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Abstract

Background: In crossbreeding programs, various genomic prediction models have been proposed for using pheno-
typic records of crossbred animals to increase the selection response for crossbred performance in purebred animals.
A possible model is a model that assumes identical single nucleotide polymorphism (SNP) effects for the crossbred
performance trait across breeds (ASGM). Another model is a genomic model that assumes breed-specific effects of
SNP alleles (BSAM) for crossbred performance. The aim of this study was to derive and validate equations for predict-
ing the reliability of estimated genomic breeding values for crossbred performance in both these models. Prediction
equations were derived for situations when all (phenotyping and) genotyping data have already been collected, i.e.
based on the genetic evaluation model, and for situations when all genotyping data are not yet available, i.e. when
designing breeding programs.

Results: When all genotyping data are available, prediction equations are based on selection index theory. Without
availability of all genotyping data, prediction equations are based on population parameters (e.g., heritability of the
traits involved, genetic correlation between purebred and crossbred performance, effective number of chromo-
some segments). Validation of the equations for predicting the reliability of genomic breeding values without all
genotyping data was performed based on simulated data of a two-way crossbreeding program, using either two
closely-related breeds, or two unrelated breeds, to produce crossbred animals. The proposed equations can be used
for an easy comparison of the reliability of genomic estimated breeding values across many scenarios, especially if all
genotyping data are available. We show that BSAM outperforms ASGM for a specific breed, if the effective number of
chromosome segments that originate from this breed and are shared by selection candidates of this breed and cross-
bred reference animals is less than half the effective number of all chromosome segments that are independently
segregating in the same animals.

Conclusions: The derived equations can be used to predict the reliability of genomic estimated breeding values for
crossbred performance using ASGM or BSAM in many scenarios, and are thus useful to optimize the design of breed-
ing programs. Scenarios can vary in terms of the genetic correlation between purebred and crossbred performances,
heritabilities, number of reference animals, or distance between breeds.

Background

Several livestock production systems are based on cross-
breeding schemes (e.g., [1-3]), and take advantage of the
increased performance of crossbred animals compared
to purebred animals, along with breed complementarity.
For such production systems based on crossbreeding, the
breeding goal for the purebred populations is to optimize
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the performance of crossbred descendants. However, the
selection of purebred animals for crossbred performance
has not been extensively implemented in livestock, partly
due to the difficulty of routine collection of pedigree
information on crossbred animals [4].

With the advent of genomic selection, various genomic
prediction models have been proposed, which use phe-
notypic records of crossbred animals to increase the
selection response for crossbred performance in pure-
bred animals (e.g., [2, 4—6]). These approaches predict
breeding values for crossbred performance of selection
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candidates using the estimated allele substitution effects
of many single nucleotide polymorphisms (SNPs). The
SNP allele substitution effects are estimated from phe-
notypes of genotyped reference animals. In the context
of crossbreeding, several breeds and their crosses are
involved in genomic prediction, and purebred and cross-
bred performances are often considered to be different
but correlated traits (e.g., [1, 3, 5, 7, 8]). Therefore, esti-
mates of SNP allele substitution effects for purebred and
crossbred performance traits may not be the same for
purebred and crossbred populations, e.g., due to geno-
type by environment interactions. Assuming only addi-
tive gene action, one approach to accommodate this is to
model differences between allele substitution SNP effects
using a multivariate genomic model that assumes a cor-
relation structure between the effects of SNPs across the
purebred and crossbred populations, or equivalently, by
assuming a genetic correlation structure across the trait
measured in purebred and crossbred populations [9, 10].
These multivariate genomic models are referred to here-
after as across-breed SNP genotype models (ASGM),
since the estimates of SNP allele substitution effects for
the crossbred performance trait are also used to predict
breeding values for crossbred performance of purebred
selection candidates, regardless of their breed of origin
[4, 6]. Thus, estimates of SNP effects for the crossbred
performance trait using ASGM are not breed-specific.
However, a number of factors may have an impact on
the effect that can be measured for a SNP for the cross-
bred performance trait. First, the two parental alleles at a
SNP in a crossbred animal may have different effects on
the phenotype due to different levels of linkage disequi-
librium (LD) with a quantitative trait locus (QTL) in the
parental purebred populations. Second, different genetic
backgrounds, such as dominance or epistatic interac-
tions, can result in the effects of the same QTL to be dif-
ferent in purebred versus crossbred animals. And third,
purebred and crossbred animals may be exposed to dif-
ferent environments, leading to genotype by environ-
ment interactions. Because of these reasons, estimated
allele substitution effects at SNPs for the crossbred per-
formance trait may be breed-specific. To accommodate
all these differences, previously an approach was pro-
posed [3—6] that estimates breed-specific allele substitu-
tion effects for the crossbred performance trait (BSAM),
assuming that the breed origin of SNP alleles in crossbred
animals is known. Results from simulations have shown
that BSAM can result in greater accuracy of genomic
estimated breeding values (EBV) of purebreds for cross-
bred performance than ASGM under some conditions [2,
4, 11].

