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EMBYV : expected maximum haploid breeding value
GA : genetic algorithm
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GS : genomic selection
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OHYV : optimal haploid value

PM : parental mean

PMV : posterior mean variance

PROBA : probability of a given cross progeny to exceed a given threshold (the best parental
value here)

TBYV : true breeding value

TP : training population

UC : usefulness criterion

UCL1 : expected mean value of a given cross top 7% progeny
UC2 : expected mean value of a given cross top 0.01% progeny

UC3 : expected mean value of a given cross progeny superior to the 93% quantile of the
whole mating design
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Abstract

A crucial step in inbred plant breeding is the choice of mating design to derive high-performing
inbred varieties while also maintaining a competitive breeding population to secure sufficient
genetic gain in future generations. In practice, the mating design usually relies on crosses
involving the best parental inbred lines to ensure high mean progeny performance. This
excludes crosses involving lower performing but more complementary parents in terms of
favorable alleles. We predicted crosses with putative outstanding progenies (high mean and
high variance progeny distribution) using genomic prediction models to assess the value of top
progeny. This study compared the benefits and drawbacks of seven genomic cross selection
criteria (CSC) in terms of genetic gain for one trait and genetic diversity in the next generation.
Six CSC were already published and we have proposed an improved CSC that can estimate
the proportion of progeny above a threshold defined for the whole mating plan. We simulated
mating designs optimized using different CSC and 835 elite parents from a real breeding
program that were evaluated between 2000 and 2016. We applied constraints on parental
contributions and genetic similarities between parents according to usual breeder practices.
Our results showed that CSC based on progeny variance estimation increased the genetic
value of superior progenies by up to 5% in the next generation compared to CSC based on the
progeny mean estimation (i.e. parental genetic values) alone. It also increased the genetic gain
(up to 4%) and/or maintained more genetic diversity at QTLs (up to 4% more genic variance

when the marker effects were perfectly estimated).

Introduction

Plant breeders have two main objectives—derive high-performing varieties at each cycle and
improve the mean genetic value of their germplasm so as to be able to generate superior
varieties in future generations. The mating design, i.e. the choice of the set of parental lines to
cross and the progeny size per cross, is critical to ensure both short- and long-term genetic
gain. However, the number of candidate crosses is putatively very high while the number of

crosses and progenies that can be experimentally tested is often limited.

Breeders can decide on the mating design by ranking crosses according to cross selection
criteria (CSC) that estimate their ability to produce superior progenies for a given trait of
interest. The simplest way to rank crosses is based on the expected mean genetic value of the
progeny that, in turn, can be estimated by the mean additive genetic value of the parental lines,
or the so-called parental mean (PM) criterion (Jinks and Pooni 1976). However, this criterion

does not use information on the genetic variance of progeny derived from a cross (e.g. the
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progeny variance) and thus does not differentiate, among crosses of similar PM, those with a
higher potential to generate extreme (transgressive) progenies, i.e. superior to the best parent
and likely to provide higher genetic gain. Several attempts have been made to predict the

potential of a cross to produce high means but also extreme genetic variance in the progeny.

The progeny/gametic variance for inbreds/outbreds depends on the complementarity of
favorable alleles between parents and their probability of recombining during meiosis (Zhong
and Jannink 2007). Indeed, considering two QTLs, when alleles are in coupling phase (i.e. one
parent carries the two beneficial alleles while the other carries deleterious ones),
recombination decreases the progeny variance, while recombination increases this variance
in repulsion phase. Regarding QTLs along the whole genome, progeny variance increases
with the level of polymorphism between parents. In the past, genetic values were estimated
via phenotypic observations (phenotypic selection [PS]). Phenotypic and then genotypic
distances were assumed to reflect parental genetic complementary and were used to predict
cross progeny variance (Souza and Sorrells 1991; Bohn et al. 1999; Utz et al. 2001; Hung et
al. 2012).

More recently, genomic prediction (genomic selection [GS]) was developed to estimate genetic
values from genotypes (genomic estimated breeding value [GEBV]). GS uses a training
population (TP) which is phenotyped and genotyped to estimate the effects of segregating
genomic variants (markers). Assuming that marker effects are additive, the GEBV of one
individual is the sum of its allele effects at every marker. Compared to PS, GS can reduce the
generation interval in crops via genotyping—rather than phenotyping—using rapid cycles
based on simulations (Bernardo and Yu 2007, Bernardo 2009, Lorenzana and Bernardo 2009,
Heffner et al. 2010, 2011a and b). Depending on the species and the quality of the TP used to
build the prediction model, GS can also increase the prediction accuracy (Lorenzana and
Bernardo 2009 , Heffner et al. 2011 a and b).

Genomic predictions offer a promising alternative to estimate progeny variance using marker
effects and recombination rate estimates. The progeny distribution can be estimated by
simulating progeny in silico (stochastic simulation), whereby recombination events of parental
genomes are placed along chromosome sequences according to a recombination map
(Bernardo and Charcosset 2006, Mohammadi et al. 2015). Simulation has the advantage of
taking progeny size into account when computing quantiles, but it is compute intensive.
Alternatively, progeny distribution can be predicted using analytical formulas. To do so, the
progeny breeding value distribution is assumed to be Gaussian, which is expected for traits
controlled by a very high number of variants with small effects. The Gaussian distribution is
centered on the expected progeny mean (progeny mean= Parental mean; PM), which can be

estimated from the mean of additive parental genetic values using PS or GS. A formula to
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predict inbred progeny variance derived from a cross between two inbred lines was reported
by Lehermeier et al. (2017) based on marker effect estimates using GS and their co-
segregation in progeny derived from a genetic map. Formulas were also derived to estimate
three- and four-way cross progeny variance (Allier et al. 2019a) and to predict gametic variance

in an animal breeding context (Santos et al. 2019).

Several CSC using progeny distribution estimates have been put forward, with each having
strengths and weaknesses. One strategy consists in estimating the genetic value of the best
inbred progeny that could be derived from a cross. Daetwyler et al. (2015) defined the optimal
haploid value (OHV) corresponding to the genetic value of the progeny of a cross that would
cumulate the most desirable alleles or haplotypes of parents at each position. OHV is fast to
implement and the selection of crosses based on this value has been shown to increase both
the genetic values and genetic diversity of the superior fraction of progeny at the next
generation, as compared to progeny derived from PM-based selection of crosses (Daetwyler
et al. 2015; Lehermeier et al. 2017). Note that there is a very low probability of observing OHV
in progeny as a high number of beneficial recombination events would be needed, while
avoiding all disadvantageous ones. Considering that the progeny size is generally limited,
another CSC named expected maximum haploid breeding value (EMBV) was suggested by
Muller et al. (2018). EMBYV predicts the value of a cross as the expected mean of the K top
progenies among D allocated to the cross.

Another strategy is to predict the average genetic value of a superior fraction of the progeny
of candidate crosses. Schnell and Utz (1975) suggested ranking crosses based on the
expected mean of an upper fraction q of their progeny. This CSC was named the usefulness
criterion (UC), with UC = PM + i*h*o, where i is the selection intensity corresponding to the
fraction q of selected progenies, h is the square root of heritability and o is the progeny variance
in our context. Note that when using UC in a GS context, h2 (and thus h) is usually set at 1 for
GEBYV, but further research would be required to be sure that this assumption has no influence
on the results. As an alternative to UC, Wellmann (2019) and Bijma et al. (2020) suggested
computing the value of a cross as the probability of producing progeny superior to a given
threshold. This threshold can be extrapolated from historical genetic gains observed in the
breeding program (Wellmann 2019), or it can be estimated as corresponding to the usual per-
generation selection rate among progeny (Bijma et al. 2020). It can also simply be the genetic

value of the best parental line.

Several studies compared the efficiency of those CSC in the short-term selection response
(one generation) (Zhong and Jannink 2007; Lehermeier et al. 2017; Yao et al. 2018; Bijma et
al. 2020). The findings showed that CSC based on progeny variance estimation could actually

increase the genetic gain, even if the parental genetic values and progeny variance were not
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accurately estimated. Zhong and Jannink (2007) and Bijma et al. (2020) showed that the
relative benefits of CSC based on progeny variance estimation compared to PM depends on
the ratio between the variance of progeny standard deviations - var(o) - and the variance of
progeny means - var(PM) - in the list of candidate crosses. When var(PM) among crosses is

highly superior to var(c), PM alone is enough to predict the rank of crosses.

According to the breeder’s equation, genetic gain is proportional to the genetic diversity and
selection intensity (Falconer and Mackay 1966). In a closed breeding program, i.e. with no
external genitors involved, the diversity decreases as the selection efficiency increases. A
further objective of the mating design is thus to maintain sufficient genetic diversity to ensure
long-term genetic gain. Breeders empirically avoid crossing the most related genitors (Wartha
and Lorenz 2021) while ensuring that a sufficient number of parental lines will contribute to the
next generation. Several more advanced methods have been designed to balance the
expected genetic gain and expected genetic diversity at successive generations when
selecting genitors and/or crosses, e.g. by constraining the average genetic similarity of all
selected parents (Toro and Perez-Enciso 1990; Meuwissen 1997; Jannink et al. 2010; Akdemir
et al. 2019; Allier et al. 2019a). In any case, the sought after balance between the expected
genetic gain and expected genetic diversity is not trivial to define. It depends on whether the
objective is to optimize short- or long-term genetic gain (e.g. in a breeding or pre-breeding
program).

