑆𝑆𝑆𝐵𝐵𝐵𝐵 ⎦
⎢
⎥ ⎣
⎢
⎥
𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵2
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4.2.2 Validation of prediction equations using simulations
The aim of this section was to use simulations to validate Eqs. 4.11 (WPMG) and 4.17 (MPMG) in scenarios that differed in the
proportion of causal SNPs that are pre-selected and fitted in the models. Consequently, the scenarios differed in the proportion of
total genetic variance explained by SNPs in each of the two GRM fitted simultaneously in the models. The scenarios also differed in
heritability of the trait. For the MPMG model, the scenarios also differed in the level of genetic correlation between the populations
𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵. Genotype data of two existing cattle populations were used in combination with simulated phenotypes. As validation, we
compared the empirical accuracies in each simulated scenario to the accuracy obtained using the derived prediction equations.

for 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 can be calculated as the inverse of the variance of the across-population block of multi-population GRM (Wientjes et al.
2015; Wientjes et al. 2016).

𝑇𝑇𝑇𝑇

For predicting 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 , Eq. (4.17) reduces to Eq. (4.11) for within-population GP when 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 is 0. The values

2

𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 = number of effective chromosome segments across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on variation in GRM2 .

1

𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 = number of effective chromosome segments across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on variation in GRM1

2

𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 = number of effective chromosome segments in population 𝐴𝐴𝐴𝐴 based on variation in GRM2

1

𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 = square root of the proportion of genetic variance explained in the validation population 𝐴𝐴𝐴𝐴 by GRM1
𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴2 = square root of the proportion of genetic variance explained in the validation population 𝐴𝐴𝐴𝐴 by GRM2
𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = genetic correlation between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 = number of effective chromosome segments in population 𝐴𝐴𝐴𝐴 based on variation in GRM1
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4.2.2.1 Genotype data
Genotypes for SNPs on the Illumina Bovinesnp50 (Illumina Inc., San Diego, CA, USA)
with 48,912 SNPs after quality control, were available on 595 New Zealand Jersey
bulls and 5553 Dutch Holstein bulls. These SNPs had at least ten copies of the minor
allele in a combined Dutch Holstein and New Zealand Jersey population, with a minor
allele frequency (MAF) ranging from 0.009 to 0.5. Hereafter, we will refer to the New
Zealand Jerseys as population A and to the Dutch Holsteins as population B.

4.2.2.2 Simulation of phenotypes
Phenotypes for all individuals were simulated using their real genotypes and
assuming an additive model. From the 48,912 SNPs, 500 were randomly selected to
be causal SNPs in both populations. Allele substitution effect of the causal SNPs (𝑣𝑣𝑣𝑣)
were sampled from a bi-variate normal distribution with a mean of 0, variance of 1,
and a correlation of 0.8, 0.6 and 0.4 between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵. Since allele
substitution effects were sampled independently from their allele frequency, the
correlation between allele substitution effect represents the correlation between
genomic values of individuals from populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵, which is referred to as the
genetic correlation between populations (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ). Within each population, TGV for
individual 𝑖𝑖𝑖𝑖 were calculated as ∑(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖,𝑗𝑗𝑗𝑗 ∗ 𝑣𝑣𝑣𝑣𝑗𝑗𝑗𝑗 ), where 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖,𝑗𝑗𝑗𝑗 is the genotype of individual 𝑖𝑖𝑖𝑖
at causal SNP 𝑗𝑗𝑗𝑗 (coded as 0, 1, 2) and 𝑣𝑣𝑣𝑣𝑗𝑗𝑗𝑗 is the allele substitution effect of causal SNP
𝑗𝑗𝑗𝑗. The corresponding phenotype was computed as TGV𝑖𝑖𝑖𝑖 + 𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 , where 𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 is the residual
effect of individual 𝑖𝑖𝑖𝑖, sampled from a standard normal distribution with a mean of 0
and a variance equal to 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝑘𝑘𝑘𝑘 ∗ �

1

ℎ2

− 1�, where 𝜎𝜎𝜎𝜎𝑔𝑔𝑔𝑔2𝑘𝑘𝑘𝑘 is the variance of TGV in

population 𝑘𝑘𝑘𝑘. For each population, the residual effects were sampled from a
separate normal distribution. The heritability (ℎ2 ) was set to 0.3 and 0.8 in each
population. Simulation of phenotypes was carried out in R (R Core Team 2013) and
was replicated 100 times.
4.2.2.3 Genomic prediction
The WPMG (only 476 individuals from population 𝐴𝐴𝐴𝐴 in the training population) and
MPMG (476 individuals from population 𝐴𝐴𝐴𝐴 and 5,553 individuals from population 𝐵𝐵𝐵𝐵
in the training population) models were implemented in the software MTG2 (Lee and
Van Der Werf 2016). We used three levels for the proportion of causal SNPs that are
identified, pre-selected and used to create the first GRM. The number of causal SNPs
underlying the simulated trait was always 500. The levels are:
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CSNP_125: this level represents a situation in which a quarter of the causal SNPs are
identified, pre-selected and used to create the first GRM.
CSNP_250: this level represents a situation in which half of the causal SNPs are
identified, pre-selected and used to create the first GRM.
CSNP_500: this level represents the extreme situation in which all 500 causal SNPs
are identified, pre-selected and used to create the first GRM.

At all levels, the remaining SNPs that were not used as causal were used to create
the second GRM. The level above were evaluated under varying degrees of genetic
correlation between populations (0.4, 0.6 and 0.8) and heritability in both
populations (0.3 and 0.8). Throughout the study, individuals from population 𝐴𝐴𝐴𝐴 were
used as the validation candidates in a 5-fold cross-validation scheme, where
individuals from population 𝐴𝐴𝐴𝐴 were randomly split into five sets of 119 individuals
each. The GRM fitted in the MPMG model were constructed according to Wientjes
et al. (Wientjes et al. 2017), considering population-specific allele frequencies. The
empirical accuracies of prediction at all levels were computed as the correlation
between the EGV and the simulated TGV of validation candidates.

4

To compare how accurate the accuracy of the MPMG model can be predicted
compared to a MPSG model, we also fitted a multi-population, single GRM (MPSG)
model, with the multi-population GRM made from non-causal SNPs in addition to
either the CSNP_125, CSNP_250 or CSNP_500 SNPs. To predict the accuracy of the
MPSG model, we used the derived prediction Eq. (4.17) in which 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴22 is set to 0, given

that the model has only one GRM. The value used for 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21 was empirically estimated
as the ratio of empirical accuracy of the WPSG model and the predicted accuracy
using the formula of Daetwyler et al. (2008), assuming all the variance is captured by
SNPs. Setting 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴22 to 0 reduces Eq. (17) to the equation derived by Wientjes et al.
(2016).

4.2.2.4 Values of input parameters for the prediction equations
For the prediction of accuracy using Eqs. (4.11) and (4.17), we used the simulated
values as input for the parameters ℎ𝐴𝐴𝐴𝐴2 , ℎ𝐵𝐵𝐵𝐵2 , and 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 . The values used for 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21 were 0.25,

0.5 and 1 in the CSNP_125, CSNP_250 and CSNP_500 levels, respectively. This is
because a quarter of the causal SNPs explains, on average, a quarter of the total
genetic variance for the trait, which was confirmed empirically. An empirical
approach was used to determine the appropriate values for the input parameter 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴22 .

This parameter represents the proportion of total genetic variance of the trait in the
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validation population explained by the non-causal SNPs (GRM2 ) in the training
population. We determined empirically that the non-causal SNPs could only explain
66% of the total genetic variance of the trait in the validation individuals of
population 𝐴𝐴𝐴𝐴 using a within-population model with one GRM including all non-causal
SNPs. We did this by taking a ratio of the empirical accuracy obtained from crossvalidation and the predicted accuracy using Daetwyler’s equation (Daetwyler et al.
2008), assuming that 100% of the total genetic variance for the trait is captured by
SNPs. Thus, the values for 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴22 as used in the prediction equation were 0.66x0.75,

0.66x0.5 and 0, in the CSNP_125, CSNP_250 and CSNP_500 levels, respectively, with
the values 0.75, 0.5 and 0 representing the proportion of total genetic variance
unexplained by the causal SNPs (GRM1 ) in the CSNP_125, CSNP_250 and CSNP_500
levels, respectively. Throughout the study, 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within a population was calculated
according to Lee et al. (Lee et al. 2017a) as the inverse of the variance of the withinpopulation GRM, while 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations was calculated as the inverse of the
variance of the across-population block terms of the multi-population GRM
(Wientjes et al. 2015; Wientjes et al. 2016).
4.2.3 Potential accuracies of different models in relation to different levels of
𝒓𝒓𝒓𝒓𝒈𝒈𝒈𝒈 , 𝝆𝝆𝝆𝝆𝑨𝑨𝑨𝑨𝟏𝟏𝟏𝟏 , and 𝑴𝑴𝑴𝑴𝑬𝑬𝑬𝑬𝑨𝑨𝑨𝑨𝑩𝑩𝑩𝑩𝟐𝟐𝟐𝟐

The aim of this section was to identify the situations under which the MPMG model
will outperform all other models tested in terms of prediction accuracy. We
evaluated the potential accuracy of predicting the genomic values of selection
candidates from a numerically small population 𝐴𝐴𝐴𝐴 under three cases. These are
hypothetical cases that aim to mimic real life situations in dairy cattle breeding
programs.

Case 1
For the first case, we assume that, in addition to individuals from the target
population 𝐴𝐴𝐴𝐴 (𝑁𝑁𝑁𝑁𝐴𝐴𝐴𝐴 = 476), individuals from a larger but different population 𝐵𝐵𝐵𝐵 (𝑁𝑁𝑁𝑁𝐵𝐵𝐵𝐵 =
5,553) are available to be included in the training population, mimicking the real
sample sizes of the Jersey and Holstein populations used in this study. We
investigated the effect of the level of genetic correlation between populations on
the accuracy of prediction. The following additional assumptions were made: 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
within population 𝐴𝐴𝐴𝐴 based on pre-selected SNPs (calculated from real genotype data)
= 159; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on pre-selected SNPs (calculated from
real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on remaining SNPs
(calculated from real genotype data) = 463; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on
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remaining SNPs (calculated from real genotype data) = 32,970; heritability of the
trait: 0.3 in both populations; 𝜌𝜌𝜌𝜌2 due to 500 pre-selected causal SNPs = 0.4, 𝜌𝜌𝜌𝜌2 due
to all SNPs = 0.8 (assuming the remaining non-causal SNPs capture 66% of the
residual genetic variance).
Case 2
Many genome-wide association studies have been carried out in livestock with the
aim to identify the causal variants underlying complex traits. The variants that were
discovered explain varying proportions of the genetic variance for the traits of
interest. Here, we evaluated the potential accuracy of prediction under situations
ranging from poor causal SNP discovery (discovered “causal SNPs” explain 0% of
genetic variance) to accurate causal SNP discovery (discovered causal SNPs explain
100% of genetic variance for the trait). The following additional assumptions were
made: 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on pre-selected SNPs (calculated from real
genotype data) = 159; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 500 pre-selected
SNPs (calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on
48,412 remaining SNPs (calculated from real genotype data) = 463; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across
populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 48,412 remaining SNPs (calculated from real genotype
data) = 32,970; genetic correlations between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 = 0.6; heritability
of the trait = 0.3 in both populations; proportion of genetic variance explained by all
SNPs = 1.

4

Case 3
In this case, our aim was to explore the impact of the closeness between the
validation population and the training populations as measured by the 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across
populations. In most studies, the number of variants identified as causal for complex
traits is at most a few hundred. In the context of the MPMG model, the 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across
populations based on the identified potential causal SNPs is usually small, with an
upper bound equal to the total number of identified “causal SNPs”. A parameter that
is expected to be considerably large, especially with increasing SNP density is the 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
based on the remaining unselected SNPs. Here, we evaluated the effect of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across
populations based on the remaining unselected SNPs on the potential accuracy of
prediction. We varied 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations from 1000 to 50,000. The following
additional assumptions were made: 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on 500 preselected SNPs (calculated from real genotype data) = 159; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴
and 𝐵𝐵𝐵𝐵 based on 500 pre-selected SNPs (calculated from real genotype data) = 280;
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on 48,412 remaining SNPs (calculated from real
genotype data) = 463; genetic correlations between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 = 0.6;
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heritability of the trait = 0.3 in both populations; 𝜌𝜌𝜌𝜌2 due to 500 pre-selected causal
SNPs = 0.4, 𝜌𝜌𝜌𝜌2 due to all SNPs = 0.8 (assuming the remaining non-causal SNPs capture
66% of the residual genetic variance).
Case 4
The study of Van den Berg et al. [44], reported that 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values estimated from the
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀 are underestimated by ~80% compared to 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values back-solved from the
empirical accuracy of a GBLUP model. In case 4, we investigated the potential impact
of an underestimation of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within the predicted population 𝐴𝐴𝐴𝐴 on the accuracy of
prediction. Thus, we used underestimated values of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 for both 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀1 and 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀2 in
the prediction equations, with the extent of underestimation ranging from 0 to 90%.
The following additional assumptions were made: 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵
based on 500 pre-selected SNPs (calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 48,412 remaining SNPs (calculated from real
genotype data) = 32,970; genetic correlations between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵: = 0.6;
heritability of the trait = 0.3 in both populations; proportion of genetic variance
explained by SNPs in 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀1 = 0.5.
In all four cases, we evaluated the potential accuracy of three models using their
prediction equations as follows.

Within-population, single-GRM (WPSG) model: To predict the potential accuracy of
this model, we used the formula of Daetwyler et al. (Daetwyler et al. 2008), which
takes the proportion of genetic variance explained by all SNPs (𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴2 ) into account, as
ℎ2 𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴
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Within population, multiple GRM (WPMG) model: to predict the potential accuracy
of this model, we used the derived prediction Eq. (4.12).
Multi-population, single GRM (MPSG) model: to predict the potential accuracy of this
model, we used the formula of Wientjes et al. (2016):
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Here also, 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 and 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 were calculated based on all SNPs.

Multi-population, multiple GRM (MPMG) model: to predict potential accuracy, we
used the derived prediction Eq. (4.17).

4.3 Results
4.3.1 Number of independent chromosome segments (𝑴𝑴𝑴𝑴𝒆𝒆𝒆𝒆 ) within and across
populations
The number of independent chromosome segments per SNP set estimated within
population 𝐴𝐴𝐴𝐴 (595 New Zealand Jersey) and across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 (5553 Dutch
Holsteins) are in Table 4.1. The same value of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 (280) was
obtained when all 48,912 SNPs and when only the non-causal SNPs were used to
construct the GRM. Estimated 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 differed markedly between
SNP sets only when the number of SNPs used to calculate the GRM was small. At
lower SNP densities, 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across population 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 were close to the number of SNPs
used to calculate the GRM. 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations obtained with higher density SNPs
were similar.

4

Table 4.1 Number of independent chromosome segments (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 ) per SNP set
estimated within the target population 𝐴𝐴𝐴𝐴 and across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵
SNP set (number of SNPs)
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations
𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵
Non-causal SNPs (48,412)
280
32,970
*CSNPs_500 + Non-causal SNPs (48,912) 280
33,242
*CSNPs_250 + Non-causal SNPs (48,662) 280
33,056
*CSNPs_125 + Non-causal SNPs (48,537) 280
32,984
CSNPs_500 (500)
159
463
CSNPs_250 (250)
107
236
CSNPs_125 (125)
67
124
*Non-causal SNPs combined with the pre-selected SNPs in a single GRM
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4.3.2 Empirical versus predicted accuracies of the within-population, multiple
𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆 (WPMG) model
Empirical and predicted accuracies of the WPMG model (476 individuals in the
training population) under the different levels of pre-selection of causal SNPs, with
a simulated trait heritability of 0.3 and 0.8 are in Fig. 4.1. For a low heritability trait
(0.3), Eq. (4.11) over-predicts the empirical accuracy of the WPMG model, with the
extent of over-prediction ranging from 8.4% (CSNP_500) to 11.8% (CSNP_125). For a
high heritability trait (0.8), predicted accuracies were close to empirical accuracies,
with the predicted accuracies within the standard errors of empirical accuracies
(except for CSNP_500).