In order to be able to evaluate many different breed-
ing program designs that apply genomic prediction for
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crossbreeding performance, it would be useful to be
able to predict the reliability of genomic EBV using, for
example, different genomic models or different breed-
ing schemes. Prediction of reliability should preferably
consider the genotype data of all reference animals and
selection candidates when available, although it is also
desirable to be able to predict the reliability when geno-
type data of, e.g., selection candidates is not available, i.e.
when designing breeding programs. Various equations
have been proposed in the literature to predict the reli-
ability or the accuracy (i.e., the square root of reliability)
of genomic EBV for (groups of) animals. The investigated
genomic predictions rely on single-population genomic
models [12, 13], and on ASGM [10, 14]. When geno-
types are available for both reference animals and selec-
tion candidates, prediction equations are derived using
selection index (SI) theory, while before availability of
all genotyping data, they are derived using population
parameters (e.g., heritability, number of reference ani-
mals) [10, 13, 15]. However, to our knowledge, equations
for predicting the reliability of genomic EBV for cross-
breeding performance for (groups of) animals have not
yet been reported.

The primary aim of this study was to derive equations
for predicting the reliability of genomic EBV for cross-
bred performance based on ASGM or BSAM. Prediction
equations were derived for situations when all genotyp-
ing data are available for both reference animals and
selection candidates (referred to as “with availability of
genotyping data”), and for situations when the genotyp-
ing data are not available (referred to as “without avail-
ability of genotyping data”). The second aim was to
compare the predictions of the reliability of genomic EBV
without availability of genotyping data to the predictions
obtained from the equations with availability of genotyp-
ing data, because the former are an approximation of the
latter. Both reliabilities have the same expectation, since
they both rely on prediction error variances (PEV) and
assume absence of selection. Finally, the equation for pre-
dicting reliability without availability of genotyping data
was used to investigate the expected ranges of reliabilities
of genomic EBV using BSAM for a pig breeding program.

