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Abstract

Genomic selection (GS) integrates DNA markers and
trait data to develop a model that enables prediction
of performance (genomic-estimated breeding values;
GEBV5s). GS can improve the effectiveness of breeding
programmes, especially for complex traits, such dry
matter yield (DMY). DMY data were generated from
a training population of 200 white clover half-sibling
(HS) families assessed in multi-location field trials over
two years. This generated a GS prediction model after
integrating genotyping-by-sequencing marker data
from parents of HS families with HS DMY data. Two
selection strategies were compared: a conventional
method where individuals were chosen randomly from
the phenotypically highest ranked HS families (HS,); or
where GEBVs were used to select the best individuals
within the highest ranked HS families (A,WF ). Mean
predicted DMY GEBVs of the selected plants, as well
as the predicted response to selection, were compared
with those of the base population. This study showed
that, compared with conventional selection (HS,),
incorporating genomic selection using A W HS was
predicted to double the increase in DMY and responses
to selection relative to the base population. Synthetic
populations based on these selections have been
generated and will be tested in field trials to empirically
evaluate selection for a complex trait.

Keywords: Trifolium, GBLUP, genotyping, prediction,
modelling

Introduction

White clover (Trifolium repens L.) is an integral
component of temperate pastoral agriculture, where
it provides a low-cost, high quality feed source
throughout the year (Caradus et al., 1997; Jahufer et al.,
2002). The advantages of white clover are not limited
to providing a rich source of protein for livestock,
but improve soil fertility through nitrogen fixation
(Woodfield and Caradus 1996). Effective inoculation of
white clover by the symbiotic soil bacterium Rhizobium
leguminosarum var. trifolii, underpins nitrogen fixation.
This source of nitrogen from the atmosphere becomes
available to the companion sward, thereby reducing
reliance on synthetic fertiliser (Gibson and Cope 1985).
The growing emphasis on environmental sustainability
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and the anticipated shift to low input agriculture
make white clover an attractive forage crop due to the
environmental and economic benefits it provides.

Conventional white clover breeding is complicated
as many important traits, including dry matter yield
(DMY), are under quantitative genetic control and are
highly influenced by the environment. This results in low
heritability estimates, which make trait improvement
challenging. Not only is DMY traditionally difficult
to phenotype, it is also usually assessed at late growth
stages, thereby increasing the length of the breeding
cycle, with consequent negative impacts on the rate of
genetic gain and cultivar development. The annual rate
of genetic gain in white clover and other forage, such as
perennial ryegrass, has been estimated to be less than
1% per year (Hayes et al., 2013; Hoyos-Villegas et al.,
2019). Breeding strategies, such as half-sibling (HS)
family selection, can access 25% of the total additive
variation among families but leaves the remaining
75% additive variation within-family unexploited.
Application of a breeding method that can access
this 75% within-family variation may increase the
magnitude of genetic gain and reduce the time frame
for releasing new cultivars (Vogel and Pedersen 1993).

Genomic selection (GS) is a recent technology
that is routinely applied to animals and crops and can
improve the efficiency and effectiveness of breeding
programmes, especially for complex traits such as
DMY. GS is based upon a statistical model that is trained
by integrating trait and genome-wide DNA marker data
acquired from a training population of plants or families
sampled from a breeding programme. The model
can subsequently be used to predict trait phenotype/
breeding values (Genomic-Estimated Breeding
Values; GEBVs) for non-phenotyped individuals in
the breeding programme, based solely on DNA marker
information. This underpins breeding efficiencies
including: 1) Selecting best individuals early for traits
that are usually measured over multiple years, which
reduces selection cycle time and increasing genetic gain
(AG) per unit time; 2) Enhanced ability to screen large
numbers of selection candidates, increasing selection
intensity; 3) Enabling access to within-family additive
variation in genetically structured populations.

Several simulated and empirical studies have
shown that GS can outperform phenotypic selection,
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resulting in more genetic gain per breeding cycle or
unit of time (Massman et al., 2013; Faville et al., 2018;
Annicchiarico et al., 2019; Esfandyari et al., 2020).
Currently, no studies evaluating or validating the use
of GS for white clover DMY have been published.
White clover cultivars are often developed using
among HS family phenotypic selection (HS,) breeding
methodology.

The objective of the following study was to enhance
this strategy by integrating GS in a two-step process.
First, best HS families were identified based on trial
phenotypic data, then GS was applied to select the best
individuals within each family based on their DNA
profile (A, W, HS). This paper reports the development
of a GS model for DMY in white clover, its application
in selection and the predicted response to selection.

