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Genomic Selection

Elisabeth Jonas, Freddy Fikse, Lars Ronnegard, and Elena Flavia Mouresan

Abstract Prediction of phenotypes is not only used for selection and breeding in
animal and plant populations but also for the assessment of specific phenotypes,
especially predisposition to diseases and disorders in human populations. The use of
genetic markers has been shown to be useful for prediction and selection for pheno-
typic traits. The concept of using genetic markers for prediction of breeding values or
phenotypes was suggested many decades ago, but applications of marker-assisted
selection were limited due to the low number of markers that could be genotyped and
the low number of confirmed quantitative trait loci (QTL) that could be selected upon.
Genomic selection, in contrast, utilizes dense genetic markers across the whole
genome for the prediction of phenotypes as all QTL can be assumed to be in linkage
disequilibrium with at least one marker. Genomic selection allows thereby choosing
the genetically best individuals without the need to confirm QTL. The concept of
genomic selection, proposed in 2001, has since been further developed and applied.
Nowadays, genomic selection is widely applied in breeding populations of plants and
animals for the selection of future breeding individuals. The chapter introduces the
general concept of genomic selection. It further discusses relevant prerequisites for
the application of genomic selection, including genotyping platforms and reference
populations. Some of the methods applied today as well as suggested advancements
of methods are introduced. The final part of the chapter describes briefly applications
in animal, plant, and human populations (status when writing this chapter), before
concluding with some general notes on genomic selection.

E. Jonas (<) - F. Fikse - E. F. Mouresan

Department of Animal Breeding and Genetics, Swedish University of Agricultural Sciences,
Uppsala, Sweden

e-mail: elisabeth.jonas @slu.se

L. Ronnegard
Department of Animal Breeding and Genetics, Swedish University of Agricultural Sciences,
Uppsala, Sweden

Statistics Unit, School of Technology and Business Studies, Dalarna University, Falun, Sweden

Om P. Rajora (ed.), Population Genomics: Concepts, Approaches and Applications,
Population Genomics [Om P. Rajora (Editor-in-Chief)],
https://doi.org/10.1007/13836_2018_11, © Springer International Publishing AG 2018


http://crossmark.crossref.org/dialog/?doi=10.1007/13836_2018_11&domain=pdf
mailto:elisabeth.jonas@slu.se
https://doi.org/10.1007/13836_2018_11

E. Jonas et al.

Keywords Breeding - Genotyping - Parametric methods - Prediction - Reference
population - Selection candidates - Semiparametric methods

1 Introduction: Genomic Selection in a Nutshell

The possibility to change the distribution of a trait in animal and plant populations by
means of selection has been developed tremendously over the last 100 years. We
have gained insight into principles of population genetics and have been able to
formulate these principles in terms of statistical models. Quantitative genetic theory
is based on the principles of Mendelian inheritance and explains how selection of
individuals affects the development of a population in future generations and thereby
connects genetics on an individual level to population changes.

Models for genomic selection can be interpreted using quantitative genetic theory,
connecting changes on a population level to the set of genotypes observed on an individual
level. The idea is that most genes have some effect on a trait and that the sum of all gene
effects for an individual can be predicted as genomic breeding values (GEBVs) using
markers in linkage disequilibrium with the causative genes. In practice, this is done by first
estimating the combined genetic effects for each individual of a reference population and
subsequently using this information to predict GEBVs for the selection candidates. This
requires that extensive genotype information is available both for the reference population
and the selection candidates, which has only been possible for the past two decades.

Modern genotyping technologies enable genotyping of many individuals for a larger
number of genome-wide markers at affordable cost. These advances in genotyping
technologies have been exploited in genomic selection to compute GEBVs (Fig. 1).
Hence, a reference population needs to consist of individuals with both genotype and
phenotype information. Marker effect estimates from the reference population are com-
bined with genotypes of selection candidates to predict the genetic potential of the
selection candidates. Animals with the most desirable genetic potential are kept for
breeding to become parents of the next generation of individuals.

The progress in the field of medium- and high-throughput genotyping platforms along
with decreased costs for marker detection via sequencing technologies enhanced the use
of genomic information in breeding (Davey et al. 2011). In 2001, Meuwissen et al. (2001)
published their landmark paper on the use of genome-wide selection or genomic selection,
proposing a marker-based selection methodology that incorporates marker information of
many (dense) markers in the prediction model. Only a decade later, this method was
already employed and implemented in (dairy cattle) breeding programs, and estimated
breeding values (EBVs) based on genomic data (GEBVs) were officially published in a
number of countries (Patry 2011). The use of genomic selection has also been a major
interest for the breeding of crop species (Heftner et al. 2009; Cabrera-Bosquet et al. 2012).
A number of methods for the estimation of effects have been suggested (Meuwissen et al.
2001; Habier et al. 2007; de los Campos et al. 2009; Zhong et al. 2009; Kizilkaya et al.
2010), and further developments are on the way, some of which will be detailed later.



Genomic Selection

Reference
population

Selection
canddiates

N N
N N
~N

Phenotypic records DNA markers
DNA markers

|

BV=b,X, +b,X; +... :

Fig.1 Schematic overview of the concept of genomic selection including the reference population
with both genotype and phenotype individuals and the selection candidates with genotype infor-
mation. Information on breeding values (BV) will be used to select parents from the population of
selection candidates

1.1 How Genomic Selection Really Works

Meuwissen et al. (2001) argue that linkage disequilibrium between markers and
quantitative trait nucleotides (QTNS) is the driving force behind genomic prediction.
Observing nearby genetic markers supplies information about the QTN, if there is a
close association between a marker and the QTN. Given the linkage disequilibrium
between QTN and markers as driving force, many expectations and speculations
about the behavior of genomic selection have been put forward (e.g., about benefits
of whole-genome sequence, across-breed genomic prediction), but more often than
not, those expectations and speculations have not been consistent with real data.
Understanding of the mechanisms of genomic prediction became clearer when Habier
etal. (2007) showed that accuracies of genomic breeding values were substantially larger
than zero even if markers and QTNs were in linkage equilibrium. Genetic markers can
capture family relationships and thereby contribute to the accuracy of estimating genomic
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breeding values. Habier et al. (2013) described this and investigated the contribution of
three information sources to the accuracy of genomic breeding value estimation: markers
capturing additive genetic relationships, co-segregation, and linkage disequilibrium.
When the training population is small, much of the accuracy of genomic breeding
values is due to markers describing family relationships. A consequence is that the
predictive ability rapidly decays over generations. Only if training populations are
large, marker estimates reflect more of the effect of actual QTNs nearby instead of
additive genetic relationships, and predictions are persistent for more generations.

2 Background

2.1 History of Human-Introduced Genetic Changes
to Populations

Selective breeding in both plant and animal species started many thousands of years
ago. Genetic change over time was achieved by selecting the best-fit individuals as
parents, such that the next generation of individuals was, on average, superior to the
parent generation. Selection based on phenotypic criteria has been performed since
the domestication of species (Rosenberg and Nordborg 2002; Morrell et al. 2012).
While early selection was based on the observation of phenotypes within a group of
individuals, more sophisticated tools are used for selection in plant and livestock
populations as they are used in farming today. At the beginning of the eighteenth
century, Robert Bakewell (1725-1795) established modern breeding by introducing
systematic and structured selective breeding (Sweeney and McCouch 2007).

The demonstration of inheritance and the discovery of basic rules of inheritance by
Gregor Johann Mendel in the middle of the nineteenth century established the beginning
of modern genetics. The complexity of phenotypes and their inheritance could then be
explained by their genotypes via rules of allele sharing across generations. Thereafter this
had a major impact on animal and plant breeding.

Many of the basic statistical tools used in quantitative genetics were developed in the
late nineteenth and early twentieth century by Francis Galton and Karl Pearson. In 1918,
Ronald Aylmer Fisher used statistical models to demonstrate the resemblance between
relatives and introduced the analysis of variance (Walsh 2001). Further milestones of
breeding were laid by Jay Laurence Lush from the 1930s and Charles Roy Henderson
from the 1970s and their suggestion of the use of statistical models (Lush 1933, 1947,
Henderson 1975a, b). During the twentieth century, many statisticians, quantitative
geneticists, and breeders contributed to the development and implementation of different
breeding schemes in livestock and plants based on knowledge of trait inheritance and
statistical approaches.
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2.2 Basic Quantitative Genetics Relevant for Breeding

The basic concept of quantitative genetics, applied in breeding, is that an individual’s
phenotype P is determined by its genotypic value G and its environment E (Walsh
2001):

P=G+E

The genotypic value can be decomposed into additive (A), dominance (D), and
epistatic (/) values in which A accounts for the average effects, D for the interaction
between alleles at one locus, and [ for the interaction between alleles at different loci:

G=A+D+1I

A relevant measure applied in quantitative genetics is the narrow-sense heritabil-
ity, K2, which is the proportion of the total phenotypic variance P due to the additive
genetic effects A:

h? = Var(A)/Var(P)

The heritability can be used to describe the phenotypic similarity between relatives
or trait variation due to additive genetic effects.

The heritability is also used for the prediction of the response to selection, in the
so-called breeder’s equation. This equation describes the change of the population
mean over one generation or the response to selection AZ, with an applied selection
differential S (Falconer and Mackay 1996; Lynch and Walsh 1998; Xu and Hu
2010):

AZ=HKS

When the heritability of a trait is close to zero, the response will be very little even
if there is strong selection on that trait.

Quantitative genetic analyses initially focused on decomposition of phenotypic
variance into underlying components (like A, E) for quantitative traits (i.e., traits
involving many genes and influenced by environment). More recently, the possibility
to genotype individuals for DNA markers allowed the attention to shift to identifica-
tion of chromosomal regions with (large) effects on quantitative traits: quantitative
trait loci (QTL). Single nucleotide polymorphisms (SNPs) that are causative of the
QTL are hereinafter referred to as quantitative trait nucleotides (QTNs).

2.3 Examples of Breeding Programs and Selection Decisions

Breeding programs aim to change certain traits toward a breeding goal in a population.
The duration until the genetically improved individuals are available for breeding is
expressed as the generation interval. The generation interval is relevant for the genetic
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and economic gains in a breeding program: a shorter interval means that improvement
can be achieved earlier. Quantitative genetic theory has underpinned the design of
selection schemes of plant and livestock populations for many decades. The molec-
ular genetic background of traits has been integrated as a selection tool more recently.
The application of these tools in breeding programs has aided selection of the
individuals with the best genetic merit for the traits of interest. The true genetic
merit, i.e., the true breeding value, of an individual is mostly unknown, and estimated
breeding values can be used to predict how well offspring will perform.

Breeding programs aim to identify the best individuals for breeding to produce the
next and improved generation. Differences across species regarding the reproduction
capacity and the breeding goal traits influence the design of a breeding program.
Crossing of lines can be used to create lines with a new combination of characteristics.
Crossbreeding often exploits hybrid vigor, or heterosis. Heterosis effects are difficult
to predict and are mainly realized in the first generation of crossbreeding. Overcoming
cross-incompatibility is relevant in some species in order to allow new trait combi-
nations. The final goal of crossing is to produce a generation with superior traits from
each of the parental lines. A conflict exists between the need for diversity within the
core breeding population and at least some degrees of uniformity within the produc-
tion. Nucleus populations or diversity panels can be used to ensure the existence of
diverse lines. These nucleus populations are, in many species, kept centrally by few
breeding organizations, which define the breeding goals and design the breeding
schemes (Figs. 2 and 3).