Methods

The first part of this section describes equations for pre-
dicting the reliability of genomic EBV for crossbred per-
formance using ASGM or BSAM. For the derivations of
these equations, we assumed a crossbreeding program
with two breeds, A and B, with their F1 being crossbred
AB animals. In order to simplify the derivation of the
equations, we assumed that phenotypes are corrected for
all fixed and random effects, other than additive genetic
effects. Furthermore, reference animals are defined as
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animals with genotypes and phenotypes, and selec-
tion candidates are defined as animals with genotypes
but without their own phenotype. The assumption that
all reference animals have genotypes is likely to be cor-
rect in the near future, as genotyping costs continue to
decrease. The aim is to predict the reliability of genomic
EBV for crossbred performance for selection candidates
of breed A. For the reference population, three scenarios
were investigated: (1) the reference population includes
only breed A animals (PB—PB), i.e. purebred (PB) phe-
notypes are used to predict EBV for crossbred (CB) per-
formance of PB selection candidates; (2) the reference
population includes only crossbred AB animals (CB-PB),
i.e. CB phenotypes are used to predict EBV for CB per-
formance of PB selection candidates; and (iii) the refer-
ence population includes both crossbred AB and breed
A animals (CB + PB-PB), i.e. CB and PB phenotypes are
used to predict EBV for CB performance of PB selection
candidates. These scenarios represent situations where
crossbred animals are terminal animals in commercial
herds of pigs and chickens. The second part of this sec-
tion describes simulations of the three scenarios used to
validate the prediction equations without availability of
genotyping data. In the equations below, reference ani-
mals are indicated by uppercase letters, while selection
candidates are indicated by lowercase letters.

Across-breed SNP genotype models

Equations for predicting the reliability of genomic EBV
for crossbred performance using ASGM were developed
for the three scenarios. As ASGM is assumed, breed A
and crossbred AB animals can be considered as belong-
ing to different populations, assuming the genetic cor-
relation between the PB and CB performance traits (rpc)
to be the genetic correlation between these breed A and
crossbred AB populations. Therefore, equations for pre-
dicting the reliability of genomic EBV for crossbred per-
formance for the three scenarios using ASGM can be
derived from previous studies by, for example, Daetwyler
et al. [12] and Wientjes et al. [10], without availability of
genotyping data, and by VanRaden [15] with availability
of genotyping data.

PB-PB scenario
The PB-PB scenario considers breed A animals for both
reference animals and selection candidates. Pheno-
types are therefore associated with the purebred perfor-
mance trait, while the trait of interest is the crossbred
performance trait. Indeed, selection candidates must
be selected to optimize crossbred performance of their
crossbred descendants.

Wientjes et al. [10] developed equations for predicting
the accuracy of across-population genomic EBV values
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without and with availability of genotyping data. Assum-
ing additive gene action, differences in allele substitution
effects that underlie the population-specific trait of inter-
est were modelled by the genetic correlation between
traits, which implies a multivariate genomic model. Simi-
larly, for the PB—PB scenario, differences in allele substi-
tution effects that underlie the purebred and crossbred
performance traits can be considered in terms of the
genetic correlation between the purebred and crossbred
performance traits (rpc) [10, 16]. Therefore, following
Wientjes et al. [10], with availability of genotyping data,
the average predicted reliability of genomic EBV for
crossbred performance across-breed A selection candi-
dates using breed A reference animals can be computed
as follows, based on SI theory:
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04, being the genetic covariance between the Surebred
and crossbred performance trait and o2 the genetic vari-
ance of the crossbred performance trait; matrix Gg 4 is
the N4 x N4 genomic relationship matrix for the Ny
reference animals of breed A; vector G, 4 is the row cor-
responding to the ith selection candidate of breed A of
the N, x N4 genomic relationship matrix G, 4 between
selection candidates of breed A and reference animals
of breed A; G, 4, is the diagonal element corresponding
to the ith selection candidate of breed A of the N, x N,
genomic relationship matrix G, , between selection can-
didates of breed A; and matrix I is the identity matrix.
Matrices Gg 4, Ga o and G, 4 are parts of the genomic
relationship matrix among all reference animals and
Gaa  Gaa
Ga,A Ga,n :|
Without loss of generality, and similar to Wientjes et al.
[10], matrix G is computed following the second method
of VanRaden [15], i.e,, G = %Z where m is the number
of SNP genotypes, and matrix Z contains the standard-

ized genotypes as Zj = %, with My, being the

SNP genotype (coded as 0 for one homozygous genotype,
1 for the heterozygous genotype, or 2 for the alternate

is the heritability of the purebred perfor-

ance of purebred performance trait; rpc =

selection candidates of breed A, i.e. G = [
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homozygous genotype) of the /th animal of breed A for
the kth locus, and py is the allele frequency at the kth
locus.