This study was carried out to compare the genetic values and genetic diversity of top inbred
progenies derived from optimized mating designs obtained using different CSC. The parental
population included 835 historical (2000-2016) lines from the INRAE-AO winter bread wheat
breeding program. We tested several previously published CSC (PM, OHV, EMBV, UC) and
adapted two new ones from the literature that had never been tested per-se. From Wellmann
(2019), we adapted PROBA, which consisted of ranking crosses based on the expected
proportion of progeny superior to the best breeding line of the breeding program. From Bijma
et al. (2020), we defined the UC3 criterion maximizing the expected value of a superior fraction
of the whole progeny of the mating design, without any approximation or hypothesis. We
compared genetic gain and diversity levels in the selected progeny when the QTL effects and
positions were supposedly known, and also when the marker effects were estimated using a
GBLUP model with observed parental phenotypes. Diversity constraints on parental
contributions, i.e. minimal and maximal number of parents, crosses and progenies were

chosen according to typical breeding practices.
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Material and Methods

Parental populations
The founder population included 835 Fs-F9 winter-type bread wheat lines developed and

phenotyped between 2000 and 2016 by breeders from the French National Research Institute
for Agriculture, Food and Environment (INRAE) and its subsidiary breeding company Agri-
Obtentions (AO) (Ben Sadoun et al. 2020). They were genotyped with 35K SNPs (Ben Sadoun
et al. 2020) representative of the TaBW280K array (Rimbert et al. 2018). For this analysis, the
markers were filtered according to the missing data rate (< 5%), heterozygosity rate (< 5%)
and minor allele frequency (> 10%) yielding 16,429 SNPs. Missing genotypes were imputed
using the Beagle v4.1 algorithm (Browning and Browning 2007; Browning and Browning 2016)
implemented in the synbreed R-package (Wimmer et al. 2012). The genetic values for yield of
these 835 lines were estimated using the GBLUP model.

Different tested scenarios

Simulations were carried out to take three parameter levels into account:

(1) the degree of selection for the trait of interest in the parental population:
(1a) unselected population: we considered that the parental population composed of
835 historical breeding lines from INRA/AO had never been selected for the trait of
interest. QTL positions and effects were randomly assigned.
(1b) selected population: an ancestral population created as in (1a) was further
crossed and selected via three in-silico cycles to produce the parental population. Note
that the genetic architecture of this population was the same as the corresponding
unselected parental population.
(2) the accuracy of marker effect estimates:
(2a) TRUE: QTL effects and positions were supposedly known (or perfectly estimated).
(2b) ESTIMATED: marker effects were estimated by GS using parental phenotypes and
removing QTLs in genotypes (Figure 1)
(3) The constraints to maintain genetic diversity in the breeding material:
(3a) CONSTRAINTS on parental contributions and genetic distance between parents (see
below, constraints C1 to C6)
(3b) NO CONSTRAINTS (only constraints C1 and C2 were applied to the total number of

progenies and the minimum and maximum number of progenies per cross)
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We simulated the eight scenarios that are summarized in Figure 1. Note that the
corresponding CONSTRAINT/NO CONSTRAINT and TRUE/ESTIMATED scenarios were

simulated with the same parental population and genetic architecture.

835 INRAE/AO genotypes QTL info
\ TRUE » ESTIMATED
Unselected 30* populations of parents 30* populations of parents
Scenario TRUE + Unselected Scenario ESTIMATED + Unselected
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Mating design
with NO CONSTRAINT

Figure 1: Different tested scenarios

The scenarios considered two marker effect estimation accuracy levels (TRUE, in which QTL
effects were known and ESTIMATED, with marker effects being estimated by GS) ; two types
of populations (unselected populations corresponding to the 835 INRAE/AO founders, and
selected populations starting from those founders, followed by three random crossing and
selection cycles) ; two mating design constraint levels (CONSTRAINTS and NO
CONSTRAINTS). Each scenario was simulated for 30 different genetic architectures
(characterized by a set of 300 QTLs with random position and effect) using INRAE/AO historical

breeding lines as the parental population.
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Unselected population + TRUE QTL effects scenario

The parental population was built with genotypes of the 835 historical breeding lines from the
INRAE/AO breeding program. In order to take into account the uncertainty in the genetic
determinism of quantitative traits, we simulated 30 random genetic architectures controlled by
300 QTLs randomly picked among the 16k SNPs, with normally distributed genetic effects
N(0,1). The favorable allele was assigned at random to one of the two SNP alleles, so that
coupling and repulsion associations would also occur at random. QTL effects were adjusted
to provide a variance of true breeding values (TBV) of 14 (quintal/ha)?, as for the parental
GEBYV obtained using experimental data. TBV were calculated as the cross product between
QTL effects and allelic doses.

Selected population + TRUE QTL effects scenario

Populations under selection for one or several traits of interest present negative covariances
between QTLs. This phenomenon is called the Bulmer effect (Bulmer 1971). Hence, the
observed genetic variance is lower compared to populations that have never been under
selection. In unselected population simulations, this phenomenon was not taken into account
as QTLs and effects were assigned at random positions along the genome. To take the Bulmer
effect into account, we derived 30 ‘selected populations’ from the founders by applying three
truncation selection cycles to the 30 unselected populations. At each of the three selection
cycles, 300 crosses were performed at random from the 300 lines with the highest TBV.
Selection on TBV provided an opportunity to maximize the Bulmer effect in new populations.
Each cross produced 11 F5 RILs (total progeny = 3,300), simulated with the MOBPS R
package (Pook et al. 2020). At cycles 1 and 2, only one progeny per cross was selected based
on TBV. In the 3" cycle, the three best progenies per cross were kept, leading to a final
population of 900 parental lines and called the ‘selected population’, from which 835 lines were

sampled at random.
Unselected population + ESTIMATED QTL effects scenario

Phenotypes of unselected parents were simulated with a heritability h%, of 0.4 by adding a
normally distributed noise of variance 21 (quintal/ha)? to their TBV (h?, = 14/(14+21) = 0.4).

Marker effects were estimated by backsolving the model using the PostGSf90 software
package (Wang et al. 2012; Aguilar et al. 2014). GEBV of progenies were computed as the

cross product between estimated marker effects and allelic doses.
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Selected population + ESTIMATED QTL effects scenario

Phenotypes were simulated by adding a normally distributed noise of variance 21 (quintal/ha)2

to the TBV. We used the same procedure as above to estimate marker effects and GEBV.

Estimation of genetic values and marker effects
For the ESTIMATED scenarios, we used a GBLUP model to estimate parental line genetic

values and marker effects according to the model:
Vi=p+ta; +e

where i denotes the name of the parental line (n = 835), Y is the vector of phenotypes, u is the
average phenotype, a is the vector of genetic values and e is the vector of residual effects.
The genetic values were assumed to follow N(0, GWg,2), where GW is the genomic relationship
matrix computed as ZZ’/12Y,; p; (1 — p;), with Z being the centered genotyping matrix, excluding
QTL genotype, and p, the allelic frequency at locus |, and where ¢,2 is the genetic variance.
Residual effects were assumed to follow N(0, Io,?). Parameters o,2 and o2 were estimated
using the AIREMLf90 software package (Misztal 2008).

Prediction of progeny variance

The expected variance of progeny was computed using the formula provided by Lehermeier
et al. (2017) for biparental RIL progeny obtained after four generations of selfing (F5 RILS). For

each cross P;*P;, the formula for the expected variance of progeny was

RILS F5
0% " =ax Tl Bip (L =prip) + 2 k<t BkBi4Dy 1 (1 — 213> — (0.5(1-21%))%))

Where B are either QTL effects for TRUE scenarios (length B = 300) or estimated marker
effects for ESTIMATED scenarios (length B = 16 429 - 300), p;;; is the allelic frequency at
locus | for parents P; and P; (O if parents carry the same allele at this locus, 0.5 if they differ),
Dy, i; is the linkage disequilibrium (LD) between alleles at loci | and k for parents P; and P;
(either O if parents carry the same allele at locus | or k, or 0.25 if alleles are in coupling phase
(i.e. one parent carries the two beneficial alleles while the other carries deleterious alleles), or
— 0.25 if the alleles are in repulsion phase and ry; is the recombination rate between locus |
and k. The recombination rates were computed from the Western European recombination
map published by Danguy des Déserts et al. (2021), using the Haldane mapping function
(Haldane and Waddington 1931): 1, = 0.5%(1 — e~24k), where d,, is the genetic distance (in

morgans [M]) between loci k and | (Haldane, 1919).

The estimation of progeny variance for a high number of crosses (348,195 crosses in our
study) and of simulations (n=120) was highly time consuming. We accelerated this estimation

as described in Supplementary Protocol S1.
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Mating design constraints
Selecting crosses with the best CSC while including constraints on the progeny allocation

across parents can be defined as an optimization problem in which variables to adjust (progeny
sizes of each candidate cross in our case) will determine the value of the objective function to
maximize (the sum of products of CSC values by progeny sizes in our case) but are also
subject to constraints (e.g. the number of progeny per cross and per parent could be limited).
When the equation system is linear for the variables to adjust, linear programming may be
used to find the set(s) of variables that maximize the objective function. Otherwise, for more
complex problems, heuristic algorithms such as genetic algorithms (GA) may be used to obtain

a good (but not necessarily the best) problem solution.