The breeding goal describes which traits are important for genetic improvement and
their relative importance. But not all traits are measured on the selection candidates; some
traits are only collected from relatives, and this information can be used for prediction of
breeding values for selection candidates based on basic principles of population genetics.
The more accurate a trait can be measured, the more accurate selection is. Especially
when traits are influenced by other factors, such as the environment, the accuracy of
selection might be negatively affected. Evaluation of performance in a controlled envi-
ronment is one option to reduce the impact of environmental variation on accuracy of
selection, and an alternative option is the evaluation of traits under various environmental
conditions.

Plant lines with improved traits are still mainly selected based on their phenotypic
appearance. However, many generations are needed to produce cultivars with the
desired characteristics through conventional breeding, as well as (multilocation)
testing (Sharma et al. 2002). There are several constraints in plant breeding including
varying outdoor conditions to be accounted for. Also the modes of reproduction
influence the possibilities of plant breeding as crossbreeding is restricted in some
species.

Improvement schemes for livestock populations are often organized around a nucleus
herd. Own performance and performance of relatives (offspring, sibs, parents) are
evaluated for the identification of individuals with the best genetic merit. The pedigree
plays a major role for developing breeding schemes and mating decisions in animal
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Fig. 2 Example of a traditional breeding scheme in dairy cattle (Bos taurus) with the time frame on
the right side and the different stages of the breeding cycle on the left. Young bulls for selection are
born in month 0 and in month 12 mated to cows. Daughters are born in month 24 and mated in
month 36. The granddaughters of the bulls for selection are born, and data on relevant traits (e.g.,
milk yield, fertility, disease resistance) of the bull’s daughters is collected. Information on these
traits for one lactation is then available in month 60, and bulls can be selected for breeding based on
their daughter’s first lactation performance

breeding. The genetics of sires can be distributed widely via artificial insemination. The
evaluation of the genetic merit targets therefore mainly the sires in livestock populations,
as they have a great genetic impact on their population (Gerrits et al. 2005; Funk 2006).

2.4 Selective Breeding Using Molecular Markers

Selection of breeding stock and lines based on phenotype and pedigree data allowed to
improve many breeding populations. But traits are based on changes at the level of the
DNA. It has, therefore, been suggested that using genetic information based on the
inherited part of the individual, its DNA, will allow a better prediction of the genotypic
value and, therefore, the phenotypic value of an individual or its real breeding value. As
first suggestions for the use of (molecular) marker information in breeding programs
(Dekkers and Hospital 2002), marker-assisted selection (MAS), marker-assisted recur-
rent selection (MARS), and marker-assisted breeding (MAB) were discussed. For a
successful implementation of DNA information in selection scheme information, such
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boars born month 0
boar mated to multiple sows month 12
offspring born month 16
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Fig. 3 Example of a traditional breeding scheme in pigs (Sus scrofa) with the time frame on the
right side and the different stages of the breeding cycle on the left. Young boars from paternal lines
for selection are born in month 0 and at month 12 mated to sows from maternal lines. Crossbred
offspring are born in month 16 and tested in performance test stations or on farms. The offspring of
the boars for selection are slaughtered, and the information from fattening period and slaughter-
house are collected. Information from reproduction and production is available at approximately
month 26, and boars can be selected for breeding based on breeding values predicted using the
offspring performance

as identification of markers, successful genotyping and validation of genotype and allele
frequency in a large amount of individuals are required. Additionally, validated associ-
ation of the genetic marker with the trait of interest and an assessment of the marker effect
in a breeding program are needed. Furthermore, any potential negative effects on other
economically important traits need to be excluded.

Selection using genetic markers has been suggested as a preferred method for traits
for which phenotypic selection is more difficult, such as traits with low heritability.
Other examples are traits for which the assessment of the phenotypes is difficult and
cost-extensive or can only be done late in life. It has also been shown that MAS is
particularly effective for traits with (one or few) major QTL effects (Gupta et al. 2010;
Cabrera-Bosquet et al. 2012). Not only is the increased accuracy of selection due to
the use of markers in breeding programs the main advantage of MAS but also the
minimization of phenotyping (Bernardo and Yu 2007). In plant breeding, MAS can
also be applied in year-round breeding nurseries or greenhouses where phenotypic
data are less meaningful as their correlation to field data is low. Marker information
can, in such settings, allow a prediction of the phenotypes (Lorenzana and Bernardo
2009). But costs for the identification of useful genetic markers and the implementa-
tion of such markers are relatively high compared to the gain achieved. Some markers
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are also population- or family-specific. It has been, for this and other reasons, stated
that MAS is not well suited for the improvement of crops (Jannink et al. 2010). The
identification of useful markers is time-consuming, and as many traits are influenced
by multiple genes, also a higher number of markers would be needed for MAS for
each single trait (Gupta et al. 2010). Only relatively few causative mutations have
been identified (in livestock) and implemented as a routine component in breeding
programs.

3 Genomic Selection Designs and Strategies

3.1 Designing Genotyping Platforms

One of the prerequisites of the application of genomic selection is the availability of
information from genetic markers across the genome. Many genetic markers were
identified using methods such as Sanger sequencing and their information, for example,
collected in the NCBI database (https://www.ncbi.nlm.nih.gov/). When next-generation
sequencing (NGS) was accessible to a larger number of researchers, the amount of
information increased significantly as whole-genome sequences were available. This
allowed the discovery of many potential markers, such as SNPs. The time required for the
sequencing of the full genome of an individual and the costs for it have been reduced
significantly during the last decades (Goodwin et al. 2016). The genome of many species
has been sequenced, and genotyping arrays have been developed based on the sequence
information (Table 1), but the progress on the assembly of a good reference genome, the
availability of full genome sequence information from multiple lines and varieties, and
the development of SNP arrays capturing the complex and repetitive genome of plants is
slow (Somers et al. 2003; Ganal and Roeder 2007; Trebbi et al. 2011). While genome-
wide high-throughput genotyping platforms are available for many livestock species, the
progress in the development of such platforms for plants has been slower.

The gene density differs widely between livestock and plant species. However, it is
mainly the extent of linkage disequilibrium that plays a major role for the application of
molecular genetic tools in breeding and MAS (Chao et al. 2010). Linkage disequilibrium
is strongly related to the population history, especially resulting from evolutionary
history, mating system, population size, admixture, recombination rate, and selection
(Heffner et al. 2009). The decay of linkage disequilibrium varies not only with increasing
physical distance of loci between species but also between populations of the same
species and across chromosomes (Remington et al. 2001; Maccaferri et al. 2005; Chao
etal. 2007; Mather et al. 2007; Tenaillon et al. 2008). Structures of linkage disequilibrium
depend also on the breeding scheme; plant breeders, for example, often use full-sib
families created from crosses of inbred parents, and linkage disequilibrium will be
extensive within each family (Zhong et al. 2009). The marker density required for
genomic selection will therefore depend on the population and breeding structure.
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3.2 Designing Reference Populations

A reference population, also called as discovery or training set, describes the breeding
stock for which information on the relevant traits, including data in multiple environ-
ments if relevant, is available. The individuals of the reference population are genotyped,
and information on their pedigree or relationship is available. Two approaches are
generally offered for the reference population: (1) an established reference population
before the start of the next breeding cycle (e.g., in multiple-stage selection) and (2) the
prediction using a reference set from the same generation as the selection candidates (e.g.,
in one-stage selection) (Marulanda et al. 2016). The decision on the structure of the
reference population and the relationship to the population of selection candidates is
relevant in a genomic selection breeding scheme. Deterministic functions to predict the
accuracy of genomic breeding values include the size of reference population (Daetwyler
et al. 2008): a larger reference population leads to a higher accuracy. When genomic
selection was firstly applied and tested in dairy cattle, only bulls were utilized in the
reference population. For these bulls, information on the tested progeny were available
(as reviewed by VanRaden 2008; Hayes et al. 2009a). As it was assumed that larger
training populations result in more reliable predictions, initiatives to pool reference
populations across countries emerged, such as the European initiative EuroGenomics
(Lund et al. 2011) or a collaboration between the USA and Canada (VanRaden et al.
2009a, b; Muir et al. 2010). It had been pointed out in a review that such international
collaborations are desirable (Diirr and Philipsson 2012), because they result in reference
populations of tens of thousands progeny-tested dairy bulls. Similar approaches have also
been taken in the wheat breeding community to develop universal training populations by
merging large phenotype dataset (e.g., by the Wheat Initiative’s Expert Working Group
on Wheat Breeding Methods and Strategies) (Bassi et al. 2016). Such international
connections of data are still less advanced in beef cattle (Berry et al. 2016) and other
livestock. The size of the reference population is often restricted by the costs. The increase
of the reference population might lead to a shift away from the collection of phenotypes,
but collaborations might allow the elaboration of more phenotypes in a larger reference
population. A reduction of testing with fewer locations or replications in exchange of
more genotyped and phenotyped lines in the reference population has been suggested in
plant breeding to balance limited resources when increasing the reference population
(Longin et al. 2015).

Implementation of genomic selection led to changes in dairy cattle breeding
programs, with less emphasis on progeny testing and selection of fewer bulls, and
genotyping of females has become a necessary complement to maintain and update
reference populations. It has also been a concern in other breeding schemes that the
introduction of genomic selection will reduce the phenotypic evaluation and might
have potential drawbacks in the future.

The size of the reference population depends on the resources, and this will determine
the accuracy of genomic prediction. Also the structure of the reference population and the
relationship to the selection candidates influence the required size of the reference
population. One of the first observations of genomic prediction applied to the real data
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in dairy cattle was that the accuracy of genomic breeding values was dependent on
whether or not the sire of the selection candidate was in the reference population. This
observation was further sustained by studies on the distance between reference population
and population of selection candidates (e.g., Habier et al. 2010), reporting that accuracy of
genomic breeding values decreased with decreasing additive genetic relationship between
bulls in reference population and selection candidates. These observations are also
influenced by the structures of the populations, such as the linkage disequilibrium and
QTL effects. The accuracy of prediction is lower when reference and selection
populations are less related. Adding individuals to the reference population will not
always lead to gains, as it will largely depend on the relationship to the selection candidates
(Calus 2016), thus the ability to cover the linkage disequilibrium between markers and
QTL of the selection candidates. Furthermore, if the genetic diversity or the allele
frequencies in the selection candidates change, an update of the training population is
needed (Bassi et al. 2016). The degree of relatedness within a reference population was
also shown to affect the prediction accuracy in livestock, where low relationships among
animals in the reference population result in the highest accuracy of genomic breeding
values (Pszczolaetal. 2012). Such a strategy probably ensures the widest range of possible
genotypes present in the reference population. Especially in dairy cattle, where genomic
selection has been widely applied, discussions on the actual optimum size of the reference
population are ongoing. An example using cows in the reference population suggested
that an initial size of 2000 cows would still require that information from 600 cows have to
be added every year to keep the accuracies constant (Pszczola and Calus 2015). In
Holstein Friesian dairy cattle, the size of the reference population exceeds today more
than 30,000 bulls worldwide.