1

Predicted - CSNPs_125
Predicted - CSNPs_250
Predicted - CSNPs_500

Empirical - CSNPs_125
Empirical - CSNPs_250
Empirical - CSNPs_500

0.9
0.8
0.7

Accuracy

0.6
0.5
0.4
0.3
0.2
0.1
0

Heritabilty = 0.3

Heritabilty = 0.8

Figure 4.1 Predicted versus empirical accuracies of the within-population, multiple
GRM genomic prediction model (476 individuals from population 𝐴𝐴𝐴𝐴 in the training
population), with a simulated trait heritability of 0.3 and 0.8.The standard error bars
represent twice the standard deviation of the accuracies across 100 replicates.
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4.3.3 Empirical versus predicted accuracies of the multi-population, single GRM
(MPSG) model
Empirical and predicted accuracies of the MPSG model under different levels of
inclusion of causal SNPs in the GRM and different levels of 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between populations
𝐴𝐴𝐴𝐴 and B are shown in Fig. 4.2 (heritability in both populations = 0.3) and Fig. 3
(heritability in both populations = 0.8). As expected, given the large number of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
across populations, empirical accuracies were not significantly different between
scenarios differing in 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 and percentage of causal SNPs included in the GRM. The
standard errors of empirical accuracies were higher at low heritability (Fig. 4.2), than
at high heritability (Fig. 3), which most likely reflects the higher level of noise in the
phenotype at low heritability than at a high heritability. As expected, an increase in
heritability resulted in an increase in empirical accuracies. In general, the prediction
equation for the accuracy of the MPSG model resulted in an over-prediction of
empirical accuracy ranging from ~5 to 10%.
Predicted - CSNPs_125 + Non_causal SNPs
Predicted - CSNPs_250 + Non_causal SNPs
Predicted - CSNPs_500 + Non_causal SNPs

0.60

4

Empirical - CSNPs_125 + Non_causal SNPs
Empirical - CSNPs_250 + Non_causal SNPs
Empirical - CSNPs_500 + Non_causal SNPs

0.50

Accuracy

0.40

0.30

0.20

0.10

0.00

rg=0.4

rg=0.6

rg=0.8

Figure 4.2 Predicted versus empirical accuracies of the multi-population, single GRM
genomic prediction model (5553 individuals from population 𝐵𝐵𝐵𝐵 and 476 individuals
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from population 𝐴𝐴𝐴𝐴 in the training population) under the three different levels of
inclusion of causal SNPs in the GRM, with genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between
populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 of 0.4, 0.6 and 0.8, and a heritability of 0.3 in both populations.
The standard error bars represent twice the standard deviation of the accuracies
across 100 replicates.

Predicted - CSNPs_125 + Non_causal SNPs

Empirical - CSNPs_125 + Non_causal SNPs

Predicted - CSNPs_250 + Non_causal SNPs

Empirical - CSNPs_250 + Non_causal SNPs

Predicted - CSNPs_500 + Non_causal SNPs

Empirical - CSNPs_500 + Non_causal SNPs

0.80
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Accuracy

0.60
0.50
0.40
0.30
0.20
0.10
0.00

rg=0.4

rg=0.6

rg=0.8

Figure 4.3 Predicted versus empirical accuracies of the multi-population, single GRM
genomic prediction model (5553 individuals from population 𝐵𝐵𝐵𝐵 and 476 individuals
from population 𝐴𝐴𝐴𝐴 in the training population) under the three different levels of
inclusion of causal SNPs in the GRM, with genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between
populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 of 0.4, 0.6 and 0.8, and a heritability of 0.8 in both populations.
The standard error bars represent twice the standard deviation of the accuracies
across 100 replicates.
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4.3.4 Empirical versus predicted accuracies of the multi-population, multiple GRM
(MPMG) model
The empirical and predicted accuracies of the different levels of pre-selection of
causal SNPs, with a simulated genetic correlation between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 of
0.4, 0.6 and 0.8 and a heritability of 0.3 in both populations, are in Fig. 4.4.

0.90

Predicted - CSNPs_125

Empirical - CSNPs_125

Predicted - CSNPs_250

Empirical - CSNPs_250

Predicted - CSNPs_500

Empirical - CSNPs_500
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0.40
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0.20
0.10
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rg = 0.6

rg = 0.8

Figure 4.4 Predicted versus empirical accuracies of the multi-population, multiple
GRM genomic prediction model (5553 individuals from population 𝐵𝐵𝐵𝐵 and 476
individuals from population 𝐴𝐴𝐴𝐴 in the training population) under the three different
levels of pre-selection of causal SNPs, with genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between
populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 of 0.4, 0.6 and 0.8, and a heritability of 0.3 in both populations.
The standard error bars represent twice the standard deviation of the accuracies
across 100 replicates.
Results show that empirical and predicted accuracies increase with an increasing
number of pre-selected causal SNPs in the first GRM, and the level of genetic
correlation between populations. Using the prediction equation (Eq. 17), predicted
accuracies were less than one standard error away from the average empirical
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accuracy in seven of the nine scenarios evaluated. We observed over-prediction of
accuracies in all the scenarios, but only in the CSNP_125 and the CSNP_250 and with
a genetic correlation between populations of 0.4 did the predicted accuracies go
outside the standard error of the empirical accuracies.
For a higher heritability trait (0.8), similar patterns of results were observed (Fig. 4.
5). Empirical and predicted accuracies increase with increasing number of preselected causal SNPs in the first GRM, and the level of genetic correlation between
populations. We also observed slight over-predictions of accuracy in the CSNP_125
and CSNP_250 levels, across the three levels of genetic correlation between
populations. However, for the CSNP_500 level, we observed a slight underprediction of accuracies, across the three levels of genetic correlation between
populations. The level of over-estimation of empirical accuracy seems to be
consistently higher at low heritability (Fig. 4.4) than at high heritability (Fig. 4.5). This
also the case for the WPMG model (Fig. 4.1) and for most scenarios of the MPSG
model (Figs. 4.2 and 4.3). A possible explanation might be that for a lower heritability
trait, the SNPs have more difficulty in explaining all the genetic variance. This can
result from a larger environmental effect in the phenotypes, which can be
considered as a noise term in the phenotype around the genetic effect. Furthermore,
the level of over-estimation of empirical accuracies with the MPMG model (between
~2 to ~ 10%, Figs. 4.4 and 4.5) is within the range of over-estimation observed with
the MPSG model (between ~5 to 10%, Figs 4.2 and 4.3). Hence, the relative
advantage of the MPMG model over the MPSG model as assessed by the
corresponding deterministic prediction equations should be a good indication of the
true advantage of the MPMG over the MPSG model.
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Figure 4.5 Predicted versus empirical accuracies of the multi-population, multiple
GRM genomic prediction model (5553 individuals from population 𝐵𝐵𝐵𝐵 and 476
individuals from population 𝐴𝐴𝐴𝐴 in the training population) under the three different
levels of pre-selection of causal SNPs, with genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between
populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 of 0.4, 0.6 and 0.8, and a heritability of 0.8 in both populations.
The standard error bars represent twice the standard deviation of the accuracies
across 100 replicates.
In general, we observed a positive correlation between the EGV from the two GRM
in MPMG, albeit with high standard errors, except in the CSNP_500 for which all the
QTL underlying the trait are in one GRM, where the correlation was around zero [see
Additional file 1 Table S1].
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4.3.5 Potential accuracies of different models in relation to different levels of
𝒓𝒓𝒓𝒓𝒈𝒈𝒈𝒈 , 𝝆𝝆𝝆𝝆𝑨𝑨𝑨𝑨𝟏𝟏𝟏𝟏 , and 𝑴𝑴𝑴𝑴𝒆𝒆𝒆𝒆 𝑨𝑨𝑨𝑨𝑩𝑩𝑩𝑩
𝟐𝟐𝟐𝟐

The potential accuracies of within-and multi-population GP models, with either
single or multiple GRM fitted, in relation to different levels of genetic correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ;
case 1) between populations are presented in Fig. 4.6. The accuracy of the withinpopulation, single GRM (WPSG) model, is not affected by 𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 between populations.
The result shows that a 9.6% increase in accuracy is possible by splitting SNPs into
separate GRM based on prior information on their causality (WPMG model), when
the preselected SNPs explain 40% of the total genetic variance for the trait.
Compared to WPSG, the multi-population, single GRM (MPSG) model can result in a
small increase in the accuracy of prediction, ranging from 0% (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0) to a maximum
of 3.1% (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 1). When the multi-population, multiple GRM (MPMG) model is
implemented, the increase in accuracy as compared to the WPSG model ranges from
9.6% (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0) to 32% (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 1), again, assuming that the preselected SNPs explain 40%
of the genetic variance.
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Figure 4.6 Potential accuracy of predicting the genomic value of individuals from
population A under different models: within-population, single GRM (WPSG), withinpopulation, multiple GRM (WPMG), multi-population, single GRM (MPSG), multipopulation, multiple GRM (MPMG), in relation to different values of genetic
correlation (𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 ) between population 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵. The following assumptions were made:
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population A based on 500 pre-selected causal SNPs (calculated from real
genotype data) = 159; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 500 pre-selected
causal SNPs (calculated from real genotype data) = 463; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴
based on 48,412 non- causal SNPs (calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 48,412 non-causal SNPs (calculated from real
genotype data) = 32,970; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on all 48,912 SNPs
(calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on
all 48,912 SNPs (calculated from real genotype data) = 33,242; heritability of the trait
= 0.3 in both populations; proportion of genetic variance explained by all SNPs = 0.8;
proportion of genetic variance explained by 500 pre-selected causal SNPs = 0.4;
number of individuals from population 𝐴𝐴𝐴𝐴 in the training population = 476; number
of individuals from population 𝐵𝐵𝐵𝐵 in the training population = 5553.
The potential accuracies of the different models in relation to different proportions
of total genetic variance explained by the pre-selected SNP set (𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴1 ; case 2) are

115

Chapter 4

presented in Fig. 4.7. When the pre-selected SNP set explains zero proportion of
genetic variance, the accuracy is equal for the models with one or two GRM for both
within- and multi-population GP. Simply implementing the multi-population single
GRM model, instead of the within-population single GRM model results in a
negligible (< 1%) increase in the accuracy of prediction. An increasing proportion of
genetic variance explained by the pre-selected SNP set results in a linear increase in
the accuracy of prediction, up to a maximum of ~18.4% when the WPMG model is
implemented instead of the WPSG model. Increase in accuracy, as compared to the
WPSG model, reaches a maximum of ~29.2% when the MPMG model is
implemented instead.
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Figure 4.7 Potential accuracy of predicting the genomic value of individuals from
population A under different models: within-population, single GRM (WPSG), withinpopulation, multiple GRM (WPMG), multi-population, single GRM (MPSG), multipopulation, multiple GRM (MPMG), in relation to different proportion of genetic
variance explained by the causal SNP set. The following assumptions were made: 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
within population 𝐴𝐴𝐴𝐴 based on 500 pre-selected causal SNPs (calculated from real
genotype data) = 159; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 500 pre-selected
causal SNPs (calculated from real genotype data) = 463; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴
based on 48,412 non- causal SNPs (calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 48,412 non-causal SNPs (calculated from real
genotype data) = 32,970; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on all 48,912 SNPs
(calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on
all 48,912 SNPs (calculated from real genotype data) = 33,242; heritability of the trait
= 0.3 in both populations; genetic correlation between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 = 0.6;
proportion of genetic variance explained by all SNPs = 0.8; number of individuals
from population 𝐴𝐴𝐴𝐴 in the training population = 476; number of individuals from
population 𝐵𝐵𝐵𝐵 in the training population = 5553.
We investigated further the impact of the number of independent chromosome
segments between populations based on the non-causal SNPs (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 ; case 3) on the

accuracy of GP models, the results are presented in Fig. 4.8. For the WPSG and
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WPMG models, the parameter 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 has no relevance. However, in both the MPSG
and MPMG models, the accuracy of prediction decreases with increasing 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 . The

rate of decrease in accuracy with increasing 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 , however, is higher in the MPSG
model than in the MPMG model. For example, an increase in 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 from 1000 to

20,000 resulted in an 11.3% decrease in accuracy of the MPSG model, while this
decrease was only 4.8% in the MPMG model. In general, the difference in accuracy
between the MPSG and MPMG models increases with increasing 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 . For 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵

values smaller than 5000, both multi-population models (MPSG and MPMG) have
higher accuracies than any within-population GP model. For larger values of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 ,

however, the accuracy of the MPSG model is lower than that of the WBMG model,
while the accuracy of the MPMG model tends to flatten above that of the WPMG
model.
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Figure 4.8 Potential accuracy of predicting the genomic value of individuals from
population 𝐴𝐴𝐴𝐴 under different models: within-population, single GRM (WPSG), withinpopulation, multiple GRM (WPMG), multi-population, single GRM (MPSG), multipopulation, multiple GRM (MPMG), in relation to different values of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across
populations due to the non-causal SNP set. The following assumptions were made:
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 based on 500 pre-selected causal SNPs (calculated from real
genotype data) = 159; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 500 pre-selected
causal SNPs (calculated from real genotype data) = 463; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴
based on 48,412 non- causal SNPs (calculated from real genotype data) = 280; 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒
within population 𝐴𝐴𝐴𝐴 based on all 48,912 SNPs (calculated from real genotype data) =
280; heritability of the trait = 0.3 in both populations; genetic correlation between
populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 = 0.6; proportion of genetic variance explained by all SNPs =
0.8; proportion of genetic variance explained by 500 pre-selected causal SNPs = 0.4;
number of individuals from population 𝐴𝐴𝐴𝐴 in the training population = 476; number
of individuals from population 𝐵𝐵𝐵𝐵 in the training population = 5553.
Furthermore, we assessed the potential bias in the predicted accuracies due to the
under-estimation of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within the predicted population 𝐴𝐴𝐴𝐴 (Fig. 4.9). Across different
GP models, an underestimation of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within population 𝐴𝐴𝐴𝐴 of ~20% resulted in an
inflation of predicted accuracies ranging between 4.5 (MPMG model) to 7.4% (WPSG
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model). At level of under-estimation of 90%, inflation of predicted accuracies ranged
from 36 (MPMG) to 58% (WPSG)”.
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Figure 4.9 Potential accuracy of predicting the genomic value of individuals from
population 𝐴𝐴𝐴𝐴 under different models: within-population, single GRM (WPSG), withinpopulation, multiple GRM (WPMG), multi-population, single GRM (MPSG), multipopulation, multiple GRM (MPMG), in relation to different levels of underestimation
of Me within the predicted population 𝐴𝐴𝐴𝐴 (0 – 90%). The following assumptions were
made: Me across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 500 pre-selected SNPs (calculated
from real genotype data) = 280; Me across populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 based on 48,412
remaining SNPs (calculated from real genotype data) = 32,970; genetic correlations
between populations 𝐴𝐴𝐴𝐴 and 𝐵𝐵𝐵𝐵 = 0.6; heritability of the trait = 0.3 in both populations;
proportion of genetic variance explained by SNPs in GRM1 = 0.5; number of
individuals from population 𝐴𝐴𝐴𝐴 in the training population = 476; number of individuals
from population 𝐵𝐵𝐵𝐵 in the training population = 5553.
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4.4 Discussion
The objective of this study was to underpin theoretically the advantages and limits
of the multi-population, multiple GRM (MPMG) genomic prediction model over the
multi-population, single GRM (MPSG) genomic prediction (GP) model, by deriving
and validating a deterministic prediction equation for its accuracy. We derived the
deterministic prediction equation for the accuracy of the MPMG model using
selection index theory and building upon previous works by Daetwyler et al. (2008)
and Wientjes et al. (2016). We showed that, the derived equation can predict the
accuracy of the MPMG model under varying levels of genetic correlation between
the target population and the additional population in the training population,
varying levels of the heritability of the trait and varying levels of the proportions of
genetic variance explained by the pre-selected and differentially weighted SNPs. The
equation can be used to assess the potential benefit of combining information from
different populations, e.g., different breeds or lines for GP in livestock or plants, or
different groups of people based on their ethnic background for the prediction of
disease risk scores.

4

To date, in the literature, increase in the accuracy of GP in a multi-population, singleGRM (MPSG) context as compared to within-population GP has been limited as
illustrated in Table 2 of the review paper of Lund et al. (2014). This is consistent with
our result shown in Fig. 4.7, where less than 1% increase in accuracy is projected if
the MPSG model is implemented, assuming a genetic correlation of 0.6 between
populations, instead of a within-population, single-GRM model. However, Raymond
et al. (2018) showed that the MPMG model, which differentially weights SNPs based
on prior knowledge of potential causality, can yield significant increases in the
accuracy of GP as compared to a within-population or multi-population model in
which all markers are equally weighted. The prediction equation developed in this
study, highlights two parameters: number of independent chromosome segments
across populations 𝐴𝐴𝐴𝐴 and (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 ), and the proportion of genetic variance explained
by pre-selected SNPs (𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21 ), that may underlie the improved performance of the

MPMG model as compared to a single GRM model. These parameters and their
estimation are discussed below. We also discuss the values for the genetic
correlation between populations as used in the prediction equation.

The number of independent chromosome segments across populations (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 ) is an
important parameter that influences the accuracy of multi-population GP, since it
determines the effective number of effects that are estimated in the model
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(Goddard 2009; Sarup et al. 2016). For example, Wientjes et al. (2016) showed that
when 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 is large, combining populations together in a multi-population single

GRM model is less likely to result in a significant increase in accuracy as compared to
single-population GP model. However, the prediction equation developed here
shows that the MPMG model is still able to take advantage of information from
distantly related populations (large 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 ), mainly by partitioning the parameter
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 into two components, corresponding to pre-selected and remaining SNPs,
respectively. In most cases, the value of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 due to the pre-selected SNPs is small,

given that, in most cases, only a few hundred SNPs are pre-selected from e.g., a
genome-wide association study. The small value for 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 due to pre-selected SNPs

means that the accuracy contributed by the pre-selected SNPs is high, and
completely unaffected by the value for 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 due to the remaining SNPs.