Materials and Methods

Plant material and field trial

A white clover (Trifolium repens) training population,
comprising half-sibling (HS) families derived from a
polycross of 274 F, maternal parents, was generated
in the summer of 2015/2016 in a bee-proof cage
using bumble bees (Bombus spp.) which had been
pre-washed to remove wild pollen. The highest 200
seed-yielding F,; HS families were established in
row-column, replicated (three replicates), multi-year
field trials. Two locations were used for the trial:
AgResearch Grasslands Research Centre in Palmerston
North, Manawatu (Aorangi) (40.38°S, 175.61°E); and
the AgResearch Ruakura Research Farm in Hamilton,
Waikato (37.77°S, 175.31°E). The soil types at the
Palmerston North and Ruakura sites were Kairanga fine
sandy loam and peaty silt loam soil, respectively. Plant
material was prepared by germinating a random sample
of seed from each of the 200 HS families and grown
in standard glasshouse conditions. Fifteen plants from
each HS family were then transplanted into 0.5 m by
0.75 m plots in a sward of perennial ryegrass (Lolium
perenne) cv ‘Ceres One50° with AR37 endophyte in
August/September 2016. No irrigation was applied
post-trial establishment. The trial plots were grazed by
cattle when herbage mass was between 25002800 kg/
ha DM to residuals of 1100 — 1200 kg/ha DM measured
by a plate meter (Jenquip, Feilding, New Zealand) after
each grazing. To assess DMY, two mechanical harvests
in each plot were performed, one each in November
2017 and 2018 at herbage mass accumulation of 2500-
2800 kg/ha DM. A 0.2 m? quadrant was randomly
placed in each plot and the above-ground biomass
removed. Harvested samples were then separated into
white clover and ryegrass components, oven-dried
and weighed. Due to the size of the trial (672 plots
including repeated checks) at each site, giving a total of
1,344 plots, full DM harvests were made once a year,

with focus on the spring growth phase. These annual
harvests were interspersed with seasonal calibration
cuts, which were not included in this set of genomic
predictions.

Statistical analysis

Residual Maximum Likelihood (REML) (Patterson and
Thompson 1971; Harville 1977) was conducted using
DeltaGen software (Jahufer and Luo 2018) and enabled
estimation of variance components for genetic and
nongenetic effects and Best Linear Unbiased Predictors
(BLUPs) for each HS family. In a mixed linear model,
years, sites and repeated checks were considered fixed
effects, while the HS families, replicates, rows and
columns of the experimental design were considered
random effects. The statistical significance of the
variance components was estimated using deviance
of log-likelihood, as suggested by Galwey (2006) and
significance was indicated at P<0.05.

Among and within family selection

Among and within family selection pressure was 10%
and 5% respectively. The highest ranked 10% (n = 20)
HS families based on the DMY BLUPs across years and
locations were selected. A random sample of 20 seeds
was sampled from remnant seed of each of the selected
20 HS families, resulting in 400 selection candidates that
were scarified, germinated, and grown under standard
glasshouse conditions until three trifoliate leaves were
present. The aim was to generate synthetic populations
based on polycrosses of 20 plants, comprising either
one plant selected randomly or based on genomic-
estimated breeding values (GEBVs; described below)
from each of the 20 highest ranked HS. This represented
5% within HS family selection pressure. In addition, 20
individuals were grown from each of the lowest 10%
(n=20) HS families to provide material (n = 400) that,
when combined with the highest ranked 20 families,
represented a base population against which derived
GEBVs could be compared.

Genotyping-by-sequencing,

matrix and genomic selection
Genotype data was obtained from 200 parents of the
HS families (for training the GS prediction model), 400
selection candidates from the highest ranked HS families
and 400 individuals from lowest ranked HS families
(for applying to the GS prediction model). DNA was
extracted from approximately 100 mg of leaf tissue per
plant, as described by Anderson et al. (2018), and used
to generate genotyping-by-sequencing (GBS) libraries,
as described in Griffiths ef al. (2019). In this case, the
choice of restriction enzyme was ApeKI. Briefly, DNA
from the 400 selection candidates, including the control
samples and duplicates, were distributed across eleven

genomic relationship



Ehoche et al., Developing genomic selection for dry matter yield in white clover 85

5% selection pressure

10% selection
pressure via R ApWcsHS
phenotype BLUPs GEB\I se\®

Top 20 20 plants per HS

High b
DMY HS Remnant seed
ando
8,
200 HS any, jlbg
HSp

Figure 1

Schematic representation of the selection strategies applied to 200 white clover half-sibling (HS) families. Two synthetic

populations based on polycrosses of 20 plants each were generated: HS, based on phenotype; and ALWF . combining

phenotype and GEBVSs.

