Chapter 2
Training Population Design and Resource
Allocation for Genomic Selection in Plant
Breeding

Aaron Lorenz and Liana Nice

2.1 Introduction

Obtaining accurate and inexpensive estimates of genetic value is a fundamental
goal for plant breeders. To obtain these estimates and choose new varieties,
breeders continue to rely heavily on standard phenotyping practices for their
crops and traits of interest. Series of phenotypic testing procedures employed by
plant breeders can vary in scale, complexity, and relevance, both within and across
breeding programs. Scale can range from early generation, single plant observa-
tions to large, prerelease strip trials. Similarly, the complexity of phenotyping traits
within a breeding program can range from measuring flowering time, which can be
reliably phenotyped in a single environment in many cases, to drought tolerance
which can only be measured in a field setting if specific weather conditions occur or
if specially designed water stress nurseries are available. While phenotyping
followed by selection is the primary means of advancing lines, the time, cost, and
environmental error associated with obtaining phenotypic values leave room for
improvement. Advancements in phenotyping technologies have resulted in
decreased error, fewer inefficiencies in the phenotyping process, or larger quantities
of phenotypic data (Araus and Cairns 2014). An alternative yet complementary
approach to reducing phenotyping expenditures involves implementing genomic
selection using high-throughput molecular markers in breeding programs (Cabrera-
Bosquet et al. 2012).

Initially, molecular markers were used in the context of marker-assisted selec-
tion (MAS). This approach typically requires identification of tightly linked or
causal markers through mapping or cloning of quantitative trait loci (QTL) using
mapping populations or discovery panels. These markers are then used in parallel
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with measured phenotypes to make selections in the breeding program (Johnson
2004). The development of genomic selection techniques has altered the relation-
ship between markers and phenotypic data in breeding programs by introducing a
new role for phenotyping. Instead of using phenotypic data for direct measurement
of the phenotypic or breeding value of lines, phenotypic data in the context of
genomic selection is used to estimate marker effects and develop marker-based
predictive models. This is accomplished by developing calibration sets, or training
populations, that have been both phenotyped and genotyped with dense, genome-
wide markers. From this calibration set, a statistical model using all marker
information simultaneously is applied to predict the breeding values of individuals
that had not been phenotyped, known as the target population or prediction set.
With accurate predictive models, breeders can minimize the number of individuals
that are phenotyped and continue selection in environments that are not conducive
to obtaining quality phenotypes, such as off-season nurseries. Both scenarios can
effectively reduce the cost and/or time necessary for achieving the desired
genetic gain.

As genotyping costs continue to decrease, genomic selection will play an
increasingly important role in plant breeding. Research surrounding the hypothet-
ical and empirical implementation of genomic selection is an active field of study,
and the resulting techniques are being adopted by breeders in many crop species.
This movement toward an increasingly data-rich breeding process leads to ques-
tions surrounding the application of statistics, experimental design, and quantitative
genetics, to the selection of progenies for advancement and varietal release. While
the implementation of genomic selection may not affect the methods used for
phenotyping per se, breeders will need to consider training accurate genomic
prediction models when designing field trials, which would involve at least two
aspects: (1) selection of genotypes for field testing that are informative for model
building (i.e., training population design) in addition to those being advanced
toward variety release and (2) the allocation of field plots to genotypes. The
objective of this chapter is to review and discuss studies related to these two
important topics. It was our aim to provide the reader with a simple and hopefully
intuitive introduction to these topics.

2.2 Training Population Design

A critical first step toward the use of genomic selection is the establishment of the
training population (Jannink et al. 2010). Training population composition and the
way in which it’s established varies according to the role of genomic selection,
whether it be rapid recurrent selection within a closed population, selection within a
single biparental family, or selection among exotic plant accessions comprising a
germplasm collection. Approaches to compiling training populations include the
collection of new phenotypic data from targeted trials as well as the mining of
historical phenotypic data available on genotyped lines. Once again, the choice
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between these two basic strategies depends upon the role of genomic selection in a
crop improvement program. The most important consideration of training popula-
tion design is the target population. In other words, the target population should be
defined first and foremost, and then the training population is designed around the
target population. There are two basic aims of training population design: (1) min-
imize costs associated with phenotyping by selecting smaller training populations,
and (2) maximize prediction accuracy for the set of individuals being predicted.
Balancing these goals should help breeders avoid poor prediction accuracies or
wasted resources.

