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Abstract Key message: The strong genetic structure observed in Mediter-
ranean oats affects the predictive ability of genomic prediction as well
as the performance of training set optimization methods. In this study,
we investigated the efficiency of genomic prediction and training set optimization in
a highly structured population of cultivars and landraces of cultivated oat (Avena
sativa) from the Mediterranean basin, including white (subsp. sativa) and red
(subsp. byzantina) oats, genotyped using genotype-by-sequencing markers, and
evaluated for agronomic traits in Southern Spain. For most traits, the predictive
abilities were moderate to high with little differences between models, except for
biomass for which Bayes-B showed a substantial gain compared to other models.
The consistency between the structure of the training population and the popula-
tion to be predicted was key to the predictive ability of genomic predictions. The
predictive ability of inter-subspecies predictions was indeed much lower than that
of intra-subspecies predictions for all traits. Regarding training set optimization,
the linear mixed model optimization criteria (PEVmean and CDmean) performed
better than the heuristic approach “partitioning around medoids”, even under high
population structure. The superiority of CDmean and PEVmean could be explained
by their ability to adapt the representation of each genetic group according to
those represented in the population to be predicted. These results represent an
important step towards the implementation of genomic prediction in oat breeding
programs and address important issues faced by the genomic prediction community
regarding population structure and training set optimization.
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Introduction

The cultivated oat (Avena sativa L.) is an important and versatile crop that can be
grown for grain, forage, feed and straw (Welch, 2012). In the last twenty years, the
oat cultivation area within the Mediterranean region increased with an approximate
rate of 7,500 Ha per year (FAO., 2017). However, the yields achieved in Northern
Europe remains much greater than that of the Mediterranean area, as a result of
the limited adaptation of oats to the environmental conditions of Southern Europe
(e.g., water availability or temperature). Thus, there is a critical need for selecting
oat genotypes that are better adapted to the Mediterranean environment by taking
advantage of the existing diversity in the region: the white (subsp. sativa) and red
(subsp. byzantina) oats.

The advent of molecular markers has revolutionized the methodologies for
selecting individuals in animal and plant breeding programs. Among these new
methods, genomic prediction (GP) was proposed by Meuwissen et al. (2001) and
stands today as one of the most promising tool. In its simplest application, a set
of individuals is evaluated for a given trait and genotyped using single nucleotide
polymorphisms (SNPs). A statistical model is trained on this data set, referred to
as the training set (TRS), and is used to predict the breeding value of individuals
for whom only SNP information is available, referred to as the test set (TS) (Isidro
et al., 2016). Several methods have been proposed in the literature including
models making different hypotheses on the distribution of the effects of quantitative
trait loci (QTL) like GBLUP, BayesA, BayesB or BayesCrm (Meuwissen et al.,
2001; Habier et al., 2011; Heslot et al., 2012), semi-parametric methods like the
reproducing kernel Hilbert space (RKHS) (Gianola et al., 2006; Gianola and van
Kaam, 2008), or tree-based methods like random forests (Breiman, 2001; Chen and
Ishwaran, 2012).

One of the most critical steps in GP is the selection of the TRS since it is critical
to the predictive ability of the models. In the last few years, several studies have
investigated different approaches to optimize TRSs (Rincent et al., 2012; Hickey
et al., 2014; Akdemir et al., 2015; Isidro et al., 2015; Lorenz and Smith, 2015;
Tayeh et al., 2015; Akdemir, 2017; Rincent et al., 2017; Brandariz and Bernardo,
2018; Norman et al., 2018; Akdemir and Isidro-Sénchez, 2019; Berro et al., 2019;
Edwards et al., 2019; Guo et al., 2019; Mangin et al., 2019; Ou and Liao, 2019;
Sarinelli et al., 2019; Alvarenga et al., 2020; Olatoye et al., 2020; Roth et al.,
2020). Among the optimization criteria, some approaches have been the subject of
particular consideration including the mean coefficient of determination (CDmean)
and the mean prediction error variance (PEVmean) initially presented for contrasts
between individuals (Laloé, 1993; Rincent et al., 2012), or clustering methods
such as stratified sampling (Isidro et al., 2015; Akdemir and Isidro-Sanchez, 2019;
Guo et al., 2019) and partitioning around medoids (PAM) (Guo et al., 2019). The
CDmean, PEVmean and PAM criteria are now routinely used for TRS optimization,
especially when the TRS size is small (Akdemir and Isidro-Sdnchez, 2019). As part
of the optimization process, the population structure plays a key role as it impacts
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both the performance of the optimization methods (Isidro et al., 2015) and the
GP predictive ability.

In a population stratified into genetics groups, when the same genetic groups are
found within the TRS and the TS, the differences in means between groups are often
implicitly taken into account by the model and contribute to the predictive ability
(Guo et al., 2014; Rio et al., 2019). Conversely, when targeting a group-specific
TS, training a model on a different group can dramatically limit the predictive
ability, as shown in dairy and beef cattle (Olson et al., 2012; Chen et al., 2013)
or maize (Technow et al., 2013; Lehermeier et al., 2014). As proposed by de Roos
et al. (2009), genetic groups can also be combined into generic muti-group TRSs
that show a good predictive ability regardless of the target population, as shown
in dairy cattle (Brgndum et al., 2011; Pryce et al., 2011; Zhou et al., 2013), maize
(Technow et al., 2013; Rio et al., 2019) or soybean (Duhnen et al., 2017). Several
models have been proposed that explicitly account for genetic structure such as
modeling genetic covariances between individuals from different groups by adapting
multi-trait models (Karoui et al., 2012; Lehermeier et al., 2015).