96-plex GBS libraries and each library was sequenced
on a single lane of an Illumina HiSeq 2500 (Illumina,
San Diego, CA, USA) at AgResearch Invermay, New
Zealand. Single nucleotide polymorphism (SNP)
genotype calling was performed using TASSELS
(Glaubitz et al., 2014) by aligning to the Trifolium
repens genome (version five; Griffiths et al., 2019) and
filtering for minor allele frequency (MAF) > 0.001,
missing rate > 50%, read depth >1. These reference
and alternative allele counts were exported to KGD,
where the resulting SNP set was filtered for Hardy-
Weinberg disequilibrium (HWdiseq >-0.05). A genomic
relationship matrix (GRM), composed of the selection
candidates (highest and lowest ranked HS families) and
the parents of the phenotyped training and field trial
population, was developed, as described in Dodds et al.
(2015).

A GS prediction model was derived using the
genotype and field trial phenotype data of the training
population individuals for DMY across years and
locations. This enabled calculation of genomic
estimated breeding values (GEBVs) for DMY for each
selection individual in the GRM. A KGD-GBLUP
prediction model, developed specifically for GBS
data (Dodds et al., 2015), was used to generate DMY
GEBVs for each selection candidate, as described by
Faville et al. (2018). This mixed model approach had
the GRM included as a variance-covariance matrix
(Equation 1).

y=1u+2Zb+ ¢ (1)
Where y was the vector of phenotypic records; p the
grand mean; Z the incidence matrix for random effects;
b the vector of random marker effects with a normal
distribution » ~N (0,G ) where G was the genomic
relationship matrix (GRM) and the additive genetic
variance and ¢ the vector of random residual effects.

The performance of the model was assessed by
Monte-Carlo crossvalidation. Here, the whole data set

was divided into training (80%) and test sets (20%),
where phenotypes of the test set were assumed to be
unknown and predicted by the trained model (Erbe
et al., 2010). Predictive ability was calculated as the
Pearson correlation coefficient between the observed
DMY BLUP and the predicted value after 100
iterations. The GEBVSs for the 400 selection candidates
from the highest ranked HS and the 400 individuals
from the lowest ranked HS provided a mean GEBYV for
the base population, against which the selections could
be compared.

Selection strategies

Two selection populations at a 10% among HS + 5%

within HS selection pressure were made, to reflect

typical HS family breeding as well as incorporating GS
as shown in Figure 1. These were:

1) HS,: random sampling of a single plant from within
each of the highest ranked (based on phenotype) 20
HS families (n = 20 plants in total).

2) A WF: selection of the plant with the highest
GEBYV from within each of the highest ranked (based
on phenotype) 20 HS families (n =20 plants in total).
In summary, the highest ranked (Top) (n = 20)

HS families were chosen based on dry matter yield

(DMY) BLUPs across years (2017/2018) and locations

(Aorangi/Ruakura) providing a 10% among HS family

phenotypic selection pressure. Twenty plants were

grown from remnant seed from each selected HS
family, genotyped and GEBVs derived. Two synthetic
populations based on polycrosses of 20 plants each
were generated, in which a single plant was selected
either randomly (HS p) or using GEBVs (A, WF () from
each family and represented 5% within HS selection
pressure (Figure 1).

Synthetic population development
The individuals selected for the HS, and A,WF
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synthetic populations were grown under glasshouse
conditions at Palmerston North until mature and then
transferred outside to vernalise over winter (2020). Over
the summer of 2020/2021, each synthetic population
was generated by random polycrossing of the selected
20 individuals in a bee-proof cage using bumble bees
(Bombus spp.) which had been washed to remove wild
pollen. After successful pollination, seed was harvested
from each HS family in each synthetic population
separately and then cleaned. An equal quantity of seed
from each HS family within each synthetic population
was combined to generate a balanced bulk representing
that population.

Predicted response to selection
The relative efficiency of different selection strategies
can be evaluated by estimating the response to selection
per selection cycle (Hallauer and Filho 1981). Predicted
response to selection, R, was calculated according to
Equation 2 (Lush 1937).

R = R3S )
Where: was the response to selection; the narrow-sense
heritability; and the selection differential defined as the
difference between the mean of selected parents and the
mean of the population from which the parents were
selected.