To aid in this decision process, we review a range of studies that explore
composition and optimization of training population design. Windhausen et al.
(2012) laid out four breeding scenarios under which genomic selection may be
used: (1) training and target populations are segregating progenies from the same
cross, (2) training and target populations include related and unrelated genotypes,
(3) training and target sets include lines from a diverse germplasm collection, and
(4) recurrent selection within a closed synthetic population. Literature on training
population design for the first three scenarios will be reviewed. Literature on
training population design for the case of synthetic populations is sparse at the
present time; however one recently published study sheds light on this topic
(Schopp et al. 2017). Following the discussion of breeding scenarios, we explore
methods of training population selection and other considerations for training
population design related to population and trait architecture.

2.2.1 Training and Target Populations Are Segregating
Progenies from the Same Cross

The most straightforward way to conduct genomic selection is to create family-
specific training populations. In this scenario, individuals from the same family, or
biparental population, are used as both the training population and target popula-
tion. This approach has been discussed extensively in the maize breeding literature
(Bernardo and Yu 2007; Windhausen et al. 2012; Lorenz 2013; Jacobson et al.
2014), where large biparental families of inbred or doubled haploid lines are
common, as well as the wheat breeding literature (Heffner et al. 2011). To perform
genomic prediction, the entire family is genotyped, with a subset of these lines
serving as the training population to train a model to predict the individuals that
were not phenotyped. The genomic prediction model can also be used to predict
future selection cycles created by intermating selected individuals within the family
(Bernardo and Yu 2007; Combs and Bernardo 2013; Massman et al. 2013; Lorenz
2013). This breeding method is similar to marker-assisted recurrent selection in
terms of family structure (Johnson 2004), and the first published studies on genomic
selection for plant breeding used this approach (Whittaker et al. 2000; Bernardo and
Yu 2007).
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Within-family predictions are often accurate, and only modest population sizes
and marker numbers are needed to achieve good prediction accuracy. High accu-
racy is possible because of the extensive linkage disequilibrium (LD) generated by
the initial hybridization event (Lorenzana and Bernardo 2009; Zhao et al. 2012).
This LD, which provides power for QTL mapping in biparental populations, also
leads to accurate predictions in the context of genomic selection. Generally, as
training population size increases within families, predictive ability increases
until a maximum has been reached. When working with high heritability traits,
the maximum prediction accuracy will be reached with a smaller training
population size.

In an era when genotyping can be less expensive than phenotyping, selecting a
subset of individuals to phenotype based on genotype data in order to reduce
population size (and thus cost of phenotyping) while maintaining QTL detection
power is a desirable goal. This is known as selective phenotyping. It has been
shown that selective phenotyping for QTL detection can enhance mapping power
and resolution depending on the number of QTL controlling a trait and their effect
sizes (Jannink 2005; Sen et al. 2009). Although the increase in power for QTL
mapping was minimal under optimized schemes, researchers have explored
whether similar optimizations could be used in genomic prediction. Marulanda
et al. (2015) simulated a biparental population with training population sets that
varied based on a large number of parameters. The parameters examined included
measures of collinearity among markers, LD, allele frequency, genetic relationships
among lines, diversity indices, mixed model parameters, and phenotypic variance
of the training population sets. While many of these factors varied with training
population size, none of the parameters derived from marker data were associated
with prediction accuracy. However, they did find that selection for enhanced
phenotypic variation of the training set led to greater prediction accuracy in the
case of smaller training populations. While marker-based optimization would be
ideal, the authors proposed that a first round of phenotyping with little replication
could be used for training population selection, followed by more intense
phenotyping of the optimized set across multiple locations (Marulanda et al.
2015). Ultimately, the lack of population structure in a biparental cross allows for
relatively good prediction from a random sample, as long as marker number and
population size are large enough to adequately train the selection model. The use of
genomic prediction to select non-phenotyped individuals within a single family,
however, needs to be carefully considered as studies on resource allocation have
suggested little to no benefit to only phenotyping a subset of a single family in order
to develop a model to predict the remaining individuals in a family, unless family
size is very large (Lorenz 2013; Endelman et al. 2014; Riedelsheimer and
Melchinger 2013).
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2.2.2 Training and Target Populations Include Related
and Unrelated Genotypes

Realistically, models built from single biparental populations are limited in their
applications outside of breeding systems with easy access to large population sizes
and efficient doubled haploid technologies. The time required to develop and
phenotype biparental populations diminishes the potential time savings of
implementing genomic selection in place of phenotypic selection. Therefore,
methods that combine data across multiple related and/or unrelated families
would be valuable for breeders. This can be a challenge because many additional
factors come into play when combining data across populations, and adding more
individuals to the training population does not necessarily result in greater predic-
tion accuracy as we will discuss below.