Without availability of genotyping data, the predicted
reliability of genomic EBV for crossbred performance of
breed A selection candidates and using breed A reference
animals can be computed as [10]:

Nyh?
"b_ASGM_without = TPC m, @)

where Me, 4 is the effective number of chromosome seg-
ments that are shared between selection candidates and
reference animals of breed A. If the term r3 is ignored,
or equal to 1, Eq. (2) has the same form as the equation
proposed by Daetwyler et al. [12]. One of the assump-
tions in the derivation of this equation was that the error
variance was approximately equal to the phenotypic vari-
ance, because only one locus was taken into account at a
time and each locus explains only a small part of the addi-
tive genetic variance [10, 12, 14]. However, as explained
by Daetwyler et al. [12] in the Appendix of their paper,
this approximation results in slight underestimation of
the predicted reliabilities, because the error variance
decreases when multiple loci are used. In Additional
file 1 of the current study, we proposed a derivation of
Eq. (2) based on the mixed model theory and ignoring
the term "12>C' We assumed that a single population was
used and that effects of all independent loci are estimated
simultaneously. Our derivation leads to the same equa-
tion as proposed by Daetwyler et al. [12] in the Appendix
of their paper, which corrects for the fact that the error
variance decreases when multiple loci are used. This deri-
vation using the mixed model theory can be extended for
deriving prediction equations using ASGM, and it will
be also the basis for deriving prediction equations using
BSAM.

CB-PB scenario

The reference population for the CB-PB scenario
includes genotyped crossbred AB animals that have phe-
notypes for the crossbred performance trait. The selec-
tion candidates are breed A animals that are related to
the reference population and that must be selected to
optimize crossbred performance of their crossbred AB
descendants. Because the trait of interest is the cross-
bred performance trait and because allele substitution
SNP effects are estimated from crossbred data, the aver-
age predicted reliability of genomic EBV for crossbred
performance across breed A selection candidates using
a crossbred AB reference population can be computed
with availability of genotyping data as follows [10]:
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performance trait, with oezc being the residual variance;
matrix Gapap is the Nap x Nap genomic relationship
matrix between the Ngp crossbred AB reference ani-
mals; and vector Gg;4p is the row corresponding to
the ith selection candidate of breed A of the N, x Nyp
genomic relationship matrix Ggap between breed A
selection candidates and crossbred AB reference ani-
mals. Similarly to Wientjes et al. [10], the genomic rela-
tionship matrix between breed A selection candidates
and crossbred AB reference animals, G, is computed fol-
lowing the second method of VanRaden [15] but taking
into account that the selection candidates and reference
animals belong to two different populations. It then fol-
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number of SNPs and matrix Z contains the standardized
My —2pjk
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genotype (coded as previously) of the /th individual from
the jth population (i.e., purebred or crossbred) for the kth
locus, and pj is the allele frequency of the jth population
at the kth locus.

Without availability of data, an equation that predicts
the reliability of genomic EBV for crossbred performance
of breed A selection candidates using Nup crossbred AB
reference animals can be simply written as follows:

Nygh?
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genotypes as Zjj = , with My being the SNP

“

2 _
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where Me, 4p is the effective number of chromosome
segments shared by breed A selection candidates and
crossbred AB reference animals [10].