Results

Phenotype data and variance components

Dry matter yield (DMY) best linear unbiased
predictor (BLUP) values for the HS families, based
on analysis of data across two years and two locations
(Aorangi/Ruakura), were estimated. These BLUPs
(Supplementary Table 1) were used to select the HS
families. There was significant (P<0.01) additive genetic
and genotype-by-environment (GxE) interaction
variation among the white clover genotypes for DMY
across years and locations. Significant (P<0.05)
additive variance, genotype-by-location interaction
was estimated (Table 1). Family mean narrow-sense
heritability was estimated as 0.38 + 0.09.

Predictive ability of the genomic prediction model
GBS data were generated for the 200 HS family parents
in the training population as well as the 400 selection

individuals from the highest and lowest ranked HS
families. This identified 361,220 SNPs which, after
filtering, were reduced to 110,000 SNP genotypes.
These were distributed across the genome and ranged
from ~3000 to ~10,500 SNPs for chromosomes 14
and 1, respectively, with a mean of 6875 SNPs per
chromosome (Supplementary Figure 1). This genotype
information was used to generate a genomic relationship
matrix (GRM). A GS prediction model was derived
using genotype and field trial phenotype data from the
training population individuals for DMY across years and
locations. This enabled calculation of genomic estimated
breeding values (GEBVs) for DMY for each selection
individual in the GRM (Supplementary Table 2). The
predictive ability of the model, calculated as the Pearson
correlation coefficient between the observed DMY BLUP
and the predicted value, was estimated at » = 0.30. This
equated to a prediction accuracy of 0.48 when divided by
the square root of the narrow-sense heritability.

Comparison of GEBVs from different selection
strategies

The influence of different selection strategies on the
estimated DMY phenotypes of the plants selected
for polycrossing was determined by comparison of
GEBVs. Mean GEBVs were calculated for the 400
plants each from the highest and lowest ranked half-
sibling (HS) families representing the base population,
and the 20 individuals each for the HS; and the A,WF ¢
selections.

The plants selected using HS, combined with the use
of GS for within HS family selection (A,W(HS) had
the highest predicted DMY BLUP phenotypes (mean
GEBYV = 2.85), showing a 6.9% increase over the base
population (2.66), and 3.7% over the among family
(based on phenotype) HS,, strategy (2.75) (Figure 2).
HS,, selection caused a 3.1% increase in DMY BLUP
GEBVs over the base population. Hence, the increase
in mean GEBYV relative to the base population was
approximately twice that for the A,W,HS selection
compared that of the HS;, selection.

Predicted response to selection (R)
The relative efficiency of different selection strategies
can be compared by estimating the response to selection

Table 1 Estimated additive genetic (0%) and pooled error (0,) variance components with their standard errors (+ SE), associated
interactions and family mean narrow-sense heritability (h?,) estimated across locations (L) (Aorangi and Ruakura), and
across years (Y) for seasonal growth scores in 200 half-sib white clover families.

Source o? 0%, ozf_y czf.y', o2, h?,

Multi location 0.10 +0.03* 0.10 +£0.04~ 0+0 0+0 1.45+£0.05 0.38 +0.09

*Significant at P<0.05
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Figure 2 Dry matter yield (DMY GEBV) predicted for

white clover individuals (n = 20) selected for
synthetic population development under two
different selection strategies (HSP = half-sibling
family selection; APWGSHS = among and within
HS family selection), compared with the base
population of individuals (n = 800).

realised per cycle of selection. The predicted responses
to selection for DMY by A W HS and HS,, strategies,
relative to the base population from which the
selections were made and compared (Table 2). Using
the A W, HS approach, there was a predicted 2.63%
increase in DMY BLUPs over the base unselected
population, which was approximately double that of
the HS,, approach. This reflected the results described
above in the comparison of mean DMY BLUP GEBVs
(Figure 2).

Mean DMY GEBV of base population = 2.66;
Narrow-sense heritability for DMY = 0.38; Selection
differential (S) was the difference between the mean of
selected parents and the mean of the base population
from which the parents were selected.

Synthetic population development

The two groups of 20 plants selected by the HS,
and A WF  strategies were polycrossed over the
2020/2021 summer period to generate synthetic
populations. Balanced bulks of seed derived from each
polycross are currently being prepared for empirical

evaluation in multi-environment proof-of-concept field
trials.