Differences in the design of the reference population in plant breeding do also
depend on the mating system of plants. A study using F6 wheat lines showed that a
reference population of 700 lines allowed the highest predictive abilities. The tested
lines were derived from three different crossing and selfing schemes each based on
60 parental lines (Cericola et al. 2017). Inbreeding plants have higher levels of
linkage disequilibrium compared to the population-wide linkage disequilibrium in
outbreeding plants. The size of the reference populations has to be larger in out-
breeding plants, unless genomic prediction is performed only within families (Lin
et al. 2014). Such difficulties can be aligned to multi-breed populations in livestock
breeding. The design of the reference population has to follow the criteria stated
above also in multi-breed populations. Discussions on the size of the reference
population will therefore seldom be concluded in a single number, but the general
statement of “the more the better” will be relevant. Bassi et al. (2016) reported that
the size of the reference population varies in plant breeding scenarios and can vary
from 60 to 10,000 individuals. They also concluded that the size should be as big as
possible but that other criteria such as relatedness and trait heritability have to be
taken into account (Bassi et al. 2016).
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4 Methods and Models Applied in Genomic Selection

A lot of efforts have been devoted to the development of models for genomic prediction,
and this section presents an overview of the methods. The methods first proposed, and
still commonly used, assume a linear relationship between the phenotype on the one
hand and genotypes on the other hand. More recently, nonparametric approaches have
been proposed that are less dependent on assumptions like linearity and multivariate
normality, among others.

Comparisons of genomic prediction methods have in most cases only identified small
differences in the predictive performance from the empirical data, but the differences are
expected to increase with larger reference populations. There are several reasons why
there might still be small differences in performance between prediction methods.
Firstly, the genetic architecture of majority of the traits considered for genomic predic-
tion points toward a polygenic mode of inheritance (i.e., many QTN with relatively
small effects), and only a few traits are influenced by a smaller number of QTN with a
large effect. Secondly, the validation horizon is often short; methods relying on markers
tracing genetic relationships perform well to predict breeding values in the next gener-
ation, and advantages of methods exploiting linkage disequilibrium are small. Predictive
ability tends to decrease if there are more generations between the selection candidates
and the reference population, more so for methods that rely on markers tracing genetic
relationships than for methods exploiting linkage disequilibrium. Thus, larger differ-
ences between methods can be observed with a longer validation horizon. In addition,
we should expect larger differences in performance between prediction methods as the
sizes of the reference populations increase in the future.

4.1 Parametric Methods

Consider the linear regression equation where a phenotype is modeled as the sum of
additive marker effects:

»
yi:ﬂ+zzijuj+ei (1)
=

Here y; is the phenotypic observation for individual i, y is the population mean
(ignoring any systematic fixed effects to keep notation simple), p is the number of
markers, Z; is the genotype coding for individual i for marker j, u; is the additive
marker effects, and e; is the residual effect. The equation is written in matrix form as

y=u+Zu+e (2)

where y is a vector of observations (length n), Z is a matrix with genotypes, u is a
vector of marker effects, and e is a vector of random residuals. Genomic breeding
values for selection candidates are estimated as
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where Z, is the matrix with genotypes for the selection candidates and u the estimated
marker effects.

Treating marker effects as fixed effects yields the ordinary least squares model
considered by Meuwissen et al. (2001), but the predictive performance of this model
was poor. The number of markers is usually much higher than the number of
observations, and the challenge is to obtain estimates of marker effects that yield
good predictive performance of genomic breeding values. This can be achieved by
elaborated prior distributions of marker effects (i.e., treating marker effects u as
random effects) and/or choice of estimation method. Estimation methods that have
been evaluated rely on variable selection, shrinkage, or a combination of both. A
short summary of the shrinkage methods is given in the sections below; an extensive
treatment of all different approaches is outside the scope of this text, and readers are
referred to reviews (e.g., de los Campos et al. 2013a; Gianola 2013; Kéarkkédinen and
Sillanpdd 2013).

Shrinkage methods attempt to balance goodness of fit and predictive value by
minimizing an objective function consisting of a measure of lack of fit (e.g., residual
sum of squares or log likelihood) and a penalty term that causes estimates to be
shrunk toward zero. Several options exist for the penalty term: in ridge regression,
the penalty is proportional to the sum of squares of estimates of # (L2 norm), and in
LASSO (least absolute shrinkage and selection operator), the penalty is proportional
to the sum of absolute values of # (L1 norm). The elastic net algorithm uses a
weighted combination of the sums of squares and sums of absolute values of u as
penalty.

The choice of penalty term corresponds to assuming a specific distribution for the
marker effects u. For instance, application of ridge regression is equivalent to best
linear unbiased prediction (BLUP) of marker effects when marker effects are
assumed to follow a normal distribution with mean zero and a variance that is the
same for all markers (VanRaden 2008). Other prior distributions for marker effects
that have been considered in the context of genomic prediction are the Student
distribution (Bayes A) and the Laplace distribution (Bayesian LASSO).

Variable selection methods exploit the assumption that only a small proportion of
explanatory variables affect the outcome. The motivation to employ variable selec-
tion methods in genomic prediction is that not all genetic markers will be associated
with a QTN. The expected effect of markers not associated with the QTN would then
be zero. Meuwissen et al. (2001) proposed Bayes B, a variable selection approach
where a large portion () of the markers was expected to have a zero effect and the
remaining proportion (1-z) an effect drawn from a Student distribution. In their
approach, the parameter z had to be specified a priori, but other solutions have been
put forward to estimate this parameter from the data (e.g., Habier et al. 2011). The
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number of components in the mixture is not restricted to two, and prior distributions
consisting of multiple mixtures have been applied [e.g., Bayes R (Erbe et al. 2012)].
Equation (2) is referred to as the SNP model because it models the SNP effects u
(length of u is equal to the number of markers, p). Interestingly, the SNP model can
be reparametrized by substituting Zu with a vector of genomic breeding values a
(length equal to the number of individuals, n). Hence, Eq. (2) can be written as

y=u+a+te (4)

If marker effects are normally distributed («"N(0,1o;)), the distribution of a
reduces to

a~N(ZZ's;) =N(0,Go,), (5)

where G can be regarded as the realized genetic relationships between individuals.
So, the element on row i and column j in the matrix Go? is the covariance between
phenotypes of individual i and j.

This approach is commonly referred to as GBLUP. The advantage of this re-
parameterization is that genomic breeding values can be predicted using models and
software similar to those used for pedigree-based breeding value estimation (with the
pedigree-based relationship matrix replaced by a genomic relationship-based
matrix). Furthermore, since the number of individuals in the reference population
is typically much smaller than the number of markers, the computational demands
are much lower.

The variance components 0121 and ai are the same if ZZ' = G. By scaling all
columns in Z to have zero mean and variance 1/p, the variance ai can be interpreted
as the additive genetic variance for the trait, and G is the genomic relationship
matrix.

The effectiveness of GBLUP depends on how well the genomic relationship (derived
from markers) reflects the actual relationships at QTN. This finding (de los Campos et al.
2013b) motivates studies on other approaches to construct the genomic relationship
matrices. These differ, for example, in the definition of the base population (Meuwissen
et al. 2011), in the age of the relationships they trace (e.g., Sun et al. 2016), or in the
weight that is given to chromosomal segments (e.g.., Shen et al. 2013).

4.2 Semiparametric Methods

In this section, we present GBLUP models where the genomic relationship matrix
G can either be smoothed, which will decrease the difference in genetic correlations
between individuals, or G can be made more rugged to increase the differences in
genetic correlations between individuals. These models can be advantageous because
they tend to remove noise in the G matrix and give better genomic predictions when,
for instance, marker interaction effects are simulated.
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The first models presented are geostatistical kriging and reproducing kernel Hilbert
space models. The term kriging is used in the geostatistical literature and is equivalent to
empirical BLUP. The aim of kriging in geostatistics is to model the correlation between
observations located on a map. The pair-wise correlations depend on the distance
between the positions where the observation was recorded. By modeling each position
as arandom effect, the values at positions without any observation can be predicted. This
is similar to genomic prediction, but instead of having relatedness (based on genetic
markers), the distances between geographical positions are used.

A common family of correlation functions used for kriging is the family of Matérn
covariance functions (named after the Swedish statistician Bertil Matérn). It depends
on a couple of tuning parameters and the Euclidean distance between geographical
positions. In the application for genomic prediction, the covariance function depends
on the Euclidean distance between individuals in terms of their additive relationship.

Ober et al. (2011) showed that the kriging model gives better genomic predictions
than the standard GBLUP model for simulated interaction effects. They also discuss
the similarity and differences of the kriging model with the reproducing kernel
Hilbert space (RKHS) approach of Gianola and van Kaam (2008). Similarly as for
geostatistical kriging models, RKHS finds a correlation matrix that smooths the
genomic correlation matrix (Morota and Gianola 2014).

Both spatial kriging and RKHS models have been shown to outperform GBLUP
in genomic predictions when marker interaction effects are included in simulations.
However, they are usually based on an additive specification of the marker data with
the coding of marker genotypes being evenly spaced integers (such as 0, 1, and 2).
Hence, they are not developed specifically for fitting nonadditive marker effects but
are nonetheless much more flexible than the standard GBLUP model resulting in
better genomic predictions.

4.3 Models Including Nonadditive Effects

Many animal and plant breeding schemes involve crossing of different breeds or lines or
genotypes with the goal of harnessing the beneficial effects of breed complementarity
and heterosis. The basis of heterosis are nonadditive effects like dominance or even
interactions between loci (Falconer and Mackay 1996). It can be useful to include these
effects in the statistical models, if these effects contribute substantially to the traits. The
basic idea is to decompose the genotypic value into additive (A), dominance (D), and
epistatic (/) values.

4.3.1 Models Including Dominance Effects

The SNP model that fits simultaneously additive and dominance effects of SNPs can
be written as



E. Jonas et al.

y=pu+Zu+Xd+e, (6)

where a vector of dominant SNP effects d is included for each of the p SNP markers
and an element in the matrix X, x;, is the indicator variable for the heterozygous
genotype of the jth SNP for individual i (Toro and Varona 2010).

In the standard SNP-BLUP, both additive and dominant effects are assumed to
have normal distributions:

u~N(0,I62), d~N(0,Ic3),
The equivalent GBLUP model is
y=n+tg+te 7)

Here g is a vector of genomic breeding values (of length n) with
V(g) = Go? + Do3,
where G is the additive and D the dominance genomic relationship matrix.

4.3.2 Models Including Epistatic Effects

The SNP-BLUP model can be extended to include interaction effects between alleles
at different loci:

y=pu+Zu+W+e (8)

where v is the marker interaction effect, a normally distributed random effect, and the
matrix W is constructed so that

with subscript giving column index with j = (i — 1)p + i where p is the number of
columns in Z and ® is the direct Hadamard product. Thus, W has n rows and p X p
columns.