A mating design was defined by a vector giving the number of progenies D;; allocated to each
candidate cross P;*P;. The constraints were inspired from the bread wheat breeding program

of the private company Florimond Desprez (personal communication):

- C1: The total number of progenies was set at D = 3 300

- C2: The number of progenies allocated to a cross ranged from D,,,;,= 5 t0 D4, = 60

- C3: The number of crosses ranged from K,,;,= 200 to K;;,4,= 300

- C4: The number of progenies derived from one parent could not exceed C,,,,, = 250

- C5: The number of recruited parents for the mating design ranged from P,,;,,= 100 t0 Py, 4
=132

- C6: Highly related parental lines could not be crossed. We used the LDAK software
package (Speed et al. 2012) to obtain a genomic relationship matrix G® in which SNPs
were weighted according to local linkage disequilibrium (LD) in order to take into account
the very heterogenous LD in bread wheat, which markedly increases from telomeres to
centromeres. This variance-covariance matrix was computed as WW’, where W was

obtained by centering and scaling each column of the genotyping matrix Z such that W;,=w;,

*(Z;-p)l\/pi(1 — p;) where p; is the allelic frequency at locus | and w; is the weight estimated
by LDAK according to the local LD intensity. Crosses involving a pair of parental lines
showing covariance superior to the 99% quantile covariance value were removed from the
list of candidate crosses (1% of the candidate crosses).
We compared scenarios with and without constraints, i.e. respectively called ‘CONSTRAINTS’
and ‘NO CONSTRAINT. Only constraints C1 and C2 were considered for the NO
CONSTRAINT scenarios. Note that parental lines GEBV and estimates of marker effects were
the same for the CONSTRAINTS and NO CONSTRAINT scenarios.
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In summary, we compared the benefits of CSC for eight scenarios: two scenarios that
differentiated the type of parental population (unselected or selected), two scenarios with
different genomic prediction accuracies (TRUE or ESTIMATED) and two scenarios with
different diversity constraints applied on the mating designs (CONSTRAINTS and NO
CONSTRAINT).

CSC and their corresponding objective function
One mating design is defined by a set of crosses and their respective number of progenies.

For each CSC, the mating design maximizes a specific objective function under constraints C1
to C6 for the CONSTRAINTS scenarios and C1 to C2 for the NO CONSTRAINT scenarios.

PM (parental mean)

The usefulness of the P;*P; cross iss the expected progeny mean, estimated as

_ ai+a]-

PM; ===

Where a is either the TBV of parents for TRUE scenarios or GEBV for ESTIMATED scenarios.

The objective function to maximize is
ij

UC1 (usefulness criterion 1) (Schnell and Utz 1975)
This CSC is the expected mean of the q = 7% best progeny of a cross, computed as
UClijz PMi]'+ iq=7%*0'i]'

Where i9=7% ~ 1.91 is the selection intensity corresponding to a 7% selection rate (computed
as the inverse Mills ratio) and g;; is the progeny standard deviation. The progeny standard
deviation g;; is computed either with QTL effects for TRUE scenarios or estimated allelic effects

for ESTIMATED scenarios. Note that a 7% selection rate is usually applied at the Florimond

Desprez company between F5 and F6 generation (when genomic predictions are applied).

Lj

The objective function to maximize is

UC2 (usefulness criterion 2)

This CSC is the expected mean of the g = 0.01% best progeny of a cross, computed as:
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Where i9=001% ~ 4 js the selection intensity corresponding to a 0.01% selection rate, i.e. twice
the selection intensity of the UC1 criterion. Although this 0.01% selection rate is not realistic
considering the small progeny size (D,,,, = 60 progenies per cross), the objective is to select
crosses with higher expected genetic variance compared to the UC1 criterion, while counting

on them providing more outstanding progenies. The corresponding objective function to

> by ~uczy
7

EMBV (expected maximum breeding value) (Muller et al. 2018)

maximize is:

The expected value of the best progeny among D;; allocated to a cross is :
EMBV(D;;) = PMy+ INT/Pi*gy;

With INT'/Pii being the expected value of the highest order statistic among a sample of Dy;
statistics drawn from N(0,1). An approximation of INT'/Pii was provided by (Burrows 1972):

(M=N)xq
2N(M+1D)*f ()

INTN/M — ja=N/M _
Where f is the density function of a Gaussian law N(0,1) and y, is the truncation threshold such
that P(y > y,) =g = N/M. In our conditions, N =1 and M = D;; and i9=N/M= f(y,)/q, so the
formula of Burrows yields :

Dij_l

INTYPij = {95=1/Dij - — 75
2+(14D;)+i 10=/Pij

The objective function to maximize is :

Lj

PROBA

This criterion ranks crosses based on their ability to produce a progeny exceeding a threshold
A, as suggested by Wellmann (2019) and Bijma et al. (2020). For setting A we use the genetic
value (TBV for TRUE scenarios or GEBV for ESTIMATED scenarios) of the best parental line.

The probability of a P;*P; cross producing progeny with a genetic value superior to A is qi’} =1-

Fij(x = A), with F;; the cumulative distribution function of the Gaussian distribution N(PM,;, al-jz).
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The probability that no progeny of the P;*P; cross exceeds A is (1 — q{})D”. The probability that

no progeny from all crosses exceed A is Hi,j(l - q{})D”, so the log probability is
%ijDij *log(1 — q{‘j). Maximizing the probability that at least one offspring will have genetic

value greater than A is equivalent to minimizing the objective function

> Dy «log(1 - gf)
ij

UC3 (usefulness criterion 3)

This criterion aims to maximize the expected mean of the superior quantile q (e.g. q = 7%) of
progenies of the whole mating design, where g is the usual proportion of selected progenies.
The same selection threshold s, is applied to all crosses and corresponds to the superior
qguantile g of the progeny genetic value distribution. The expected proportion of progeny of
genetic value superior to s, differs for each cross and the total proportion of progeny exceeding

sq Is equal to q:

q= (Zi,j D;; *qf}f’)/D, where qf}f’ = 1— Fjj(x < s4) is the expected proportion of progeny

superior to s, within the P;*P; family. The expected value of progeny superior to s, within each

Sq
family is equal to UCBZ‘? = PM;;+ i%i *o;;. For a given mating design, as defined by the vector

of D;;, the expected value of the g best progenies is thus equal to

jr

S s
Z Dl] * qi]fl * UCSl]q
— q*D
ij

The best mating design is obtained by maximizing this objective function, with the constraint

S,

D = Zi,jDij * ql']q .

OHV (optimal haploid value)

Daetwyler et al. (2015) defined OHV as the value of the best inbred progeny that could be
theoretically derived from a cross. For each genomic segment b, the effects of haplotypes

carried by parents P; and P; are respectively called g,; and p,;. The OHV of a cross is

computed as :
OHV;; = 2 x Y max(Bp;,Bpj)

Daetwyler et al. (2015) showed that selecting crosses based on OHV instead of PM was

advantageous in terms of short-term genetic gain when the number of haplotypic blocks per
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chromosome was low. For bread wheat, they showed, by simulation, that one to three blocks
per chromosome allowed higher genetic gain than smaller blocks. We defined three haplotypic
blocks per chromosome, one block per chromosome arm plus one block for the centromere

(with the positions of centromeric regions defined in Choulet et al. 2014).

The objective function to maximize is :

ij

Optimization of mating designs

In the CONSTRAINTS scenarios, for all CSC but EMBYV and UC3, the objective function and
constraints constituted a system of linear equations. We used an integer linear programming
algorithm implemented in IBM ILOG CPLEX software (CPLEX Python API, IBM 2017) to

maximize (or minimize) objective functions while respecting the constraints.

For criteria EMBV and UC3, the objective function and constraints did not form a system of
linear equations, as the usefulness (e.g. the CSC value) of a cross actually depended on the
number of progenies allocated to the cross. To optimize mating designs for EMBV and UC3
criteria, we used a genetic algorithm (GA). GAs are population-based metaheuristics inspired
by Darwinism (Goldberg 1989). The GA description used in this study and the tuning
parameters are given in Supplementary Protocol S2. GAs are difficult to tune and often
remain stuck at local minima. To avoid premature convergence, a sharing process can be
added before selection (Yin and Germay 1993) in order to give more chance to candidates that
are isolated in the search space. The sharing process requires the definition of a distance
between candidate solutions. Candidate solutions were considered different if at least one D;;
was different. The population of candidate solutions per iteration was set at 100. At the first
GA iteration, half of the initial candidate solutions were drawn at random, and the other half
was set at linear programming optimization outputs of other CSC. The findings of a short
preliminary study actually suggested that linear programming outputs of UC1 for EMBV
optimization and PROBA outputs for UC3 optimization were the best starting points for EMBV

and UC3 optimization.

For all criteria, we tested whether the pre-selection of candidate crosses with the highest PM
would influence the value of the objective function to be maximized (Supplementary Table
S1). For all criteria, pre-selection of the 10% highest PM crosses usually provided an objective
function value after optimization that was 99% similar to the objective function value of the

same population without pre-selection. To reduce the computation time, we thus optimized the
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mating designs with the 10% highest PM crosses. Note that pre-selection of crosses based on
parental genetic values was also used in Zhong and Jannink (2007), Lehermeier et al. (2017)
and Bijma et al. (2020).