The inclusion of related and unrelated genotypes in training and target
populations can be further broken down into two scenarios for our purposes here.
One scenario includes the development and testing of large families, often
consisting of DH lines, as is used in hybrid maize breeding. Families often consist
of 150 progenies or more. Under this scenario, it would be possible and appropriate
to pool together a few well-chosen families into a single training population. A
second common scenario is the development of many, small families. This scenario
is common in crops such as soybean and small grains, where crossing is followed by
multiple generations of inbreeding followed by visual selection on simply inherited
traits and on molecular markers tagging large-effect QTL. The number of progenies
per family reaching the yield trial phase is typically small (~20—40) which excludes
the possibility of within-family training populations as well as the pooling together
of only a few families to form a training population. Rather, training populations
would need to be formed by pooling together progenies that are derived from
various pedigrees and genetic backgrounds, spanning levels of relatedness. If the
populations have been genotyped, ancestral relationships among individuals in the
training and the target populations can be used to optimize the selection of
training set.

Numerous studies in both plant and animal breeding systems have shown that
prediction accuracy suffers when training populations are not related to the target
population (Pszczola et al. 2012; Windhausen et al. 2012; Ly et al. 2013; Technow
et al. 2013; Albrecht et al. 2014; Lorenz and Smith 2015). Analysis of genomic
selection in sheep showed that the strongest predictor of prediction accuracy of each
individual was the strength of relationship between the individual being predicted
and the top ten relatives in the training population (Clark et al. 2012). In contrast,
the mean relationship of the training population to the individual being predicted
was a weak predictor of prediction accuracy. Therefore, for an individual to be
predicted well using genomic prediction, the training population must include
several close relatives to that individual.

Along these same lines, results looking at pooling together large families (first
scenario described above) to predict a specific target family have generally
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indicated that the best results are obtained when the families being pooled share one
parent with the target family. The addition of families sharing one parent with the
family-specific training population could increase model accuracy above the
family-specific training population, especially if the target family is small in size
(Schulz-Streeck et al. 2012; Jacobson et al. 2014). Lehermeier et al. (2014) found
that the predictive ability of pooled half-sib training populations could achieve
similar accuracy to family-specific training populations, but models built using
375 half-sib individuals were needed to reach the accuracy of models built using
only 50 full-sib individuals. Riedelsheimer et al. (2013) found that half-sib training
populations that shared one parent in common with the target population only
reached 50% of the predictive ability of family-specific training populations. This
study, however, only included a limited number of families (six), and in reality,
breeding programs would likely include many more families from which to
pool data.

The use of data from families unrelated to the target population (family) is more
problematic. Training populations consisting of only individuals unrelated to the
target population generally result in zero or near-zero prediction accuracy
(Riedelsheimer et al. 2013; Jacobson et al. 2014; Lehermeier et al. 2014). More-
over, the addition of unrelated families to a family-specific training population can
reduce prediction accuracy compared to the family-specific training population
alone (Riedelsheimer et al. 2013; Jacobson et al. 2014) or have no effect despite
increasing the training population size by up to sixfold (Zhao et al. 2012). Lorenz
and Smith (2015) showed a decline in prediction accuracy when individuals less
and less related to the target population were added to the training population.
Model accuracy was maximized by using smaller training populations that were
more closely related to the target population, and the addition of less related
individuals (mostly from a different breeding program) reduced accuracy of pre-
dictions for all traits. High marker densities may enhance the sharing of information
between families and improve prediction accuracy by pooling unrelated families
(Hickey et al. 2014). Hickey et al. (2014) found that training populations consisting
of families unrelated to the target family could produce models with accuracies
reaching 0.70, but only with population sizes approaching 20,000 individuals and
marker numbers greater than 10,000. It is possible that such training populations
could be constructed within the seed industry, but to our knowledge, nothing in the
public sector has yet come close to this scale.