The equivalent GBLUP model is

y=utg+te )

with V(g) = Go> + Ho? and H = G © G is the epistatic relationship matrix.
However, the extensions of GBLUP in Egs. (7) and (9) are expected to increase

prediction accuracies only if training populations are large, so that marker estimates

reflect more the effect of actual QTNs nearby, instead of additive genetic relationships.
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5 Accuracies of Genomic Estimated Breeding Values

Accuracies of genomic estimated breeding values are used to quantify the predictive
performance and how well can the model predict the real phenotypes of the selection
candidates based on information from the reference population. Several attempts
have been made to derive deterministic formula to predict accuracy of genomic
breeding values (e.g., Goddard et al. 2011). The predictive performance is com-
monly summarized with two statistics: correlation between genomic breeding values
and phenotypes and the coefficient of regression of phenotypes on genomic breeding
values. Phenotypes can be actual observations, summary statistics like daughter/
progeny deviations (VanRaden and Wiggans 1991), or de-regressed breeding values
(Garrick et al. 2009).

Genomic selection studies commonly include an assessment of the predictive
performance. This should avoid overfitting of the model that occurs easily as the
number of marker effects to estimate is often much larger than the number of
observations. Cross-validation is widely used as a technique to assess predictive
performance. It divides the reference population into a training and a validation set,
estimates marker effects in the training set, and then validates these. Various cross-
validation designs have been applied: (1) two-generation scheme, (2) k-fold cross-
validation, and (3) repeated subsampling validation. In the two-generation scheme,
individuals are assigned to the training or test set based on their generation number
or year of birth. The youngest individuals are included in the test set. In a k-fold
cross-validation, individuals are divided into k disjoint sets of equal size. In each
fold, one set is used for testing, and the other k—1 sets are used for training. This
splitting is repeated until all sets have been used once for testing. In the repeated
subsampling scheme, the reference population is randomly split into a large (e.g.,
95%) training and a small testing (e.g., 5%) set. Again the splitting is repeated many
times. All these cross-validation schemes have advantages and disadvantages, some
of which are discussed by Morota and Gianola (2014), but there is no consensus
about which one is the best. The two-generation scheme is the scheme closely
resembling a practical genetic evaluation scenario and is the cross-validation scheme
most often applied in genomic selection studies.

The purpose of genomic evaluation applied in practice is to predict the performance of
future offspring. However, the offspring may be several generations separated from the
reference population. In dairy cattle, for example, only the second or third generation of
ancestors of selection candidates is included in the reference population in an efficient
genomic selection scheme. Nevertheless, most cross-validation studies in dairy cattle have
a validation horizon of at most one generation. This is similar in plant populations,
especially in the discussed one-stage selection, which is the more common genomic
selection scheme (Marulanda et al. 2016). Such a short validation horizon has two main
consequences: (1) the predicted accuracy of selection is too optimistic, and (2) the
comparison of models may not reflect the actual performance of the models. For example,
models better at capturing linkage disequilibrium between markers and QTNs are expected
to perform better for a longer validation horizon than models heavily relying on genetic
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markers tracing family relationships. A design with a short validation horizon might be a
problem in outbreeding plants, as population-wide linkage disequilibrium is large and
predictions are more feasible using a family design.

As a concluding remark, the design of a cross-validation study needs to mimic the
intended use of genomic breeding values, such that the estimated predictive ability is
consistent with the actual application in mind, and several opportunities exist to
improve cross-validation studies.

6 Further Advancements of Methods

The methods and models for the use in genomic predictions are continuously advanced.
Some of the suggested extensions of the concept of genomic selection are described here.
Such extensions are the inclusion of methods for the manipulation of genomes (genome
editing), more detailed information (biological information, data on transcriptome or
proteome), or improved genotyping tools (use of sequence information and the concept
of genomic selection 2.0).

6.1 Integration of Genetically Engineered Individuals

Genetically engineered or genetically modified plants can be found in the food produc-
tion chain, while the first genetically modified livestock species has only recently been
approved for consumption by the FDA after an approximately 20-year approval period.
Different techniques can be used for the modification of genomes including transfor-
mations, such as microinjection and electroporation. Transformations were the first
modifications successfully applied in plant and livestock species. Other modifications
include gene knockouts or knock-ins, which are more common in model species like
mice, to test the functions and effects of genes. The inhibition of genes for a short time
can be done using, for example, RNA interference (RNAi) employing short RNAs.
Many of these methods, especially the modification of individuals using transforma-
tions, are rather unspecific, and multiple trials need to be done until the modification is
successful. Examples of modifications include changes of the product composition [e.g.,
golden rice (Oryza sativa)], introduction of resistance/tolerance against pathogens [e.g.,
ringspot virus-resistant papaya (Carica papaya)], resistance/tolerance against insects
[e.g., potato (Solanum tuberosum)], resistance/tolerance against herbicides [e.g., soy-
bean (Glycine max)], abiotic stress tolerance [maize (Zea mays)], and pollination control
system (e.g., maize) in plants as well as enhanced growth [AquAdvantage®™ salmon
(Salmo salar)], enhanced production [alpha-lactalbumin pigs (Sus scrofa)], enhanced
metabolism (EnviroPig™), and the production of human drugs [lysozyme goat (Capra
aegagrus hircus)] in livestock (Forabosco et al. 2013).

A more recently developed method to modify parts of the genome is genome
editing, which allows the targeted change of one or few nucleotides at a specified
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position in the genome. Genome editing requires programmable nucleases, which
were firstly identified in 1996. Methods commonly used for genome editing include
zinc finger nuclease (ZFN), transcription activator-like effector nuclease (TALEN),
and the Cas9-guide RNA system (CRISPR) (Gaj et al. 2013). Genome editing is of
major interest in plants and also in livestock since modifications are more targeted
and success rates are higher. While traditional modifications were applied in plants,
their applications were more restricted in livestock. The opportunities offered by
genome editing have therefore led to a huge interest of the livestock research
community. More than 300 edited pigs, cattle (Bos taurus), and sheep (Ovis aries)
have been developed since 2011, using nonhomologous end joining or homology-
dependent repair (Tan et al. 2016). Edited animals were produced via zygotes or
somatic cells. The technique can be used to produce animals as potential organ
donors (pig), disease models (pig), bioreactors (cattle), and founder animals of
genetic lines with enhanced productivity (cattle, sheep, goat) and to introduce
disease resistance into populations (pig) (Proudfoot et al. 2015). Other traits of
interest in livestock are especially the horn phenotype in cattle, mastitis resistance
in dairy cattle, and resistance to the African swine fever in pigs. The selection for
some of these traits cannot be achieved using other breeding methods since relevant
alleles are not present in the population (e.g., resistance to African swine fever). The
selection of other traits will require long selection periods with a high risk of
inbreeding, for example, if the frequency of the alleles is too low to allow selection
without loss of diversity (e.g., selection against horns).

The introduction of such new tools into livestock breeding programs will require
that relationships between individuals are taken into account to decrease the risk of
higher inbreeding. A simulation study suggested that the application of a combina-
tion of genomic selection and “promotion of alleles by genome editing” might lead
to substantial improvements of response to selection (Jenko et al. 2015). However,
one prerequisite of genome editing is that QTNs are identified. It was furthermore
suggested that the breeding programs need to be adapted to avoid a rapid depletion
of genetic variation in the population.

6.2 Inclusion of Biological Information

The initial and currently applied idea of genomic selection is that of a black box
approach, where knowledge of the function of the markers used for selection is not
considered. Nevertheless, incorporating genotypes from whole-genome SNP arrays
into existing evaluation systems has been successful in increasing the accuracy of
EBV of young animals for commonly recorded traits (Lobo et al. 2011; Northcutt
2011; Wiggans et al. 2011). However, the applicability of these predictions is limited
to selection within breeds as the prediction ability of the estimated marker effects is
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highly dependent on the relationship between the reference population and the
selection candidates (Boichard et al. 2016).

If the black box approach of genomic selection is overcome and additional
biological information is available, genomic evaluation may become more accurate,
especially for crossbreed predictions. One of the initiatives to improve accuracies is
the “1000 bull genome project” (Daetwyler et al. 2014). The objective of this project
is to make the sequence data of over 1000 influential sires available. This should
improve imputation, genome-wide association studies (GWAS), and genomic pre-
diction and, more importantly, promote the identification of causal variants.

The availability of accurately annotated genomes, both structural and functional, is
essential for the biological insight into traits (Stein 2001). In order to relate markers to
genes and phenotypes, a fully assembled genome with known gene locations and
structures, information on noncoding RNA, regulatory and repetitive regions is required.
Moreover, the functional annotation like gene ontology (GO) classification that describes
products of eukaryotic cells in terms of molecular function, biological processes, and
cellular components, as well as descriptions of metabolic and signaling pathways and gene
regulatory networks, can provide valuable information. Currently, several such databases
are available and updated continuously for a variety of species. Some examples are the GO
browser agriGO (Du et al. 2010) that represents 45 agricultural species, including plant,
fungi, insect pests, and livestock species, and the Reactome (Croft et al. 2011), MetaCyc
(Caspi et al. 2014), and KEGG (Kanehisa et al. 2008) databases that integrate genomic,
chemical, and systemic functional information.

The incorporation of biological information into the genomic evaluation can be
done in various ways. A simple and straightforward approach is the selection of
subsets of markers from the whole-genome SNP arrays that are associated with genes
or metabolic pathways of interest. This could be extended to include a polygenic
component, using pedigree relationships to account for the rest of the genome
(Snelling et al. 2011). Moreover, the priors of Bayesian models could be shaped
by biological knowledge and become more informative (MacLeod et al. 2016).

6.3 Transcriptome and Proteomic Assisted Selection

High-throughput technology is not only applicable to the information of the genome but
also transcriptome, proteome, and metabolome. Information on the transcriptome, such
as data from RNA sequencing, does provide information on mutations within the
genome and adds knowledge of probable functionality as only expressed genes will
contribute to the phenotype. High-throughput platforms such as expression arrays may
further allow collecting expression information for many loci and individuals. High-
throughput platforms do also exist for the analysis of the proteome (Chawade et al.
2016). Peptide-based selection using mass spectrometry might assist selection for certain
phenotypes. Its application had been tested in plants and allowed the selection for traits
for which no good genetic markers were available (Chawade et al. 2016). The analysis
of metabolites and their variance was suggested as another (post-genomic) tool for
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improved selection (Fernie and Schauer 2009). The use of metabolomics-assisted
breeding, possibly in combination with sequencing and reverse genetics, might be useful
for a number of traits including selection for resistance and tolerance traits in plants
(Zamir 2001; Morandini and Salamini 2003; McCouch 2004; Takeda and Matsuoka
2008; Fernie and Schauer 2009). The feasibility of the use of expression profiles or
protein signatures in future breeding systems has yet to be explored. A combination of
tools based on traits might be a possible scenario for the improved selection especially
for the improvement of complex traits.

6.4 Alternative Genotyping Methods

Genotyping of many individuals or lines is a prerequisite for genomic selection. The
density of genotyping platforms required for a reliable prediction depends on the
population of selection candidates and its genome structure. Genotyping arrays with
various densities are available. The use of customized and population-specific arrays
with lower marker density to genotype selection candidates and combining these
with sequence data of influential ancestors of the selection candidates can reduce
costs for genomic selection. Such approaches display alternatives to the use of high-
density genotyping arrays and are applied in some breeding programs. The imputa-
tion of genotypes can additionally be used to increase the information content. The
process of imputation implies that genotypes are predicted, which are not directly
assayed in a sample. Ancestors will be genotyped using information on the full
genome sequence or high-density marker arrays. If information on such dense
genotyping is available, most haplotypes in the populations are covered and thus
can be implied in individuals with information on fewer genetic markers (Marchini
and Howie 2010). The increase of genotype information in the population might
improve the accuracy of genomic selection (Druet et al. 2014). Imputation can also
be used for the correction of genotyping errors. However, one essential step to allow
accurate imputation is the correct phasing of the genomic information (Hickey 2013;
Hickey et al. 2014).