In the NO CONSTRAINT scenarios, we did not use optimization software to optimize mating
designs, except for UC3. For all other CSC, crosses were ranked based on CSC values and
the 55 best crosses received D,,,, = 60 progenies (constraint C2), for a total of D = 3,300

progeny (constraint C1).

Progeny simulation

The F5 RIL progenies of each mating design were simulated using the MOBPS R package
(Pook et al. 2020). Each mating design was simulated 20 times to account for the possibility
that progeny genotypes might vary due to Mendelian gamete sampling. Progeny TBV were
then computed as the cross product between QTL effects and the allelic dosage at QTL loci.

CSC performance
The mating design optimization in this study had two objectives: to derive high-performing

genotypes for commercial purposes, but also to improve the breeding population while limiting

the loss of genetic diversity.

The ability of CSC to improve genetic values of commercial lines compared to PM at each K/D

selection rate was computed as the relative increase in the mean progeny TBV compared to

1 TBV ¢sc—TBV pym
PM: WZP*"‘T

BV pmM—TBVparents

Where TBV sciss the mean TBV of the K best progenies among D simulated progenies in the
m-" simulation (M = 20 repetitions) of a mating design optimized for the CSC for the genetic
architecture p (P = 30 different genetic architectures) for scenario s. The progeny selection
rate (K/D) ranged from 1/3,300 (the very best progeny) to 10%. The term TBV stands for the

mean TBV of all candidate parents in architecture p simulation m.

Finally, we measured genetic diversity using genic variance, computed as ogzem-cp

214*Blzp *prp* (1 —pp), With p;, being the allelic frequency of QTLs in the selected
progenies derived from population p in scenario s, and g, ,, being the true allelic effect of QTLs
at locus | in population p (note that QTL effects g did not change between scenarios, only
between genetic architectures). The relative change in genic variance in the K/D selected

progeny obtained using a mating design optimized for CSC compared to PM in scenario s was

calculated as the relative increase in the progeny variance compared to PM :
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2 2
1 Ogenic csc Ogenic PM

2 2
PM p*m Ogenic M Ogenic

parents

Where a;enic cse Was the genic variance in the selected set of progenies in the m-" progeny

simulation for architecture p. To evaluate the ability of CSC to improve the new breeding
population in terms of both gain and diversity, we set a 7% selection rate, corresponding to a
realistic selection rate at the F5 stage in a bread wheat breeding program, and computed the
relative increase in the mean progeny TBV and the relative increase in the progeny genic
variance.

Results

Elite progenies

Crosses were selected using seven genomic cross selection criteria (CSC), namely PM
(parental mean value = expected progeny mean value), UC1 (expected mean value of the top
7% progeny), UC2 (expected mean value of the top 0.01% progeny), UC3 (expected mean
value of progeny superior to the 93% quantile of the whole mating design), PROBA (expected
percentage of progeny superior to a threshold, set to the best parent value in this study), EMBV
(expected value of the best progeny among D progenies) and OHV (best theoretical progeny
value). They were computed with TRUE or ESTIMATED marker effects and using parents from
unselected or selected populations for 30 different trait architectures. Figure 2 gives the
relative increase in the mean progeny TBV compared to the PM reference criterion for a
selection rate ranging from 0.03% (selection of the best progeny among D = 3,300 progenies)
to 10%.
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Figure 2: Relative increase (%) in the mean TBV of selected progeny obtained by optimizing
the mating design with alternative CSC compared to the PM criterion. The vertical grey dashed

line represents a 7% selection rate, as used in Figure 3.

For TRUE scenarios, all criteria were superior to PM when selection was strong (selection rate
< 1%). For example, for all CSC but OHV, the mean TBV of the selected progeny increased
by around 4% for unselected scenarios and by up to 5% for selected scenarios compared to
PM. For ESTIMATED scenarios, the relative increase barely exceeded 1% for all scenarios.

The ranking of criteria to maximize the TBV of selected progeny changed slightly with the
scenario and selection rate. For TRUE + unselected scenarios, the best criterion to maximize
the value of the best progeny was UC3, with a 4.1% average increase in the TBV of the best
progeny and a 1.9% standard deviation; for TRUE + selected scenarios, the best criterion was
EMBV (5.2% + 1.7%); for ESTIMATED + unselected scenarios, the best criterion was PROBA
(1.1% + 3.1%); and for ESTIMATED + selected scenarios, the best criterion was UC2 (0.9% +
2.9%). Pairwise t-tests computed within each of the four scenarios identified three significant
groups (p < 5% after Bonferroni correction) for TRUE scenarios: the upper group consisted of
UC1, UC2, UC3, PROBA an EMBYV, and the middle group consisted of PM and the lower group
consisted of OHV. The pairwise t-tests were not significant for the ESTIMATED scenarios,

except for OHV, which was significantly lower than the other CSC. In conclusion, CSC
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alternatives to PM (except OHV) were superior to PM only for TRUE scenarios, with no

substantial differences between them.

Note that PROBA and UC3 slightly underperformed for TRUE + selected scenarios when
selection was strong (low selection rate). Other CSC such as UC1 or UC2 should be preferred
in that case. For all scenarios, the OHV criterion provided the lowest genetic gain. It was very

disadvantageous compared to PM for all scenarios at > 1% selection rate.

In conclusion, when QTL effects were perfectly estimated (TRUE scenarios), CSC based on
progeny variance estimation (UC1, UC2, UC3, EMBYV, PROBA) could increase the genetic

gain by up to 5% in breeding programs.

Trade-off between genetic gain and genetic diversity in selected progeny

We considered that the new breeding population included the 7% best progeny derived from
the optimized mating design. Figure 3 shows the relative increase in the mean progeny TBV
and the genic variance in the new breeding populations using CSC instead of the PM criterion.
The grey line in Figure 3 shows criteria with the best trade-off between genetic gain and genic
diversity. For all scenarios (TRUE/ESTIMATED; unselected/selected), PM was not amongst
the best trade-offs. For example, for TRUE + selected scenarios (bottom left in Figure 3),
crosses could be selected based on EMBV (blue point) or UC1 (yellow point), with these two
CSC reducing the loss of genic variance within the 0 to 4% range compared to PM (black
point). In fact, most criteria maintained more genic diversity than the PM criterion, except
PROBA and UC3 for most scenarios.
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Figure 3: Trade-off between the relative increase in the mean progeny TBV and progeny
genic variance in the 7% best progenies of the mating design compared to PM for
CONSTRAINTS scenarios. Grey lines link criteria belonging to the set of best trade-offs, i.e.

the best relative increase in the mean TBV for each level of relative increase in genic variance.

The set of criteria providing the best trade-offs was similar for all scenarios and included the
OHV, UC2 and UC1 criteria, and sometimes PROBA. There was a negative relationship
between genetic gain and genetic diversity. For example, OHV was the most efficient criterion
to maintain genetic diversity but the worse one to maximize genetic gain, while PROBA was

the opposite.

Genetic diversity within progeny depended on the diversity of the selected parents and the
progeny distribution across the selected parents and crosses. Mating designs based on PM
systematically displayed the highest average genetic similarities between selected parents
compared to other CSC (Supplementary Protocol S3, Supplementary Figure S1). OHV and

UC2 criteria displayed the lowest genetic similarities between recruited parents.

We used some CONSTRAINTS when building the mating design in order to maintain the

genetic diversity, e.g. avoiding crossing related lines and ensuring that progeny were spread
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among a minimum number of parents and crosses. These CONSTRAINTS increased the genic
variance by 10% (8-15% depending on the CSC and scenario) in the new breeding population
and reduced the mean value of the new breeding population by 5% (4-8%; Table 1).

Incidentally, the CONSTRAINTS also reduced the value of the top progeny by around 2% for

all CSC and up to 8% when using PM.

the breeding
population

Other CSC + 9%

Other CSC + 8%

Other CSC + 12%

Marker effects TRUE ESTIMATED
Starting population Unselected Selected Unselected Selected
Genic variance of PM + 12% PM + 11% PM + 15% PM + 13%

Other CSC + 13%

Genetic gain of the
breeding

population

PM: -8%

Other CSC -6%

PM: -8%

Other CSC -5%

PM -4%

Other CSC -5%

PM -4%

Other CSC -4%

Value of the best

progeny

PM -8%

Other CSC -2%

PM -8%

Other CSC -2%

PM -4%

Other CSC -2%

PM -1%

Other CSC -2%

Table 1: Impacts of CONSTRAINTS in terms of genic variance and genetic gain for the top

7% progeny of the whole mating design and for the best progeny value. The values were

value in CONSTRAINTS— value in NO CONSTRAINT
value in NO CONSTRAINT

computed as for each metric and each CSC, and then

averaged over the 30 genetic architectures. Values in bold represent CSC showing the most

desirable response in the CONSTRAINTS scenarios.