The use of genomics in oat breeding is rather limited compared to other cereals
like maize, wheat or rice, due to the scarcity of available tools. It can be explained
by the complexity of its allo-hexaploid genome (2n=6x=42) with high content in
repetitive sequences (Yan et al., 2016). Nevertheless, thanks to the efforts of the
oat community over the past few years, several genome tools have been developed
such as the Illumina 6K gene chip (Tinker et al., 2014), genotyping-by-sequencing
(GBS) (Huang et al., 2014; Bekele et al., 2018), and a consensus map (Chaffin
et al., 2016). Those tools enabled many genetic studies and breeding applications
(Esvelt Klos et al., 2016; Tumino et al., 2016; Yan et al., 2016; Bjgrnstad et al.,
2017; Tumino et al., 2017; Carlson et al., 2019; Kebede et al., 2019; Sunstrum
et al., 2019; Isidro-Sanchez et al., 2020a,b; Yan et al., 2020). More recently, the
draft of the hexaploid Avena sativa genome sequence: OT3098 v1 - PepsiCo! and
the sequence of two diploid oat genomes: Avena Atlantica and Avena Eriantha
(Maughan et al., 2019) have been released. They will open a new frontier for the
study of the oat genome and for the development of genomics-assisted breeding.

A few studies have focused on the application of GP and genomic selection
(GS) in oat (Asoro et al., 2011, 2013; Bekele et al., 2018; Mellers et al., 2020;
Haikka et al., 2020a,b). In these studies, the objectives included the comparison of
GS to traditional phenotypic and marker-assisted selection for S-glucans (Asoro
et al., 2013), GP of heading date using SNPs and tag-levels haplotype markers
(Bekele et al., 2018), GP of agronomic traits and Fusarium head blight in an oat
commercial breeding program (Haikka et al., 2020b,a), and the implementation of
GP within a winter oat biparental cross (Mellers et al., 2020). These empirical GS
applications have demonstrated the effective use of GS within breeding populations
to accelerate oat breeding. Nevertheless, there is a lack of experimental studies
focusing on the efficiency of GP and TRS optimization in highly structured oat
populations.

In this paper, a structured Mediterranean oat population, including both white
and red oat inbred lines, was evaluated for agronomic traits. The objectives were
to (i) evaluate the predictive ability of different GP models, (ii) optimize TRSs

L https://wheat.pw.usda.gov/GG3/graingenes_downloads/oat-ot3098-pepsico
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using different methods, and (iii) evaluate the impact of genetic structure on both
the GP predictive ability and the performance of optimization methods.

Materials and Methods
Genetic material and genotypic data

Genetic material consists of a collection of 709 cultivated oat (Avena sativa) inbred
lines, including landraces from the Mediterranean area, provided by the “Centro
de Recursos Filogenéticos” of the “Instituto Nacional de Investigacién y Tecnologia
Agraria y Alimentaria” (INIA, Madrid, Spain) and the United States Department
of Agriculture (Washington, USA), along with cultivars and breeding lines provided
by different institutions, as presented in Sdnchez-Martin et al. (2014) and Canales
et al. (2021a). All individuals were genotyped using GBS-SNP markers as detailed
in Canales et al. (2021a). Genotypes were pooled into libraries of 96 genotypes at
the genomic platform of the McGill University (Canada), following the PstI-Mspl
method (Huang et al., 2014). Each GBS library was sequenced on a single line of a
HiSeq 2500 at the “Plateforme d’Analyses Génomiques of the Institut de Biologie
Intégrative et des Systémes” of the “Université Laval” (Quebec City, Canada). Raw
FASTQ sequences were processed using the Haplotag pipeline (Tinker et al., 2016).
After a filtering on the minor allele frequency (> 5%), the heterozygosity rate
(< 20%) and the percentage of missing values (< 50%), a total of 17,288 bi-allelic
SNP markers corresponding to 12,418 tags were obtained. Ten individuals were also
discarded due to a large heterozygosity rate and/or a large percentage of missing
values, leaving 609 individuals for subsequent analyses. Missing values at SNPs were
then imputed using the multivariate normal expectation maximization algorithm
(Poland and Rife, 2012) implemented in the R package rrBLUP (Endelman, 2011).
The marker dataset is available at Dryad Data (Canales et al., 2021b) and sequence
read data are available from NCBI SRA archive as BioProject ID PRIJNAG693576
(http://www.ncbi.nlm.nih.gov/bioproject/693576).