Other alternatives to higher- or lower-density genotyping arrays exist. These should
allow to reduce costs by skipping the need to develop genotyping arrays. The use of
genotyping by sequencing (GBS) opens opportunities to fill the gap between highly
explored lines of major interest and non-reference lines (Spindel et al. 2013; Williams
etal. 2014). Genotyping by sequencing is especially of interest when little or no genomic
information is available, no dense genotyping platform exists, or genetically highly
diverse material is used. This approach is also useful for large genomes. It is therefore of
interest especially in plant breeding. However, well-established bioinformatic infrastruc-
tures are required to fully explore genotyping by sequencing.
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6.5 Genomic Selection 2.0

The term “genomic selection 2.0” was introduced based on the advance of tools for
genotyping and sequencing (Hickey 2013). It was suggested that, while progress has
been made using genomic selection in general, the large amounts of sequence data
generated could be utilized even more. Genomic selection 2.0 is based on the use of
big data and the availability of sequence data in combination with imputation
methods and aims to integrate new methodologies for the integration of de novo
mutations and variants different from SNPs. The genomic information of a huge data
set in combination with phenotypic information should be powerful to identify QTN
for many traits. Genomic selection 2.0 intends to avoid sequencing at a high depth,
which is not feasible for breeding derived from a large number of male ancestors, as
in livestock breeding, or many potential breeding lines, as in plants. The choice of a
lower-coverage sequencing for all individuals could assist to discover the haplotypes
and allow the imputation to full sequences for all individuals. The power of meth-
odologies will depend on the advancement of applications such as imputation
algorithms, technologies for genotyping, and infrastructure of bioinformatic analysis.
Furthermore a new generation of genomic selection is an important step to allow
higher recombination in populations. It should allow the integration of de novo
mutations, occurring from random events during recombination or being introduced
by methods such as genome editing (Hickey 2013).

7 Genomic Prediction Applied in Animal, Plant,
and Human Populations

7.1 Examples of Genomic Selection in Livestock
7.1.1 Cattle (Bos Taurus)

The practical application of genomic selection is of immense interest in dairy cattle, where
GEBVs are now common selection criteria across many countries (http://www.interbull.
org 2013). This is not the case for other livestock populations, especially in populations
where crossbreeding is used, such as pig or beef cattle. Also the lack of phenotypes and
genotypes for a reliable prediction of a GEBV or the focus on traits with lower heritability,
such as fertility in beef cattle, does restrict the use of genomic selection (Johnston et al.
2012). Genomic selection is expected to be more cost-efficient compared to traditional
selection schemes as it allows the reduction of the expensive evaluation of phenotypes and
allows an earlier selection of male animals for further breeding. A concern is often the cost
for genotyping (of the reference population), but with the ongoing development of
genotyping platforms, this might be less of a problem in the near future. Changes might
need to be applied to the structure of the breeding industry, which will require a long-term
planning (Johnston et al. 2012). But the question is how genomic selection is implemented
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in different breeding programs, and which relevant aspects of the species and breeding
program have to be taken into account?

Genomic selection is today a selection scheme in dairy cattle, especially Holstein
Friesian, in many countries (Patry 2011). Decreased costs for genotyping had progressed
genomic selection to a routine in some herds (Hayes et al. 2009a; Hayes et al. 2009b).
Jannink et al. (2010) stated that the implementation of SNP information will reduce the
costs for genetic evaluation. The cost for obtaining marker information can be equal to
the costs to collect phenotypic information from 10 to 20 daughters per bull. Selection in
dairy cattle is focused on bulls, and many breeding programs focus on genotyping solely
bulls. Costs for genotyping can therefore be kept relatively low. The breeding decisions
can be made by preselecting young bulls for further testing in the so-called preselection
scheme. An alternative option to make use of the genotypes is the turbo scheme which
allows the earlier selection of new breeding bulls (Pryce and Daetwyler 2012; Bouquet
and Juga 2013). Additional genotyping of cows will allow a better assessment of
additional traits and to increase the size of the reference population. One advantage of
genomic selection in dairy cattle is the drop of the length of the generation interval from
around 5 to 6 years in traditional dairy cattle breeding programs to around 1.5 years
when using genomic selection (Pryce and Daetwyler 2012). The increase of the genetic
gain in general might be attached to the risk of higher inbreeding as it might reduce the
number of genetically superior breeding animals. Genetic markers should therefore also
be used to avoid loss of diversity by carefully observing the remaining of haplotypes and
the structure of the population (Young et al. 1988).

The implementation of genomic selection is also of major interest for beef cattle
breeding, for which generation intervals are also long. A number of differences compared
to dairy cattle exist, including the lower rate of the use of artificial insemination and the use
of crossbreeding. The lower rate of artificial insemination, compared with dairy cattle,
reduces the contribution of a selected individual to the genetic progress in the population at
large and thereby reduces the amount of resources that can be invested in genotyping. The
genetic makeup of populations is relevant, and genomic selection would probably be
restricted to purebred operations. Predictions in crossbred populations are not as accurate
as compared to those in purebred populations. Beef cattle populations are less uniform
compared to dairy cattle populations, crossbreeding is common, and both Bos taurus and
Bos indicus populations are a part of breeding schemes (Garrick 2011). The effective
population size in many beef cattle population is low as is the number of bulls with reliable
EBVs. This will restrict the reference population and the reliability of the estimated
GEBVs (Johnston et al. 2012). The combination of data across countries and/or across
breeds is an option to overcome the small size of reference populations, but higher-density
marker panels might be required to reach reliable predictions when using such datasets
(de Roos et al. 2009). Genotypes of cows can also be included to achieve larger reference
populations, additionally allowing farmers to select superior cows (Saatchi et al. 2012).
This would allow a better selection for fertility, one of the most important traits in cows,
which has a low heritability. The inclusion of cows in the selection scheme would require
changes to traditional breeding using progeny testing, which focusses largely on bulls.
Genomic selection in beef cattle could thereby lead to a more balanced breeding goal via
inclusion of animals and traits at the farm level.
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Genomic Selection in Dairy Cattle

The seminal publication by Schaeffer (2006) illustrated that adoption of
genomic selection could decrease the costs of running a breeding program
and increase genetic progress, compared to progeny test schemes that had been
in place for many years. The development of a high-density SNP array
(Matukumalli et al. 2009) removed a last practical hindrance for the imple-
mentation of genomic selection.

The first official release of genomic breeding values was in 2009 in the
USA (Wiggans et al. 2011). At that time, just over 5000 progeny-tested bulls
were included in the reference population. Using an approach resembling
Bayes A, reliabilities of genomic breeding values were on average 50%
(VanRaden et al. 2009a, b). This meant an increase of 23% in reliability
compared to the reliability of parent averages.

Dairy producers in the USA were quickly to adopt the technology, and by
2012 half of the Holstein service sires were genotyped as young bulls, i.e.,
bulls with just genotype information and no daughter information (Hutchison
et al. 2014). Also breeding companies made changes to their breeding pro-
grams and started to use genotyped young bulls as sires of sons. As a
consequence, Hutchison et al. (2014) and Garcia-Ruiz et al. (2016) could
observe a significant decrease in the generation interval.

Evidence of increased of genetic gain due to genomic selection was
presented by Garcia-Ruiz et al. (2016), who reported that the genetic gain
for yield increased twofold after the introduction of genomic selection. For
fertility, life span, and udder health, even larger increases in genetic gain were
observed, in agreement with the prediction that genomic selection would be
especially useful for traits with low heritability.

In recent years, focus has been expanded from genotyping predominantly
males to genotyping females as well. In July 2017, a new milestone was
reached in US dairy genetics with the submission of the two millionth
genotyped animal to the US dairy database (Press release, 2017; https://
queries.uscdcb.com/News/CDCB %20AGIL%20Two%20Million%20Geno
type%20Mark.pdf). Genotyping females will allow commercial dairy farmers
to make more informed breeding decisions in their own herd but also provides
new opportunities for improved herd management.

7.1.2 Sheep (Ovis aries) and Goats (Capra aegagrus hircus)

Breeding of small ruminants, sheep and goats, varies as the size and structure of
enterprises differ between countries. Small ruminants are especially part of the
production system in low-income countries as the resource inputs are low. However,
larger breeding cohorts exist in countries with options for higher input and selective
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breeding based on performance information (van der Werf 2007). Differences in the
management, structure, and size of the populations and breeding programs depend
on the product (meat, wool, or milk) and also the location of the farm. The use of
local breeds is more common for sheep and goat breeding; thus populations are small
and breeding is more often country-specific. The integration of genomic selection
into breeding programs is especially discussed for countries with large breeding
populations, such as Australia, New Zealand, Great Britain, South Africa, or France.
Reference populations have been established in some countries for the collection of
reliable phenotypes (Swan et al. 2012). The main restriction of the application of
genomic selection in small ruminants is the lack of the data/information on a large
number of phenotypes, which is necessary for the creation of a reliable reference
population. The shorter generation interval in small ruminants (compared to cattle)
and the relatively high genotyping costs will restrict the genetic gain when using
genomic selection. Effective population sizes are often large in small ruminants as
these populations are usually more heterogeneous compared to other livestock
populations. And finally natural service is still more common in many sheep
breeding schemes, which will restrict the number of possible fertilizations from
each ejaculate to one. More rams are required when natural service is used instead of
artificial insemination. Other relevant points to be considered when applying geno-
mic selection in small ruminants are the options for the size of the reference
population (Shumbusho et al. 2013); population-specific factors in sheep, including
seasonality of the production system; small-scale use of artificial insemination; and
low value of individual animals, which will require different approaches of genomic
selection compared to dairy cattle (Baloche et al. 2014). Predictions using crossbreed
animals are also relevant in sheep. This should allow the application of genomic
selection in a larger range of breeding populations and covering existing breed
diversities in populations.

7.1.3 Pigs (Sus scrofa)

Separate selection schemes at the nucleus level, one for the paternal production-
oriented breeds and one for the maternal reproduction-oriented breeds, exist in pig
breeding. This structure needs to be considered when using genomic selection.
Traditional selection has a larger focus on performance traits with a selection of
superior sire lines for improved carcass and meat traits. While genomic selection in
male lines can improve selection efficiency/effectiveness, phenotypes of relatives
might be needed to increase the reference population (Tribout et al. 2012). Genomic
selection could also take better care of the selection for maternal traits. The shift of
the focus to maternal traits will especially be feasible when total costs of genotyping
are reduced. Simulation studies have shown the improved accuracies of selection for
economically important traits also in female purebred lines (Lillehammer et al. 2011;
Tribout et al. 2012). However limitations exist for the prediction of performance of
crossbred animals, which are usually used in the final stages of the production and
often as maternal lines. Genetic correlations between traits in cross- and purebred
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animals are less than 1 (Dekkers 2007). Suggestions to overcome the limitation of
the less than unity genetic correlation between crossbred and purebred performance
have been made, such as the integration of QTL information into breeding decision.