CB + PB-PB scenario

The reference population for the CB 4+ PB-PB scenario
includes animals of breed A with phenotypes for the
purebred performance trait and crossbred AB animals
with phenotypes for the crossbred performance trait.
The selection candidates are animals of breed A that
are related to the reference population. Since the cross-
bred performance trait is the trait of interest, the average
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predicted reliability of genomic EBV across selection can-
didates for crossbred performance of breed A selection
candidates using breed A and crossbred AB reference
animals can be computed with availability of genotyping
data as follows [10]:

1
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Without availability of genotyping data, the prediction
equation for the reliability of genomic EBV for crossbred
performance of breed A selection candidates using breed
A and crossbred AB reference animals can be written as
follows [14]:
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Breed-specific allele substitution models

In crossbred populations, SNP effects may be breed-spe-
cific due to a number of factors [4], including different
extents of LD between SNP and QTL between breeds,
which can be accommodated by using BSAM, which fits
breed-specific allele substitution effects [3, 4]. In this sec-
tion, it is assumed that the breed origin of SNP alleles is
known, as required by BSAM. Moreover, only the CB—PB
and CB + PB-PB scenarios are considered, since the PB—
PB scenario involves data on only one breed. To our knowl-
edge, equations for predicting the reliability of genomic
EBV using BSAM have not previously been developed.

CB-PB scenario

For the CB-PB scenario, assuming that each individual
has one phenotypic record corrected for all effects other
than the additive genetic effects, BSAM for the crossbred
performance trait can be written as follows [3, 4]:

A B
yas = ZBY + Z(BP + eas,

where y4p is the vector of corrected records of crossbred
performance; ZXE (Zﬁﬁg) contains the standardized breed
A (B) SNP alleles of each crossbred animal; BEA) (BEB))
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is the vector of breed A (B)-specific allele substitution
effects for all SNPs; and eap is the residual vector. Entries

7AW Mu—pax
ABy ™ \/2par(1=par)
element My is set to 0 or 1 when the kth locus of the /th

individual has breed A allele 1 or 2, respectively; and p4x
is the frequency at the kth locus for breed A. Matrix Z,(ASB)

of matrix ZX}S) are defined as , where

is defined similarly. Expectatitzg)s and variances of BEA)
0

and B®) are assumed to be E BEB) =10 and
2
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where o2

@ (02(3)) is the variance of the breed A (B)-spe-
cific allefé subSkitution effect, and 0C2A (UCZB) is the additive
genetic variance due to alleles from population A (B) in
the crossbred population for the crossbred performance
trait [3, 4].

Equivalently, BSAM for the crossbred performance
trait can be written as [3]:

A B
YAB = qu,g) + cﬁxg + eas,
where CXE = ZX}B)BEA) (cl(fg = ZﬁgBEB)) is the vector
of breed A (B) of origin additive genetic effects for the

crossbred performance trait. It then follows that expec-
tations and variances of cl(ﬁg) and CXQB) are defined as
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2
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where GXZ) AB (Gfﬁ; A p) is the breed A (B) partial genomic
relationship among the Nyp crossbred AB animals [3].
These assumptions imply that Cﬁg and CX?, as well as BV
and B®), are independent of each other.

Based on SI theory, genomic EBV for crossbred perfor-
mance of selection candidates from breed A (CElA)) can be
predicted from records of crossbred AB reference ani-

mals as follows:

&AW = Cov (c};A),yAB) (Var(vas)) ™ yas-

Using the model description, it can then be shown that
the variance of yap is equal to:
®B

A) 2 2 2
Var (VAB) = Gpap0c, T Gupap0c, + 105,
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(A

and that the covariance between c; ) and yaB is equal to:
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with matrix GZXB =1 Z(A)Z(A) being the breed A-spe-

cific partial genomic relat10nsh1p matrix between the N,
selection candidates of breed A and the N4p crossbred
AB reference animals.

The reliability of ¢ A(A) of the ith selection candidate of
breed A is then equal to:
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With availability of genotyping data, the average pre-
dicted reliability of genomic EBV across all breed A selec-
tion candidates is equal to:

1 5 1 1 (A)
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breed A
performance.