Structure analysis

A structure analysis was performed using the STRUCTURE software (Pritchard
et al., 2000) for a number of genetic groups @ ranging from 2 to 5 and using the
admixture model with correlated allele frequencies between groups (Falush et al.,
2003). Each analysis consisted of 10,000 MCMC iterations and a burn-in of 1,000
iterations. Admixture barplots are presented in Fig. 1A for @ = 3 and in Online
Resource Fig. S1 for other values of ). The population could be separated into
two groups corresponding to the two oat subspecies forming the population (sativa
and byzantina), further referred to as Byzantina and Sativa. As the Sativa group
was mainly structured into two sub-groups, we considered three genetic groups for
further analyses by assigning individuals using their maximal admixture coefficient:
Byzantina (257 lines), Sativa_A (243 lines) and Sativa B (199 lines). Global position
system coordinates were available for most individual accessions (Canales et al.,
2021a) and revealed a relationship between the site where individuals were collected
and the genetic group to which they were assigned (Fig. 1B). The Evanno method
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Fig. 1 Graphs illustrating the structure analysis performed on the oat dataset using STRUC-
TURE and showing the existence of three genetic groups: Byzantina (257 individuals), Sativa_A
(243 individuals) and Sativa_B (199 individuals). Graphs include (A) an admixture barplot
showing the admixture proportions of each individual, (B) a map of the Mediterranean Basin
with dots indicating the location where individuals have been collected (Canales et al., 2021a),
and (C) the two principal components of a principal component analysis (PCA) performed on
genomic data. For graphs B and C, dots were colored according to the group to which each
individual was assigned based on its maximal admixture coefficient.

165 was applied was applied and supported the use of @ = 2 groups due to the high 16
genetic divergence between Byzantina and Sativa subspecies (Online Resource i
Figure S2). Like in Canales et al. (2021a), where a similar structure analysis 16 was
performed on this same dataset with very consistent results, and a previous 1 study
based on SSR markers (Montilla-Bascén et al., 2013), we subdivided the i Sativa
group into two groups, which was supported by a substantial proportion of 171 variance
explained by the axis differentiating these groups (14.54%) for a principal 172 component
analysis (PCA) performed on the genomic data (Fig 1C). Note that, i7sunlike in Canales
et al. (2021a), we did not define additional categories for admixed 172individuals.
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Phenotypic analysis

The oat collection was evaluated in 2017 and 2018 in Cordoba (Spain) with an
altitude of 90 m and light clay calcic cambisol soil, and in 2018 in Santaella (Spain)
with an altitude of 238 m, and a light clay eutric gleysol soil, forming three distinct
trials (Col7, Col8, and Sal8). Each trial was an alpha lattice square design with
three replicates using the cultivar Patones as check. Four agronomic traits were
evaluated: heading time (Heading) in growing degree-days, plant height (Height)
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in cm, vegetative biomass (Biomass) in t/ha and grain yield (Yield) in t/ha, see
Canales (2019) and Canales et al. (2021a) for more details. The contribution of
genotype-by-environment (GxE) interactions to the phenotypic variance and the
broad-sense heritability were investigated using the following model:

Yijer = p+ o + 85 + Gire + (G X B)iji + Vrj + Eijior,

where Yk, is the phenotype of individual ¢ from group k in block r of trial
j, i is the global intercept, «y is the effect of group k with k € {By, SaA, SaB}
(By: Byzantina, SaA: Sativa_A and SaB: Sativa_B), 3; is the effect of trial j, G
is the random genotypic effect of individual ¢ from group k with G, ~ N (0, a?;k)
independent, (G X f3);;k is the random genotype-by-environment (GxE) effect of
individual ¢ from group % in trial j with (G x )ik ~ N (0, aéxﬁ)k) independent,
vr; is the effect of block r in trial j, and Ejjk, is the error of individual ¢ from
group k in block r of trial j with Fyjp.y ~ N (O, a%) independent and identically
distributed. All random effects are assumed to be independent of each other.
Model parameters were estimated using the R package “MM4LMM?” (Laporte and
Mary-Huard, 2020). The group-specific means were calculated as following:

1 J 1 J R
Mk:M+ak+j;Bj+ﬁzz%”j’

j=1r=1

where J = 3 is the number of trials and R = 3 is the number of blocks in each
trial. The group-specific broad-sense heritabilities were calculated as following:

2
2 oG
Hj, = k

2 1 _2 1 27
G, T 7%Gxp. T TROE

Least-square means (LS-means) of each individual (Y}},) were computed based
on the same model with G;; and (G X ),k as fixed effects using:

J
Vi = pr + Gik + = Y (G x B)ijn,
=1

<=

and were further referred to as phenotypes for GP analyses.

Genomic prediction models

In this study, the first four GP models (GBLUP, MGBLUP, Bayes-B and RKHS)
can be written as:

y=XB+Zg+e, (1)

where y is the vector of reference phenotypes (i.e., the LSmeans), X is the design
matrix for fixed effects, B is the vector of fixed effects, Z is the incidence matrix
linking phenotypes to breeding values, g is the vector of breeding values and e is
the vector of errors. All models assume independence between g and e.
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GBLUP A standard additive GBLUP model was applied using the R package
“rrBLUP” (Endelman, 2011) with the following assumptions: 3 = p is the overall
mean, g ~ N(O,Koé), K is the kinship matrix, O'év is the genetic variance,
e ~N(0,I0%), I is the identity matrix and ¢% is the error variance. The kinship
between individuals ¢ and j (K, ;) was computed following VanRaden (2008):

St Wim = fn) (Wim = fm) @
Sy S (1= fm)

where M is the number of markers, W;,, is the genotypic score of individual i at

locus m (coded 0; 0.5; 1) and fy, is the frequency of allele “1” at locus m estimated

on the whole dataset.