The CONSTRAINTS scenarios had a significant effect for all three metrics (higher genic
variance, lower genetic gain and lower best progeny value), especially when using PM. This
could be explained by the fact that the selected crosses using CONSTRAINTS are sub-optimal
compared to NO CONSTRAINTS in terms of genetic gain, while forcing a minimum level of
diversity in parents. For NO CONSTRAINT scenarios, the algorithm assigns a maximum
number of progenies (60) to the 55 best crosses, while for CONSTRAINTS scenarios, the
objective function maximizes the sum of CSC of all selected crosses, with a limit of 250
progenies per parent for the whole design. The mate allocation concerning least performing
parents seems more or less random with CONSTRAINTS (see the low percentage of crosses
that were similar in two independent mating design optimizations from the same sets of parents
using the PM criterion with CONSTRAINTS in Supplementary Table S1).
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We observed an increase in the relative gain provided by CSC compared to PM in the
CONSTRAINTS scenario. For example, in the TRUE + NO CONSTRAINT scenario, the
relative increase in the TBV of top progenies was roughly twofold lower in comparison to the
TRUE + CONSTRAINTS scenarios (Figure 4).
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Figure 4: Relative increase in the mean TBV of selected progeny compared to progeny
using the PM criterion for NO CONSTRAINT scenarios.

Despite the fact that the difference between PM and other CSC was reduced for NO

CONSTRAINT scenarios, alternative CSC still appeared to be much more advantageous

compared to PM in providing high-value progenies. For the TRUE + unselected scenario,

EMBV provided the best progeny (relative increase compared to PM = 1.5% + 1.6); for the
TRUE + selected scenarios, UC2 provided the best progeny (2.9% + 2.4); for the ESTIMATED
+ unselected scenarios, PROBA was the best criterion (0.7% % 2.3) and for the ESTIMATED

+ selected scenarios (closer to breeding programs), UC3 was the best criterion (1.3% + 1.9).
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Discussion

Criteria ranking
In breeding programs, the mating design mainly relies on crosses involving the best parental

inbred lines so as to ensure high mean progeny performance. The problem is that the highest-
performing individuals may bear similar sets of alleles and actually produce fewer outstanding
progenies (with less genetic variance) than the parents that have fewer yet favorable
complementary alleles. As it is not feasible to evaluate all possible crosses in the field, it would
be valuable to be able to predict the value of a cross or mating design in advance. Instead of
focusing on the parental performance, the idea is to estimate a proxy of the value of top
progenies based on the predicted progeny mean and variance. There have been several not
very successful attempts made using distances between parents based on phenotypes (Souza
and Sorrells 1991; Utz et al. 2001), genetic distance based on molecular markers (Bohn et al.
1999; Hung et al. 2012), molecular scores (summing QTL effects) and GEBV (summing marker
effects estimated by ridge regression) (Tiede et al. 2015). The idea of genomic mating (GM)
strategies is to use the genomic cross selection criterion (CSC) to optimize the
complementation of parents to be mated (Akdemir and Isidro-Sanchez 2016). As progeny
genetic variance is generated by randomly sampling recombinations between parental
chromosomes and then sampling those chromosomes during meiotic division, if we could
accurately estimate marker effects as well as recombination rates between markers, then it
would be possible to optimize mating by maximizing the probability of obtaining individuals that
cumulate a maximum of favorable alleles. Several CSC have been proposed to rank the
crosses that are focused on different properties of the right-hand tail of the predicted
distribution of progeny breeding values: UC (expected mean value of top progeny), PROBA
(expected percentage of progeny with genetic value higher than a threshold), EMBV (best
progeny value among N progenies) and OHV (best theoretical progeny value). One goal of the
present study was to rank criteria based on their ability to provide superior genetic gain, but
also to assess their impact on genetic diversity in order to measure their long-term genetic gain
sustainability. Even with unperfect marker estimation, mating designs optimized using progeny
variance estimates provided superior genetic gain and/or superior genetic diversity in progeny

than mating designs solely optimized with regard to parental breeding values.

The PM criterion served as a reference. For all scenarios, other CSC (except OHV) provided
superior genetic gain in top progeny when selection was stringent. Moreover, the PM criterion
never offered the best trade-off between genetic gain and genetic diversity in the 7% top
progenies when applying diversity constraints on parents (Figures 2 ad 3) or when not
applying any (Figure 4). The set of best trade-offs was quite similar across scenarios. The

OHV criterion systematically belonged to this set in the pareto curve and was associated with
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a minor genic variance loss but also the lowest genetic gain. The potential of OHV to maintain
genetic diversity has already been demonstrated by Daetwyler et al. (2015). PROBA, UC3,
UC1 and EMBYV criteria provided the best trade-offs and were associated with the highest
genetic gain, whereas there was a genic variance loss close to that observed using PM (up to

4% more genic variance).

This study tested the impact of two CSC, PROBA and UC3 adapted from recent literature. The
PROBA criterion, as described by Wellmann (2019), ranked crosses based on their probability
of producing progeny superior to the best parental line. PROBA provided among the highest
elite progenies for all scenarios (Figure 2), except for TRUE + unselected and NO
CONSTRAINT scenarios (Figure 4) where UC (criterion based on the expected superior
guantile value of the progeny distribution) worked better. Note that a threshold must be set for
the PROBA criterion. In this study, we opted to set this threshold according to the genetic value
(TBV for TRUE scenarios or GEBV for ESTIMATED scenarios) of the best parental line.
However, other authors have suggested using different thresholds (Wellmann 2019), e.g. the
genetic gain to reach at next generation. Note that if the threshold is too high (or too low)
compared to the expected progeny distributions (for a cross population), most crosses will
have a 0 (or 1) PROBA value, which complicates optimization of this criterion.

The UC3 criterion aims to maximize the expected value of the 7% best progenies of the whole
mating design. It is a direct application of the Index 5 criterion concept tested in Bijma et al.
(2020) but with no numerical approximation, thereby increasing the computation time. In terms
of genetic gain, the UC3 criterion was among the best CSC for NO CONSTRAINTS scenarios
and TRUE + unselected scenarios with CONSTRAINTS. Note that for UC3 and EMBV, we
could not use linear programming as for other CSC, so it was much more compute-intensive.
For instance, it took < 10 min to optimize a mating design between 35k candidate crosses (pre-
selection of the 10% crosses with the highest PM:), < 5 h to choose between 350k crosses (no
pre-selection) using linear programming and around a day for UC3 or EMBV to reach

reasonable convergence with our homemade genetic algorithm.

In conclusion, UC1 and UC2 criteria are a good trade-off for quick genetic gain optimization

while maintaining genetic diversity.

Factors influencing the added-value of CSC compared to PM

According to Figures 2 and 4, the relative increase in progeny TBV for CSC based on progeny

variance estimation was significant for TRUE scenarios but not for ESTIMATED scenarios. For
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TRUE scenarios, CSC were more efficient for selected compared to unselected scenarios.

Two non-exclusive factors could explain these results.

Progeny variance estimation accuracy

First, CSC using progeny standard deviation estimates (6) was hampered by higher estimation
error than the conventional PM criterion based solely on progeny mean estimates PM (Table
2). The correlation between estimated (G) and true standard deviation (o) was on average 4 to
22 points lower than the correlation between the estimated (PM) and true parental mean (PM).
Note that both PM and G accuracies were higher in ESTIMATED + unselected populations
than in ESTIMATED + selected populations. It is hard to determine if it is due to the lower
heritability in selected populations (because the environmental variance was set as constant

during in-silico breeding) or the negative correlation between QTLs (Bulmer effect).

The lower accuracy of progeny variance estimates compared to genetic values has been
reported in many studies (Neyhart and Smith 2019, Adeyemo and Bernardo 2019, Wolfe et al.
2021, Santos et al. 2019). Factors influencing the GEBV estimation accuracy, e.g. phenotyping
guality, experimental design, statistical model used to take environmental effects into account,
as well as the genetic relationship between the candidate and training population, probably
impact progeny variance estimation accuracy as well. Concerning GEBV estimation, the
different genomic selection models tested in the literature usually lead to slight or moderate
improvement in GEBV accuracy for quantitative traits, while sometimes providing a significant
improvement when trait variations were controlled by a few heterogenous QTLs (Daetwyler et
al. 2008; Heslot et al. 2012). However, for progeny variance estimation, Bayesian models may
markedly improve the accuracy for quantitative traits compared to the GBLUP model because
of their ability to model the heterogeneity or uncertainty of marker effects. For example,
Lehermeier et al. (2017) suggested using an Markov chain Monte Carlo (MCMC) algorithm to
calculate the posterior mean of progeny variance (Sorensen et al. 2001, Lehermeier et al.
2017). In matrix notations, the progeny variance is calculated as B’Vij,l? , Where £ is the vector
of estimated markers effects and V;; is the variance-covariance matrix of marker genotypes of
the progeny derived from the cross between Parent; and Parent;. The MCMC algorithm allows

estimation of the posterior distribution of 6% by averaging the product /?’Vij,l? for each sample

of the posterior distribution of § (posterior mean variance [PMV] estimates). Such PMV
estimates were shown to be quite accurate in estimating the true progeny variance. For

instance, in simulations run by Lehermeier et al. (2017), for hz = 0.4 with a 100-600 training

population size range, the bias in the PVM estimate of progeny variance (EE - 0%/ 0?) ranged
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from 0.06 to 0.21, while the correlation with the true value ranged from 0.58 to 0.65. This was
much more accurate than what we obtained with our data for a similar scenario (unselected +
ESTIMATED, h2 = 0.4, training set size = 835, GBLUP model) with an average -0.82 + 0.04
bias and 0.41 £ 0.07 correlation. Using empirical data, Wolfe et al. (2021) obtained a PMV
estimate correlation with a real phenotypic observation of progeny variance ranging from 0 to
0.4 for different traits. Another strategy for estimating marker effects is to use selection models
such as Bayesian Lasso that basically remove markers having very minor effects. In Santos
etal. (2019) and Tiede et al. (2015), the Bayesian Lasso model provided more accurate marker
effects and progeny variance estimates than GBLUP, but this was not the case in Yao et al.
(2018). Finally, other GS models could be interesting to test with regard to increasing the
progeny variance estimate accuracy, e.g. models using haplotypic blocks instead of markers
(Cole and VanRaden, 2011, Bonk et al., 2016). The idea is that combinations of alleles in
haplotypic blocks may be better estimated (if present in the training population) than individual
SNPs and segregate as a block in progeny. For bread wheat, the recombination hotspots
described in Danguy des Déserts et al. (2021) could be used as haplotype block separators,

for instance.