For distantly related populations such as Holstein and Jersey, a good estimate for
𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 based on a few pre-selected SNPs is the number of pre-selected SNPs (Table
4.1), which in any case is the maximum possible value. For 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 based on the

remaining SNPs, it is very difficult to get an estimate without genotype data, as this
value depends on the relatedness between populations. Similar to Wientjes et al.
(2016) our suggestion is to consider genotyping a sample of individuals from each of
the populations, e.g. 100 each, from which 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 can be estimated. With the
availability of genotype data on individuals from the target population, the number
of independent chromosome segments within population (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 ) can be estimated

empirically as the reciprocal of the variance of within-population genomic
relationships (Wientjes et al. 2015; Lee et al. 2017a; Lee et al. 2017b). It is also
possible to estimate 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 based on population parameters such as the effective

population size (Goddard 2009; Hayes et al. 2009c; Goddard et al. 2011). However,
this approach cannot be used to partition 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴 into values corresponding to the preselected and remaining SNPs, respectively, which are required for the prediction
equation.

All the 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values used in our prediction equation were estimated from the GRM. Van
Den Berg et al. (2019) argued that 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values estimated from the GRM are underestimated, and, when used in a prediction equation, result in the over-prediction of
empirical accuracy. We observed that an underestimation of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 within the target
population 𝐴𝐴𝐴𝐴 results in a substantial inflation of predicted accuracies (Fig. 4.9). The
prediction equation developed in our study, with 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values calculated from the GRM
tend to over-predict the accuracy of the MPMG model, although in most of the
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scenarios evaluated, predicted accuracies were still within the standard errors of
empirical accuracies. However, the extent of over-prediction of accuracy in Van Den
Berg et al. (2019) using the deterministic formula of Goddard (2009) with 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 values
estimated from the GRM, was much higher than in our study. We cannot pinpoint,
with certainty, the underlying reasons for the differences in the extent of overprediction of empirical accuracies in our study and in Van Den Berg et al. (2019).
However, there are a few possible explanations. For example, Van Den Berg et al.
(2019) fitted a polygenic component (pedigree-based relationship matrix) in their
model, which was meant to capture the genetic variance for the trait that is not
picked up by SNPs. Although the authors did not present the results of variance
components estimation, it is likely that the polygenic component picked up some
proportion of the total genetic variance for the trait. If that is the case, using a
prediction equation with the assumption that SNPs explain 100% of the total genetic
variance for the trait, as the authors did, could have resulted in the over-prediction
of empirical accuracies. The chances that the polygenic component picks up some
proportion of the total genetic variance for the trait are higher when QTL are
sampled from sequence variants that have low MAF, and effects that are difficult to
estimate or regressed heavily towards zero in the model, than when QTL are sampled
from common SNPs (Wientjes et al. 2016). Furthermore, in their prediction equation,
Van Den Berg et al. (2019) corrected for the reduction in prediction error variance as
the accuracy of predicted genomic values increases. This correction results in higher
predicted accuracies than when the correction is not applied. In our study, however,
this correction was not applied. There are other factors, such as the difference in the
design of cross-validation schemes to calculate empirical accuracies and structure of
the populations analyzed that could potentially underlie the difference in the extent
of over-prediction of empirical accuracies between the two studies.

4

The ability of the MPMG model to take advantage of the small value of 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵 due to

pre-selected SNPs depends on the accuracy of SNP pre-selection, which in turn
determines the proportion of genetic variance explained by the pre-selected SNPs.
Our results (Fig. 4.7) show that for an improvement in accuracy of GP by using the
MPMG instead of the MPSG model, it is not sufficient to split randomly SNPs into
two classes without accurate prior knowledge on potential causality of the SNPs.
Instead, the pre-selected SNPs must explain some proportion of the genetic variance
for the trait. Our results agree with those of Sarup et al. (2016), who showed that a
significant improvement in accuracy by using the “genomic feature” model over the
standard GBLUP could be achieved provided the prioritised variants explained more
than 10% of the total genetic variance for the trait. In their study, Sarup et al. (2016)
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fitted a linear mixed model including two random genomic effects, with the genetic
effects estimated from “genomic feature” or prioritized variants and the remaining
variants, respectively. In general, when the pre-selected SNPs explain zero
proportion of genetic variance, the accuracy of the MPMG model is expected to be
the same as the accuracy of the MPSG model (Fig. 4.7). Furthermore, if the prior
information is accurate, such that the pre-selected SNPs explain some proportion of
the genetic variance for the trait, fitting the pre-selected SNPs in a separate GRM in
a within-population GP scenario may be more beneficial than combining distantly
related populations in a multi-population single-GRM model (Fig. 4.6).
In this study, the proportions of total genetic variance explained in the validation
population by the SNPs in the first GRM (𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21 ) was determined in a simulation
context. There was 100% certainty that the selected SNPs were causal, and that 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21

did not depend on linkage disequilibrium (LD) between non-causal SNPs and the
underlying causal SNPs. In this case, we found that the estimate of genomic
heritability (proportion of the genetic variance explained by the SNPs) from the
GREML model (Yang et al. 2010; Speed et al. 2012) was equivalent to 𝜌𝜌𝜌𝜌𝐴𝐴𝐴𝐴21 (results not
shown). De Los Campos et al. (2015) also showed that when all causal mutations are
included in the GREML analysis, the genomic heritability parameter is equivalent to
the proportion of genetic variance explained by SNPs (𝜌𝜌𝜌𝜌2 ). However, in practice, the
causal mutations that underlie a trait are not always observed, and pre-selected
SNPs will usually come from GWAS studies, in which SNPs can show an association
with a trait due to LD with unobserved causal mutations. When SNPs that are proxies
for causal mutations are used for the analysis, the variance components estimates
depend on the effects of the unobserved causal mutations, the extent of LD between
SNPs and the causal mutations, and the extent of LD between the SNPs themselves
(De Los Campos et al. 2015). Not accounting explicitly for the LD between SNPs and
the causal mutations in the model used for analysis can result in the over-estimation
of variance components (De Los Campos et al. 2015). This means that the estimate
of genomic heritability from the GREML model cannot be considered to be
equivalent to 𝜌𝜌𝜌𝜌2 . Browning and Browning (2011) also showed that population
structure can inflate SNP-based heritability estimates. Although genomic heritability
from GREML models are higher than 𝜌𝜌𝜌𝜌2 , they are still a good indication for 𝜌𝜌𝜌𝜌2 , as
they have similar trend (Erbe et al. 2013). Thus, for comparison of the proportion of
genetic variance explained by SNPs in different SNP sets, genomic heritability from a
GREML model can be used.
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In practice, when two GRM are fitted simultaneously in a bivariate GREML model,
two estimates of genetic correlation are obtained, one for each GRM. However, in
this study, we used only the simulated value for the genetic correlation between
populations for both GRM in the prediction Eq. (4.17). This is because the preselected SNPs were randomly sampled from all causal SNPs. In practice, a general
expectation is that causal SNPs that are pre-selected from e.g. GWAS have a higher
effect on the trait than the remaining unselected SNPs, and are most likely to be
more consistent across populations (e.g. Calus et al. 2018; Raymond et al. 2018).
Therefore, the genetic correlation of the preselected SNPs can be higher than that
for the remaining SNPs. In the cases that this expectation holds, it is inappropriate
to use a single value of genetic correlation for both GRM in the prediction Eq. (4.17).
A solution to this issue is to use the estimated genetic correlation. However, one
must take into account that the estimated genetic correlation can be biased when
the causal and non-causal SNPs used to estimate the genetic correlation do not have
similar properties, e.g., similar pattern of allele frequencies (Wientjes et al. 2018). In
general, it is likely that causal SNPs have lower MAF than non-causal SNPs, which
means that estimates of genetic correlation obtained by non-causal SNPs can be
underestimating the genetic correlation between populations at the causal SNPs
(Raymond et al. 2018).

4

In the derivation of the predicting Eq. (4.17), we assumed that there is no covariance
between EGV from different GRM, since the expectation is zero when the GRM are
jointly fitted (Yang et al. 2011). Because a negative sampling covariance might
appear when effects cannot be estimated independently, and the covariance might
bias predicted accuracies using the derived equation, we tested this assumption. We
calculated the correlations between EGVA1 and EGVA2 in each replicate and
averaged these across replicates. In general, we observed a positive correlation
between the EGV from the two GRM in MPMG, albeit with high standard errors,
except in the CSNP_500 in which case all the causal SNPs underlying the trait are in
one GRM, where the correlation was around 0 [see Additional file 1 Table S1].
However, in most cases the correlations were not significantly different from 0. The
positive correlation between the EGV mean that individuals that have a high EGV
based on the pre-selected SNPs (GRM1 ), on average also have a high EGV based on
the rest of the genome (GRM2 ). To check if the observed correlation between EGV
is an artefact of our simulation, we summed the effects of all causal SNPs in GRM1
as TGV1 and summed the effect of all causal SNPs not in GRM2 as TGV2 . Across 100
replicates, we observed no correlation between the TGV: -0.007 (0.07) for CSNP_125
and 0.01 (0.07) for CSNP_250. The observed correlation between EGV do not seem
125

Chapter 4

to be a result of sampling covariance, since the expected sign of the resulting
correlation is negative, and are not an artefact of our simulation, given that the TGV
based on the separate sets of causal SNPs were not correlated. We think that the
empirical correlation between EGV are a result of an estimation issue, but we are
not sure. In any case, given that the level of overestimation of empirical accuracy of
the MPMG model is in the range of overestimation observed in a model with only
one GRM (MPSG), the impact of any possible covariance between the EGV on the
predicted accuracy of the MPMG model is expected to be small.

4.5 Conclusions
In this paper, we presented a deterministic prediction equation for the accuracy of a
multi-population, multiple GRM (MPMG) model, which gives insight into the
underlying reasons for the superior performance of the MPMG model over the multipopulation, single GRM (MPSG) model. With the help of the prediction equation, we
showed that an important advantage of the MPMG model is its ability to benefit
from the small number of independent chromosome segments (𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 ) due to the preselected SNPs, both within and across populations, while for the MPSG model, there
is only a single value for 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒 , calculated based on all SNPs. However, this advantage
depends on the condition that the pre-selected SNPs can explain some proportion of
the total genetic variance for the trait. The prediction equation developed here can
be used as a deterministic tool to assess the potential benefit of combining
information from different populations e.g., different breeds or lines for GP in
livestock or plants, or different groups of people based on their ethnic background
for genomic prediction in humans. This is especially the case, when accurate
biological information about the causality of the SNPs is available.
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⎢
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2
𝑟𝑟𝑟𝑟EGV

𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵

)

2
(1−𝑟𝑟𝑟𝑟EGV

1

𝑟𝑟𝑟𝑟 2
)
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵

−1

2
2
(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟 2
)
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵

(1 −

−1

2
𝑟𝑟𝑟𝑟 2
)
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵

�.

𝑟𝑟𝑟𝑟 4

1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵

4
− 𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

⎤
⎥
⎥
𝑟𝑟𝑟𝑟g�2𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴
⎥
1
⎥
2
2
4
4
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 − 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 ⎦
1
1
1
1

𝑟𝑟𝑟𝑟 2

1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵

2
𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴

𝑟𝑟𝑟𝑟 2

� 𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
1 ,𝐴𝐴𝐴𝐴 g

−𝑟𝑟𝑟𝑟g�2𝐴𝐴𝐴𝐴

⎤
⎥
⎥
1
⎥
2
2
2
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 (1 − 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 )⎦
1
1
1

2
𝑟𝑟𝑟𝑟 2
)
(1−𝑟𝑟𝑟𝑟EGV
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵

2
𝑟𝑟𝑟𝑟EGV

1
⎡ 2
2
2
⎢𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 (𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 )
=⎢
−1
⎢
2
2
(1
−
𝑟𝑟𝑟𝑟
EGV𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵 )
⎣

𝑟𝑟𝑟𝑟g�2𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
1
⎡
2
2
4
⎢𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟
−
𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟 4
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
⎢
=
−𝑟𝑟𝑟𝑟g�2𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟g�2𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
⎢
1
1
⎢ 2
2
4
𝑟𝑟𝑟𝑟
𝑟𝑟𝑟𝑟
−
𝑟𝑟𝑟𝑟
𝑟𝑟𝑟𝑟 4
EGV
EGV
EGV
⎣
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵

Chapter 4

⎷

2
�1−𝑟𝑟𝑟𝑟EGV

𝑟𝑟𝑟𝑟 2
�
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵

� 𝑟𝑟𝑟𝑟 2
2
2
2
⃓
EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 + 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 −2𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
1
1
1
1
⃓
�
�
⃓
2
2
⃓
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EGV
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�
⃓+ �
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𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
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�
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𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
⃓
⃓
2
2
2
2
2
2
⃓
𝑟𝑟𝑟𝑟EGV
−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟
−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟
𝑟𝑟𝑟𝑟EGV
⃓
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
⃓+
+
+
+
2
2
2
2
2
2
2
2
(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟EGV
)
(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟EGV
)
(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟EGV
)
(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟EGV
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𝐴𝐴𝐴𝐴
,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴
,𝐵𝐵𝐵𝐵
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,𝐵𝐵𝐵𝐵
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,𝐵𝐵𝐵𝐵
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,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴2 ,𝐵𝐵𝐵𝐵
2
2
2
2
2
2
2
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Simplifying the equation above results in:
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𝑟𝑟𝑟𝑟 2
𝑟𝑟𝑟𝑟EGV
2
2
2
2
2
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𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴 ⎤
⎤
⎡ EGV𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴 ⎤ ⎡𝑟𝑟𝑟𝑟EGV
(𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟EGV
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𝑟𝑟𝑟𝑟EGV
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⎡
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⃓
0
0
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴1 ,𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵
⃓
2
2
⎢
⎥
⎢
⎥
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𝑟𝑟𝑟𝑟
1
−1
𝑟𝑟𝑟𝑟
⃓
−1
1
EGV
EGV𝐴𝐴𝐴𝐴1 ,𝐵𝐵𝐵𝐵 ⎥
⃓
2
2
2
2
2
⎥
⎢ 2 𝐴𝐴𝐴𝐴1,𝐵𝐵𝐵𝐵 ⎥ ⎢ (1−𝑟𝑟𝑟𝑟 2
⎢
⎥
⃓
2
2
2
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(1−𝑟𝑟𝑟𝑟
𝑟𝑟𝑟𝑟
)
𝑟𝑟𝑟𝑟
)
𝑟𝑟𝑟𝑟
(1−𝑟𝑟𝑟𝑟
(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟
) EGV𝐴𝐴𝐴𝐴2 ,𝐴𝐴𝐴𝐴
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𝑟𝑟𝑟𝑟EGV
EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵
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EGV𝐴𝐴𝐴𝐴 ,𝐴𝐴𝐴𝐴 𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 )
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2
2
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⎢𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴2,𝐴𝐴𝐴𝐴 ⎥ ⎢
⎥
⎥ ⎢𝑟𝑟𝑟𝑟EGV
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⃓
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⎥
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0
0
2
2
2
2
2
𝑟𝑟𝑟𝑟EGV𝐴𝐴𝐴𝐴 ,𝐵𝐵𝐵𝐵 ⎦ ⎣
𝑟𝑟𝑟𝑟EGV
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(1−𝑟𝑟𝑟𝑟EGV
𝑟𝑟𝑟𝑟EGV
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𝐴𝐴𝐴𝐴
,𝐵𝐵𝐵𝐵
𝐴𝐴𝐴𝐴
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The reliability of estimated genomic values is a product of the reliability of the
2
) and the proportion of genetic variance explained in the
estimated SNP effects (𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
2
with
validation population by the SNPs (𝜌𝜌𝜌𝜌2 ). Ignoring 𝜌𝜌𝜌𝜌2 , for now, and replacing 𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
the deterministic equations to predict accuracy of GP [6, 31]:
2 𝑆𝑆𝑆𝑆
ℎ𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴

2
𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
=� 2
𝐴𝐴𝐴𝐴1
ℎ 𝑆𝑆𝑆𝑆

𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴 +𝑀𝑀𝑀𝑀𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴1

2
𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐵𝐵𝐵𝐵1

=

�𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔2

=�

ℎ2
𝐴𝐴𝐴𝐴
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵
1
ℎ2
𝐵𝐵𝐵𝐵 + 1
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴𝐵𝐵𝐵𝐵
𝑁𝑁𝑁𝑁𝐵𝐵𝐵𝐵
1

,

ℎ2
𝐴𝐴𝐴𝐴
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴
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ℎ2
𝐴𝐴𝐴𝐴 + 1
𝑁𝑁𝑁𝑁𝐴𝐴𝐴𝐴
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴
1

2
𝑟𝑟𝑟𝑟𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐴𝐴𝐴𝐴2

,

=�

ℎ2
𝐴𝐴𝐴𝐴
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴
2
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4.9 Supplementary information
Supplementary Table 1: Estimated correlations between the 2 estimated genomic
values (EGVs) from the multi-population, multiple genomic relationship matrices
(MPMG) model. Standard error of estimates are in parenthesis.
GRM 1*
Correlation (EGV1, EGV2), Correlation (EGV1, EGV2)
(ℎ2 = 0.3)
(ℎ^2 = 0.8)
𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0.4
CSNPs_125
CSNPs_250
CSNPs_500
𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0.6
CSNPs_125
CSNPs_250
CSNPs_500
𝑟𝑟𝑟𝑟𝑔𝑔𝑔𝑔 = 0.8
CSNPs_125
CSNPs_250
CSNPs_500