Kij =

MGBLUP A multi-group GBLUP (MGBLUP) model (Lehermeier et al., 2015) was
applied using the R package “MTM”2. This model consists of adapting a multi-trait
model to the analysis of one trait in different groups, which allows for group-specific
genetic variances and specific genetic covariances between groups. In this model,
9By
B = (LBy, kSaA, psap)’ is the vector of group-specific means, g = |g%,4 | is the
gg’aB
expanded vector of breeding values of each individual in each group of size of 3N,
N being the number of individuals, where:

* 2

9By 0Gp, o-gBy,B 0GRy ,saB
* . .

9Saa| ~N [0, [0Gs, san 0Csys OCGsunses | @K |, with oG, being the
* 2

9saB O0Gpy,5aB 9Gsaa,saB  9Gsup

genetic covariance between groups X and Y (the letters X, Y are further used as
group names when not specifically designating given groups), K the same kinship

€B
matrix computed following Eq. (2), and e = esail is the vector of errors of size
€SaB
e IByU%‘By 0
N where: |eg| ~N |0, 0 ISCLAO-QES@A 0 , Ix is the identity
ec 0 0 IsaBop,,,

matrix with dimensions equal to the number of observations from group X and
a%x is the error variance in group X. The choice of hyper-parameters for the
inference was done following Lehermeier et al. (2015).

Bayes-B The Bayesian shrinkage regression Bayes-B proposed by Meuwissen et al.
(2001) was applied using the R package “BGLR” (Pérez and de los Campos, 2014).
In Bayes-B, only a proportion of a markers can have a non-zero effect with a
variance specific to each marker. This modeling represents genetic architectures
for which some SNPs are not associated to any QTL while others are associated
to QTL with potentially large effects. In this model, g = Wwu, W is the centered
genotyping matrix and w is the vector of marker effects where the prior distribution
of each u, is the following mixture distribution:

0 with probability ,
t(0,v,S%) otherwise,

P (um|m) = {

2 available at https://github.com/QuantGen/MTM
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where 7 is the proportion of marker with null effect, ¢(0,v,S?) is the scaled-t
distribution with v and S? being the number of degrees of freedom and the scale
parameter, respectively. Other terms are identical to those of GBLUP.

RKHS The reproducing kernel Hilbert space (RKHS) semiparametric approach
for genomic prediction (Gianola et al., 2006; Gianola and van Kaam, 2008) was
applied using R package “BGLR” (Pérez and de los Campos, 2014). This approach
combines a classical additive genetic model with a kernel function which converts
predictor variables into set of distances among observations. The RKHS model
based on a Gaussian kernel has been demonstrated to capture epistatic effects
between markers (Jiang and Reif, 2015). In this model, g = K, K}, is the matrix
of kernel entries and « is the vector of individual effects. Other terms are identical
to those of GBLUP. The kernel function implemented here was a Gaussian kernel:

Kh(Wi, Wj) == e_hdi‘j,

where h is a smoothing parameter and d; ; is the marker-based Euclidean distance
between individuals ¢ and j. The value of the smoothing parameter was chosen
following the kernel averaging method proposed in Pérez and de los Campos (2014).

Random Forest The tree-based machine learning approach called Random Forest
(Breiman, 2001; Chen and Ishwaran, 2012) was applied using the R package
“randomForest” (Liaw and Wiener, 2007). The grouping property of trees enables
the Random Forest to adequately deal with correlations and interactions between
predictor variables (Chen and Ishwaran, 2012). In this approach, the vector y
of phenotypes was used as the vector of response variable while the centered
genotyping matrix W was used as the matrix of predictor variables.

For the GP models based on a Bayesian inference (MGBLUP, Bayes-B and
RKHS), 10,000 MCMC iterations were considered with a burn-in of 1,000 iterations
and a thinning of 3 (i.e., one out of three samples were conserved to compute
posterior means).

Evaluation of the predictive ability of genomic prediction

The precision of the models was evaluated using three different cross-validation
(CV) procedures where the predictive ability was calculated by correlating the
predictions of breeding values of the TS to the reference phenotypes (i.e., the
LSmeans).

The first CV procedure, referred to as holdout cross-validation (HO-CV), was
performed by repeatedly splitting (x 100) the oat population into a TRS and a
TS with proportions being 4/5 and 1/5, respectively. This CV procedure makes it
possible to study the level of precision that can be obtained when neglecting the
role of genetic structure.

The second CV procedure, referred to as leave-one-out cross-validation (LOO-
CV), was performed by predicting the breeding value of each individual using a
model trained on all the remaining individuals. It allowed a joint graphic repre-
sentation of the quality of prediction of all individuals depending on their genetic

group.
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The third CV procedure, referred to as structured-holdout cross validation
(SHO-CV), allowed to study the impact of genetic structure on the predictive ability,
as presented in Rio et al. (2019). In SHO-CV, group-specific TSs of 49 individuals
were predicted using a model calibrated on 150 other individuals. Depending on
the scenario, the training set included either members of a single group (e.g.,
150 individuals from the Byzantina group), or of the three groups in balanced
proportions (i.e., 50 individuals from each group). The sampling was repeated 100
times for each scenario.