Population h? cor(PM,PM) | cor(3,0)

Unselected 04+0.06 |045+0.05 |0.41+0.07

Selected 0.3+0.03 |0.38+0.04 |0.16+0.07

Table 2: Correlation of the expected mean progeny estimate PM and progeny standard

deviation @ compared to their true PM and o values.

Marker effects were estimated using GBLUP for selected and unselected scenarios. Values
were computed on the 10% crosses with the highest PM. Heritability was computed as the
ratio between twice the genetic variance parameter estimated by GBLUP and the phenotypic

variance.

Progeny variance variability of candidate crosses

The benefits of CSC based on progeny variance estimation also highly depend on the ratio

between the progeny standard deviation and progeny mean variance t = var(o)/var(PM). To
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understand why, let us follow the reasoning of Zong & Jannink (2007) based on an example
with the UC criterion: the expected value of the superior fraction g of the progeny of a cross is
computed as UC = PM + i*a, with i being the selection intensity corresponding to the selected
guantile g. The variance of UC values is thus equal to var(UC) = var(PM) + i**var(o) +
2*i*cov(PM, o). We can thus hypothesize that the lower the t ratio, the more the UC variance
could be explained by the PM variance. In other words, when the t ratio is low, the genetic
values of parent (e.g. ~ PM) values drive the expected superior progeny value. Hence, all CSC
tend to select the same crosses, leading to a low additional genetic gain of alternative CSC
over PM. For ESTIMATED scenarios, the t ratio was 4-fold lower than for TRUE scenarios
(Table 3). As expected, the mating designs in our analysis converged when the t ratio
decreased. Supplementary Figure S2 shows a higher pairwise correlation of criteria for all
candidate crosses for ESTIMATED (t = 2-3%) compared to TRUE (t = 6-11%) scenarios. This
means that best parent ranking tended to be more similar for ESTIMATED compared to TRUE
scenarios. Second, the proportion of shared parents between mating designs obtained with
different criteria also increased for ESTIMATED scenarios, as well as the genetic similarity
between recruited parents (Supplementary Protocol S3, Supplementary Figures S1 and
S3). This means that a more similar cohort of parents was indeed selected across CSC. As
the t ratio is highly decisive for the added value of alternative CSC over PM, it is important to
properly estimate the progeny variance, e.g. using previously described models (PMV,

Bayesian Lasso).

Bijma et al. (2020) tested the added value of several CSC for populations with different t ratios,
and populations with a high t ratio systematically showed higher alternative CSC benefits. We
can list some population types that are expected to have a high t ratio, and would thus be
worthy of CSC implementation. First, Populations that experienced selection. In Bijma et al.
(2020) it was hypothesized that in the context of an infinitesimal model and infinite populations
the progeny variance does not change over generations. However, in our simulations, e.g. in
finite populations with a finite number of causal loci, var(PM) was indeed reduced by selection
(3-fold lower for selected scenarios compared to unselected scenarios), but var(o) was also
reduced (1.4-fold lower for selected compared to unselected scenarios). But the TRUE t ratio

still increased, along with the expected benefits of CSC based on progeny variance estimation.

Second, structured populations can also lead to high t ratios. Structured populations arise
when crossing elites with genetic resources (GR) from different genetic groups, in pre-breeding
programs for instance, or to a lesser extent when crossing elite parents to elites from different
breeding companies. When crossing parents from two highly differentiated populations, the t
ratio may increase because of a higher magnitude of var(o). Genetic differentiation leads to

higher polymorphism between parents from different genetic groups (Wahlund effect) and


https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.17.533166; this version posted March 22, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

among progenies, and thus higher progeny variance. According to Bijma et al. (2020),
structuring in plants may explain the negative correlation between PM and o reported in several
publications in maize (Bernardo 2014; Mohammadi et al. 2015), bread wheat (Lado et al. 2017)
and barley (Abed and Belzile 2019; Neyhart and Smith 2019). In our case, we also observed
a negative relationship between PM and o in INRAE-AO data analyses and simulations. The
negative relationship was greater in unselected scenarios (Supplementary Figure S2). A
negative correlation indicated that crosses with a low to medium parental mean (elite*GR) had
a higher progeny variance than crosses between elite parents. In these situations, ranking
crosses according to CSC based on progeny variance estimation may thus be very useful for

increasing genetic gain.

We hypothesized that the genetic structure of the population and accuracy of progeny variance
estimates were the two factors explaining high t ratios, and in turn high benefits of alternative
CSC, in the plant breeding programs of Lehermeier et al. (2017) and Yao et al. 2018.
Lehermeier et al. (2017) used a maize NAM population built with European dent landraces
(Bauer et al. 2013) crossed to one elite accession, leading to a family-structured progeny. The
ratio var(é)/var( PM) was on average 14% in the findings of Lehermeier et al. (2017) (Table 2
in their article, h2 = 0.2 and h2 = 0.6). The ratio obtained in our study using elite bread wheat
material ranged from 2 to 11% (Table 3). In Lehermeier et al. (2017), the genetic gain provided
by UC compared to PM was > 0.2 genetic standard deviation (d,) at a < 10% selection rate
(Figure 4 in their article). This was 5-fold higher than our best results for the 7% top progenies
under similar scenarios (unselected + TRUE populations: genetic gain = 0.04 o,; unselected
+ ESTIMATED, h?=0.4: 0.0350,). Yao et al. (2018) used bread wheat crosses involving
Chinese and Australian lines that were likely very differentiated and thus likely associated with
a high t ratio. In Yao et al. (2018), the genetic gain provided by UC was 0.06 o, at h? = 0.3,
0.08 g, at h? = 0.5 g5 and 0.13 o, at h? = 0.8, for a selection rate ranging from 1 to 10%. This
level was similar to what we observed for TRUE + unselected scenarios and 2-fold more

compared to ESTIMATED + unselected scenarios (0.035 a;).

TRUE ESTIMATED
var(o)/var(PM) var(s)/var(PM).
Unselected Selected Unselected Selected

6% * 1% 11% + 2% 3% = 0.1% 2% + 0.2%
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Table 3: Ratio between the variance of progeny standard deviation o and the progeny

expected mean PM for various scenarios.

This was calculated for the 10% crosses with the highest PM.

Trade-off between genetic gain and genetic diversity

The breeder’s equation implies that genetic gain is proportional to the selection intensity and
genetic variance. However, the theory also predicts that in an isolated breeding program,
without extrinsic germplasm introduction, each selection step is associated with a reduction in
genetic variance. Genetic gain in successive generations would thus be expected to decrease,
and finally converge to 0 when there is no longer genetic variance in the breeding population
(Jannink et al., 2010). This phenomenon is faster with genomic selection, which decreases the
generation interval, increases the selection intensity if the accuracy is high, and increases the
probability of selecting related individuals (Clark et al. 2011, Pszczola et al. 2012).

Several methods have been suggested in the literature to come up with a trade-off between
genetic gain and genetic diversity. For example, several authors (Jannink et al. 2010; Goddard
2009; Hayes et al. 2009) suggested giving more weight to rare and favorable alleles when
computing GEBV on candidate parents (weighted genomic selection [WGS]). Alternatively,
Goiffon et al. (2016) suggested selecting a set of candidate parents that bear at least one copy
of all beneficial alleles. These two methods rely on marker effects estimated by genomic
predictions. These estimates are expected to change over the generations due to selection,
recombination and the resulting variations in LD between markers and QTLs. Alternatively, the
optimal contribution selection (Meuwissen 1997) or optimal cross selection (Kinghorn et al.
2009; Allier al. 2019, OCS) methods are geared towards optimizing parental contributions to
progeny in order to maximize genetic gain while constraining average pairwise inbreeding,
which is proportional to the genetic variance loss (Falconer and Mackay 1996, reviewed in
Woolliams et al. 2015). In plants, these methods have been adapted to inbreds by Allier et al.

(2019) to maximize genetic gain while limiting the loss of mean expected heterozygosity in
future progeny: He = 1 — % c¢'®c where c is the contribution of parents to progeny, ® is the

identity by state matrix (Allier et al. 2019). The expected genetic diversity He is determined by
two factors, i.e. the distribution of progenies among candidate parents (c values) and the
genetic similarity of parents ®. As a rule of thumb, the overuse of the few (best) parents (Wray
and Thompson, 1990) and the use of highly similar parents have a negative impact on the
expected heterozygosity. In this study, instead of controlling He in progeny, we used more

simple practical CONSTRAINTS on the mating design that forced us to allocate progenies to
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many crosses and parents (by imposing a minimum number of parents and crosses) and
hampered crossing of similar parents. The CONSTRAINTS were likely less accurate in
managing genetic diversity than OCS because they did not explicitly include the co-ancestry
of parents. Yet they had the advantage of being easy to define as they could be based on
usual breeding practices and budget constraints. In INRAE-AO material, we showed that
setting constraints on parental contributions actually had little impact on genetic gain but highly

preserved the genetic diversity.