2.2.3 Training and Target Populations Include Lines from
a Diverse Germplasm Collection

Besides predicting the genetic value of progenies comprising an active breeding
program, another role of genomic prediction includes the prediction of diverse
accessions comprising a germplasm collection. Germplasm collections can be very
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large, containing up to hundreds of thousands of plant accessions. Advancements in
genotyping have made it possible to genotype entire germplasm collections (Hearne
et al. 2015; Song et al. 2015), opening up the possibility of predicting the perfor-
mance of all accessions (Jarquin et al. 2016). Phenotyping entire collections, on the
other hand, is often not feasible.

In this scenario, the training and target populations are essentially two subsets of
the same population, and thus the training population should be selected to repre-
sent the entire population. Several studies have examined the performance of
chosen statistical criteria and accompanying optimization algorithms in choosing
informative training populations.

Two criteria for assessing population design derived from mixed linear model
theory have been proposed: prediction error variance (PEV) and the generalized
coefficient of determination (CD). The PEV quantifies the error of prediction of
each random effect in the model. It is a function of the ratio of the model error to
genetic variance, the number of times an individual is measured, the number of
relatives of the individual included in the dataset, and the strength of their relation-
ship. The CD is defined as the amount of variation in true contrasts of genetic values
by predicted contrasts of genetic values, where the contrast is between each
individual being predicted in the target population and target population mean
(Lalog et al. 1996). Optimizing the reliability of these contrasts rather than of the
predictions per se takes the covariances among the individuals comprising the
target population into account and thus prevents the selection of closely related
individuals for training population formation (Rincent et al. 2012). Because genetic
variance is not included in the calculation of PEV, using this method may result in
selecting a relatively narrow training population that contains many close relatives.
These statistics are calculated for each individual in the target population, and the
average value across the target population (i.e., PEVmean and CDmean) is the final
optimization criteria.

Criteria related to minimizing PEV have been previously used to optimize data
collection in animal breeding programs (Lalo€ and Phocas 2003; Kuehn et al.
2007). Rincent et al. (2012) expanded the use of these criteria for training popula-
tion design and genomic selection in plant populations by implementing them in
combination with a simple exchange algorithm. An exchange algorithm involves
removal and replacement of one individual in the training population, followed by
calculation of the optimization criteria (e.g., PEVmean, CDmean) for the newly
formed training population. If the removal and replacement results in an improve-
ment measured by the chosen criteria, then the newly added individual remains;
else it is removed in place of another randomly sampled individual from the pool of
candidates. Rincent et al. (2012) found that an optimization scheme based on a
CDmean-optimized training population resulted in models of higher accuracy
compared to random sampling. An optimized population of 100 individuals
achieved the same prediction accuracy as a randomly selected population of
200, indicating large reduction in costs associated with phenotyping if this method
is applied. The CDmean criteria typically outperformed PEVmean and other diver-
sity criteria such as mean genetic relatedness of the selected training population
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measured by the genomic relationship matrix. Isidro et al. (2015) applied these
same criteria to rice and wheat panels. These authors found that a simple, stratified
sampling method that ensured representation of each subpopulation in the training
set was superior for the highly structured rice population, whereas the CDmean
method was superior for the minimally structured wheat population. This indicates
that training population optimization does depend on the population, as well as the
trait.

Akdemir et al. (2015) also showed a consistent benefit to optimizing training
populations using relationship-based selection procedures. These authors focused
on a principal component-based approach that increased computational efficiency
and selected training populations with regard to a specified target population, rather
than relationships within the training population itself. Their results suggest that
such methods hold great potential to help choose maximally informative training
populations. Software that implement these methods have been made available to
the general user (Rincent et al. 2012; Akdemir et al. 2015).