Training set optimization

For TRS optimization, the oat population was repeatedly split (x 30) into a
candidate set (CS) of N¢g individuals and a TS of Nrg individuals (Fig. 2).
Both the CS and the TS were defined differently depending on the optimization
scenario (see below). The TRS individuals were then selected among CS individuals
based on PEVmean, CDmean or PAM (see below) and using a genetic algorithm
implemented in the R package “STPGA” (Akdemir, 2017), using 500 iterations.
For each TS, 30 random TRS were sampled as a benchmark. For each trait, the
breeding values of TS individuals were then predicted using a GBLUP model
trained on TRS individuals, and the predictive ability was calculated to compare
optimization methods. Three different criteria were considered:

PEVmean and CDmean The PEVmean and CDmean optimization criteria are
derived from the GBLUP linear mixed model. The PEVmean criterion is defined
as the mean of the predictor error variance over a set of individuals, where each
PFEYV,; can be computed as:

PEV; = Var(g: — i) = (ZMZT + K_l)\)‘_ x 0%,

where g; is the breeding value of 7, g; is the best linear unbiased prediction (BLUP)
ofgi,, M = I— X(XTX)fXT is an orthogonal projector on the subspace spanned
by the columns of X where (X7 X )™ is a generalized inverse of X7 X (Lalog, 1993),

2
and A\ = U—SJ. All other terms correspond to those described in the GBLUP model.
o

G
The CDmean criterion is defined as the mean of the coefficient of determination
(i-e., the square correlation between the breeding value of an individual and its
corresponding prediction) where each individual CD can be computed as:

(K-A(zMz”+ K7

CD; = cor(gi, §i)* = 7 b
4,1

In this study, both PEVmean and CDmean optimizations were “targeted” (Akdemir
and Isidro-Sdnchez, 2019), meaning that the criteria were computed directly over
the TS individuals. Note that finding the best TRS is be done by minimizing
PEVmean while it is done by maximizing CDmean.
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Oat population
699 genotypes

Samplmg
(x 30)

[ Candidate Set

Ncs genotypes

|
Optimization
« PEVmean
+ CDmean
«  PAM
*+ Random (x 30)

¥

Training Set Test Set
N1rs genotypes I Ny genotypes
Prediction
GBLUP

Fig. 2 Diagram illustrating the training set (TRS) optimization procedure where the oat
population was repeatedly split (x 30) into a candidate set (CS) of N¢g individuals and a
test set (TS) of Npg individuals. Training set individuals were selected among CS individuals
using a genetic algorithm (STPGA) and different methods: (i) the mean of the prediction error
variance (PEVmean) of the TS, (ii) the mean of the coefficient of determination (CDmean)
of the TS and (iii) partitioning around medoids (PAM). For each TS, 30 random TRS were
sampled as a benchmark. The breeding values of TS individuals were then predicted using
a GBLUP model trained on TRS individuals for each trait, before calculating the predictive
ability for validation.

PAM Partitioning around medoids is a clustering method that classifies individuals
into clusters by minimizing the sum of dissimilarities between the individuals of each
cluster, and designating a central individual, or medoid of that cluster (Kaufman
and Rousseeuw, 1987). The application of PAM to TRS optimization and genomic
data was first presented by Guo et al. (2019).

Two optimization scenarios were considered in this study:
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s Standard optimization Test sets of 99 individuals were randomly sampled (i.e.,
s2 by neglecting genetic structure). The CS consisted of all the remaining individ-
33 uals. Optimized TRSs were selected for a gradient of TRS sizes (i.e., Nrrs €
24 {10, 30, 60, 100, 200, 300,600} ). Note that when Nrrs = 600, all CS individuals
325 are included in the TRS.

26 Structure-based optimization. We sampled group-specific TSs of 49 individuals
27 (e.g., 49 individuals from the Byzantina group). The CS consisted of 150 remaining
g individuals from each genetic group. Optimized TRSs were selected for a gradient
29 of TRS sizes (i.e., Nrrs € {9, 15,30, 60,90, 120,150}). Note that Nrrs = 150
30 corresponds to the limit for which only individuals from the same groups as TS
331 individuals can be selected during the optimization procedure.

32 Results
333 Phenotypic characterization of the population

33 Our oat population has been evaluated for four agronomic traits: Heading, Height, s3s
Biomass and Yield. As expected, agronomic performance of the collection varied 33
overall in the different environments. In addition to the different altitudes and 337 soil
structure of the different sites already stated, Col7 was characterised by a 33 mean
maximum T? of 21.49°C, a mean minimum of 7.51°C and a rainfall of 415 33y mm during
the growing season. Col8 was slighty warmer with a mean maximum 30 T? of 21.50°C, a
mean minimum of 8.46°C and a rain of 497 mm during the 31 growing season. Sal8, was
slighty colder and rainier than any of the environments 3 of Cordoba, with a mean
maximum T? of 20.07 °C, a mean minimum of 7.64°C s and a rainfall of 513 mm during
the growing season (Online Resource Table S1). s« In these environments, mean
Heading values ranged from 174 days to heading s at Col8 to 150 days at Col7, with a
minimum of 118 days and a maximum of 3 200 days to heading. Mean Height values
ranged from 115 cm at Col8 to 139 cm s«vat Sal8 with the shortest accession reaching 68
cm and the longest reaching 191 s cm. Regarding Biomass, mean values ranged from
6832 kg/ha at Col7 to 2893 at s Col8 with minimum values of 190 kg/ha and
maximum of 11766 Kg/ha. Mean soyield ranged from 2326 Kg/ha at Sal8 to 983 kg/ha
at Col8, with the highest 351 yielding accessions reaching 5326 Kg/ha and the lowest one
yielding 180 Kg /ha. All s evaluated traits showed moderate to high broad-sense
heritabilities, with variations sss depending on the genetic group (Table 1). For instance, a
broad-sense heritability ss« of 0.57, 0.74 and 0.55 were estimated for Biomass in the
Byzantina, Sativa A and s Sativa B groups, respectively. Those variations could be
connected to the differences s in genetic variances observed between groups (i.e., the
larger the group-specific