0.22 (0.14)
0.30 (0.16)
-0.04 (0.40)

0.19 (0.08)
0.26 (0.08)
0.03 (0.28)

0.18 (0.13)
0.23 (0.15)
-0.07 (0.34)

0.16 (0.09)
0.22 (0.09)
0.03 (0.25)

0.13 (0.12)
0.14 (0.15)
-0.07 (0.27)

0.11 (0.09)
0.16 (0.09)
0.02 (0.20)

4

*GRM 2 throughout the study was made from ~48k non-causal SNPs.
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Abstract

Genome-Wide Association Studies (GWAS) in large human cohorts have identified
thousands of loci associated with complex traits and diseases. For identifying the
genes and gene-associated variants that underlie complex traits in livestock,
especially where sample sizes are limiting, it may help to integrate the results of
GWAS for equivalent traits in humans as prior information. In this study, we sought
to investigate the usefulness of results from a GWAS on human height as prior
information for identifying the genes and gene-associated variants that affect
stature in cattle, using GWAS summary data on samples sizes of 700,000 and 58,265
for humans and cattle, respectively. Using Fisher’s exact test, we observed a
significant proportion of cattle stature-associated genes (30/77) that are also
associated with human height (odds ratio = 5.1, p = 3.1e-10). Result of randomized
sampling tests showed that cattle orthologs of human height-associated genes,
hereafter referred to as candidate genes (C-genes), were more enriched for cattle
stature GWAS signals than random samples of genes in the cattle genome (p=0.01).
Randomly sampled SNPs within the C-genes also tend to explain more genetic
variance for cattle stature (up to 13.2%) than randomly sampled SNPs within random
cattle genes (p=0.09). The most significant SNPs from a cattle GWAS for stature
within the C-genes did not explain more genetic variance for cattle stature than the
most significant SNPs within random cattle genes (p=0.87). Altogether, our findings
support previous studies that suggest a similarity in the genetic regulation of height
across mammalian species. However, with the availability of a powerful GWAS for
stature that combined data from 8 cattle breeds, prior information from humanheight GWAS does not seem to provide any additional benefit with respect to the
identification of genes and gene-associated variants that affect stature in cattle
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5.1 Introduction
Genome-wide association studies (GWAS) have become popular and powerful tools
for identifying genes involved in complex traits aetiology, and for investigating the
genetic architecture of such traits in animal and plant species. In humans for
example, GWAS have been used to identify thousands of risk loci for complex
diseases such as heart diseases and psychiatric disorders, and have led to the
discovery of potential drug targets (Hindorff et al. 2009; Visscher et al. 2017). In plant
and livestock species, the focus of GWAS has primarily been, to identify variants or
genomic regions that underlie complex and economically important traits (Brachi et
al. 2011; Sharma et al. 2015). Ultimately, the ambition, with respect to GWAS, is the
identification of a subset of genomic variants that together explain the total genetic
variance for complex traits.
The ability of GWAS to identify variants that are associated with complex traits
depends on sample size. Large sample size is especially important for identifying rare
variants with medium-sized effects and common variants with small effects. A classic
example of the importance of sample size in GWAS is the trajectory of the number
of loci that have been associated with human height over the past decade. That
number rose from ~40 with a sample size between 13,000 to ~ 30,000 in 2008
(Gudbjartsson et al. 2008; Lettre et al. 2008; Weedon et al. 2008), to 180 with a
sample size of 183,727 in 2010 (Allen et al. 2010). By 2014, the number of loci
associated with human height had increased to 697 with a sample size of 253,288
(Wood et al. 2014), while the latest GWAS for human height from 2018 reported
3,290 near-independently associated loci, with a sample size of ~ 700,000 (Yengo et
al. 2018). It should be noted that the increase noticed in the past five years also
reflects improvements in data analysis methods (Yang et al. 2014). It is predicted
that as sample sizes continue to increase, the number of loci reliably associated with
human height will continue to increase (Visscher et al. 2017; Yengo et al. 2018).

5

While GWAS sample sizes have continued to increase in humans, the same is not
true for livestock species. While there are millions of animals from livestock species
that are regularly genotyped around the world, the data are rarely shared or
combined for the purpose of GWAS, given that the data are commercially sensitive
and proprietary. Up until recently, for example (e.g. Bouwman et al. 2018; Jiang et
al. 2019; Purfield et al. 2019; Xiang et al. 2019), most GWAS in livestock have been
carried out with cohort level data, with samples sizes varying from a few hundreds
to a few thousands (Sharma et al. 2015). While GWAS in livestock have resulted in a
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number of trait-associated loci, mainly those with large effect sizes, the joint effect
of the discovered loci explain only small proportions of the total genetic variance for
the traits of interest (Dekkers 2004). Given the sample-size limitation in most GWAS
in livestock, it would be of scientific interest to know if the results of GWAS studies
for complex traits in humans can be used as prior information to identify the genes
and gene-associated variants that affect equivalent traits in livestock species.
The idea to utilize GWAS results for a given trait across species presupposes that the
genes underlying the trait are conserved across species. There have been reports of
genes and mutations affecting height in humans that are found to affect height in
other mammalian species (see Kemper et al. 2012 for a review). In their study, Pryce
et al. (2011) found that variants within 55 cattle genes, whose orthologs are
associated with height in humans, were significantly associated with stature in cattle.
The result of Pryce et al. (2011) is further evidence to suggest that the same genes
may be underlying height in humans and cattle. Thus, instead of using a withinspecies GWAS to identify genes and gene-associated variants for complex traits as
was done in Bouwman et al. (2018), a GWAS results for the same trait but from a
different species could be utilized. With the availability of large sample sizes for
GWAS and whole genome sequence data in both humans and cattle, we
hypothesised that the evidence for similarity in the biology of height in humans and
cattle will become stronger, and that use of GWAS results for height in humans as
prior information to identify stature genes in cattle will become feasible. The
objective of this study was to test this hypothesis. We therefore investigate the
usefulness of GWAS results on human height as a prior information for identifying
genes and gene-associated variants that affect stature in cattle. For this, we used
GWAS summary data on samples sizes of ~700,000 and 58,265 for humans and
cattle, respectively. We find that prior information from human height GWAS is
beneficial for identifying genes and gene-associated variants affecting stature in
cattle, only when cattle prior information is not available.
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5.2 Results
5.2.1 Orthologous genes in humans and cattle are highly correlated in size but not
in LD score or gene-effect on height
From the UMD3.1 cattle genome build, we identified 13,742 genes that have
orthologs in humans and passed our quality control (QC). Within each species, we
estimated the correlation between gene size and gene LD score, defined as the mean
LD score of variants in the vicinity of the gene (Methods). We observed no significant
(p<0.05) correlation between gene size and gene LD scores across the 13,742
orthologous genes selected within the human genome (r = 0.0029, p = 0.74), and a
significant correlation between gene size and gene LD scores within the cattle
genome (r = 0.028, p = 0.001). We observed a significant positive correlation in genesize (r = 0.85, p=2.2x10-16) but no significant correlation in gene LD scores (r = 0.012,
p = 0.16) between human genes and their cattle orthologs. Furthermore, we
estimated the correlation between the effect of orthologous genes on height in
humans and cattle, as a high correlation may be an indication that the genes perform
similar function across species. To do this, we estimated the aggregated effect of all
the SNPs within each orthologous gene on the phenotype (human height and cattle
stature), which we refer to as gene-effect. The estimate of correlation between the
effect of the orthologous genes on height was low, but significant (r = 0.12, p =
2.2x10-16).

5

5.2.2 Height-associated genes in humans and cattle significantly overlap
To address if the same genes underlie height in humans and cattle, we estimated the
proportion of orthologous genes in or close to GWAS peaks for human height that
are also identified in or close to GWAS peaks for stature in cattle, and performed
Fisher’s exact test to check if the proportion of overlap is more than can be expected
by chance. We identified 77 cattle stature-associated orthologous genes based on
the results of Bouwman et al. (2018). Out of the 77 cattle orthologous genes, 10 were
also found to be associated with human height based on the result of Wood et al.
(2014), Fig 5.1A. The proportion 10/77 is more than can be observed by chance based
on the results of Fisher’s exact test (odds ratio = 5.5, p = 3.7×10-5). The contingency
table for the Fisher’s exact test is provided in the S1 table. Details about the 10
overlapping genes are provided in S2 table.
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Fig 5.1 Overlap between orthologous genes associated with height in humans
based on Wood et al. (2014) that are also associated with stature in cattle based
on Bouwman et al. (2018) (Panel A), and overlap between orthologous genes
associated with height in humans based on Yengo et al. (2018) that are also
associated with stature in cattle based on Bouwman et al. (2018) (Panel B).
The overlap was stronger (30/77) between the 77 cattle genes and human heightassociated genes identified based on the results of Yengo et al. (2018), Fig 5.1B. The
human height-associated genes were identified as those that were overlapping with
or nearby the near-independent significant SNPs from the meta-GWAS. The
proportion 30/77 is more than expected by chance based on the result of Fisher’s
exact test (odds ratio = 5.1, p-value = 3.1×10-10). The contingency table for the
Fisher’s exact test is provided in the S3 table, and details about the 30 overlapping
genes are provided in S4 table.
It is worth noting that the 77 orthologous cattle stature-associated genes identified
from Bouwman et al. (2018), are among the largest in size in both the cattle and
human genomes (Fig 5.2), which could inflate the likelihood of overlap. Therefore,
we implemented a gene size-stratified Cochran-Mantel-Haenszel test to correct our
estimates of overlap for potential bias. Our result show that accounting for gene-size
still results in a significant overlap (p-value = 2.4×10-9). The contingency table for the
Cochran-Mantel-Haenszel test is provided in S5 table.
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Fig 5.2: Distribution of gene-size (in cattle and humans) for the 77 orthologous
genes that overlap with or are within 10kb of the lead SNPs from Bouwman et al.
(2018). Genes were stratified into 10 quantiles based on gene size, with the shortest
genes in 1 and the longest genes in 10.

5

5.2.3 Cattle stature-associated variants are enriched in human height-

associated genes
To further check if human height-associated genes also affect stature in cattle, we
tested if cattle genes prioritized based on information from a GWAS on human height
are more enriched for GWAS signals for cattle stature than random sets of genes
from the cattle genome. For this purpose, we utilized two sets of human heightassociated genes. The first set comprised of 370 orthologous genes that were
identified by Yengo et al. (2018) using the summary-based Mendelian
Randomization (SMR) analysis (Zhu et al. 2016). The SMR analysis combines geneexpression data from multiple tissues and summary level GWAS data to identify
genes whose expression level is associated with the trait. We identified the cattle
orthologs of the SMR-based human genes that we refer to as SMR candidate (SMRC) genes. The result of randomized sampling test (Methods) showed that the number
of near-independently significant SNPs for cattle stature within and around the 370
SMR-C genes are not more than can be expected within and around random sets of
cattle genes matched on size, SNP density and mean LD score (Fig 5.3).
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Fig 5.3: Frequency distribution of the number of SNPs with near-independent significant effect on stature (P < 5x10-8) in 1,000
control tests for SMR-C genes. In each test, 370 cattle genes were sampled from a total of 13,865 genes that have human orthologs,

Chapter 5

146

The second set of human height-associated genes we used comprised of 1,184 orthologous genes that overlap with the 3,290 nearindependently significant SNPs affecting human height identified through a conditional and joint effect (COJO) analysis in Yengo et
al. (2018). The cattle orthologs of the COJO-based human genes were identified and referred to as COJO candidate (COJO-C) genes.
We found that the number of near-independent SNPs for stature in cattle within and around the 1,184 COJO-C genes is more than
can be observed within and around random sets of cattle genes matched on size, SNP density and mean LD score (Fig 5.4).

and near-independent significant SNPs within and 100kb (Column 1 – panels A,D,G), 50kb (Column 2 – panels B,E,H) or 5kb (Column
3 – panels C,F,I) either sides of the sampled genes were identified. The genes were sampled using stratified random sampling, with
the genes stratified based on gene-size (Row 1 – panels A,B,C), number of SNPs in a gene (Row 2 – panels D,E,F) or gene LD score
(Row 3 – panels G,H,I). The vertical red lines represents the number of near-independent significant SNPs (P < 5x10-8) associated with
stature, identified within and around the 370 cattle (SMR-C) candidate genes that have been shown to be associated with height in
humans. The p value represents the proportion of samples (out of 1,000) that have equal or higher level of enrichment for GWAS
signals than the SMR-C genes.
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Fig 5.4: Frequency distribution of the number of SNPs with near-independent significant effect on stature (P < 5x10-8) in 1,000
control tests for COJO-C genes. In each test, 1,184 cattle genes were sampled from a total of 13,865 genes that have human orthologs,
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The difference in sample size (370 vs 1,184) between the SMR-C and the COJO-C genes may result in the observed difference in the
significance of enrichment for cattle stature GWAS signals. However, we found that with the same sample size of 370, the COJO-C
genes are more enriched for GWAS signals than the SMR-C genes or any random set of 370 genes matched based on gene-size (Fig
5.5). This indicates that the results observed for the SMR-C genes is not just an issue of power (small gene sample size).

and near-independent significant SNPs within and 100kb (Column 1 – panels A,D,G), 50kb (Column 2 – panels B,E,H) or 5kb (Column
3 – panels C,F,I) either sides of the sampled genes were identified. the genes were sampled using stratified random sampling, with
the genes stratified based on gene-size (Row 1 – panels A,B,C), number of SNPs in a gene (Row 2 – panels D,E,F) or gene LD score
(Row 3 – panels G,H,I). The vertical red lines represents the number of near-independent significant SNPs (P < 5x10-8) associated with
stature, identified within and around the 1,184 cattle (COJO-C) candidate genes that have been shown to be associated with height
in humans. The p value represent the proportion of samples (out of 1,000) that have equal or higher level of enrichment for GWAS
signals than the COJO-C genes.
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Fig 5.5: Frequency distribution of the number of SNPs with near-independent
significant effect on stature (P < 5x10-8) in 100 control tests. In each test, 370 out
of 1,184 cattle (COJO-C) genes were sampled. The number of near-independent
significant SNPs within and 100kb either side of the sampled genes were identified
and compared to the number obtained within and 100kb either side of the 370 SMRC genes. The vertical red dashed line represents the number of near-independent
significant SNPs (P < 5x10-8) associated with stature, identified within and 100kb
either side of the 370 SMR-C genes, that have been shown to be associated with
height in humans through an SMR analysis. The p value represent the proportion of
samples (out of 100) that have equal or lower level of enrichment for GWAS hits than
the SMR-C genes.