Conclusion

For an elite bread wheat breeding program, crossing parents with the highest genetic values
is likely not the best means to maximize the usefulness of progeny. Alternative cross selection
criteria that take progeny variance estimation into account could provide better elite progeny,
improve the mean population value while maintaining more genetic diversity. However, the
efficiency of these alternative CSC depends on the progeny variance estimation accuracy,
which requires some improvement. The application of constraints to limit genetic diversity
erosion when selecting crosses slightly decreased the genetic gain while preserving higher
genetic diversity for long-term genetic gain. The use of such mating design optimization
methods will be facilitated by the enhancement of genomic prediction methods and their
widespread use in breeding programs. The implementation of such methods requires parental
genotyping and a large phenotypic and genotypic database to predict marker effects, which is
often carried out for genomic predictions of the per se value of advanced lines in breeding

companies.

Acknowledgments

The authors would like to thank the GenoToul bioinformatics platform Toulouse Occitanie
(Bioinfo Genotoul, doi: 10.15454/1.5572369328961167E12) for providing support, computing
and storage resources. The authors are also grateful to Héléne Rimbert for her help in
identifying SNP positions on refSeq v1.0. The doctoral contract and activities of ADDD were
funded by the INRAE metaprogram SELGEN and Florimond Desprez (Cappelle-en-Pévéle,
France). Genotyping was supported by the Breedwheat grant (ANR-10-BTBR-03). The authors


https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.17.533166; this version posted March 22, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

thank Simon de Givry and Daniel Ruiz for their advice on linear programming and genetic

algorithms.

Data Availability

Genotypes (GenotypingData.txt ) and phenotypes are available in the INRAEDataverse repository
(https ://data.inra.fr/) with the following links https://doi.org/10.15454/AABGO7 and
https://doi.org/10.57745/BSHZKV

Scripts to reproduce all the results are available on Github

(https://github.com/aldanquy/mating plans bread wheat).

References

Abed A, Belzile F. 2019. Exploring the realm of possibilities: trying to predict promising
crosses and successful offspring through genomic mating in barley. Crop Breeding, Genetics
and Genomics. 1(2).

Adeyemo E, Bernardo R. 2019. Predicting Genetic Variance from Genomewide Marker
Effects Estimated from a Diverse Panel of Maize Inbreds. Crop Science. 59(2):583-590.
doi:10.2135/cropsci2018.08.0525.

Aguilar I, Misztal I, Tsuruta S, Legarra A, Wang H. 2014. PREGSF90-POSTGSF90:
computational tools for the implementation of single-step genomic selection and genome-
wide association with ungenotyped individuals in BLUPF90 programs. In: 10. World
Congress on Genetics Applied to Livestock Production (WCGALP). American Society of
Animal Science.

Akdemir D, Beavis W, Fritsche-Neto R, Singh AK, Isidro-Sanchez J. 2019. Multi-objective
optimized genomic breeding strategies for sustainable food improvement. Heredity.
122(5):672-683. doi:10.1038/s41437-018-0147-1.

Allier A, Lehermeier C, Charcosset A, Moreau L, Teyssédre S. 2019. Improving Short- and
Long-Term Genetic Gain by Accounting for Within-Family Variance in Optimal Cross
selection. Frontiers in Genetics. 10:1006. doi:10.3389/fgene.2019.01006.

Allier A, Moreau L, Charcosset A, Teyssédre S, Lehermeier C. 2019. Usefulness Criterion
and Post-selection Parental Contributions in Multi-parental Crosses: Application to Polygenic
Trait Introgression. G3: Genes|Genomes|Genetics. 9(5):1469. doi:10.1534/9g3.119.400129.

Bauer E, Falque M, Walter H, Bauland C, Camisan C, Campo L, Meyer N, Ranc N, Rincent
R, Schipprack W, et al. 2013. Intraspecific variation of recombination rate in maize. Genome
Biology. 14(9):1-17. doi:10.1186/gb-2013-14-9-r103.

Ben-Sadoun S, Rincent R, Auzanneau J, Oury FX, Rolland B, Heumez E, Ravel C, Charmet
G, Bouchet S. 2020. Economical optimization of a breeding scheme by selective phenotyping
of the calibration set in a multi-trait context: application to bread making quality. Theor Appl
Genet. 133(7):2197-2212. d0i:10.1007/s00122-020-03590-4.


https://entrepot.recherche.data.gouv.fr/file.xhtml?persistentId=doi:10.15454/AABGO7/9KISXD&version=2.0
https://github.com/aldanguy/mating_plans_bread_wheat
https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.17.533166; this version posted March 22, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Bernardo R. 2014. Genomewide Selection of Parental Inbreds: Classes of Loci and Virtual
Biparental Populations. Crop Science. 54(6):2586—2595. doi:10.2135/cropsci2014.01.0088.

Bernardo R, Charcosset A. 2006. Usefulness of Gene Information in Marker-Assisted
Recurrent Selection: A Simulation Appraisal. Crop Science. 46(2):614—-621.
doi:10.2135/cropsci2005.05-0088.

Bijma P, Wientjes YCJ, Calus MPL. 2020. Breeding Top Genotypes and Accelerating
Response to Recurrent Selection by Selecting Parents with Greater Gametic Variance.
Genetics. 214(1):91. doi:10.1534/genetics.119.302643.

Bonk S, Reichelt M, Teuscher F, Segelke D, Reinsch N. 2016. Mendelian sampling
covariability of marker effects and genetic values. Genetics Selection Evolution. 48(1):36.

Bouchet S, Olatoye MO, Marla SR, Perumal R, Tesso T, Yu J, Tuinstra M, Morris GP. 2017.
Increased Power To Dissect Adaptive Traits in Global Sorghum Diversity Using a Nested
Association Mapping Population. Genetics. 206(2):573-585.
doi:10.1534/genetics.116.198499.

Brisbane JR, Gibson JP. 1995. Balancing selection response and rate of inbreeding by
including genetic relationships in selection decisions. Theoretical and Applied Genetics.
91(3):421-431.

Browning BL, Browning SR. 2016. Genotype Imputation with Millions of Reference Samples.
The American Journal of Human Genetics. 98(1):116-126. doi:10.1016/j.ajhg.2015.11.020.

Browning SR, Browning BL. 2007. Rapid and Accurate Haplotype Phasing and Missing-Data
Inference for Whole-Genome Association Studies By Use of Localized Haplotype Clustering.
The American Journal of Human Genetics. 81(5):1084—-1097. doi:10.1086/521987.

Bulmer MG. 1971. The Effect of Selection on Genetic Variability. The American Naturalist.
105(943):201-211. doi:10.1086/282718.

Burrows PM. 1972. Expected Selection Differentials for Directional Selection. Biometrics.
28(4):1091-1100. doi:10.2307/2528642.

Cole JB, VanRaden PM. 2011. Use of haplotypes to estimate Mendelian sampling effects
and selection limits. Journal of Animal Breeding and Genetics. 128(6):446—455.

Daetwyler HD, Hayden MJ, Spangenberg GC, Hayes BJ. 2015. Selection on Optimal Haploid
Value Increases Genetic Gain and Preserves More Genetic Diversity Relative to Genomic
Selection. Genetics. 200(4):1341-1348. doi:10.1534/genetics.115.178038.

Daetwyler HD, Villanueva B, Woolliams JA. 2008. Accuracy of Predicting the Genetic Risk of
Disease Using a Genome-Wide Approach. PLOS ONE. 3(10):e3395.
doi:10.1371/journal.pone.0003395.

Danguy des Déserts A, Bouchet S, Sourdille P, Servin B. 2021. Evolution of Recombination
Landscapes in Diverging Populations of Bread Wheat. Genome Biology and Evolution. 13(8).
doi:10.1093/gbe/evab152. [accessed 2021 Oct 22]. https://doi.org/10.1093/gbe/evab152.

Falconer DS, Mackay TFC. 1966. Introduction to Quantitative Genetics. 4th ed. Harlow,
Royaume-Uni.

Goddard, M. (2009). Genomic selection: prediction of accuracy and maximisation of long
term response. Genetica 136, 245-257


https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.17.533166; this version posted March 22, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Goldberg DE. 1989. Genetic Algorithms in Search, Optimization, and Machine Learning.
New-York.

Haldane JB, Waddington CH. 1931. Inbreeding and Linkage. Genetics. 16(4):357-374.

Hayes, B.J., Bowman, P.J., Chamberlain, A.J., and Goddard, M.E. (2009). Invited review:
Genomic selection in dairy cattle: Progress and challenges. J. Dairy Sci. 92, 433-443

Heffner, Elliot L., Jean-Luc Jannink, Hiroyoshi lwata, Edward Souza, et Mark E. Sorrells.
2011. « Genomic Selection Accuracy for Grain Quality Traits in Biparental Wheat
Populations ». Crop Science 51 (6): 2597-2606. https://doi.org/10.2135/cropsci2011.05.0253.

Heffner, Elliot L., Jean-Luc Jannink, et Mark E. Sorrells. 2011. « Genomic Selection
Accuracy using Multifamily Prediction Models in a Wheat Breeding Program ». The Plant
Genome 4 (1). https://doi.org/10.3835/plantgenome2010.12.0029.