w7 genetic variance o3 » the higher the group-specific broad-sense heritability H%).

s The GxE variances were not large for most traits and also variable depending on

30 the genetic group. In terms of means, the performances of each genetic group were

0 comparable for most traits, but the Byzantina group outperformed both Sativa

31 groups for Yield and Biomass.
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Table 1 Group-specific means, variances and broad-sense heritabilities estimated in the
phenotypic analysis for Heading (in 100 growing degree-days (GDD)), Height (in cm), Biomass
(in t/ha) and Yield (in t/ha).

Heading Height Biomass Yield

LBy 9.62  131.33 5.91 1.85
BSaA 10.71  124.63 5.19 1.43
KSaB 10.60  133.54 5.25 1.25
o2, 0.76 76.43 0.95 0.14
By
TCgun 2.01  113.13 2.38 0.46
o2, 1.04  290.85 1.38 0.14
SaB
Tlex ), 0.04 0.00 0.52 0.11
(o350 0.28 79.98 0.84 0.12
(G50 0.18 11.44 1.72 0.06
% 0.27  189.33 4.95 0.32
Hy, 0.95 0.78 0.57 0.65
H%a 4 0.94 0.70 0.74 0.86
HZ - 0.92 0.92 0.55 0.72

Predictive ability of genomic prediction models

The GP predictive ability was evaluated using HO-CV for different GP models:
GBLUP, Bayes-B, RKHS, Random-Forest and MGBLUP (Fig. 3). The mean
predictive abilities averaged over all models were 0.87, 0.72, 0.63 and 0.81 for
Heading, Height, Biomass and Yield, respectively. In terms of model comparison,
GBLUP, RKHS and MGBLUP showed similar predictive abilities for all traits.
Bayes-B showed similar predictive ability to GBLUP (our reference model) for
Heading, Height and Yield, and higher predictions than GBLUP for Biomass (0.68
vs. 0.60).

Training set optimization targeting random test sets

Three TRS optimization methods (PEVmean, CDmean and PAM) were compared
to random sampling for a gradient of TRS sizes and validated using the four traits
(Fig. 4). For all traits, the predictive capability increased with the size of the TRS,
but at a rate that decreased as the size of the TRS increased. Optimizations of
TRS based on PEVmean and CDmean performed very similarly and generally
allowed for higher gains compared to the optimization based on PAM. For Height
and Nrrs = 100, TRSs selected by CDmean and PEVmean showed a mean
predictive ability of 0.70 compared to 0.61 and 0.60 for PAM and random sampling,
respectively. The gains obtained with the optimization based on PAM were very
variable depending on the trait, and even led to a substantial loss in predictive
ability for Biomass (e.g., for Nrrg = 100, TRSs selected by PAM showed a
mean predictive ability of 0.35 compared to 0.43 for random sampling). The mean
group proportions within selected TRSs did not reveal major differences between
optimization methods (Online Resource Fig. S3).
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Fig. 3 Boxplots of predictive abilities obtained for each trait using holdout cross-validations (x
100 replicates) and five GP models: GBLUP, Bayes-B, RKHS, Random-Forest and multi-group
GBLUP (MGBLUP).

Genetic structure and predictive ability

The impact of genetic structure on the predictive ability was first investigated
graphically using LOO-CV (Online Resource Fig. S4). This approach confirmed
the ability of the GBLUP model to predict differences in mean between groups and
suggested an ability of the model to predict beyond this simple effect of genetic
structure. We then investigated the impact of genetic structure using SHO-CV
to explore within/across/multi-group scenarios (Fig. 5). In general, to predict
a group-specific TS, the best strategy was to train a model using individuals
from the same genetic group. The worst predictive abilities were obtained by
training a model using the Byzantina group to predict any of the Sativa groups, or
vice versa. Interestingly, a negative mean correlation of -0.55 was obtained when
predicting the Sativa group using the Byzantina group for Heading. In general, the
predictive abilities obtained with across-group scenarios between the Sativa_A and
Sativa_B groups were moderate but not always symetric. For instance, with Yield,
a predictive ability of 0.58 was achieved when training a model on the Sativa_B
group to predict the Sativa_A group, while a predictive ability of 0.22 was obtained
for the opposite scenario. Multi-group TRSs always allowed for moderate to high
predictive abilities regardless of the targeted TS.