The SMR analysis uses gene-expression data from multiple tissues. Given that not all
tissues are relevant for a given trait, it is critical that gene-expression data from a
trait-relevant tissue is used. Hence, we tested if the level of enrichment for GWAS
signals in the SMR-C genes will be more than can be expected from random sets of
genes if the selection criteria were to be more stringent. In particular, we required
that the human ortholog of the gene must show evidence of differential gene
expression in three or more tissues. With this selection criterion, we identified a
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subset of 121 (SMR-MT-C) genes instead of 370. Our result show that the level of
enrichment for GWAS hits nearby the 121 SMR-MT-C genes is more than can be
expected from any set of 121 randomly sampled genes, with p = 0.02 (Fig 5.6). The p
values in the randomized sampling test were calculated as the proportion of
randomly sampled gene-sets that had equal or higher level of enrichment for GWAS
hits as compared to the candidate gene sets.
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Fig 5.6: Frequency distribution of the number of SNPs with near-independent
significant effect on stature (P < 5x10-8) in 1,000 control tests for SMR-MT-C genes.
In each test, 121 cattle genes were sampled from a total of 13,865 genes that have
human orthologs. Stratified random sampling was carried out, with genes stratified
based on gene-size. The number of near-independent significant SNPs within and
100k either side of the sampled genes were identified. The vertical dashed line
represents the number of near-independent significant SNPs (P < 5x10-8) associated
with stature, identified within and 100kb either side of the 121 cattle (SMR-MT-C)
candidate genes, whose human orthologues show evidence of differential
expression in 3 or more tissues. The p value represent the proportion of samples (out
of 1,000) that have equal or higher level of enrichment for GWAS hits than the SMRMT-C genes.
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5.2.4 Accuracy of cattle variants selection using within- and across-species prior
information
Next, we quantified the proportion of stature variance explained by pre-selected
cattle SNPs based on GWAS results for height in humans and stature in cattle. First,
we tested the hypothesis that cattle SNPs that are pre-selected based on two
information sources 1) genes identified from GWAS results for human height, and 2)
Cattle stature GWAS significance level, will explain more genetic variance for stature
than SNPs that are pre-selected based on only cattle stature GWAS significance level.
To test this hypothesis, we identified the near-independent significant SNPs within
100kb either side of the SMR-C and COJO-C genes, that also segregate in a New
Zealand Holstein (NZH) cattle population: (80 SMR-C SNPs, 391 COJO-C SNPs). The
NZH population was not included in the cattle meta-GWAS analysis (Bouwman et al.
2018) and is therefore ideal as a validation population. It must be noted, however,
that some of the bulls in the NZH population are descendants of bulls from the Dutch
Holstein population which was included in the meta-GWAS. The result of
randomized sampling test showed that the identified candidate SNPs do not explain
more genetic variance for stature in NZH population than the most significant SNPs
for cattle stature within randomly sampled cattle genes (Fig 5.7).
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Fig 5.7: Frequency distribution of the percentage of genetic variance in New
Zealand Holstein population, explained by SNPs in 1,000 control tests for SMR-C
SNPs. In each test, the most significant SNPs for stature within a sampled gene-set,
that had at least 20 copies of the minor allele in the population were used to
construct the first GRM fitted in a GREML model. A second GRM was made with
randomly sampled 50k SNPs (excluding SNPs in the first GRM) across the genome, to
account for population structure. Figure A shows the result of control analysis for
the SMR-C SNPs, in which 80 top SNPs in each gene set were used to construct the
first GRM, while figure B shows the result of control analysis for the COJO-C SNPs, in
which 391 top SNPs within each gene set was used to construct the first GRM. The
red vertical lines represents the percentage of genetic variance explained by the
candidate SMR-C and COJO-C SNPs, respectively.
Secondly, we tested the hypothesis that cattle SNPs pre-selected using GWAS result
for human height will explain more genetic variance for stature, than random set of
SNPs from random cattle genes. To test the hypothesis, we randomly sampled 5 SNPs
per gene to avoid having a large number of SNP in a set. For the SMR-C genes, this
resulted in 1,777 unique SNPs that were segregating in NZH. For the COJO-C genes,
the number of unique SNPs extracted was 5,781. Although the results are not
statistically significant, we found that in ~ 90% of time, the candidate SNPs explain
more genetic variance for stature in NZH population than randomly sampled SNPs
from random sets of genes from the cattle genome (Fig 5.8).
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Fig 5.8: Frequency distribution of the percentage of genetic variance in New
Zealand Holstein population, explained by SNPs in 1,000 control tests for COJO-C
SNPs. In each test, SNPs were sampled randomly (matched by allele frequency to
candidate SNPs) within a sampled gene-set (5 SNPs were sampled per gene, within
each gene-set). SNPs had at least 20 copies of the minor allele in the validation
population. Each sampled SNP set was used to construct the first GRM. A second
GRM was made with randomly sampled 50k SNPs (excluding all SNPs in the first
GRM) across the genome, to account for population structure. Figure A shows the
result of control analysis for the SMR-C SNPs, in which 1,777 random SNPs in each
gene set were used to construct the first GRM, while figure B shows the result of
control analysis for the COJO-C SNPs, in which 5,781 random SNPs within each gene
set was used to construct the first GRM. The red vertical lines represents the
percentage of genetic variance explained by the candidate SMR-C and COJO-C SNPs,
respectively.
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5.3 Discussion
A general expectation with respect to conserved orthologous genes is that they
perform the same or very similar functions in different species and thus the functions
of the genes in one species could be inferred to another, especially when such
functions are critical for evolutionary fitness (Koonin 2005; Descorps-Declère et al.
2008; Gabaldón and Koonin 2013). Several experiments in the past have reported a
similarity in the function of orthologous genes in different species, although these
studies focused on genes causing mendelian disorders, (see Dolinski and Botstein
2007 for a review). For a highly polygenic trait such as height, it is not yet established
if the many genes underlying the trait in different species are conserved in their
function, and if height-associated genes in one species can be used as prior
information to identify the genes affecting height in a different species. In this study,
we sought to establish if human height-associated orthologous genes, with
mutations affecting height identified through GWAS, can be used as prior
information to identify the genes and gene-associated variants that affect stature in
cattle.
Due to LD, GWAS does not always result in the identification of the causal variants
and/or genes for a given trait. In many cases, variants identified as significantly
associated with a trait are proxies of unknown causal variants. One way of validating
candidate genes identified from GWAS is to test if the genes are also associated with
the same trait in a different species, given that LD pattern and thus the impact of LD
on GWAS is different in different species. In our study, we identified a significant
proportion (~39%) of cattle stature-associated orthologous genes that are also found
to be associated with human height. Given that they appear as candidate genes for
height in two species that separated over ~90 million years ago (Murphy et al. 2004),
the 30 overlapping genes cannot be considered an artifact of cryptic population
structure. We found that 6 out of the 30 genes: ADAM12, SIK3, AXL, INSR, SPRED1
and PAPPA2 are involved in the Signaling by Receptor Tyrosine Kinases pathway, a
pathway that is responsible for signaling of the growth hormone (GH) (Carter-Su et
al. 2016). Two of the overlapping genes ADAMTS17 and ADAMTSL4 participate in the
pathway: Defective B3GALTL causes Peters-plus syndrome (PpS). The Peters-plus
syndrome is a recessive disorder that results in, among other things, short stature
and delay in growth (Heinonen and Mäki 2009). Altogether, evidence suggests that
height in humans and stature in cattle are biologically similar traits and that the
orthologous genes associated with height in humans can be considered validated if
they are also found to be associated with stature in cattle.
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With respect to the identification of genes and gene-associated variants that affect
stature in cattle, our results suggest that across-species prior information (results of
GWAS for human height) is less informative than within-species prior information
(results of GWAS for cattle stature). There are two reasons likely underpinning this
finding. Firstly, the cattle (within-species) GWAS (Bouwman et al. 2018) was for a
trait that is highly heritable. It is easier for GWAS to identify the signals underlying a
highly heritable trait such as stature than for a lowly heritable trait e.g. fertility, given
that at low heritability, there is larger environmental effect in the phenotype, which
acts as noise around the genetic effects. In that sense, the benefit of using prior
information from humans to identify genes and gene-associated variants for
complex traits in cattle is expected to be higher for lowly heritable cattle traits than
for highly heritable traits. For example, Costilla et al. (2020) estimated the proportion
of additive genetic variance for age at puberty in cattle explained by SNPs in and
around cattle orthologous genes that were associated with age at menarche in
humans. They showed that the SNPs in and around the candidate genes explained
11.2% of the total additive genetic variance for age at puberty in cattle, which was
about twice the variance explained by SNPs in random gene-sets of similar size and
SNP number.
Secondly, the within-species GWAS was large in terms of sample size and therefore
was powerful enough such that the human prior information does not provide
additional information. However, the GWAS study of Bouwman et al. (2018) is an
exceptional collaboration and data sharing in the livestock genetics community. An
important factor for the success of the collaboration was that stature is generally not
considered an economic trait, and in that sense, data on stature is less sensitive to
share. Studies as large as that of Bouwman et al. (2018) for economically important
traits, especially those that are difficult or expensive to measure, are less common.
For these kinds of traits, GWAS will most likely be underpowered, given that they are
carried out at population level, where, in most cases, sample sizes are limiting.
Identification of the genes and gene-associated variants that affects such traits will
be aided by the integration of the huge resources, namely, GWAS results that are
publicly available for complex traits in humans. Furthermore, for traits in cattle
where powerful GWAS are not possible for whatever reason, using prior information
from human GWAS from similar traits will likely aid the identification of the
underlying genes and the associated variants.
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The method of determining the genes that underlie height in humans is very
important, as this may determine whether or not the orthologs affects height in
other species. In this study, we focused on two sets of orthologous genes that were
determined to have an effect on human height. The COJO gene set are those that
were prioritized as encompassing or close to the top GWAS signals for height in
humans from Yengo et al. (2018). The cattle orthologs of these genes were more
enriched for cattle stature signals and captured more genetic variance for stature
than random sample of genes in the cattle genome. The second set of genes were
those that were prioritized based on the summary-based mendelian randomization
analysis (SMR) in Yengo et al. (2018). These are genes whose expression levels and
association with height are assumed to be controlled by the same causal variant, and
in that sense, assumed to be the most functionally relevant genes for human height.
In our analysis, however, the cattle orthologs of the SMR-based human genes were
not more enriched for cattle stature GWAS signals than random sets of genes from
the cattle genome. There are two possible explanations for this observation. First,
some genes are known to show tissue specific gene expression (Nica et al. 2011). For
their SMR analysis, Yengo et al. (2018) used the GTEx-v7 database (Gtex Consortium
2015) that contains expression data of several genes in multiple tissues, not
necessarily height related tissues. It is possible, therefore, that some of the genes
showed differential level of gene-expression only in specific tissues that are not
related to human height. The orthologs of such genes are less likely to affect height
in other species. In contrast, genes with consistent differential expression in multiple
tissue are more likely to maintain their effect across species. Our result, although
only marginally significant (p=0.02), suggests that to be the case. Given that the
specific tissues that are relevant for specific traits of interest are not always known,
the results of SMR analysis that uses gene expression data in only a single tissue,
should be taken with caution. The second possible explanation might just be that the
cattle meta-GWAS analysis of Bouwman et al. (2018) was not powerful enough to
detect important cattle stature variants within the cattle orthologs of the SMR-based
human genes.
Potentially, GWAS for complex traits in humans could be utilized to aid precision
genomic prediction in livestock. For example, knowledge about the position of
candidate genes from GWAS in humans or the proportion of genetic variance for the
trait that is explained by variants in or around the candidate genes, can be used to
specify priors for genomic prediction models in livestock. A non-linear genomic
prediction model that can be used for this purpose is the BayesR by segment
(BayesRS) model (Brøndum et al. 2012). In BayesRS, variant effects are assumed to
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belong to a mixture of four normal distributions, with the different distribution
reflecting the different proportions of genetic variance explained by different
genomic segments. Effectively, the BayesRS model can be specified such that the
prior probability for a given variant depends on whether it is within or nearby an
important gene identified from a human GWAS. An extended BayesRS model is the
BayesRC model (Macleod et al. 2016), which also allows for the explicit incorporation
of prior knowledge in GP. In BayesRC, information on genes or variants from a human
based GWAS can be used to assign variants into two or more classes (C). Other
methods of using information from GWAS in humans for genomic prediction in
livestock include weighting variants differently based on information from human
GWAS in the construction of GRMs (e.g. Su et al. 2014; Fragomeni et al. 2017), and
fitting multiple GRMs in BLUP, with the different GRMs made from different classes
of markers (e.g. Speed and Balding 2014; Raymond et al. 2018).
Altogether, our results suggest that human height and cattle stature are biologically
similar traits. For the purpose of identifying the genes and gene-associated variants
that affect stature in cattle, prior information from current human-height GWAS,
does not provide more benefit than what a powerful GWAS for cattle-stature already
provides. We must state that our findings cannot easily be generalized to other
complex traits. This is especially so for traits that have been under strong artificial
selection in cattle, given that such traits might have evolved differently and rapidly
than in humans. More research is needed to make such a generalization.
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5.4 Materials and Methods
5.4.1 Data
The summary level results from meta-GWAS for human height and cattle stature and
other data sets used in the study are summarised in Table 5.1.
Table 5.1: A summary of all data sets used in the study
Species

Data type

# of SNPs

References

GWAS summary-level result

Sample
size
253,288

Human
Human

2,550,858

(Wood et al. 2014)

GWAS summary-level result

693,529*

2,334,001

(Yengo et al. 2018)

Cattle
Human

GWAS summary-level result
Individual-level genotypes

58,265
8,552

25.4 million
16,652,994

(Bouwman et al. 2018)
(Sonnega et al. 2014)

Cattle

Individual-level
genotypes
LD scores

1,147

30.3 million

(Daetwyler et al. 2014)

10,000

17,613,557

975

14,341,737

(UK10K
Consortium
2015)
(Raymond et al. 2018)

Human
Cattle

WGS

Individual-level genotypes and
phenotype

*Mean sample size. WGS: whole genome sequence
5.4.2 Comparison of gene characteristics in humans and cattle
Many genes are conserved across species, therefore, comparison of traits across
humans and cattle can be made at the gene level. For this study, we utilized
information on orthologous genes between humans and cattle. Out of the 24,617
cattle genes identified in the UMD3.1 cattle genome build (Elsik et al. 2009) and using
Biomart Ensemb (Chen et al. 2010), we identified 13,742 genes that have orthologs
in humans and passed quality control (QC). The QC thresholds used were: identity of
the cattle gene to human gene > 70%; cattle gene order conservation score > 70%;
cattle gene orthology confidence =1, orthology type: 1 to 1.
Within each species (humans and cattle), we estimated the correlation between
gene size and LD score of orthologous genes to see if longer genes have higher or
lower level of LD than shorter genes. Furthermore, we estimated the correlation
between human gene-size and cattle gene-size for the orthologous genes, and did
the same for gene-based LD score. We calculated gene-size by subtracting the start,
in base pairs (bp), from the end position of the gene and divided the value by 1,000
to obtain gene size in kilo base pairs (kbp). For humans, we used already calculated

160

Genetic analysis of height across species

LD scores on UK10K (UK10K Consortium 2015) whole genome sequence variants. The
LD score for each SNP was calculated as the sum of LD (𝒓𝒓𝒓𝒓𝟐𝟐𝟐𝟐 ) between the SNP and all
other SNPs in a 200kb window, with 100kb overlap between two adjacent segments.
The mean LD score of a gene was calculated as the mean LD score of all the SNPs
within the gene. For cattle, we used GCTA (Yang et al. 2011) to calculated the LD
scores for sequence variants on individuals from the Run4 of the 1,000 bulls genomes
project dataset (Daetwyler et al. 2014) that have 3 or more copies of the minor allele.
The LD score for cattle SNPs was calculated with the same specifications as was used
for human LD score calculations.
A high correlation between the effect of orthologous genes on human height and
cattle stature may be an indication that the genes perform similar function across
the species. Using the fastBat function in GCTA (Bakshi et al. 2016), and GWAS
summary level results, we estimated the aggregated effect of all the SNPs within
each orthologous gene on the phenotype (human height and cattle stature), which
we refer to as gene-effect. We then calculated the correlation between the effect of
the genes in both species. For the fastBat analysis to estimate the effect of the
orthologous genes on human height, we used summary-level GWAS result from
Yengo et al. (2018) and individual level imputed genotype data on individuals from
the Health and Retirement Study (Sonnega et al. 2014) as LD reference. Similarly, for
the fastBat analysis to estimate the effect of the orthologous genes on cattle stature,
we used the summary-level result from Bouwman et al. (2018) and the full sequence
data on all individuals from Run4 of the 1,000 Bull Genomes Project (Daetwyler et al.
2014) as LD reference. For human data, it was shown previously that the fastBat
analysis loses power when SNPs are in very high or perfect LD, hence the
recommendation to apply LD threshold of 0.9 (Bakshi et al. 2016). We therefore used
an LD threshold of 0.9 in the fastBat analysis of human data and set a lower LD
threshold of 0.5 for the fastBat analysis of cattle data, given the high average LD
between SNPs in the cattle genome. Outputs from the fastBat analysis were genebased chi-squared (calculated as the sum of chi-squared values for all the SNPs
within and 50kb either side of a gene), and the corresponding gene-based p-value
that indicate whether or not the effect of a gene on height (or stature in cattle) is
significantly different from zero.
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5.4.3 Overlap of height-associated genes in humans and cattle
We estimated the proportion of orthologous genes in or close to GWAS peaks for
human height that are also identified in or close to GWAS peaks for stature in cattle,
and tested if the overlap is more than can be expected by chance. We identified the
genes potentially controlling stature in cattle as those that overlap with, or are within
10kbp of the 163 lead SNPs for stature as reported in Bouwman et al. (2018). We
identified 77 genes that have orthologs in humans. We checked the proportion of
the 77 cattle genes that were also identified based on results from Wood et al. (2014)
and tested if the proportion is more than can be expected by chance. From Wood et
al. (2014), we identified and used 368 orthologous genes that overlap with, or are
within 10kb of the 649 lead SNPs for human height.
Given the larger sample size used by Yengo et al. (2018), we wanted to know if there
is a stronger overlap between the 77 cattle genes from Bouwman et al. (2018), and
human height genes from Yengo et al. (2018), as against those from Wood et al.
(2014). To do this, we identified all human orthologous genes that overlap with, or
are within 10kb of the 3,290 near independent significant SNPs from Yengo et al.
(2018), 1,553 genes in total. We then checked the proportion of the 77 cattle genes
that are part of the 1,553 identified human orthologous genes and tested if the
proportion is more than can be expected by chance. In both cases, we used Fisher’s
exact test.
There is a chance that genes are enriched for GWAS signals and are identified as
important genes for height in both humans and cattle, simply because they are large
genes (Mirina et al. 2012). Thus, we implemented the Cochran-Mantel-Haenszel test
(Cochran 1954; Mantel and Haenszel 1959) to test for the association between cattle
stature genes and human height genes, while at the same time, accounting for a
possible confounding effect of gene size. We implemented the test only for the
overlap between the 77 cattle stature genes identified from Bouwman et al. (2018),
and human height genes identified from Yengo et al. (2018).
5.4.4 Enrichment for cattle stature GWAS signals in and around human heightassociated genes
The aim in this section was to quantify the usefulness of information from human
height GWAS in the prioritization of stature genes in cattle, an analysis similar to
Pryce et al. (2011). Specifically, we tested the hypothesis that cattle genes prioritized
based on information from a GWAS on human height are more enriched for cattle
stature GWAS signals than random sets of genes from the cattle genome. For the
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analysis, we used two different sets of human-height genes. First, we used the 610
human height genes identified by Yengo et al. (2018) using the Summary-based
Mendelian Randomization (SMR) analysis (Zhu et al. 2016). The SMR analysis
identifies genes whose expression level and association with the trait are assumed
to be controlled by the same causal variant. We identified 370 cattle orthologs that
will henceforth be referred to as SMR candidate (SMR-C) genes. The number of nearindependent significant SNPs for cattle stature within and around the 370 SMR-C
genes were then identified. To test if this number is more than can be observed with
a random set of 370 cattle genes, we implemented a validation analysis, using
randomized permutation test as follows: all 13,742 cattle genes that have human
orthologs were stratified into 10 quantiles based on gene-size, number of SNPs
within a gene or gene-based LD score, with the genes stratified separately for each
criterion. In each quantile, we identified the number of SMR-C genes and
subsequently sampled the same number of control genes from the quantile. Using
this method, we sampled 370 control genes 1,000 times. We identified the number
of near-independent SNPs within and 100kbp, 50kbp or 5kbp either side of the genes
in each sampled control gene-set and checked if the number is more, equal or less
than was observed within and 100kbp, 50kbp or 5kbp either side of the 370 SMR-C
genes, respectively. For the GWAS signal enrichment analysis, near-independent
significant SNPs for stature refers to SNPs obtained following a clumping analysis in
plink 1.9 (Purcell and Chang 2015), using the summary level result from Bouwman et
al. (2018) and the fully sequenced individuals from Run4 of the 1000 Bull Genomes
Project (Daetwyler et al. 2014) as LD reference. The following parameters thresholds
were set in the clumping analysis: significance level for index SNPs: 5x10-8;
secondary significance level for clumped SNPs: 5x10-8; LD threshold for clumping:
0.2; physical distance threshold for clumping: 0.5mbp.
Secondly, we mapped all the 3,290 near-independent significant SNPs affecting
human height identified through a conditional and joint effect (COJO) analysis by
Yengo et al. (2018) to human genes, using Biomart Ensemb and the GRCh37 human
reference genome. We identified 1,184 cattle orthologs of the COJO-based human
height genes. These 1,184 cattle orthologous genes will henceforth be referred to as
COJO candidate (COJO-C) genes. We carried out the same validation analysis as
described for the SMR-C genes, with 1,184 control genes sampled 1,000 times.
In addition to possible differences in the usefulness of human prior information used
to prioritize the SMR-C and the COJO-C cattle gene sets, respectively, difference in
gene sample size (370 vs 1,184) can result in a difference in the level of enrichment
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for GWAS signals. To account for the difference in gene sample size, we took a
sample of 370 genes from the 1,184 COJO-C genes 100 times, and checked the
number of near-independent SNPs within and 100kbp either side of the genes in
each sample. We then checked if the number of near independent SNPs for stature
in each sample is more or less than was observed within and 100kb either side of the
370 SMR-C genes.
Furthermore, we tested if the level of enrichment for GWAS hits within the SMR-C
genes is stronger with more stringent selection criterium, namely, evidence of
differential expression in multiple tissues. To do this, we identified 182 out of the
610 human height genes prioritized by Yengo et al. (2018) through SMR, that have
differential gene expression evidence in 3 or more tissues. We located the cattle
orthologs of the 182 genes, with a total of 121 remaining after QC. These 121 cattle
orthologs genes will henceforth be referred to as: SMR evidence in multiple tissues
candidate (SMR-MT-C) genes. We implemented a validation analysis as earlier
described, to test if the number of near-independent SNPs within the 121 SMR-MTC genes are more than can be observed within and around sampled control genes.
In this case, we used stratified random sampling to sample 121 control genes 1,000
times, with genes stratified only based on gene size, as this gives similar results
compared to when genes are stratified based on gene-based LD score or SNP density.
5.4.5 Accuracy of cattle variants selection using within- and across-species prior
information
The aim in this section was to quantify the accuracy (in terms of the proportion of
genetic variance explained for stature), of pre-selecting cattle SNPs based on GWAS
results for height in humans. For the analysis, deregressed estimated breeding values
(dEBVs) for stature and effective daughter contributions (EDCs), for 975 New Zealand
Holstein (NZH) bulls was used. The EDCs were used as weights for the dEBVs in all
analyses. To estimate the proportion of genetic variance explained by SNPs in the
NZH population, a univariate GREML model with two genomic relationship matrices
(GRMs) was fitted using the MTG2 software (Lee and Van Der Werf 2016) follows:
y = 1μ + Wg1 + Wg 2 + e,