7.1.4 Poultry/Chicken (Gallus gallus domesticus)

Poultry has dual use and is therefore bred in different lines to allow for differential
selection for egg and meat production. The generation interval in poultry is relatively
short with 1 to 1.5 years, and the rate of genetic improvement in traditional breeding
is more than double in chicken compared to cattle or pigs. The implementation of
genomic selection could reduce the generation interval to only 6 months. But the
population sizes need to be carefully evaluated to reduce costs of genotyping on the
one hand while not reducing the effective population size. Adequate genotyping
platforms have been recently developed, and first predictions showed the potential
for genomic selection to increase genetic gain in poultry breeding (Preisinger 2012).
However, the advantage and cost-efficiency over conventional breeding have to be
proven before genomic selection could be applied as a selection tool in privately
owned poultry breeding companies (Preisinger 2012). Hypothetical studies have
also suggested the implementation of genomic selection in broiler lines. However,
genotyping strategies need to be chosen carefully to reduce costs without the loss of
important information on marker-phenotype relationship (Avendaiio et al. 2010).

7.1.5 Aquaculture

The introduction of genomic selection has also been discussed in aquaculture, especially
fish. Genotyping tools will enable to control inbreeding, but costs are currently the main
inhibitor for a quick adoption of genomic selection in fish breeding schemes (Nielsen
et al. 2011). Male and female fishes have many offspring; the contribution of male and
female individuals to the breeding cohort is therefore high. If the use of genomic markers
can improve selection in fish breeding, the expected genetic gain can be twice as high
compared to traditional selection using BLUP. The use of genetic markers could also
assist controlling inbreeding more effectively (Nielsen et al. 2011). Aquaculture breed-
ing programs might need to be redesigned entirely to accommodate genomic selection.
Such changes can be a reduction of number of families or reduced phenotypic evaluation
(Sonesson and Meuwissen 2009; Nielsen et al. 2011). A combination of traditional
BLUP estimation, preselection of candidates, and low-density genotyping arrays might
be one possibility. It could reduce costs for genotyping many potential parents and thus
reduce the expected genetic gain only slightly (Lillehammer et al. 2013).
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7.2  Examples of Genomic Selection in Companion Animals

Estimated breeding values are used successfully for selection in some horse and dog
populations, and genomic selection is discussed for further improvement. The lack
of large enough reference populations is often the restricting factor for the imple-
mentation of genomic selection. Most dog breeds are based on a few founders, and
the effective population size is relatively small. The use of genetic markers for
selection is feasible. Genotyping arrays are available for both horses and dogs.
Genetic markers should improve the predictive ability and lead to a more accurate
selection. On the other hand, many of the traits used for selection are complex and
not always measureable on a reasonable objective scale. The implementation of
genomic selection will require a careful design of an appropriate reference popula-
tion with reliable and relevant phenotypes.

7.2.1 Dogs (Canis lupus familiaris)

Only a few studies have investigated the application of genomic selection in dogs
(Sanchez-Molano et al. 2015). Dog breeding is usually done based on pedigrees and
phenotypic measurements. Breeding goals include improved health with traits
aligned to the breed standard while avoiding inbreeding. Inherited disorders, such
as hip dysplasia, heart problems, and certain kinds of cancer, put traditional dog
breeding into negative lights and need to be taken into account in breeding programs.
Since traits related to health often have a late onset, information from genetic markers
using data from a large reference population would therefore be useful. The use of
genomic selection or prediction models would also allow a better correction for
environmental factors (among which the influence of the breeder). Problems to
overcome in dog breeding before genomic selection could be applied are the need
of collecting data from many dogs for developing a reference population of appro-
priate size and the need for reliable phenotypes and for continued phenotype
collection after the introduction of genomic breeding values. Genomic selection is
a potential tool to improve selection and especially traits related to welfare (such as
health or inherited defects) of pedigree dogs.

7.2.2 Horses (Equus ferus caballus)

The sport horse industry aims for a more accurate selection to reach high genetic
improvements. Generation intervals in horses are around 8-10 years, and earlier
selection, for example, by using genetic markers (Haberland et al. 2012; Stock et al.
2016), could increase the rate of genetic improvement. Some of the traits of interest
are also related to behavior and temperament, which are difficult to measure
objectively. The establishment of international collaborations is not always straight-
forward. Limited exchange of genetic material leaves many small and (semi-)
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isolated populations at risk of decreasing effective population sizes, increased
inbreeding, and potential increase in prevalence of inherited diseases. Large refer-
ence populations with reliable phenotypes are needed to apply genomic selection
with high accuracies. Genomic selection will improve accuracies achieved with
EBVs in young animals and also horses imported from other countries for which
only scarce information on relatives is available in the importing country. Genomic
selection will be especially useful for traits with late onset and low heritability. In a
comparison of several selection strategies against osteochondrosis, van Grevenhof
(2011) found genomic selection to be a realistic option for the Dutch warmblood
population. Similar to dog breeding, a very relevant aspect in horse breeding is the
structure of many small-sized studs and fewer large enterprises, compared to
livestock breeding, with its challenges to achieve the level of collaboration needed
to put in place an organized scheme necessary for a successful implementation of
genomic selection. Also international collaborations will be necessary as they have
the potential to increase the reference population.

7.3 Examples of Genomic Selection in Crop Plants

The status of the implementation of genomic selection in different crop species
varies. Genomic selection is of interest to the public and private crop breeding
community. One main reason for the search of improved selection tools is the stable
and high costs for phenotyping. As little can be done to reduce costs per line, the only
option is a reduction of the number of lines to be phenotyped. The crop breeding
community hopes for a significant reduction of costs for the development of new
breeding lines when using genomic selection instead of traditional phenotypic
selection (Heffner et al. 2009; Heffner et al. 2011; Resende et al. 2012b). But the
implementation of genomic selection will depend on costs for genotyping and the
availability of whole-genome sequencing and/or genotyping platforms. Crop breed-
ing programs are versatile, and strategies for the implementation of genomic selec-
tion will need to be adjusted for each breeding program. Hybrid vigor or heterosis is
important in many crop breeding populations, and models for genomic selection
should also be able to take nonadditive effects into account (Duvick 1999).
Traditional selection is often based on phenotypic selection. Breeding of inbred
lines for the production of hybrids and crossing of diverse parental lines for the
production of new inbred lines in successive cycles of selfing are the two main
strategies. Phenotypes might differ between the plant materials used for selection in
early and advanced cycles of breeding because the number of tested lines in early
cycles is often too large for a cost-effective collection of all relevant phenotypes. The
use of phenotypes from the final cycles of breeding might therefore reflect more
useful data as they will most accurately reflect the final product. The estimation of
marker effects based on advanced cycles of selection (Zhao and Xu 2012) needs to
be considered carefully. Nonadditive effects due to heterosis or inbreeding effects
can change the prediction accuracies. The choice of the reference population has to
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consider these effects. Also the structure of the reference populations is important,
and one option for a high accuracy of prediction is that individuals in reference and
validation subpopulations should show a close relationship (Asoro et al. 2011).

An additional difficulty in crop species is the impact of genotype by environment
(GxE) effects on performance of lines (Lorenzana and Bernardo 2009; Heffner et al.
2011). Advanced generation populations in traditional breeding are therefore tested
across different environments. The adaptability of crop lines is a relevant criterion for
the successful production in the field. The evaluation of genotyped lines across
different environments can increase the gain and cost-efficiency of genotyping
(Bertin et al. 2010; Xu and Hu 2010; Morrell et al. 2012). Sequencing of selected
lines in combination with the repeated collection of phenotypic data has been another
suggestion to overcome an inaccurate estimation of genomic breeding values caused
by genotype by environment effects (Morrell et al. 2012).

7.3.1 Rice (Oryza sativalOryza glaberrima)

Reports on genomic selection in rice are rare, and pedigree breeding based on pheno-
types is still the predominant breeding method (Li and Zhang 2013). Successes have, for
example, been made in increase of yield, but yield potential needs further improvement
in the future. Also selective breeding success stories to improve complex traits (such as
drought tolerance) are limited. One of the reasons for this limitation is the lack of
information on reliable phenotypes especially from hybrid breeding, which is increas-
ingly common in rice (Yan et al. 2011). There is furthermore little genetic variation in
the current breeding populations; genotyping might assist to adjust breeding strategies to
avoid the loss of important genes due to a more narrow gene pool (Breseghello 2013).
Genotyping can also assist to identify more diverse parental lines, which can then be
used to achieve high heterosis effects in crossbred populations (Chen et al. 2013). But
more research is needed to fully exploit the possibilities of genomic selection in rice.

7.3.2 Maize (Zea mays)

Large efforts are underway for the implementation of genomic selection in maize,
another important crop in many countries around the globe. Significant improve-
ments have been made since the domestication, and there is little resemblance
between the original Balsas teosinte (Zea mays ssp. parviglumis) before domestica-
tion and modern maize plants today. Improvements are especially focused on tassel,
ear, cob, and kernel characteristics, flowering traits, as well as resistance to drought
and pathogens. Genomic selection will improve the breeding process further as it
allows the prediction of untested lines, including testcrosses, in advanced breeding
populations (Albrecht et al. 2011). One additional advantage of the application of
genomic selection in maize is the reduction of the generation interval. Phenotypic
evaluation is not required throughout the entire selection process when genomic
selection is used, and generations of lines can be bred in greenhouses (Zhao et al.
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2012). The design of the reference population requires good knowledge of the
population structure and genetic relationships within and across relevant lines
(Albrecht et al. 2011; Windhausen et al. 2012). Biparental or diversity panels and
testcrosses are important/useful in maize breeding. Advanced breeding populations
are often based on the performance in many testcrosses. But genotyping of all
testcrosses will be expensive, and preselection is required. Genetic markers can be
used to investigate genetic differences between lines to select more diverse individ-
uals for crossing (Albrecht et al. 2011). Different strategies for genomic selection are
being tested in maize. International centers, such as the International Maize and
Wheat Improvement Center (CIMMYT), drive research in this sector.

7.3.3 Wheat (Triticum aestivum)

It has been shown that the implementation of genomic selection can lead to higher
genetic gain per unit time and cost reduction compared to traditional pedigree-based
selection in wheat (Burgueno et al. 2012). But the use of related populations in the
reference and selection set is a major factor to achieve a reliable accuracy when using
genomic selection in wheat (Crossa et al. 2013). Information from the reference
population for predictions needs to be collected in environments which are similar or
the same to those of the selection candidates as environments play a major role
(Crossa et al. 2011, 2013). Accuracies across field trials can be increased when
information based on many lines and different environments are included in the
modeling of the genetic effects (Burgueno et al. 2012; Dawson et al. 2013). Wheat
breeding focusses on a number of traits, including grain yield, quality traits, toler-
ance to abiotic stresses (drought and heat), and disease resistance, as listed in a
review from the CIMMYT breeding scheme (Guzman et al. 2016). A good pheno-
typic recording of disease traits is important for the selection of more resistant lines.
However, evaluation of infection traits is time-consuming and costly. Genomic
selection can be used as a strategy to improve the gene pool for resistance (Rutkoski
et al. 2011) and also other relevant agronomic traits. It allows the implementation of
historic information and the prediction of many traits at the same time. No additional
costs may incur if lines are selected based on predicted phenotypes from genomic
information as shown in the example of the first wheat line traits of the CIMMYT
breeding program (Guzman et al. 2016).