Training set optimization targeting group-specific test sets

The impact of genetic structure on TRS optimization was investigated using
structure-based optimization scenarios (Fig. 6). Two optimization methods (CD-
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Fig. 4 Plots of mean GBLUP predictive abilities over random test sets (T'Ss) of 99 individuals
(x 30 replicates) according to the size of the training set (TRS) for (A) Heading, (B) Height, (C)
Biomass and (D) Yield. Different optimization methods were compared: PEVmean, CDmean
and PAM, along with random sampling as a benchmark (x 30 replicates for each TS).

mean and PAM) were compared to random sampling for selecting TRSs that best
predict group-specific TSs. The optimization based on CDmean always led to higher
gains compared to PAM. The differences between optimization methods could
largely be explained by the ability of CDmean to preferentially select individuals
from the same genetic group as the one in the TS, unlike PAM or random sam-
pling (Online Resource Fig. S5). However, the observed gains were very variable
depending on the group-specific TS and the trait. For Nrrs = 30 and Yield, the
gains in predictive ability from selecting TRSs using CDmean compared to random
was +0.35 for Byzantina T'Ss compared to +0.03 for Sativa_A TSs (Fig. 6).
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Fig. 5 Heatmaps of mean GBLUP predictive abilities obtained using the structured holdout
cross-validations (x 100 replicates) for (A) Heading, (B) Height, (C) Biomass and (D) Yield.
Group-specific training sets (TRSs) and multi-group TRSs of 150 individuals are indicated on
the x axis while group-specific test sets of 49 individuals are indicated on the y axis. Standard
deviations are shown between brackets.

a6 Discussion
a7 Oat genomics-assisted breeding in the Mediterranean basin

a8 The GP predictive ability of oat agronomic and phenological traits has only been

a9 the subject of a few studies in the last past years (Asoro et al., 2011; Bekele et al., 40
2018; Haikka et al., 2020b,a; Mellers et al., 2020). The moderate to high predictive
abilities obtained in our study are comparable to the ones obtained in the latter ax»
studies. It confirms the value of GBS-SNP markers as a genotyping technology for 4
implementing GS in oat breeding programs, as proposed by Huang et al. (2014). 424 The
similar performances achieved by the different GP models tested in this study 4 is a
common feature in the GP literature (Heslot et al., 2012; de los Campos «set al., 2013).
The large gain in predictive ability obtained by applying Bayes-B for
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Fig. 6 Plots of mean GBLUP predictive abilities (Mean pred. ability) over group-specific test
sets (TS) of 49 individuals (x 30 replicates) according to the size of the training set (TRS)
for (A) Heading, (B) Height, (C) Biomass and (D) Yield. Two optimization methods were
compared: CDmean and PAM, along with random sampling with equal group contributions in
the TRS as a benchmark (x 30 replicates for each TS). Each candidate set consisted of 450
individuals, including 150 from each of the three genetic groups.

Biomass may result from the existence of a QTL with large effect segregating in
the population that can better be accounted for using Bayes-B (Meuwissen et al.,
2001; Pérez and de los Campos, 2014).

To improve the productivity of oats in the hot and dry environment of the
Mediterranean basin, breeding programs must not only be based on the use of
efficient tools like GP, but also on the introgression of favorable alleles from various
sources of genetic diversity. Landraces harbour a great genetic potential for oat
improvement as they are endued with a higher genetic variability compared to high-
yielding cultivars (Montilla-Bascén et al., 2013; Sdnchez-Martin et al., 2016; Winkler
et al., 2016). The population evaluated in our study includes landraces and cultivars
of both white and red oats. A restricted set of this broad germplasm has already been
characterized in field trials in different countries of the Mediterranean rim (Sanchez-
Martin et al., 2014) and showed potential to detect QTL for powdery mildew and
crown rust resistance (Montilla-Bascén et al., 2015), as well as agronomic traits
(Rispail et al., 2018). In our study, all genetic groups showed a substantial genetic
variance and comparable means for all traits. We can reasonably assume that
different QTL are involved in the trait genetic variability depending on the genetic
group. Since population structure results from differences in allele frequencies

T T T T T T
150 9 15 30 60 150
Training set size
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between groups, a QTL may indeed be polymorphic in one group and contribute
to its genetic variance, while being fixed in another group. This suggests a great
potential of both white and red oat landraces for harnessing new alleles to be
introgressed into elite germplasm using pre-breeding methods based on GP (Gorjanc
et al., 2016; Allier et al., 2020).

Genomic prediction in a highly structured population

When assessing the predictive ability of GP within structured populations, the
observed predictive ability may result mostly from the ability of the model to
predict differences in mean between groups (Guo et al., 2014; Rio et al., 2019). For
all traits, the SHO-CV showed that the predictive ability was also moderate to
high when considering group-specific TSs, meaning that it would be possible to
identify the best individuals within each genetic group (Fig. 5). Our results were
in concordance with previous studies on GP in structured populations (Rio et al.,
2019). Thus, (i) a given group-specific T'S was generally best predicted using a TRS
including only individuals from the same genetic group, (ii) applying across-group
predictions could highly depreciate the GP predictive ability, and (iii) a multi-group
TRS showed a high predictive ability, regardless of the targeted TS.