Heffner, Elliot L., Aaron J. Lorenz, Jean-Luc Jannink, et Mark E. Sorrells. 2010. « Plant
Breeding with Genomic Selection: Gain per Unit Time and Cost ». Crop Science 50 (5):
1681-90. https://doi.org/10.2135/cropsci2009.11.0662.

Heslot N, Yang H-P, Sorrells ME, Jannink J-L. 2012. Genomic Selection in Plant Breeding: A
Comparison of Models. Crop Science. 52(1):146—160. doi:10.2135/cropsci2011.06.0297.

IBM. 2017. IBM ILOG CPLEX 12.7 User’s Manual. International Business Machines
Corporation.

Jannink J-L, Lorenz AJ, lwata H. 2010. Genomic selection in plant breeding: from theory to
practice. Briefings in Functional Genomics. 9(2):166—-177. doi:10.1093/bfgp/elq001.

Jinks JL, Pooni HS. 1976. Predicting the properties of recombinant inbred lines derived by
single seed descent. Heredity. 36(2):253—-266. doi:10.1038/hdy.1976.30.

Kinghorn BP, Banks R, Gondro C, Kremer VD, Meszaros SA, Newman S, Shepherd RK,
Vagg RD, van der Werf JHJ. 2009. Strategies to Exploit Genetic Variation While Maintaining
Diversity. In: van der Werf J, Graser H-U, Frankham R, Gondro C, editors. Adaptation and
Fitness in Animal Populations: Evolutionary and Breeding Perspectives on Genetic Resource
Management. Dordrecht: Springer Netherlands. p. 191-200. [accessed 2021 Oct 25].
https://doi.org/10.1007/978-1-4020-9005-9_13.

Lado B, Battenfield S, Guzméan C, Quincke M, Singh RP, Dreisigacker S, Pefia RJ, Fritz A,
Silva P, Poland J, et al. 2017. Strategies for Selecting Crosses Using Genomic Prediction in
Two Wheat Breeding Programs. The plant genome. 10(2).
doi:10.3835/plantgenome2016.12.0128. http://europepmc.org/abstract/ MED/28724066.

Lehermeier C, Teyssédre S, Schon C-C. 2017. Genetic Gain Increases by Applying the
Usefulness Criterion with Improved Variance Prediction in Selection of Crosses. Genetics.
207(4):1651. doi:10.1534/genetics.117.300403.

Lian L, Jacobson A, Zhong S, Bernardo R. 2015. Prediction of Genetic Variance in Biparental
Maize Populations: Genomewide Marker Effects versus Mean Genetic Variance in Prior
Populations. Crop Science. 55(3):1181-1188. doi:10.2135/cropsci2014.10.0729.

Lorenzana RE., et Bernardo R. 2009. Accuracy of Genotypic Value Predictions for Marker-
Based Selection in Biparental Plant Populations. Theoretical and Applied Genetics 120 (1):
151-61. https://doi.org/10.1007/s00122-009-1166-3.


https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.17.533166; this version posted March 22, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Mackay 13, Bansept-Basler P, Barber T, Bentley AR, Cockram J, Gosman N, Greenland AJ,
Horsnell R, Howells R, O’Sullivan DM, et al. 2014. An Eight-Parent Multiparent Advanced
Generation Inter-Cross Population for Winter-Sown Wheat: Creation, Properties, and
Validation. G3 Genes|Genomes|Genetics. 4(9):1603—-1610. doi:10.1534/9g3.114.012963.

Meuwissen THE. 1997. Maximizing the response of selection with a predefined rate of
inbreeding. Journal of Animal Science. 75(4):934—-940. doi:10.2527/1997.754934x.

Misztal I. 2008. Reliable computing in estimation of variance components. Journal of Animal
Breeding and Genetics. 125(6):363—-370. doi:10.1111/j.1439-0388.2008.00774.x.

Mohammadi M, Tiede T, Smith KP. 2015. PopVar: A Genome-Wide Procedure for Predicting
Genetic Variance and Correlated Response in Biparental Breeding Populations. Crop
Science. 55(5):2068—-2077. doi:10.2135/cropsci2015.01.0030.

Muller D, Schopp P, Melchinger AE. 2018. Selection on Expected Maximum Haploid
Breeding Values Can Increase Genetic Gain in Recurrent Genomic Selection. G3
Genes|Genomes|Genetics. 8(4):1173-1181. doi:10.1534/9g3.118.200091.

Neyhart JL, Smith KP. 2019. Validating Genomewide Predictions of Genetic Variance in a
Contemporary Breeding Program. Crop Science. 59(3):1062—-1072.
doi:10.2135/cropsci2018.11.0716.

Pong-Wong R, Woolliams JA. 2007. Optimization of contribution of candidate parents to
maximise genetic gain and restricting inbreeding using semidefinite programming (Open
Access publication). Genet Sel Evol. 39(1):3. doi:10.1186/1297-9686-39-1-3.

Pook T, Schlather M, Simianer H. 2020. MoBPS - Modular Breeding Program Simulator. G3
Genes|Genomes|Genetics. 10(6):1915-1918. doi:10.1534/g3.120.401193.

Rimbert H, Darrier B, Navarro J, Kitt J, Choulet F, Leveugle M, Duarte J, Riviére N, Eversole
K, on behalf of The International Wheat Genome Sequencing Consortium, et al. 2018. High
throughput SNP discovery and genotyping in hexaploid wheat. PLOS ONE. 13(1):e0186329.
doi:10.1371/journal.pone.0186329.

Santos DJA, Cole JB, Lawlor TJ Jr, VanRaden PM, Tonhati H, Ma L. 2019. Variance of
gametic diversity and its application in selection programs. Journal of Dairy Science.
102(6):5279-5294. doi:10.3168/jds.2018-15971.

Schnell FW, Utz HF. 1975. F1 Leistung und Elternwahl in der Zuchtung von
Selbstbefruchtern. Ber Arbeitstag Arbeitsgem Saatzuchtleiter.

Speed D, Hemani G, Johnson MR, Balding DJ. 2012. Improved Heritability Estimation from
Genome-wide SNPs. The American Journal of Human Genetics. 91(6):1011-1021.
doi:10.1016/j.ajhg.2012.10.010.

Tiede T, Kumar L, Mohammadi M, Smith KP. 2015. Predicting genetic variance in bi-parental
breeding populations is more accurate when explicitly modeling the segregation of
informative genomewide markers. Molecular Breeding. 35(10):199. doi:10.1007/s11032-015-
0390-6.

Toro M, Perez-Enciso M. 1990. Optimization of selection response under restricted
inbreeding. Genetics Selection Evolution. 22(1):93-107.


https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.17.533166; this version posted March 22, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Toro MA, Nieto B, Salgado C. 1988. A note on minimization of inbreeding in small-scale
selection programmes. Livestock Production Science. 20(4):317-323. doi:10.1016/0301-
6226(88)90026-7.

Wang H, Misztal I, Aguilar I, Legarra A, Muir WM. 2012. Genome-wide association mapping
including phenotypes from relatives without genotypes. Genetics Research. 94(2):73-83.
doi:10.1017/S0016672312000274.

Wartha CA, Lorenz AJ. 2021. Implementation of genomic selection in public sector plant
breeding programs: Current status and opportunities. Crop Breeding and Applied
Biotechnology. 21:€394621S15.

Wellmann R. 2019. Optimum contribution selection for animal breeding and conservation: the
R package optiSel. BMC Bioinformatics. 20(1):25. doi:10.1186/s12859-018-2450-5.

Wimmer V, Albrecht T, Auinger H-J, Schon C-C. 2012. synbreed: a framework for the
analysis of genomic prediction data using R. Bioinformatics. 28(15):2086—2087.
doi:10.1093/bioinformatics/bts335.

Woolliams J a., Berg P, Dagnachew B s., Meuwissen T h. e. 2015. Genetic contributions and
their optimization. Journal of Animal Breeding and Genetics. 132(2):89-99.
doi:10.1111/jbg.12148.

Woolliams JA, Wray NR, Thompson R. 1993. Prediction of long-term contributions and
inbreeding in populations undergoing mass selection. Genetics Research. 62(3):231-242.
doi:10.1017/S0016672300031943.

Wray NR, Goddard ME. 1994. MOET breeding schemes for wool sheep 1. Design
alternatives. Animal Science. 59(1):71-86. doi:10.1017/S0003356100007522.

Yao J, Zhao D, Chen X, Zhang Y, Wang J. 2018. Use of genomic selection and breeding
simulation in cross prediction for improvement of yield and quality in wheat (Triticum
aestivum L.). The Crop Journal. 6(4):353-365. doi:10.1016/j.¢j.2018.05.003.

Yin X, Germay Noél. 1993. A Fast Genetic Algorithm with Sharing Scheme Using Cluster
Analysis Methods in Multimodal Function Optimization. In: Albrecht RF, Reeves CR, Steele
NC, editors. Artificial Neural Nets and Genetic Algorithms. Vienna: Springer. p. 450-457.

Zhong S, Jannink J-L. 2007. Using Quantitative Trait Loci Results to Discriminate Among
Crosses on the Basis of Their Progeny Mean and Variance. Genetics. 177(1):567-576.
doi:10.1534/genetics.107.075358.


https://doi.org/10.1101/2023.03.17.533166
http://creativecommons.org/licenses/by-nd/4.0/