Genomic Selection in Spring Bread Wheat: CIMMYT’s Breeding
Efforts

The International Maize and Wheat Improvement Center (CIMMYT) has
discussed the use of genomic selection for the improvement of their wheat
and maize breeding programs early on. The spring bread wheat program is one
of the examples in which genomic selection has been tested, and details of the

(continued)
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program have been described in Battenfield et al. (2016), and a summary is
provided here.

The F7 spring bread wheat lines were derived from F5 lines, which were
tested and evaluated for quality traits for 1 year in Mexico. Superior lines from
testing were chosen for advanced end-use quality testing. Five plants per lines
were used for genotyping using genotyping by sequencing with further impu-
tation of missing genotypes. Marker effects were calculated using a number of
models including ridge regression best linear unbiased predictor, reproducing
kernel Hilbert space, partial least squares regression, elastic net, and random
forest. The efficiency of the models in predicting breeding values was tested
using cross-validation on data across multiple years trained at 80% randomly
selected data to predict 20% masked data, as well as forward prediction trained
on all prior data. The data collection for the described spring bread wheat
modeling started with trials harvested in 2010 and included a total of 47,817
lines in the yield trial, of which 7858 lines had been screened for quality. From
a total of 5520 of these lines, phenotypes and genotypes were available
until 2015.

When comparing the results of predictions using cross-validation and
forward prediction, it was concluded that cross-validation will likely lead to
an overestimation of the prediction ability of genomic selection. On the other
hand, only small differences were observed between the predictive abilities of
using different models for genomic selection. Correlations between the
observed and predicted phenotypes differed for different traits and varied
between years. The response to selection using phenotypic and genomic
selection increased between 35% (test weight, kg h L™") and 147%
(alveograph P, tenacity divided by L, extensibility, mm mm™'). One main
advantage when implementing genomic selection in the CIMMYT spring
bread wheat program is the possibility to select for phenotypes, such as
wheat quality, which will, in a phenotypic selection program, only be used
as selection criteria during late stages of the breeding program. This advantage
is common to many other crop species, most of which evaluate major traits of
interest only late in the breeding pipeline. Accuracies from the tested models in
the spring bread wheat program were high enough to allow the application of
genomic selection and increased with larger training populations. Genomic
selection will allow a reduced phenotypic evaluation, which currently requires
more seed material and which represents a considerable cost factor. While
genomic selection might not replace the collection of phenotypes, it will allow
early selection of future breeding material. A 1.4 to 2.7 times greater gain from
selection was further predicted when the number of selection candidates
increases from 2000 to 10,000. The implementation of genomic selection in
the CIMMYT spring bread wheat breeding program has started in 2012, and it
is predicted that it will enable the selection for specific end-user traits.
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7.3.4 Barley (Hordeum vulgare)

A shorter breeding cycle and thereby early selection gain is also the expectation
when using genomic selection in addition to phenotypic evaluation in barley breed-
ing. The accuracy of genomic selection is higher if correlations between reference
and selection populations are high and/or trait heritabilities are low (Iwata and
Jannink 2011). Typical traits used in the breeding goals are yield or yield-related
traits (grain dry matter yield or thousand kernel weight), quality traits, and resis-
tances against diseases. A carefully selected reference population may allow an
improvement using genomic selection compared to phenotypic selection even in
biparental crosses (Jannink et al. 2010). But the predictive ability depends often on
the relatedness, the population structure needs therefore to be taken into account, and
the number of markers required will depend on population structure and the linkage
phase (Thorwarth et al. 2017). A reference population might use more inbred or
highly replicated samples, more diverse samples, or lines different from the popu-
lation used for phenotypic selection. Genomic selection might also help to improve
decisions on crossbreeding (Bernardo 2010), if a reference population is well
selected. This is especially relevant in self-pollinating plants, such as barley,
where time-consuming crossing by hand is required in order to produce biparental
crosses. However, some studies express concerns regarding the risks of lower
genetic variation due to the loss of favorable alleles (Jannink 2010), especially
when breeding cycles are shorter.

7.3.5 Other Crop Species

Other crop species, with complex breeding goals, are forage plants, for which the
aim is to increase production as well as maximize perennial persistency. Perennial
forage grass [mostly ryegrass (Lolium perenne)] plots should be used with a consis-
tent quality and quantity over many years; deployment of hybrid breeding is,
therefore, not applicable (Wilkins and Humphreys 2003). Genomic selection should
especially improve the prediction when correlations between phenotypic evaluation
and performance are low, such as for complex traits or traits that could be recorded
only in advanced reproduction cycles. The use of genetic markers might assist the
reduction of the lengthy periods for phenotypic selection (Hayes et al. 2013;
Resende et al. 2014). However, data and sample management from parental lines,
including recordings of pedigree information, need to be improved. Genomic selec-
tion should allow a focus on a few traits during the phenotypic evaluation and will
enable to control that relevant alleles remain in the breeding cohort (Resende et al.
2014). The use of genetic markers might be more efficient for the introgression of
specific genes compared to backcrossing (Wilkins and Humphreys 2003).
Application of genomic selection has, until now, been less discussed for other
crop species including examples from the genus Brassica (Cowling et al. 2009;
Cowling and Balazs 2010; Cullis et al. 2010; Wurschum et al. 2014), oats (Avena
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sativa) (Asoro et al. 2011), potato (Solanum tuberosum) (Barrell et al. 2013), sugar
beet (Beta vulgaris) (Hofheinz et al. 2012; Wurschum et al. 2013), sugarcane
(Saccharum officinarum) (Gouy et al. 2013), or soybean (Glycine max) (Shu et al.
2013). Some restrictions are the availability of genotyping tools, sizes of possible
reference populations, as well as the need for further improvements in evaluation of
phenotypes.

It had been suggested that modifications to breeding programs (such as number of
lines per breeding cycle, number of test staged in the program, more collaborations
between breeders) might be needed to achieve economic gain via genomic selection
(Cowling and Balazs 2010; Hayes et al. 2013). It is important to keep in mind that
the selection unit is not a single plant but a heterogeneous line, variety or plot.
Genomic selection needs to be adapted to address the traits and structure of the
distributed product, breeding schemes which are used to produce seeds from inbred
or hybrid lines for the use by farmers.

7.4 Examples of Genomic Selection in Trees

The generation interval, breeding cycle, and duration until phenotypes can be
evaluated in tree breeding are long. The identification of better estimators for the
quality seedlings for the production is therefore a major interest for the forest and
fruit tree industry. Advantages of using genomic selection will arise mainly from the
shorter selection cycles (Iwata et al. 2011).

7.4.1 Forest Trees

Testing different scenarios of genomic selection in eucalyptus breeding for height
and diameter at multiple ages allowed the total breeding cycle to be halved (Resende
et al. 2012a). Intensive progeny testing can be eliminated, and a second clonal trial
will not be needed allowing for good economic returns (Resende et al. 2012b).
Methods to reduce the maturity age (breeding duration) and speed up propagation
are already implemented in tree breeding. However, emphasis should be put on
reducing the testing phase if the total breeding interval needs to be reduced (Resende
et al. 2012a). Even though it had been concluded that genomic selection will,
alongside other reproductive methods, decrease the total time of a breeding cycle
in conifers, it has also been seen that models predicted early during the breeding
cycle, for example, in seedlings, have only limited applicability for the selection of
older trees. Also the comparisons of predictions across locations did not lead to high
accuracies for all scenarios (Resende et al. 2012a). Additionally, genetic regions
explaining trait variation were often population-specific as shown using eucalyptus
populations (Resende et al. 2012b). Older data and genotypes within the same
breeding scheme including crossings of the same elite trees might therefore be
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more useful to create a reference population aiming for high accuracies, as suggested
in some of the scenarios in conifers (Iwata et al. 2011).

A number of studies had been conducted to identify markers associated with
relevant traits (e.g., wood quality, wood formation, growth, hardiness, drought
response, disease resistance) in trees, but not many of those markers are currently
being used in breeding programs (Thavamanikumar et al. 2013). Genomic selection
has been tested as a theoretic approach in forest trees using simulated datasets;
however, many studies show the application of real data (e.g., Resende et al. 2012a;
Beaulieu et al. 2014b). Genomic selection has especially been suggested as a useful
tool in elite breeding programs where relatively low number of markers are adequate
to cover structures of linkage disequilibrium (Thavamanikumar et al. 2013). But the
rapid decay of linkage disequilibrium in most tree populations is one of the main
problems identified in studies. It was suggested that this limitation could be avoided
when using elite trees and thereby introducing a genetic bottleneck. A prediction
model built on data from progeny of crosses between elite trees can additionally be
used to select elite trees via genomic selection. A study compared estimated breeding
values and genomic breeding values using cross-validation within clones from half-
sib families of loblolly pine (Pinus taeda). Even though derived accuracies were
relatively high, this was suggested to be due to family linkage rather than identified
historic linkage disequilibrium as only few genetic markers were used (Zapata-
Valenzuela et al. 2012). A study in maritime pine (Pinus pinaster Ait.) showed
good predictive ability for different traits, despite the low marker coverage and low
linkage disequilibrium (Isik et al. 2016). A more comprehensive breeding scheme
was simulated for a population of conifers (Iwata et al. 2011) for which different
scenarios were tested for a 60-year breeding program in a seed orchard. The use of
genetic markers in a genomic selection scheme could also provide additional
information on parentage since some of the traditional tree breeding programs, for
example, in eucalyptus breeding, are open-pollinated (Zelener et al. 2005). Studies
have also shown the potential of genomic selection to improve traits in spruce
compared to traditional pedigree-based selection (Beaulieu et al. 2014a, b; Ratcliffe
et al. 2015; Lenz et al. 2017). The potential of genomic selection over traditional
breeding has been shown in recently domesticated or undomesticated populations of
trees (e.g., white spruce) but has been suggested for within populations or families
due to the low marker coverage (Beaulieu et al. 2014a, b).

Genomic Selection in Eucalyptus

Conventional tree breeding is typically characterized by long breeding cycles.
Hybrids are often preferred in Eucalyptus breeding schemes as they are
superior to their parents in the most relevant traits, including growth, wood
quality, and biotic and abiotic stress resistance as they inherit relevant char-
acteristics from each of the parents (Tan et al. 2017). The cycle of a conven-
tional breeding scheme in Eucalyptus can take between 12 and 18 years;

(continued)
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genomic selection does, therefore, offer new opportunities as it might reduce
this cycle. However, when selecting superior tree clones in hybrid eucalypt
breeding, both additive and nonadditive effects are relevant (Resende et al.
2017). Relatedness of selection and training population can additionally lead
to over- or underestimation of the prediction accuracy. It was suggested that a
high marker density will be advantageous in such situations (Resende et al.
2017).

Tan et al. (2017) and Resende et al. (2017) used the Illumina Infinium
EuCHIP60K, which includes more than 45,000 SNPs to study controlled
crossings of E. urophylla and E. grandis trees. The aim was to test genomic
selection for the selection of superior F, individuals for traits height, volume,
circumference at breast height, basic wood density, and screened pulp yield.
Genomic best linear unbiased prediction, ridge regression best linear unbiased
prediction, Bayesian LASSO, and reproducing kernel Hilbert space regression
were tested in these studies. Predictive abilities of the genomic selection
models differed based on the selection scheme, with the highest predictive
abilities obtained from cross-validation in a between-family selection includ-
ing full- and half-sib individuals (Resende et al. 2017). The mean accuracies
varied between (.34 and 0.54 depending on the traits and reached maximums
of 0.73 to 0.87 in the best scenario based on relatedness. The predictive ability
using different models varied from 0.27 to 0.274, but all models of genomic
selection did outperform other pedigree-based predictions. Also this study
showed that the relationship between training and selection candidates, as
well as the size of the training population, had a large impact on the predictive
ability (Tan et al. 2017).