Since no equation has previously been proposed to
predict the reliability of genomic EBV for BSAM with-
out availability of genotyping data, here, we put forward
a derivation based on mixed model theory [17], assum-
ing that allele substitution effects for breeds A and B
are estimated simultaneously. Equivalence between the
mixed model and SI theories has previously been shown
under certain conditions, including the use of the same
estimates of the fixed effects [15, 17, 18]. Our derivation
of the equation for predicting the reliability of genomic
EBV for BSAM without availability of genotyping data
[i.e., Eq. (8) below] is detailed in Additional file 2, and the
result is briefly described in the following.

Consider Nyp unrelated genotyped crossbred AB refer-
ence animals. For 51m}))hcity, it is assumed that the breed
A-specific effect Bck of each kth independent locus

(B)—spec1ﬁc heritability —of crossbred
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explains an equal amount of the breed A-specific additive

2

genetic variance o, ie., a MeaABoﬁ*(A), with MetZ AB

being the effective number of chromosome segments
underlying the crossbred performance trait for breed A
and segregating in both breed A selection candidates and
crossbred AB reference animals. The same assumption is
made for the breed B-specific effect BC . The genomic
EBV (C,({?)) for the ith selection candidate of breed A can
be predicted as follows:

A A)gr)
W = @]

A
where z::l( )

(A)
the Me, 4 "
Ak
date of breed A and B,
of BZ‘(A). Following mixed model theory [17, 19], the reli-

is a vector of the standardized genotypes for
independent loci of the ith selection candi-
is the vector of the predictions

ability of 6(4) can be computed from the prediction error

variance, Var( @ _ A )) and is equal to:
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Assuming that the allele substitution effect Bfk(A) of each
kth independent locus explains an equal amount of the
breed A-specific additive genetic varlance a and that
the reliability of the estimated effect, r2, ,, is the same for
each locus, it follows that: pe

Var (B*(A)) )

r2 : — =71 4
CfBSAMfwzthouti Va r(B*(A)) ﬂ:( )

Reliability r;*(A) can be approximated as follows. Let )T;‘;;

be the vector of phenotypes corrected for all other fixed
effects for the breed A- speaﬁ% allele substitution effects
other than the kth effect, B , as well as for the breed
B-specific allele substitution effects B The prediction
of BC(A) for the kth locus can then be performed using the
following model:

A)px(A
Yip = 25, Bi Y + ean,
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where vector zj\%q) contains the standardized breed A
alleles of crossbred AB reference animals, and e4g, is the
residual vector.

The variance of y} 5 is equal to:

Var(ﬁ;) = Var (zjﬁ)ﬁfy)) + Var(sABk)

_ kA x(A) 2
=Z,p Zup, Gﬁf(A) + Var(eABk),

from which it follows that, after some algebra and assum-
ing unrelated genotyped animals (see Additional file 2 for
details):

/\ A A 2
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where O'I%AB (erAB) is the phenotypic (residual) variance of
the crossbred performance trait.
Therefore, following mixed model theory [17, 19], the
A *(A) fx(A) .
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for more details):
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is equal to (see Additional file 2

r A) —
pev

It then follows that, without availability of genotyp-
ing data, the predicted reliability of the genomic EBV for
breed A selection candidates is equal to (see Additional
file 2 for more details):
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B @ 12,2 _ 1502\
Nagh?, +2Medg (1= 342,120 = 302,r% )
. . 12 .2 1,2 .2
By ignoring the term (—ihCArC‘(lA) - ihCBrC;&) for low

n? -, and th, the prediction equation simplifies to:

2 Naght,
YC_BSAM_without = @ 3

NABh%A + 2Mea,AB
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CB + PB-PB scenario

For the CB + PB-PB scenario, the reference population
includes breed A and crossbred AB reference animals,
each with their own phenotypes. The BSAM for the
crossbred performance trait, assuming that each indi-
vidual has one record corrected for all effects other than
additive genetic effects, can be written as follows [3, 4]:

val_|zd" o
YAB

Ky
oz |lsW

0 0 0 ey
Lo 2] lew ]+ [n)
where yy, is the vector of corrected records of purebred
performance, Z;A) contains the standardized SNP geno-
types of breed A reference animals, and B;A) is the vector
of breed A allele substitution effects for all SNPs for pure-

bred performance.
Equivalently, the previous BSAM can be written as [3]:

yal_[a®
MJ—¢g+bﬂ+bs
(A)

where aj”’ = ZI(L\A) BW is the vector of additive genetic
effects for the purebred performance trait.