2.2.4 Sources of Information and Population Genomic
Architecture Influence Training Population Design

The overall theme of the literature reviewed above is that relationships between
training and target populations are highly important for genomic prediction. It is
clear that small training populations can be used, and are likely superior, if they are
closely related to the target population. Very large training populations are needed
if little to no relationship exists. Some researchers (Campos de los et al. 2013;
Habier et al. 2013) have contributed a theoretical basis to the importance of
relationships and their interaction with marker density and prediction model. By
far the most common methods for performing genomic prediction are ridge regres-
sion best linear unbiased prediction (RR-BLUP) and genomic best linear unbiased
prediction (G-BLUP). Although these two models are mathematically equivalent
under the properties of the multivariate normal distribution (Habier et al. 2013),
practitioners of breeding and genomic selection view the information sharing of
these models from two different perspectives. From the RR-BLUP perspective,
information is shared between training populations and target populations through
the LD that exists between markers and QTL. Because of this, as marker-QTL LD
increases, prediction accuracy is expected to increase. From the G-BLUP perspec-
tive, information is shared via the realized genomic relationships of the training and
target individuals, which reflect the higher degree of resemblance of more closely
related individuals. Prediction of selection candidates is a function of the weighted
sum of phenotypes of individuals in the training population, with weights being
proportional to the genomic relationships (Campos de los et al. 2013). Depending
on the family structure and distribution of relationships, only a few close relatives
could be heavily weighted in the calculation of the genomic predictions, or weights
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could be more uniformly distributed among individuals in training populations that
are distantly related to the target population.

Ultimately, it is the genetic relationships at causal loci that influence the
effectiveness of training populations to predict trait values in prediction sets and
not genetic relationships calculated according to markers (Habier et al. 2013;
Campos de los et al. 2013). The genomic relationship matrix, calculated using
genome-wide markers, is an estimate of the genomic relationship matrix at the
causal polymorphisms. Therefore, the accuracy of this estimation is what deter-
mines the effectiveness of G-BLUP (Campos de los et al. 2013). The resemblance
between the genomic relationship matrix at causal polymorphisms and the esti-
mated genomic relationship matrix based on markers is determined by marker-QTL
LD, which in turn is determined by pedigree relationships of the population,
population history and diversity, and marker density. Formula for calculating
PEV and reliability of predictions using expected genomic relationships based on
pedigree data was derived by Henderson (1975). Under these expectations, the
reliability of predictions approach 1.0 as the population size goes to infinity. This is
even the case if the training population is distantly related to the target population,
although the number of individuals required to increase accuracy is much higher
compared to the addition of more closely related individuals (Campos de los et al.
2013). Campos et al. (Campos de los et al. 2013) showed that the marker-QTL LD
sets an upper limit to prediction accuracy. This limit is lowered when there is a lack
of relationship between the training and target populations due to a decrease in
marker-QTL LD. This is especially true for distantly related individuals where
genomic relationships can be variable with respect to which markers are in high LD
with QTL, leading to a major source of error in the G-BLUP model (Hill and Weir
2011). The expected value of realized or pedigree relationship decreases, while the
variance of the realized relationship increases (Hill and Weir 2011).

Another way to look at this problem is by partitioning the information contained
in the genomic relationship matrix into three components: (1) marker-QTL LD,
which is an association between alleles among the population founders; (2) linkage
or co-segregation of alleles created by pedigree relationships at QTL; and (3) addi-
tive genetic relationships captured by markers (Habier et al. 2013). Habier et al.
(2013) used simulations and models to partition these three sources of information.
First, they showed that large population sizes and high marker densities are needed
to exploit the LD source of information. Secondly, the proportion of accuracy from
shared additive genetic relationships is reduced if training populations are expanded
by adding unrelated individuals. Accuracy due to LD, however, might be able to
compensate for low relatedness if very large training population sizes and/or high
marker densities are available. Still, Habier et al. (2013) present an example from
cattle data where the increase in the accuracy from LD could not compensate for the
loss of information from additive genetic relationships, and an overall decrease in
accuracy was observed after the addition of unrelated individuals. However, in their
maize example, additive genetic relationship accuracy was not changed by increas-
ing training population size, possibly due to a stronger family structure with many
more close relatives in the maize training population.
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2.3 Resource Allocation for Phenotyping for Genomic
Prediction Model Calibration: To Rep or Not to Rep