It was concluded from both studies that (a) genomic selection will reduce
the time until superior breeding lines are selected and (b) data obtained from
genotyping provide additional information on the genomic relationship matrix
and can be used for the estimation of heritability. However further issues need
to be resolved, such as the selection across generations and environments. The
inclusion of nonadditive effects and the estimation in hybrid breeding as
purebred parents will not provide information for accurate predictions in
hybrid offspring.

7.4.2 Fruit Trees

Traits of interest for breeders of fruit trees are fruit quality (e.g., firmness, astrin-
gency, soluble solids, and acidity), precocity, yield, and disease resistance. The
selection using traditional methods is difficult as most of these traits are polygenic
or complex and controlled by many genes. Information using genetic markers may
allow to identify relevant QTL, but methods like MAS are only applicable for traits
with a few QTL with major effects, while genomic selection allows the prediction of
the total genetic value or phenotype and is thus more applicable for complex traits
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(Kumar et al. 2012a). Only a few studies have evaluated the potential of genomic
selection in fruit trees, such as apple (Malus domestica), grapes (Vitis vinifera), or
pear (Pyrus) (Kumar et al. 2012a; Kumar et al. 2012b; Iwata et al. 2013; Myles
2013). Most of the molecular markers used in apple breeding have focused on
resistance traits and applied markers for marker-assisted selection. But such single-
gene markers did not provide a method for long-time disease resistance selective
breeding because pathogens or pests did develop new strategies to overcome such
resistances (Kumar et al. 2012a). Genomic selection is suggested as a possibly better
alternative as it incorporates multiple markers and might allow a selection including
genes with smaller effects. Two alternative strategies are suggested: the use of
genomic selection for parent selection (as in forest trees for the elite parent lines)
or for the selection of future cultivars (Kumar et al. 2012a). Preliminary results in an
apple and pear tree population have indicated that genomic selection will allow
selection prior to expensive phenotypic evaluation and might have the potential to
speed up the selection process. However cross-validation within the same generation
of trees has been used to derive the accuracies (Kumar et al. 2012a; Iwata et al.
2013). The application of genomic selection in crossbred individuals is relevant in
fruit trees. Crossbred scenarios will require the prediction of nonadditive effects.
One additional point of consideration is the use of grafts. Full-sib families are
commonly used in apple breeding programs, and seedlings are grafted onto clonal
rootstocks, a strategy which differs from the cloning used for phenotypic evaluation
in forest trees (Kumar et al. 2012a).

If genomic selection in tree breeding can provide similar accuracies as conven-
tional breeding, it will be able to increase genetic gain and reduce sizes and costs for
breeding programs significantly. But strategies need to be developed to allow either
long-term effects with low decay of accuracy over several generations or options for
a cost-efficient regular updating of the prediction model. It has yet to be shown how
genomic selection will perform in crossbred situations and across multiple genera-
tions, as many of those studies apply their simulation in a single generation only
(Grattapaglia and Resende 2011; Kumar et al. 2012a; Zapata-Valenzuela et al. 2012;
Iwata et al. 2013).

7.5 Examples of Genomic Prediction Applied on Human
(Homo sapiens) Populations

Genomic prediction has been suggested as a useful tool in assessing genetic predispo-
sition for human diseases and personalized medicine (de los Campos et al. 2010;
Makowsky et al. 2011). However, genomic prediction has not been successfully applied
to any great extent in humans yet. Nevertheless, the models for genomic selection have
been successful in human studies to estimate the heritability of complex traits (Yang
et al. 2010).
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The accuracy of genomic predictions in a test population with estimates based on
trait values measured in a reference population depends largely on the variance in
relatedness between pairs of individuals in the test and reference populations or
equivalently the mean linkage disequilibrium over all pairs of loci (Goddard et al.
2011). In humans, linkage disequilibrium is small, and useful genomic prediction
would therefore require a very large reference set. Consequently, genomic prediction
has not been found to be as useful as in animal and plant populations with larger
linkage disequilibrium.

The statistical models developed for genomic selection have been found to be
extremely valuable in human genetics for heritability estimation. Separating genetic
and environmental effects in humans has been notoriously difficult in the past
because human populations generally consist of small families where relatives
share many environmental factors. Yang et al. (2010) showed that by combining
all SNP information from practically unrelated individuals (i.e., pair-wise genomic
correlations between individuals typically smaller than 0.1) in a GBLUP, it is
possible to estimate the heritability of complex traits. By using unrelated individuals,
any possible confounding of genetic and environmental effects is eliminated.

8 Future Directions and Perspective

Many of the genomic selection research and development efforts focused on improv-
ing the accuracy of genomic breeding values, exploring a large range of parametric
and nonparametric models for genomic prediction. While the application of genomic
selection requires robust machinery for genomic prediction, it is important to realize
that the real benefits of genomic prediction can only be harvested when accompanied
by changes in the breeding program. Optimizations of breeding strategies that utilize
genomic breeding values are thus far underexplored, and much gain can be expected
from studies on novel and innovative breeding schemes. Synergies between genomic
selection and reproduction techniques and/or genome editing are examples of com-
ponents of such breeding schemes. Another example of an element to consider in the
design of breeding schemes is that strategies for genotyping selection candidates can
affect the composition of the future reference population, giving rise to a complex
optimization problem if the aim is long-term genetic improvement.

Genotype information can also be used for population management. This relates
not only to conservation of populations at risk but also for the maintenance of genetic
variability in commercial populations. Genomic selection was believed to have a
positive impact on rates of inbreeding, but the first indications of experience from the
field report increased rates of inbreeding in genomic breeding schemes. However,
there remains much scope for development of genomic tools that consider both
genetic progress and maintenance of genetic diversity.

There is much potential to utilize genomic information for prediction of pheno-
types of animals, plants, and trees, in order to tailor management, similar to utilizing
genomic prediction for personalized medicine discussed in the context of human



E. Jonas et al.

genetics. For example, mating schemes can be optimized using genomic information
to avoid inbreeding or to capitalize on hybrid vigor and other nonadditive genetic
effects. Moreover, knowledge about the predisposition to certain diseases can be
used to direct preventive measures to individuals with elevated risk.

In summary, genomic information can in the first place be used to enhance genetic
gains and offers also opportunities for improved management, at various levels.

9 Conclusions

Since the first suggestion of genomic selection and prediction in 2001, the devel-
opment of genotyping methods has allowed the introduction of this advanced
selection tool across many populations. Breeders are hoping for an easier and
more accurate selection tool, which allows an earlier selection of advanced lines
or individuals. Early estimations based on information from dairy populations
revealed that the application of genomic selection should increase the rate of genetic
gain and that genomic selection has the potential to revolutionize animal breeding
(Schaeffer 2006; Hayes et al. 2009a; Thornton 2010; Goddard 2012). Similar
improvements have also been predicted for plant breeding. It has been shown in
studies using empirical and simulated data that the use of genetic markers will
accelerate breeding and reduce the generation interval/time for the development of
new varieties (Rudi et al. 2010). Genomic selection in combination with high-
throughput phenotyping might revolutionize the selection for complex traits
(Cabrera-Bosquet et al. 2012). In Holstein Frisian dairy cattle, the implementation
of SNP information was predicted to provide as much information as real data from
phenotypes from 10 to 20 daughters per bull (Jannink et al. 2010). Available SNP
information would thereby allow to collect phenotypic records from fewer offspring
with no loss of accuracy. However, statistical models for different breeding scenar-
ios have to be developed (Heslot et al. 2012). Inclusion of nonadditive effects, such
as heterosis or genotype by environment interactions, will be relevant for some traits
and in some populations. Improved phenotyping has to be established as the
accuracy and throughput of phenotype measurements are currently the main limiting
factors (Lorenzana and Bernardo 2009).

There is little doubt that genomic selection is a success in the main dairy cattle
breed, Holstein Friesian. Genomic selection is also practiced in other dairy cattle
breeds, but not as successful in terms of accuracy of selection as in the Holstein
breed, and it remains unclear if the successes can be repeated in other species. Further
advancements in technology are needed in situations with complex population
compositions and genome structure. Massive sequencing at low coverage (genomic
selection 2.0) and better use of biological knowledge as priors in genomic prediction
are promising directions of future developments. Good knowledge on the function-
ality of mutations is imperative, to be able to target the right QTN in selection and
avoid unwanted side effects.



Genomic Selection

The statistical models used for genomic selection in livestock have been proven
useful to estimate heritabilities in human genetic studies. Genomic prediction has
also been suggested as a tool to predict genetic predisposition of human health
disorders, even though not many success stories are documented to date. Similar to
prediction phenotypic in humans, genomic prediction has potential to be useful for
management purposes at agricultural farms to optimize production processes.
Sequencing data is currently used in breeding populations, but reliability of the
data and the information acquired from the data have to be questioned: how complex
can data be in order to be implemented in prediction models and how much
background do we need on the inheritance of genome structures different from
polymorphisms. There is little doubt that the inclusion of more information on
genotypes will improve predictions. Whether the inclusion of information from
molecular genetic markers will be advantageous to other phenotypic and environ-
mental measures is probably a question of costs, rather than results.

The current advances of the methods, some of which introduced here, need
further discussion. Methods and models will need to be tested from case to case,
and different models might be needed for different traits. Much of the benefits from
genomic selection arise from the possibility to determine the outfall of Mendelian
sampling as soon as a DNA sample can be taken. The phenotypes can therefore be
predicted with higher accuracy as exact genotypes are already known. It thus seems
pertinent to determine the accuracy of Mendelian sampling deviations calculated
from genomic breeding values, and to consider that statistics in the comparison of
models and methods, apart from some exceptions (e.g., Rius-Vilarrasa et al. 2012),
this is rarely done.

The validation of prediction models needs careful consideration. Accuracies based
on cross-validation might not reflect accuracies of selection achievable in breeding
schemes applied in practice. Many of the current selection schemes in plant breeding
are based on phenotypes recorded during the first steps of selection, which may be
different from those for the final breeding goal. The correlations to final breeding goal
might therefore be low. Application of genetic markers will allow a better prediction
of early selection. However, accuracies should be calculated based on models appli-
cable to real breeding populations.

Despite the current pitfalls, the concept of genomic selection has led to a number of
advances driven by the need for improved selection in plant and livestock populations. It
has contributed to the fast application of genotyping and sequencing tools in nonhuman
populations. It has also opened new opportunities and advanced options for methods for
prediction models. Phenotyping has been put in the spotlight again, as reliable pheno-
types are required for accurate predictions. The options of a better use of phenotypes have
led to an extension of measurements and inclusion of complex traits, especially such
related to health/welfare and sustainability, into selection schemes. While such progress is
not solely based on the development of genomic selection, the new opportunity for the
use of genome-wide marker sets for the prediction in populations has assisted such new
opportunities.
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