where y is a vector containing the phenotypes (dEBVs of the NZH bulls), μ is the
mean, W is an incidence matrix linking phenotypes to genetic effects, g1 and g 2 are
vectors of genetic effects corresponding to the two GRMs fitted simultaneously in
the model, and e is a vector of residual effects. In this study, the first GRM (GRM1 )
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was made using the SNPs of interest and the second GRM (GRM2 ) was made from
50k SNPs that were randomly sampled across the genome, excluding all SNPs in
GRM1 , and meant to account for possible population structure. Genetic effects in g1
and g 2 are assumed to be normally distributed as g1 ~ 𝑁𝑁𝑁𝑁(0, GRM1 𝜎𝜎𝜎𝜎𝑎𝑎𝑎𝑎2 ) and
g 2 ~ 𝑁𝑁𝑁𝑁(0, GRM2 𝜎𝜎𝜎𝜎𝑎𝑎𝑎𝑎2 ), where 𝜎𝜎𝜎𝜎𝑎𝑎𝑎𝑎2 is the genetic variance for stature. Residual effects
were assumed to be normally distributed as e~𝑁𝑁𝑁𝑁(O, D𝜎𝜎𝜎𝜎𝑒𝑒𝑒𝑒2 ), where 𝜎𝜎𝜎𝜎𝑒𝑒𝑒𝑒2 is the residual
variance and D is a diagonal matrix that contains the inverse of EDCs, which were
used as weights for the dEBVs. SNPs were included in the analysis that had at least
20 copies of the minor allele in NZH population. Thus, MAF threshold was set to

2 = 0.04. We tested two hypotheses as follows:
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Hypothesis 1: Cattle SNPs that are pre-selected based on a combination of two
information sources: 1) genes identified from GWAS results for human height, and
2) Cattle stature GWAS significance level, will explain more genetic variance for
stature than SNPs that are pre-selected based from random cattle genes based on
their significance level in a GWAS for cattle stature. To test this hypothesis, we
identified the near-independent significant SNPs for stature in and 100kb either side
of the SMR-C and COJO-C genes, that segregate in NZH (80 SMR-C SNPs, 391 COJO-C
SNPs). We used all the identified candidate SNPs to make GRM1 in GCTA [40]. For
the control analysis, we sampled 1,000 control gene sets , and for each control gene
set we ranked the SNPs based on significance level for association with stature and
sampled the top 80 (SMR) or 391 (COJO) SNPs. So each set of control SNP set had
the same number of SNPs as the candidate SNP set and was used to calculate GRM1 .
The proportion of total genetic variance explained by each set of control SNPs were
estimated and compared to the genetic variance explained by the candidate SNPs.
Hypothesis 2: Cattle SNPs that are pre-selected based on GWAS result for human
height will explain more genetic variance for stature, than random set of SNPs from
random cattle genes. In this case, the candidate SNPs were all the SNPs identified
within and 100kb either side of the SMR-C and COJO-C genes, respectively. We
randomly sampled 5 SNPs per gene to avoid a large number of SNP in high LD with
each other, given the long range LD in commercial cattle populations. For the SMRC genes, this resulted in 1,777 unique SNPs that were segregating in NZH. For the
COJO-C genes, the number of unique SNPs extracted was 5,781. Each of these SNP
set was used to calculate GRM1 . For the control analysis, the same number of SNPs
as the candidate SNPs (1,777 and 5,781 SNPs respectively) were randomly sampled
from within and 100kb around the genes in each of the 1,000 control gene-sets and
the SNPs were matched for allele frequency to the candidate SNPs.
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170

13,374

368***

Marginal totals (columns)

13,742*

13,665

77**

S2 Table: Names and coordinates of 10 orthologous genes that are associated with both human height based on results from Wood
et al. (2014) and cattle stature based on results from Bouwman et al. (2018).
Gene name Chromosome Start (BP) Stop (BP) Chromosome Start (BP) Stop (BP) - Cattle
Cattle
cattle
- Human
Human
Human
GATAD2A
7
3737212
3838689
19
19385826
19508931
MAN1C1
2
127888646
128008111
1
25617468
25786207
VPS8
1
82706097
82987709
3
184812143
185052614
GNAQ
8
53970972
54280697
9
77716087
78031458
DIS3L2
2
120486066
120794558
2
231961245
232344350
ADAM12
26
45848827
46238138
10
126012381
126388455
INSR
7
17280452
17403052
19
7112255
7294034

*Cattle genes with 1 to 1 orthologs in humans (after QC); **Cattle genes within 10kb of the 164 lead SNPs from Bouwman et al.
(2018) that also have orthologs in humans; ***Human height genes prioritized as those that overlap with, or are within 10kkp either
side of the 649 lead SNPs for height in Wood et al. (2014), that also have orthologs in cattle. The proportion 10/77 is more than can
be expected by chance: Fisher’s exact test (odds ratio = 5.5, p-value = 3.7e-05).

13,307

358

Not In Bouwman et al. (2018)

67

10

In Bouwman et al. (2018)

S1 Table: Contingency table showing the overlap of cattle stature genes from Bouwman et al. (2018) with human height genes
from Wood et al. (2014).
In Wood et al. (2014) Not in Wood et al. (2014) Marginal totals (rows)
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25
4
11

41099259
32077891
74030425

41171209
32222388
74059688

7
7
2

2728112
23310209
25227855

2844324
23470467
25342590

1,523
1,553***

Not in Bouwman et al. (2018)

Marginal totals (columns)

Marginal totals (rows)
77**
13,665
13,742*

Not In Yengo et al. (2018)
47
12,142
12,189

*Cattle genes with 1 to 1 orthologs in humans (after QC); **Cattle genes within 10kb of the 164 lead SNPs from Bouwman et al.
(2018) that also have orthologs in humans; ***Human height genes prioritized as those that overlap with, or are within 10kbp either
side of the 3,290 lead SNPs for height in Yengo et al. (2018), that also have orthologs in cattle. The proportion 30/77 is more than can
be expected by chance: Fisher’s exact test (odds ratio = 5.1, p-value = 3.1e-10).

30

In Bouwman et al. (2018)

In Yengo et al. (2018)

S3 Table: Contingency table showing the overlap of cattle stature genes from Bouwman et al. (2018) with human height genes
from Yengo et al. (2018).
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FBN1

Chromosome
- Cattle
10

Gene name
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71730213

68778347

1806692

20187039

52253039

53181379

50677199

1.28E+08

Start (BP) Cattle
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2

9

3

4
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1

1

20

17
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1

Chromosome
- Human
15

1.17E+08

7112255

1.26E+08

46762617

2.32E+08

96450201
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S4 Table: Names and coordinates of 30 orthologous genes that are associated with both human height based on results from Yengo
et al. (2018) and cattle stature based on results from Bouwman et al. (2018).
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173

174

8,850

No

3,293

787

22

23

Long

Mantel-Haenszel chi-squared (corrected for gene length) = 35.6, p-value < 2.4e-9, common odds ratio = 4.1.

736

Yes

25

No

No

7

Yes

Yes

Short

In Yengo et al. (2018)

In Bouwman et al. (2018)

Gene size

S5 Table: Contingency table showing the overlap of cattle stature genes from Bouwman et al. (2018) with human height genes
from Yengo et al. (2018), while accounting for gene size.
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CHAPTER 6.
General discussion

Chapter 6

6.1 Introduction
The advent of genomic prediction (GP) (Meuwissen et al. 2001), a method that uses
large scale genotype information to predict an individual’s genomic value for a
complex trait, has revolutionized animal and plant breeding (e.g. Dalton 2009;
Heffner et al. 2011), and has the potential to result in personalized medicine in
humans (e.g. Wray et al. 2007; Abraham and Inouye 2015; Lee et al. 2017). Genomic
values can be genomically estimated breeding values (GEBVs) of animals or plants
for a given trait (Meuwissen et al. 2001) or the polygenic scores for complex traits
and diseases in humans (Wray et al. 2007; Evans et al. 2009; Richardson et al. 2019).
The benefit, and thus the adoption of GP is dependent on its accuracy, which varies
across traits and species. For accurate GP, it is essential that the extent of linkage
disequilibrium (LD) between markers like single nucleotide polymorphisms (SNPs)
and causal variants is high, as the extent of LD determines the proportion of genetic
variance for the trait that can be explained by markers (e.g. Calus and Veerkamp
2007; Weir 2008; Hayes et al. 2009). To attain a high level of LD between markers
and causal variants, high density SNP panels can be used such that every causal
variant affecting the trait is tagged by at least one SNP. Given that whole genome
sequence (WGS) data is the ultimate high-density panel, the use of WGS instead of
low density SNP panels is expected to improve the accuracy of GP. Furthermore,
given the expectation that causal variants are included in WGS data, the accuracy of
GP may no longer depend on LD between SNPs and causal variants, as the effect of
the causal variants themselves can be directly estimated.
Despite promising conclusions from simulations studies (e.g. Meuwissen and
Goddard 2010; Macleod et al. 2014), studies using real data have reported no added
benefit of using WGS for GP instead of marker arrays e (e.g. Ober et al. 2012;
Brøndum et al. 2015; Van Binsbergen et al. 2015; Heidaritabar et al. 2016; Veerkamp
et al. 2016). In most of these studies, GP was carried out within-population. Results
of studies with real data suggest that within population GP accuracy does not benefit
from the use of WGS data, possibly due to the long-range LD within population,
which makes that all causal variants are already tagged by SNPs on arrays. Given that
LD across populations is conserved only over short distances (De Roos et al. 2008),
WGS holds more promise to increase the accuracy of across- and multi-population
GP than within-population GP.
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The overall objective of this thesis was to investigate the benefit of WGS data for GP
across populations and species. The first sub-objective in the thesis was to
investigate strategies for the efficient use of WGS data in across-population, and
multi-population GP. In Chapter 2, I showed that the accuracy of across-population
GP can be improved by using variants that are pre-selected from WGS data based on
biological information, in this case the significance level of the variants in a powerful
multi-population meta-GWAS (Bouwman et al. 2018). In addition, as the third subobjective, I investigated the benefit of using GWAS result on human height to
prioritise genes and gene-associated variants for stature in cattle (Chapter 5). I
showed that orthologous genes associated with height in humans are enriched for
variants that are associated with height in cattle. Randomly sampled SNPs within the
prioritised genes also tend to explain more genetic variance for cattle stature than
randomly sampled SNPs within random cattle genes. Therefore, in the first part of
the general discussion, I discuss the methods for variants pre-selection based on
biological information.
While pre-selection of important variants improve the accuracy of GP across
populations, results from chapter 2 showed that such variants alone do not capture
the total genetic variance for the trait. Therefore, the second sub-objective of the
thesis was to implement and test the performance of a multi-population, multiple
genomic relationship matrices (GRM) GP model (MPMG) that uses all available
variants, but weight pre-selected important variants separately from all other
variants in a separate GRM (Chapter 3). The predictive performance of the MPMG
model was underpinned by deriving and validating a deterministic prediction
equation for its accuracy (Chapter 4). Using the prediction equation, I showed that
the superiority of the MPMG model over single-GRM models is because it benefits
from a low number of independent chromosome segments (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) due to the preselected variants, both within and across population. These results show that
properly modelling prior biological information can benefit the accuracy of genomic
prediction. Therefore, in the second part of the general discussion, I discuss
statistical methods for biology-informed GP. In each part, I discuss the current state
of knowledge, describe the contribution of this thesis to the current state of
knowledge, and discuss possible future directions for research.
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6.2 Use of biological information to pre-select variants for
GP