A key design aspect of breeding programs is the allocation of resources among
breeding trials in terms of population size, number of replications, and locations.
Allocation decisions are multifaceted, involving consideration of trait logistics,
selection intensity, breeding stage of the materials being tested, and any associated
genotyping costs. These decisions affect the genetic gain that is possible, as well as
the power to detect QTL or accurately estimate marker effects. Considering selec-
tion in general, the fundamental trade-off is between achieving accurate estimates
of genotypic value by increasing replication and sampling a greater number of
individuals to increase the chance of identifying superior genotypes (Gauch and
Zobel 1996). Bos (1983) explored the optimum replication scheme for breeding
programs with respect to heritability. Because replication decreases phenotypic
variance, it also increases heritability. However, this increase only occurs to a point,
after which, fundamental changes to the experimental design would be needed to
improve heritability (Gauch and Zobel 1996). Therefore, more replication generally
results in better selection outcomes, with the exception of situations where herita-
bility is high and selection intensity is relaxed (Bos 1983). Gauch and Zobel (1996)
extended the scope of the Bos (1983) findings to consider the precision of data
collected and the relative efficiency of data collected. They found that in experi-
ments with high precision, adding replication beyond two is much less efficient than
in lower precision experiments that retain efficiency at greater replication numbers.

When considering markers, the focus changes from identifying the genotypic
value of individuals to estimating the additive genetic values of alleles. Knapp and
Bridges (1990) identified sources of variation in a QTL mapping experiment and
found that increasing population size instead of replication resulted in higher power
to detect QTL, particularly when residual genetic variation existed in the popula-
tion. Other studies reported similar findings, where larger population sizes gener-
ally result in higher power of QTL detection, and only moderately sized populations
of 150-300 individuals benefit from replication (Schon et al. 2004). Because of the
similarities between QTL mapping and MAS, resource allocation recommendations
for QTL mapping seem to transfer well to the context of MAS. Moreau et al.
(Moreau 2000) showed that larger population sizes resulted in maximum gain from
selection when traits were controlled by 5—10 QTL and when genotyping costs were
equal to phenotyping costs. The shift toward genomic selection has required a
reevaluation of these resource allocation recommendations in the context of a
cultivar development program.

In contrast to MAS, genomic selection aims to improve traits that are influenced
by many more QTL. In addition, because MAS considers marker effects as fixed
and statistical thresholds are used to determine which markers are used to calculate
marker scores, the success of MAS is closely related to QTL detection power. Here,
we will explore recent published literature that aims to address the resource
allocation questions relevant to genomic selection breeding programs and are not
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sufficiently addressed by previous MAS studies. Specifically, we review: (1) the
value of replication for calibrating genomic selection models, (2) allocation of plots
to stages within the breeding cycle, and (3) allocation of plots to within versus
across environment replication.

2.3.1 Replication and Plot Allocation for Calibrating
Genomic Selection Models

To determine whether resource allocation recommendations for MAS can be
extrapolated to genomic selection models, Lorenz (2013) compared the accuracies
of genomic selection models (RR-BLUP) and MAS models (ordinary least squares,
OLS) under varying resource allocation schemes. The factors studied included total
plot budget, relative cost of genotyping in comparison to phenotyping, population
size, number of replications, heritability, and percentage of phenotyped individuals.
A very clear distinction in resource optimization between GS and MAS models was
found. Prediction accuracy was always substantially lower with MAS, and the
effect of replication was more apparent for MAS. Within a set budget, the addition
of replications and a consequent reduction of total individuals screened lead to a
decrease in accuracy with MAS. In contrast, the RR-BLUP model remained fairly
constant across different resource allocation scenarios, with low heritability, high
marker cost scenarios slightly favoring fewer individuals, and more replication.
When the total number of individuals was varied, the accuracy of genomic selection
models began to level off around 50-75 individuals, whereas MAS models took
many more individuals to achieve moderate prediction accuracies and continued to
improve as the numbers increased. These results suggest that the underlying
considerations for MAS are different from genomic selection.

2.3.2 Allocation of Resources Across Preliminary
and Advanced Breeding Tests

Breeding programs are generally structured with less replications in early genera-
tion screening, followed by greater replication, larger scale, and higher-cost trials in
later generations (Bernardo 2010). Breeders must take this tiered structure of the
breeding program into account when planning for genomic selection implementa-
tion. The stage at which genomic selection is implemented can affect genetic gain
as well as costs. Bassi et al. (2016) compared a series of wheat breeding schemes
that implemented genomic selection starting in generations F,, F3, Fy, or F7. They
found that without including phenotypic selection at some stage in the program,
early generation F, implementation had the highest potential for gain per year, but
also the highest genotyping costs. Longin et al. (2015) found that genomic selection



18 A. Lorenz and L. Nice

without a stage of phenotypic selection would only be useful with very high
prediction accuracies, possibly unrealistically high accuracies.