Discussion
Long breeding cycles and the inability to access within
family variation present considerable challenges to
white clover breeding. New strategies that improve
breeding efficiency are critical to accomplishing
breeding objectives. Genomic selection (GS) has
been demonstrated to deliver a higher rate of genetic
gain and accelerate cultivar development (Muranty et
al., 2015; Lin et al., 2016; Jighly et al., 2019). This
study used data from a multi-year and location field
trial to develop a genomic prediction model following
incorporation of phenotype and genotype data from
200 HS families and their parents, respectively. This
supported GEBV prediction of DMY BLUPs in
white clover individuals from within the HS families,
enabling the comparison of DMY GEBVs under
HS, and A WF  selection strategies. For DMY, a
complex quantitative trait, significant additive genetic
variance and GxE interaction effects were estimated
in this study. Additionally, this trait showed moderate
narrow-sense heritability of 0.38 = 0.09. The DMY GS
prediction model showed moderate predictive ability (»
= 0.30), which was comparable to estimates by Faville
et al. (2018) which reported predictive abilities of
0.07 to 0.43 for DMY in perennial ryegrass. In alfalfa
(Medicago sativa), predictive accuracy of 0.13 for DMY
was reported by Jia ef al. (2018) while Annicchiarico
et al. (2015) and Li et al. (2015) reported higher
accuracies, in the range of 0.30 to 0.66, respectively.
Although predictive ability plays an important role in
determining the feasibility of GS, it does not describe
the amount of genetic gain or response to selection
achievable (Herter ef al., 2019). For example, studies
by Heffner et al. (2010) and Belamkar ef al. (2018) in
winter wheat derived GS models with low to moderate
accuracy (0.17 — 0.30), but these outperformed both
marker-assisted and phenotypic selection methods,
respectively, in terms of genetic gain for yield.

Plants selected for crossing using a strategy
integrating phenotypic and genomic selection
(ApWHS) had a higher predicted mean DMY BLUP

Table 2 Predicted response to selection (R), selection differential (S) and predicted percentage increase relative to the base
population for increasing predicted dry matter yield BLUPs (DMY BLUP GEBV) in white clover using different selection
strategies.

Selection strategy Mean DMY BLUP S R Predicted DMY BLUP Percentage increase

GEBYV of selected GEBYV post-selection relative to base
plants population

HS, 2.75 0.09 0.03 2.69 1.13%

AF-WF o 2.85 0.19 0.07 2.73 2.63%




88

Journal of New Zealand Grasslands 83: 83-90 (2021)

than conventional among HS family selection (HS,)
methods. The differential of mean GEBVs relative to
the base population was approximately double using the
AL W HS strategy compared with HS,. This was likely
due to increased accuracy of selection and the ability
to access the potential 75% additive genetic variation
within HS families. It should be noted that HS,, can be
modified to allow for selection within families using
phenotypic data, but this requires growing individuals
within families to a specific growth stage where the trait
under selection can be phenotypically assessed (Vogel
and Pedersen 1993; Casler and Brummer 2008). This
increases the length of the breeding cycle and incurs
additional labour and phenotyping costs. Furthermore,
within-family phenotypic evaluations are usually
carried out on spaced plants which poorly represent
typical mixed sward growing conditions (Hayward and
Vivero 1984).

Predicting responses to selection is helpful to
breeders as it provides an estimate of the magnitude
of achievable genetic gain. The percentage increase in
predicted DMY BLUPs in the selected plants relative to
the base population was double in A W HS selection
compared to HS,,. This highlighted the value of using
GS to identify the best individuals within HS families.
In perennial ryegrass, combining among and within
half-sib family selection using GS showed a predicted
two-fold increase in genetic gain for DMY yield in a
single selection cycle (Faville et al., 2018). This has
been further evaluated empirically by Faville ef al
(2021). Accordingly, it can be expected that A, W ;HS,
which leverages GEBV information to select
individuals with higher predicted DMY, will result in
a higher response to selection and consequently deliver
greater realised genetic gain over the HS;, approach in
empirical assessments.

Conclusions and practical implications

This study showed that, compared with conventional
approaches, integrating GS was predicted to double
the increase in DMY BLUPs and responses to selection
relative to the base population. Using two strategies,
proof-of-concept synthetic populations have now been
made and are being prepared for field trials to provide
empirical evidence of the influence of GS. From a
practical standpoint, long breeding cycles could be
significantly shortened by estimation of GEBVs at
the seedling stage without the need to phenotype.
Additionally, application of GEBVs can increase
selection pressure for each cycle. These features
highlight the value of integrating available breeding
strategies with SNP-based selection and bioinformatic
tools to enhance breeding methods, resulting in
increased rates of genetic gain.
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