The genetic dissimilarity between the two oat subspecies sativa and byzantina
was illustrated by the difficulty to predict one of them using a model trained
on the other (Fig. 5). The substantial negative predictive ability obtained when
predicting the Sativa_A group using a model trained on the Byzantina group for
Heading is uncommon in GP. It may result from the existence of QTL segregating
in the population with effects of opposite signs depending on the genetic group.
Interestingly, previous results based on the same data (Canales et al., 2021a)
identified a marker associated with heading date (avgbs_cluster_1918.1) located
in chromosome 1D in the hexaploid reference genome. Comparison of the region
around the marker between the byzantina and sativa preliminary genome assemblies
have identified the GAS4-like gibberellin responsive gene, and a gene with homology
to miR172 as potential candidates genes (Canales et al., 2021a). Conversely to what
was observed between Byzantina and Sativa groups, both Sativa_A and Sativa_B
were able to predict each other with moderate predictive abilities. This difference
can be explained by a greater genetic similarity between the Sativa groups compared
to that observed between the Sativa and Byzantina groups (Fig. 1C). These results
are in concordance with the existence of moderate population structure in white
oat, as observed in previous studies (Asoro et al., 2011; Newell et al., 2011, 2012;
Huang et al., 2014; Tumino et al., 2016; Esvelt Klos et al., 2016; Winkler et al., 2016;
Bjornstad et al., 2017; Haikka et al., 2020b,a; Isidro-Sdnchez et al., 2020a). They
also illustrate the need for the evaluation of population structure when applying
GP to a broad diversity (Isidro et al., 2015; Guo et al., 2019). Defining a TRS must
be done by selecting individuals from the same genetic groups as those represented
in the target population to maximize the predictive ability of GPs. If the target
population is not clearly identified, the best strategy is to define a generic TRS
that include all genetic groups (de Roos et al., 2009; Rio et al., 2019).
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Training set optimization in a highly structured population

Training set optimization methods like CDmean, PEVmean and PAM can be used
to select a subset of individuals to be evaluated when budget limitations limit
the possibility to evaluate all possible individuals through extensive field trials
(see Akdemir and Isidro-Sénchez (2019) and references herein). Unlike previous
TRS optimization results in highly structured population presented by Isidro et al.
(2015), in our results CDmean and PEVmean allowed for substantial gains compared
to random sampling for all traits. This might be explained by several differences
regarding the methodology: (i) the criteria were computed directly on the TS using
the targeted optimization recommended by Akdemir and Isidro-Sanchez (2019)
rather than on the remaining candidates, and (ii) the optimization algorithm was
the genetic algorithm implemented in the “STPGA” R package (Akdemir, 2017)
rather than an exchange algorithm. Note also that the CD and the PEV computed
were those associated with the prediction of each breeding value and not with a
contrast between a set of breeding values. A possible extension of the CDmean and
PEVmean optimization criteria could be to compute the CD and PEV associated
with contrasts between the breeding value of each TS individual and the mean of
the TS, as recommended by Rincent et al. (2017).

The performance of the optimization based on PAM proposed by Guo et al.
(2019) was highly variable and could even lead to predictive abilities that were worse
than those obtained by random sampling. Our results illustrate the superiority
of using criteria that are directly connected to the quantity of interest (e.g., CD
corresponds to the model-based square correlation between the breeding value
of an individual and its prediction) rather than using heuristic approaches like
PAM. The aim of the optimization based on PAM is indeed to maximize the GP
predictive ability by maximizing the genetic distances between TRS individuals.
The differences between PAM and CDmean/PEVmean optimizations show that a
targeted optimization based on CDmean/PEVmean not only aims at maximizing
the distances between TRS individuals, but also implicitly accounts for other
criteria such as the minimization of the genetic distances between TRS and TS
individuals (Pszczola et al., 2012; Albrecht et al., 2011; Clark et al., 2012). The
superiority of the targeted CDmean compared to PAM was also shown by its
ability to select the TRS according to the nature of the target. For instance, if
the target consists only of Byzantina individuals, then a straightforward strategy
would be to preferentially select Byzantina individuals to form the TRS. While
this strategy is implicitly applied using a targeted CDmean optimization, the PAM
optimization does not account for any information of the TS, and may lead to
selecting individuals that are poorly connected to the targeted population.

Conclusion

This manuscript presents results on the GP of key agronomic traits in a diverse
populations of Mediterranean oat cultivars and landraces. The consistency between
the structure of the training population and the population to be predicted was
key to the predictive ability of genomic predictions. Regarding TRS optimization,
the superiority of CDmean and PEVmean compared to PAM was illustrated by
their ability to adapt the representation of each genetic group according to those
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represented in the population to be predicted. Our findings are useful for future
studies that aims to implement genomics-assisted breeding tools in presence of
high population structure in oat and other species.
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represents one individual and was colored according to its genetic group. Big dots represent the

mean of GEBVs and LS-means for each group.
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Supplementary Figure S4. Mean group proportions in the training set (TRS) according to TRS
size obtained using different optimization methods (over 30 random test sets (T'Ss)): CDmean and
PAM, along with random sampling with equal group contributions in the TRS as a benchmark (x 30
replicates for each TS). Each candidate set consisted in a of 450 individuals, including 150 of each of

the three genetic groups.
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