In the context of this thesis, I define biological information as information regarding
the relationship between changes in genome elements, such as genetic variants,
genes, transcripts, regulatory sequences, and changes in observed phenotypes. In an
ideal scenario, we would have all the biological information necessary to identify all
the causal variants that underlie a given complex trait. The identification of all the
causal variants that underlie complex traits, together with the availability of large
reference populations and the right model to accurately estimate their effects,
should lead to a GP accuracy of 100% (Goddard 2017). While there are developments
in animal breeding such as the establishment of the 1,000 bulls genomes project
(Daetwyler et al. 2014) and the FAANG Consortium (Andersson et al. 2015) that are
aimed at unravelling biological information coded in the genome, the causal variants
that have been identified for any given complex trait are at most a few hundreds.
This limitation together with others such as limitations in sample size, genotype by
environment interactions, non-additive genetic effects restricts the accuracy of GP
to less than 100% (Campos and Toro 2017; Gianola 2017; Goddard 2017). However,
while the discovery of all causal variants for any given complex trait is still far from
realization, it is still worthwhile to continue to identify likely causal variants or those
that are in complete LD with them, as the appropriate modelling of such variants
improves the accuracy of GP. For example, results from this thesis showed an
improvement in the accuracy of across- and multi-population GP when biological
information from a meta-GWAS (Bouwman et al. 2018) is used to pre-select variants,
which agrees with several other studies in literature (e.g. Brøndum et al. 2015; PérezEnciso et al. 2015; Macleod et al. 2016; Fang et al. 2017).
In itself, the scientific effort to determine the variants that underlie complex traits is
not new, and dates to the time Mendel postulated about “heritable factors” that
underlie observed phenotypes. One of the earliest methods used for this purpose
was linkage analysis, a statistical approach that examines the co-segregation of
variants and trait locus within families and relied mainly on the use of microsatellite
markers. Linkage analysis was used to identify the genomic regions that underlie
mainly mendelian rather than polygenic traits and had the limitation that it requires
multiple generations of pedigree of individuals expressing the mendelian trait. From
around 2007 onwards (Wellcome Trust Case Control Consortium 2007), GWAS
effectively replaced linkage analysis, mainly due to the availability of dense SNP
arrays and the genetics community’s growing interest in complex traits. Henceforth
in this section, I will discuss the relevance of GWAS for pre-selection of variants and
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the impact on GP prediction accuracy (6.2.1). I will also discuss the use of eQTL
analysis to pre-select variants and the potential impact on the accuracy of GP (6.2.2),
and other methods for the identification and pre-selection of variants for GP
purposes (6.2.3).
6.2.1 GP with variants pre-selected from GWAS
Genome-wide association study was designed to detect associations between
genomic variants and complex traits. Both GWAS and GP are based on the same
principle, in that both methods rely on the LD between markers and causal variants.
The difference between the method is that while GWAS is aimed at identifying
variants in the genome that affect complex traits, GP focuses on the prediction of an
individual’s genomic value based on all variants. My aim here is not to discuss GWAS
as a concept, as there are already excellent literatures on GWAS available (e.g.
Schmid and Bennewitz 2017; Visscher et al. 2017). Rather, my aim is to raise some
important discussion points with regards to the use of GWAS results for GP purposes.
Throughout this thesis, I utilized results from a meta-analysis of GWAS results for
stature in cattle that combined data on 58,265 individuals from 8 cattle breeds and
WGS (Bouwman et al. 2018). I pre-selected SNPs from WGS based on their -log10(p)
value from the meta-GWAS and demonstrated the usefulness of the pre-selected
variants in different models for GP. Given that such a large meta-GWAS is not
common for most economic traits that are typically included in an index for genetic
evaluation, it is worth asking what the impact on the accuracy of GP will be if variants
are pre-selected from a less powered GWAS, for example, a GWAS using SNP arrays,
or a WGS-based GWAS in only a single population. I will first try to address the use
of SNP-based GWAS to pre-select variants for GP. Subsequently, I will discuss the use
of within-population WGS-based GWAS to pre-select variants for GP.
6.2.1.1 Using QTL from a SNP-Chip based GWAS
When variants are pre-selected from a SNP-chip based GWAS, I do not expect the
pre-selected variants to improve the accuracy of GP. That is because SNPs that are
on a chip are typically selected because they are common in the population of
interest (Matukumalli et al. 2009; Groenen et al. 2011). Common SNPs are only in
high LD with common causal variants (Van Binsbergen et al. 2014), and therefore
such GWAS will identify mainly QTL that are common in the population and less
likely to identify rare QTL, say with minor allele frequencies (MAF) < 1%. Pre-selected
common QTL variants from a SNP-chip based GWAS are expected to capture less
genetic variance for the trait than using all the SNPs on a SNP-chip. In addition, if the

181

6

Chapter 6

‘rare variants’ hypothesis holds (e.g. Mcclellan et al. 2007; Gibson 2012), which
asserts that most causal variants for complex traits are rare, the use of SNP arrays
for GWAS is less likely to result in the accurate pre-selection of the most relevant
variants for complex traits and thus, less likely to yield an improvement in the
accuracy of GP. For future GWAS therefore, and if the interest is to use results from
the GWAS for the purpose of GP, I recommend to use WGS data instead of SNP
arrays. This is given the expectation that WGS-based GWAS is able to identify rare
causal/predictive variants. This is also in line with results of GP in this thesis using
the variants pre-selected based on a WGS-based GWAS (Bouwman et al. 2018), and
other results in literature e.g. Brøndum et al. 2015; Ober et al. 2015; Van Den Berg
et al. 2016; Al Kalaldeh et al. 2019). For example, Al Kalaldeh et al. (2019) showed an
improvement of between 5% to 9% in the accuracy of multi-breed GP of parasite
resistance in Australian sheep, when variants were carefully pre-selected based on
their -log10(p) value from a WGS-based GWAS, as compared to scenarios with no
variants pre-selection. Furthermore, they showed that the improvement in accuracy
was more pronounced when variants were pre-selected from WGS-based GWAS as
compared to when variants were pre-selected from a GWAS based on a high density
(HD) SNP panel.
6.2.1.2 Using QTL from a within population GWAS
Although WGS-based GWAS is in principle able to identify more trait associated
variants, including those that are rare, using a within-population WGS-based GWAS
has one major limitation. Because of the long range LD in highly structured
population as is common in animal breeding, a QTL region in a within-population
WGS-based GWAS typically contains a large number of variants that are all in strong
LD with each other. This makes it difficult to pinpoint the real causal variant(s) in a
given QTL region. The use of variants pre-selected from such a GWAS are less likely
to improve the accuracy of within-population GP as compared to the scenarios with
no variants pre-selection. For example, Veerkamp et al. (2016) used WGS data on
Holstein-Friesian bulls to perform a GWAS for protein yield, somatic cell score and
the interval from first to last insemination, and used results from the GWAS to preselect variants for GP. Using only the pre-selected variants or separating the preselected variants in one GRM and all other variants in a second GRM did not improve
the accuracy of GP as compared to the scenarios with no pre-selection. It can be
argued that the lack of increase in accuracy as reported in Veerkamp et al. (2016)
may be due to a limitation in GWAS sample size (5,503). However, I do not expect an
increase in the accuracy of prediction if the GWAS were based on larger sample size.
With a very large sample size, say a million individuals, the GWAS will be more
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powerful and more causal/predictive variants, especially those that are rare, will be
identified. However, the Holstein population has a very small effective population
size, which means that LD extends over long distances (De Roos et al. 2008). As a
result, the current SNP arrays are well able to tag the effect of the causal variants,
and thus the pre-selection of variants from a GWAS, powerful or not, may not
improve within-population GP accuracy.
Furthermore, pre-selecting variants from a within-population WGS-based GWAS for
GP in a different population, for example a different breed, may also not work. That
is because a variant that has an effect on the trait due to LD in the discovery
population, may not have the same effect in the prediction population if the LD
pattern between the variant and causal variants is different in the prediction
population. An approach to dealing with this issue is to combine multiple populations
in meta-GWAS as was done in Bouwman et al. (2018), as doing so helps to break
down long LD blocks and narrows down the relevant variants to shorter intervals
(Karlsson et al. 2007; Bovine Hapmap Consortium 2009; Hayes et al. 2009). Still, a
possible trade-off is that estimated variants effects in a multi-population GWAS can
be skewed towards those in the largest populations in the meta-GWAS. For example,
if a multi-population meta-GWAS is dominated by large number of Holsteins as is
commonly the case in cattle, the estimated variants effects will most likely reflect
those in a Holstein population and not the other numerically small populations
included in the same meta-GWAS. The use of result from such a meta-GWAS to preselect variants for GP in a numerically small Jersey population for example, should
be done with caution. This is especially the case when there are population specific
causal variants or when some causal variants are fixed in some populations while
they still segregate in others. In addition to combining multiple-populations in a
GWAS, an option to narrow down the most relevant variants in a given GWAS peak
is to use methods such as the conditional and joint analysis (Yang et al. 2012) as was
implemented in Chapter 2 and 3 of this thesis, which results in the selection of only
the variants that independently contributes to explaining the genetic variance for
the trait of interest.
6.2.2 Use of eQTL analysis to pre-select variants for GP
In GWAS, some QTL are found to be in or very close to genes that are the likely causal
genes. However, most of the QTL detected in GWAS are intergenic. The biological
mechanism underpinning the detection of intergenic QTL in GWAS is unclear. A
possible explanation for the detection of QTL in non-coding regions of the genome
is that they may be underlying the expression of some genes (Nica and Dermitzakis
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2013). If a genetic variant is an expression quantitative trait locus (eQTL), that is, it
influences the gene-expression level of a given gene, individuals carrying different
genotypes of the variant will show differences in their level of gene-expression. Such
an eQTL can be detected by performing a simple association test between genetic
variants and gene-expression data measured on several individuals. Provided that
the expression level of the gene influences the phenotype, then individuals carrying
different genotypes of the eQTL will also show differences in their phenotype. In this
case, the causal variant indirectly affect the phenotype through gene-expression.
Another case that may exist is that the causal variant exerts a direct pleotropic effect
on both gene-expression and the phenotype (Zhu et al. 2016), and detection of such
an eQTL will require the integration of eQTL analysis and GWAS results. The
integration of eQTL analysis with GWAS helps to further prioritise the most
functionally relevant variants in a GWAS peak and to identify likely causal genes.
There are two possible approaches to utilizing eQTL analysis for the pre-selection of
variants for GP.
The first approach is to use eQTL analysis to identify the functionally relevant variants
in a given GWAS peak and to ultimately identify the candidate causal genes. This is
given the expectation that not all the variants in a GWAS peak are functionally
relevant, as some of the variants are significant in GWAS only due to LD with a causal
loci. There are several examples where eQTL analysis resulted in the identification of
target genes for complex traits following GWAS in humans (e.g. Nica et al. 2010;
Hernandez et al. 2012; Farh et al. 2015; Gtex Consortium 2015), cattle (e.g. Brand et
al. 2016; Littlejohn et al. 2016; Lopdell et al. 2017), pigs (e.g. Liaubet et al. 2011;
Ponsuksili et al. 2014; González-Prendes et al. 2017) and poultry (e.g. Blum et al.
2011; Johnsson et al. 2016). While this approach may lead to the discovery of some
causal genes and give us more insight into the biology of complex traits, I do not
expect that, in the short term, the use of variants prioritised as functionally relevant
following GWAS and eQTL analyses will improve GP accuracy as compared to the use
of variants pre-selected from only GWAS.
The reason is that, if a genetic variant is causal for the expression of a given gene and
the expression of the gene has an effect on a phenotype of interest, such a causal
variant will be among the significant results from a GWAS analysis. In this case, an
eQTL analysis can only narrow down the number of significant GWAS variants, but
not identify additional variants. Furthermore, if a given variant is causal for the
expression of a gene, and the gene does not affect the trait of interest, GWAS will
not pick up the variant. However, that does not matter, as the variant is not relevant
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for the trait of interest. This is usually the case when gene-expression measurements
are made in tissues that are not relevant for the trait of interest. While there are
genes whose expression levels are consistent in multiple tissues from the same
individual, other genes have been shown to have tissue specific expression patterns
(Hernandez et al. 2012; Gtex Consortium 2015). The implication is that a positive
result for an eQTL will be uninformative if the tissue used is not relevant for the trait.
Studies have shown that QTLs and eQTL overlap strongly when the tissue is relevant
for the trait (e.g. Brown et al. 2013; Torres et al. 2014). An eQTL analysis using geneexpression data in tissues that are not relevant for the trait may explain why in some
cases (e.g. Van Den Berg et al. 2019), there is little overlap between eQTL and QTL.
Thus, prioritising only variants that are both an eQTL and a QTL will rule out many
possible causal or predictive variants that have a direct effect on the trait or an
indirect effect through some other mechanism that is not gene-expression.
Consequently, GP accuracy will not improve as compared to using variants that are
directly selected from GWAS alone.
The second approach to utilizing eQTL analysis results is in the identification of
additional causal/predictive variants for complex traits, that is, in addition to variants
that are already identified through GWAS. If a GWAS has a low power, for example
in the case of a low number of discovery sample, some causal/ predictive variants
may not be statistically significant and as such will not be pre-selected for GP based
on GWAS alone. However, evidence that such variants affect gene expression in an
eQTL analysis can be used to pre-select them for GP. It is not clear, however, if preselected variants using this approach can improve the accuracy of GP, especially
within-population, as compared to the variants pre-selected directly from only
GWAS.
With regards to variants pre-selection using eQTL analysis, it is important to keep in
mind that while gene-expression is largely regulated by genetic factors, non-genetic
factors such as nutrition and stress can also trigger gene-expression through
epigenetic mechanisms (Choi and Friso 2010; Duraimani et al. 2015). Thus, an
association between a genetic variant and gene-expression is not necessarily
indicative of the causality of the variant for gene-expression. This additional layer of
complexity could result in a mismatch between eQTL and QTL from GWAS, further
reducing the utility of eQTL analysis as a variants pre-selection strategy for GP.
For research into the biology underlying complex traits, I expect that eQTL analysis
will continue to be relevant as it has the potential to shed more light on the
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mechanism through which variants exert their effect on complex traits. In the short
term however, I do not expect to see an adoption of eQTL analysis as a variant preselection strategy for GP, at least not to the same extent as GWAS will be. In addition,
the data required for GWAS is already routinely collected, while generating gene
expression data for different tissues requires additional costs. For breeding
organizations, any benefit of eQTL analysis may therefore not outweigh the
additional cost.
6.2.3 Pre-selection of variants using other methods
In addition to GWAS and eQTL analysis, other methods exists that can be used to
prioritise or weight variants in the genome for GP. For example, to aid the
identification of causal variants, especially those with large effect on complex traits,
Derks et al. (in preparation) proposed and designed a pipeline that relies on input
from GWAS, gene-expression, the combined annotation dependent depletion
(CADD) score (Rentzsch et al. 2018; Groß et al. 2020), DNA methylation, gene
orthology, etc. A major advantage of the pipeline is its ability to distinguish between
a causal variant and all other variants in a GWAS peak that are all in strong LD. Using
the pipeline, ( Derks et al. in preparation) identified causal variants that are already
known in literature to affect complex traits in pigs. For example, they found a variant
in the MC4R gene that is already known to affect production traits in pigs (Kim et al.
2000), a causal variant in the VRTN gene affecting the number of teats in pigs (Van
Son et al. 2019), and a causal variant in the PRKAG3 gene affecting meat quality
(Milan et al. 2000). In addition to enhancing our understanding of the biology of
complex traits, the pipeline can be used to pre-select likely causal variants that can
continuously be added on to the array for GP.
Another type of information that can be used to pre-select variants for GP is the
functional and evolutionary trait heritability (FAETH) score proposed by (Xiang et al.
2019). The FAETH score is used to rank all variants in the genome based on their
functionality and predicted heritability. In their study, (Xiang et al. 2019) showed that
variants with high FAETH score significantly improved the proportion of total genetic
variance explained for complex traits and improved genomic prediction accuracy
than variants with low FAETH scores. It would be interesting however to investigate
if the variants with the high FAETH score can capture more genetic variance and
improve the accuracy of GP for complex traits than the standard 50k SNP-chip The
FAETH scores are now publicly available and can be used to pre-selected relevant
variants for GP of complex traits.
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6.3 Models for biology-informed GP
In the previous sections, I focused on the different methods for variants pre-selection
from WGS data based on biological information. There are several means to include
good biological information in breeding programs. For example, if GWAS or
functional studies such as eQTL analysis results in the discovery of a major gene for
a given trait, a program can be designed to, in the long term, increase the frequency
of the gene in the population. This strategy has been used in the past, for example,
to increase the frequency of double muscling gene in some beef cattle breeds
(Dunner et al. 2003), increase the frequency of the polledness gene in dairy cattle
breeds (Windig et al. 2015), or to eliminate deleterious alleles of certain genes in a
population (Upperman et al. 2019). This strategy is used mainly for monogenic traits.
However, most traits are complex, in that they are controlled by many genes and
many causal variants with moderate to small effects. Thus, in this section, I will
discuss the different ways of modelling prior biological information in GP. First, I will
focus on the so-called GBLUP model as a representative of linear GP models.
Secondly, I discuss the use of non-linear Bayesian models that explicitly incorporates
prior biological information for GP. Finally, I will discuss some advantages and
potential disadvantages of explicit modelling of prior biological information for GP.
6.3.1 Modelling prior biological information with GBLUP
The GBLUP model as originally proposed (Vanraden 2008; Strandén and Garrick
2009) does not account for variations in the effect of genomic variants on a given
trait. Rather, an assumption of the model is all variants have the same infinitesimally
small effect on the trait. With the increasing availability of WGS data and the
increasing availability of biological knowledge on genomic variants, making the
infinitesimal model assumption in GBLUP is sub-optimal. The GBLUP model can be
modified to allow for differential weighting of variants based on prior biological
knowledge. One way do that is to allow the differential weighting of variants based
on prior biological knowledge in the construction of genomic relationship matrix
(GRM). Several studies have demonstrated that accurate weighting of variants that
are used to build the GRM resulted in a higher predictive ability of the GBLUP model
than a scenario in which all variants are equally weighted in a GRM. For example,
Zhang et al. (2010) used the variance explained by variants as weights to construct
trait-specific GRMs. They observed an increase in accuracy from 0.73 when all
variants had the same weight in the construction of GRM to 0.79 when variants were
differentially weighted. Su et al. (2014) used results from Bayesian model for
estimating SNP effects and GWAS (posterior variances of SNP effects, SNP effects
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and -log10(p) values) as weights in the construction of GRMs, with up to 2% increase
in the reliability of predicted genomic values as compared to the use of unweighted
GRM. These results are similar to others in literature (e.g. De Los Campos et al. 2013;
Zhou et al. 2014; Tiezzi and Maltecca 2015; Fragomeni et al. 2017).
In general, weighting of variants in the construction of GRM is an attractive approach
when marker density is not very high and in cases where almost all the variants are
expected to have non-zero effect on the trait, either directly or because they are in
LD with unobserved causal variants. When marker density is very high, for example
at WGS level, differential weighting of all the variants in the construction of GRM
may not be the best approach. That is because many or a majority of the variants
will have a zero-effect on the trait. While assigning a weight of zero to such variants
will effectively exclude them from any contribution to prediction, leaving them in the
model anyways increases model complexity and possibly computing time and
resources. An alternative to using weighted GRMs for GP with WGS is to use the
classical GBLUP model with GRM built using only a set of variants that are preselected based on prior-biological information. In this case, the variants that are
expected to have zero effect on the trait are left out of the model a priori. In Chapters
2 of this thesis for example, I pre-selected SNPs based on their -log10(p) value from
the stature meta-GWAS of Bouwman et al. (2018), and used only the pre-selected
variants to build a GRM for use in a GBLUP model. For GP across different breeds of
cattle, using a GRM built from only 133 top SNPs resulted in an accuracy of 0.23,
which is more than double the accuracy obtained from using a GRM built from ~ 14
million WGS variants (0.08). In Chapter 2, the 133 top SNP pre-selected from the
meta-GWAS were assigned the same weight in the construction of the GRM. It is still
left to be seen if differential weighting of the 133 SNPs either based on their -log10(p)
values or their estimated effects will result in the an improvement in the accuracy of
prediction. Given that the number of pre-selected variants (here 133) is far less than
the size of the reference population, my expectation is that the GBLUP model is able
to accurately estimate the effect of the SNPs and that prior weighting of the SNPs in
the GRM will not improve the accuracy any further. As the number of pre-selected
variants approach or exceed the reference population size, however, it may be
beneficial to differentially weight them in the construction of the GRM, with the
weights set to reflect the variation in their effect on the trait.
While pre-selection of variants for GP isolates the effect of the pre-selected variants
from noise, there is a trade-off in the proportion of genetic variance for the trait that
can be explained. In chapter 2 for example, the 133 pre-selected top SNPs explained
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between ~40 to ~60% of the total genetic variance for stature in three different cattle
populations, while the ~14 million WGS variants explained between ~78 to ~98% of
the total genetic variance for stature. An approach to circumvent this trade-off is to
fit multiple GRMs in GBLUP. For example, one GRM can be made from the preelected variants and another from SNPs on a standard 50k SNP-chip. In Chapter 3, I
showed that the GBLUP model with multiple GRMs resulted in higher accuracies of
within-, across- and multi-population GP than a GBLUP model using only pre-selected
SNPs in one GRM. The prediction equation developed in Chapter 4 helped to
underpin the reasons for the improvement in accuracy, which are well discussed in
Chapter 4. Mainly, in addition to the fact that the pre-selected variants in the first
GRM are isolated from the noise effect of other variants (as such their effects are
accurately estimated), the number of independent chromosomal segment due to the
pre-selected variants is low, given that only a few hundred variants are typically preselected. This is only the case however, when the pre-selected variants explain some
proportion of the total genetic variants for the trait. The results of Chapter 3 agree
with results in literature, obtained using the so-called genomic feature BLUP models
(e.g. Sørensen et al. 2013; Speed and Balding 2014; Sarup et al. 2016; Fang et al.
2017). The Genomics feature models are linear GBLUP models that fit two genomic
relationship matrices, one computed using informative variants pre-selected based
on some form of biological information and the other based on neutral or
uninformative SNPs. At the moment, identifying all the causal variants for a given
complex trait is still not possible. To that effect and based on the results from
Chapter 3 and 4 of thesis, it is always recommended to fit a separate GRM, in
addition to the GRM made from pre-selected variants in GP model. In the worst case
scenario, the accuracy of GP remain the same as a model that uses only a single GRM,
but not lower. For future research, it would be interesting to investigate the
performance of the multiple-GRMs model in a multi-trait context, especially given
that most breeding organization use an index made up of several component traits
for genomic selection decisions.
6.3.2 Modelling prior biological information with Bayesian models
Non-linear Bayesian GP models can also be optimised to allow for the explicit
modelling of prior biological information. One such non-linear model is the BayesR
by segment (BayesRS) model, proposed by Brøndum et al. (2012). Similar to the
bayesR model (Erbe et al. 2012), variant effects in BayesRS are assumed to belong to
a mixture of four normal distributions. While in BayesR, the mixture proportion (𝜋𝜋𝜋𝜋)
are assigned a uniform Dirichlet priors as 𝜋𝜋𝜋𝜋 ~Dirichlet (1,1,1,1), they are assigned a
non-uniform prior as 𝜋𝜋𝜋𝜋𝑠𝑠𝑠𝑠 ~Dirichlet (𝐤𝐤𝐤𝐤 s ) in BayesRS, where 𝐤𝐤𝐤𝐤 s is a vector of priors
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for the distributions in a given genomic segment 𝑠𝑠𝑠𝑠. In (Brøndum et al. 2012), the
priors (𝐤𝐤𝐤𝐤 s ) were set to reflect the genetic variance explained by the genomic
segments from a previously fitted BayesR model. Effectively, In BayesRS, the
probability of the effect of a given variant to belong to any of the four mixture
distributions depends on the genomic segment (𝑠𝑠𝑠𝑠) to which the variant belongs. In
that way, the BayesRS model estimates the mixture proportion based on both the
prior information, namely, prior knowledge on the variance explained by the
genomic segments to which the variants belong, and evidence in the data. Brøndum
et al. (2012) showed an increase in the accuracy of across-breed GP of up to 3.5% by
using the BayesRS model as against the BayesR model. The BayesRS model can use
other forms of prior biological information, such as those discussed in section 6.2 of
this Chapter. While in principle the BayesRS model should result in improved
prediction accuracy than BayesR in the presence of prior biological information, it
has one potential drawback. That is, the model is not able to update the mixture
proportions of a given variant if it is wrongly placed a priori even with the availability
of large data, which may hinder its performance in cases where the prior biological
information used is inaccurate.
Another model called BayesRC was proposed by Macleod et al. (2016), and allows
for the explicit incorporation of prior-biological information in GP. In BayesRC, priorbiological information, such as those discussed in Section 6.2 of this Chapter, are
used to assign variants to two or more classes (𝐶𝐶𝐶𝐶). The effect of variants within a
given class, say class 1, are assumed to be drawn from a mixture of four normal
distributions, while the effect of variants in a different class, say class 2, are assumed
to be drawn from a different mixture of four normal distributions. Furthermore, the
BayesRC model allows the iterative updating of the distribution of a given marker
effect within a class, if the data supports it. For example, it is possible that at iteration
number 𝑖𝑖𝑖𝑖, the effect of marker 𝑗𝑗𝑗𝑗 belongs to the mixture proportion 𝜋𝜋𝜋𝜋, while at
iteration number 𝑖𝑖𝑖𝑖 + 1, the mixture proportion for the marker changes to 𝜋𝜋𝜋𝜋1 . A
major difference between BayesRC and BayesRS is that in BayesRC, a uniform
Dirichlet priors , 𝜋𝜋𝜋𝜋 ~Dirichlet (1,1,1,1), is used for the four normal distributions in a
given class. Thus, within a given class, BayesRC estimates the mixture proportions
only based on evidence in the data. Effectively, the BayesRC model is a BayesR model
with multiple, instead of one class. Results obtained by Macleod et al. (2016) showed
that the BayesRC model yields equal or higher accuracies of GP and QTL detection
than both BayesR and the classical GBLUP models. They also showed that the
greatest benefit of the BayesRC model over other tested models was observed when
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the reference and validation population were distantly related, indicating that the
model will be very useful for GP across populations and generations.
The Bayesian mixture models shrinks the parameter space by assigning variants into
several distributions instead of one. That is analogous to splitting variants into
several GRMs in the GBLUP model as implemented in Chapters 3 and 4. By doing so,
the Bayesian mixture models are able to estimate the variants effects within each
distribution more accurately than if variants were all in the same distribution, and in
that sense are able to improve the accuracy of prediction. While the incorporation
of prior biological information in non-linear GP such as BayesRS and BayesRC
improves the accuracy of GP as compared to classical Bayesian models, it is
debatable if such models will have any predictive advantage over linear models like
GBLUP that also explicitly incorporate prior biological knowledge. This is still an area
that needs more research.