When accuracies are low, genomic selection can fill the role of a pretest,
whereby a low selection intensity is applied to remove the lowest performing
individuals (Longin et al. 2015). Most studies have focused on overall accuracy
of genomic selection, without considering the effectiveness of these selection
schemes to accurately remove the worst individuals or include the best. Endelman
et al. (2014) proposed using a response to selection metric R,,x based on the
maximum genotypic value of selections instead of Rj,.., based on mean values
for selection to analyze genetic gain in preliminary yield trials. Because the mean of
the selected population decreases as more individuals are selected, the Rican
measure of genetic gain may encourage overly stringent selection in early gener-
ations that have less precise phenotypic estimates. Additional studies are needed to
expand on the use of genomic selection for early generation screening.

In contrast to early generation genomic selection, Bassi et al. (2016) compared
intermediate and later generation schemes. They found that implementation in the
F; and F, was a good compromise between no stage of phenotypic selection and the
minimal benefits of F; implementation. While F; implementation might be attrac-
tive to breeders because of its ease of implementation and lower genotyping costs,
this scheme resulted in minimal benefit over phenotypic selection alone. Longin
et al. (2015) concluded that for traits such as yield in wheat, with prediction
accuracies of approximately 0.3, one stage of genomic selection followed by one
stage of phenotypic selection provides the best compromise between genomic and
phenotypic selection.

2.3.3 Across Environment Versus Within Environment
Replication

For simplicity, much of the literature surrounding the topic of resource allocation
focuses on trade-offs within single environments, but the distribution of plot
resources across environments is a major consideration for breeders. Riedelsheimer
and Melchinger (2013) attempted to tackle this issue by developing a resource
allocation planning tool for distributing plot resources across and within environ-
ments. Their tool is limited to a single cycle of selection in biparental populations,
and it requires some degree of estimation based on previous experimental data.
Their calculations extend those developed by Daetwyler et al. (2008) to include
considerations of multi-environment testing. They found that larger budgets
favored more environments, with a lower proportion of plots being allocated to
the training set. As the budget decreased, the training set became a larger proportion
of the plots, and the number of environments tested decreased. Furthermore, they
emphasize that under low-budget scenarios, the optimization has much less
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flexibility than under large-budget scenarios. Overall, their findings suggest rela-
tively few environments are needed for high prediction accuracy.

Endelman et al. (2014) looked at the effect of spreading replicates across
locations in preliminary yield trials under fixed budgets. They found that accuracy
increased as individuals were replicated across locations, but under a fixed budget,
the optimum accuracies were obtained without replication across locations, unless
the budget forced a relatively small training population size. That is, each individ-
ual should be phenotyped in only one environment, and population size should be
maximized to the extent the total number of plots across environments allows.
Markers provide the connectivity between environments. In contrast, across envi-
ronment phenotypic estimates based on phenotyping alone were poor when indi-
viduals were phenotyped in single environments. This reinforces the idea that
shared marker information does provide the connectivity between individuals,
providing potential cost savings for breeders implementing genomic selection.

2.3.4 Conclusions

The role of phenotyping in plant breeding is rapidly shifting from its previous sole
purpose of providing information for making breeding line advancement, parent
selection, and variety release decisions to providing the necessary data to train
genomic prediction models to enable genomic selection. As this new role of
phenotyping increases in relative importance, plant breeders need to rethink how
they design field trials, allocate plot resources to genotypes, and which individuals
are included in field trials. This review provides a short and simple introduction to
this literature. We have two basic conclusions at this time: (1) Training population
selection and design should take genetic relationships with the target population
into consideration, and optimization criteria such as PEVmean and CDmean com-
bined with exchange algorithms are useful methods for selecting training
populations. (2) The number of individuals phenotyped should be maximized by
allocating only one field plot to each genotype in most situations. Further research is
needed to develop a comprehensive theoretical framework for phenotyping for
genomic selection.
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