6.3.3 Advantages and disadvantages of modelling prior biological information in
GP
The use of prior biological knowledge to prioritise variants in GP has a number of
advantages and disadvantages that are highlighted in this section. One of the main
advantage of variants prioritization based on biological information is that it allows
GP to be driven by the most relevant variants for a given trait (Zhang et al. 2010). For
example, when prior biological information is used to pre-select variants or used as
weights for variants in the construction of a GRM, the noise effect of irrelevant
variants are either significantly reduced or completely removed, with resultant
increase in the accuracy of GP. Furthermore, variants prioritization based on
accurate prior biological information means that the pre-selected variants are either
themselves the causal variants or they are close to the causal variants. Thus GP
across generations or populations using the prioritised variants is expected to be
more accurate than using neutral variants, given that the difference in LD pattern
across generations or populations is less likely to influence the estimated effect of
the prioritised variants. For example, training the effects of pre-selected variants in
a Holstein population and using the estimated effects to estimate the genomic values
of Jersey bulls can be possible as shown in Chapter 2 of this thesis. The closer we are
to the causal variants for a given trait, the less GP depends on the similarity in the
pattern of LD between the reference and validation populations, and GP will become
possible even across distantly related populations.
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There are however several potential disadvantages of using prior biological
information to prioritise variants for GP which must be kept in mind. When genomic
selection decision for a given trait is based on a few variants that are pre-selected
based on biological information, allele frequencies of such variants in the genome
can be drastically shifted with potential negative consequences on other vital traits.
This is especially so for causal or predictive variants that seem to be under natural
balancing selection. It is possible that increasing the frequency of the variants of
interest is deleterious or negatively impacts fitness, and this must be kept in mind.
Furthermore, in GP, weighted GRMs have the disadvantage that they are traitspecific, given that the prior biological information used as weighting factors are
mostly trait specific. That means, for example, that a GRM weighted using the results
of a GWAS for milk production cannot be used to predict genomic values for stature,
except if milk production and stature are highly correlated traits. Creating trait
specific GRMs for all traits is not practical for a breeding organization, given that
most breeding organization use the same GRM for all the traits included in their
index. A potential solution, which to my knowledge has not yet been investigated is
as follows. First, for each trait in the selection index, prior biological information such
as GWAS results can be used to pre-select the most relevant variants. Secondly, all
the pre-selected variants for all the traits can be combined into a single set and used
to create a GRM. Thirdly, a second set of common SNPs can be used to create a
second GRM and both GRMs can be fitted simultaneously in the typically multi-trait
analysis used for genetic evaluations. Assume for simplicity that there are two traits,
A and B in the index and assume that 300 variants were pre-selected for trait A and
the same number of variants were pre-selected for trait B. In the unlikely case that
the traits are uncorrelated, the 300 variants for trait A becomes random noise for
trait B and vice versa. As shown in Chapter 2, if the number of random noise variants
for a given trait is not very high, they have limited negative impact on the accuracy
of prediction for the trait. My expectation is that this approach will improve the
accuracy of GP for all traits in the index as compared to current methods employed
for genetic evaluation. In addition to the suggested approach, there is also the
possibility to use trait-independent weights in the construction of a GRM, such as
the CADD score (Rentzsch et al. 2018; Groß et al. 2020) that are derived mainly from
genome annotation information. However, the impact of using trait-independent
weighting factors such as CADD on the accuracy of GP is something that still needs
to be investigated.
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In non-linear but also linear models, biological information that is used as priors have
the tendency to exert a strong influence on model posterior estimations and
predictions, especially where the data is limited or when evidence in the data is
simply not there to counter the effect of the priors. This can be a problem in
situations where the prior biological information is inaccurately obtained. However,
a large enough reference population is able to counter any negative effect of
inaccurately specified priors except in models such as BayesRS where the prior
distribution of variants are fixed and cannot be updated based on evidence in the
data.
Finally, when prior biological information are obtained using data from a given
population, use of the information to prioritise variants and the subsequent use of
the prioritised variants for GP in the same population will likely lead to an overestimation of variants effects and the accuracy of prediction.

6.4 Concluding remarks
Increasing the accuracy of GP has been of major interest in the past decade, mainly
in animal and plant breeding, but also in human genetics. Results from this thesis
have contributed to our knowledge of how that can be achieved. Evidence in this
thesis shows that WGS data can be used to improve the accuracy of GP mainly across,
but not within populations. It seems, however, that the strategy of simply increasing
the density of markers up to WGS level will not increase accuracy as compared to
accurate identification and pre-selection of variants in WGS based on biological
information. I have discussed in this chapter the different methods that can be used
to pre-select variants in WGS data for the purpose of GP. I concluded that GWAS is
the most relevant and practical method for variants pre-selection. The first reason
underpinning this conclusion is that GWAS is able to identify both the variants that
have a direct effect on complex traits and other variants that have an indirect effect
on the trait through biological mechanisms such as gene-expression. In that sense, I
do not expect functional studies such as eQTL analysis to result in the pre-selection
of more relevant variants for GP than GWAS, but may aid in pinpointing the
candidate causal variants. The second reason is that the data required to implement
GWAS is already routinely collected by breeding organizations, while generating the
data needed for functional studies will require further investment. I also discussed
that the pre-selection of variants based on biological information is in itself only the
first step towards improving the accuracy of GP. It is important that the pre-selected
variants are properly modelled, for example by fitting pre-selected variants in one
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GRM and other variants in a different GRM as demonstrated in this thesis. I expect
the next phase of GP in breeding organization to be the utilization of GWAS data to
pre-select variants and the implementation of prediction models that differentially
weight the pre-selected variants.
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Summary

Whole genome sequence (WGS) data is becoming increasingly available in animal
and plant breeding. Theory suggests that WGS data can be utilized to improve the
accuracy of genomic prediction (GP), as the data is expected to contain the causal
variants that underlie complex traits. However, several studies have shown that WGS
data have little to no impact on accuracy when GP is carried out within populations.
In this thesis, I explored the potential of WGS data to increase the accuracy of
genomic prediction across-populations and species. In this thesis, I present a number
of methods utilizing WGS that can be used to improve the accuracy of GP across
populations, and discussed the implications for breeding.
In chapter 2, I investigated the effect of using WGS data instead of SNP arrays on the
accuracy of GP for stature across different breeds of cattle. I showed that the
accuracy of GP across breeds does not improve by simply increasing the density of
variants up to WGS level. Instead, I showed that accuracy can be significantly
improved when variants are pre-selected from WGS data based on biological
information such as the effect of variants on the trait in a genome-wide association
study (GWAS). This is because the pre-selection helps to isolate the effect of
important variants from the noise effect of the many neutral variants in WGS data.
The results indicate, however, that there is a trade-off with respect to the preselection and use of only a few important variants for GP, namely, the pre-selected
variants alone cannot explain the total genetic variance for the trait of interest.
In chapter 3, I implemented a biology-informed GP model, when multiple
populations, for example multiple breeds or lines are combined in the reference
population. In the model, instead of fitting a single GRM made from important preselected variants, SNPs on a standard 50k SNP-chip are used to create a second GRM,
and both GRMs are fitted simultaneously. I showed that the multi-population,
multiple GRMs (MPMG) model outperforms GP models in which only a single GRM,
made using all variants, is used. In addition to the fact that the pre-select variants
are isolated from the noise effect of other neutral variants, I showed that the model
uses the 50k SNPs to capture the residual genetic variance that cannot be explained
by the pre-selected variants. Furthermore, the model weighs information from all
individuals in the reference population by their genetic correlation with the
validation individuals. Thus, individuals in the reference population can contribute
towards prediction only if they have a genetic correlation with the validation
individuals that is different from zero.
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In chapter 4, I used selection index theory to derive a prediction equation for the
accuracy of the MPMG model. The model was used to underpin the advantages and
limitations of the MPMG model over single-GRM models. Using the equation, I
showed that the advantage of the MPMG model over other tested models is that in
most cases, only a few hundred variants are pre-selected based on biological
information and as such, the number of independent chromosomal segments is low.
However, I showed that the advantages holds only when the biological information
used to pre-select the variants is accurate, such that the pre-selected variant explain
some proportion of the total genetic variance for the trait. The prediction equation
derived in chapter 4 can be used to optimize the design of biology-informed genomic
breeding programs.
The results of chapters 2, 3 and 4 all show the importance of identifying and preselecting important variants for complex traits to improve the accuracy of GP.
Therefore, in chapter 5, I investigated the usefulness of summary-level result from
the largest human height GWAS to date as prior information for identifying genes
and gene-associated variants that affect stature in cattle. I found a strong evidence
for a similarity in the biology of height across humans and cattle, but also that prior
information from humans is not more useful for identifying cattle stature genes and
variants than within-species prior information (cattle stature GWAS). In the absence
of cattle stature GWAS, however, the result suggests that human height GWAS
results can be useful in identifying cattle stature genes and associated variants.
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