eq

’

. . . A) (A
Expectations and variances and covariances of ai\ ), c; B)
(4)
(®) o 0
A@ | —
and ¢,z are assumed to be E Cp | = 0 |and
C(B) 0
'AB
r ) o2 ,
) (A) % A) iy (A age
W] [z d oayme o
@ | — A) y(A) A) 7 (A) O,

Vol | = | 2zt e Ry o
c (B) (B) OC
AB L 0 0 Z,3Z;p ¢

M A 2 (A)
ot g
_ 2
= GABAUQACA GAB,ABGCA (B)O )
2
0 0 G580

where GE‘A,/)‘ is the breed A genomic relationship matrix
between Ny reference animals of breed A and GX‘AB is
the breed A-specific partial genomic relationship matrix
between Ny selection candidates of breed A and Nyp
crossbred AB reference animals [3].

Based on the SI theory, genomic EBV for the crossbred
performance trait for breed A selection candidates (CE;A))
can be predicted from records of breed A reference ani-

mals and of crossbred AB reference animals:

&0 = Cor(eV.y) (Var(y)) 'y

withy = { YA

YAB
Based on the model description, the variance of y is
equal to:
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YA
Var = Var
0 =ver([])
_ G(‘:zaz +Ia “ G;AA?;MCA }
GA,ABUﬂACA GABAB ca + GABABU + IU@AB
since:
A A B
COV(YA,YAB) = Cov(afq ) + eA,cfw) + C,(w) + eAB)
A) (A (B)
= Cov(a ,Cup T C )

A A A
= (s 8) = s

(A

Similarly, the covariance between c, )and y is equal to:
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Without availability of genotyping data, the predic-
tion equation for the reliability of genomic EBV based
on BSAM, r% P BSAM withour €30 be derived similarly
to the prediction equation for the CB-PB scenario,
r% BSAM witne 1he derivation is based on mixed model
theory and assumes that independent allele substitution
effects for breeds A and B for both purebred and cross-
bred performances were estimated simultaneously. The
detailed derivation can be found in Additional file 3.

Consider Ny unrelated genotyped breed A reference
animals and Nyp unrelated genotyped crossbred AB
reference animals. Similar to the CB-PB scenario, the
genomic EBV (C(A)) for the ith selection candidate of

breed A can be predicted as C(A) *(A)B and its reli-
Cov( (A),y) [G(A)%ACA G(A)Bcr } ability is equal to:
“A “ABTCA ) Var( (A)) Var (B*(A)) )
The reliability of C(A) of the ith selection candidate of  "C+P_BSAM_without; = A A\ g
breed A is then equal to: var (C“’ ) (B )
2 (onfi )" _ ()
YC+P_BSAM _with; =
- - Var( (A)) Var( (A)) Var( ,(l ))
1
_ (4) @A 2
- (A) |:Gai,A6“ACA Ga ,ABOCA i|
Var <Ca, )
G(A) oyt Io GIE\AABaﬂACA - GA ﬂlO'uAcA ]
A
GA,AB"@ACA GapAaoe, +GABAB‘7 +107, GAB i al,
1
— (A) ~(A) (4)
=y { Ga,, G, A,B]
ai,ai
A A) (A -
G +15 hz ric Glas rGih
A A A B h2 1—lh§ _lh? (A) ’
g )G.'(LXB),A GI(‘lB),AB + GfﬁlB),AB 7, +I— AB.a;
A

where the breed A-specific genetic correlation between
purebred and crossbred performance traits rl(fg is equal
torW) — _uc
PC =
With availability of genotyping data, the average pre-
dicted reliability of genomic EBV across all breed A selec-
tion candidates is therefore equal to:

Reliability r2,.,, can be approximated as follows. The
ty 5@ pp

prediction of B*( ) for the kth independent locus can be
performed using the phenotypes of both purebred and

%
crossbred performances, X*i , corrected for all other

YaB

1 1
2 _ 2 _ (A) (A) (A)
YC+P_BSAM _with = N, Z YC+P_BSAM _with; = . (A) ¢ G, aiA,B}
i ai,ai
(A) G -
L Z G4t - hz ¢ Gaas
Na G (4) ®) LT ©)
cGapa  Gapap+ Gapas hz +1° ;féA £
(A) (A)
GA i

GAB ,aj
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fixed effects, as well as for the breed B-specific allele sub-
stitution effects and correlated effects, using the model:

_ *(A) A

Ya | = | (<)A> B*EA; * [ g
* *

YaB 0 Zyp, | | Per EABy

where g4, is the residual vector. For simplicity, we will

I 0
assume that Var( | S = U 2 b with o2
€ABy 0 Io;, 5] A

being the residual variance associated with y}. Then, fol-
lowing mixed model theory [17, 19], the prediction of

*(A)
5:’( ) | is equal to:

Ck

B>x<(A)
B*(A)

Z:Z(A) 0 [Ia‘ 0} i\:\
0 Z:\(éq) 0 IGSAB Y:ZB

*(A) _ *(A)
Z,, 0/ I(r 0 zZy,
I 0 Ia—2 0

‘ABy, EAB

*(A)
Z4B,
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populations), Megs . The value of Mes g can be computed
as proposed by Wientjes et al. [14]:

1
MeS,R = =) ’

Gsr—AsR

where GgRr is the genomic relationship matrix between
selection candidates and reference animals, Ag R is the pedi-
gree relationship matrix, and SéS’Rf Asg 1 the empirical vari-
ance of the differences between corresponding elements of
Gs,r and Agr. In our study, Gs r and Agr were scaled to the
same base population by rescaling the inbreeding level in
Gg R to the inbreeding in Ag R as follows [20]:

Gir = (1 —F)Gsg +2F),
] +

2
o O ,x(A A
;(A) /3;( )ﬂzf( )

2
O p%(A) p*(A o
ﬁ;( >’3£*( ) ﬁc*(A)

px(A)

and the reliability of B,"" is equal to:
V(H"( *(A)> thl"(A*(A) — :IEA)) ﬂ*(A) PEVB*(A)
V;*(A) = = % )

Var( *(A)> ﬁ:(A)

where PEVA*(A) is the prediction error variance of B*(A)
k

and is equal to the diagonal element of the inverse of
the left-hand side of the mixed model equations associ-

*(A)
Bay

#(A)

Ck
which is detailed in Additional file 3, it follows that the
predicted reliability of genomic EBV for breed A selec-
tion candidates without data is equal to:

r =rtu = tiy
C+P_BSAM _without — 7 g(4) = rPC Mega ‘A)
2Meg g

2 Z
Mag 1 A) g
Meg,a

ated with the prediction of [ . After some algebra,

-1

Na e 2Me<A) Ve

2 2
A AN 4y 1
TPC \| S0te </}> Meqn ame™, " Nas

Mem
x 7z (10)
)

2Me, 4

Computation of the effective number of chromosome
segments (Me)

The prediction equations without availability of geno-
typing data require the effective number of chromo-
some segments that are independently segregating in a
population, including selection candidates (S) and refer-
ence animals (R) (i.e., that are shared between the two

where F is the average pedigree inbreeding level com-
puted from the pedigree, and J is a matrix filled with 1s.

The proposed computation of Me requires genotypes
for both selection candidates and reference animals,
which may be inconsistent with its use in the computa-
tion of reliabilities without availability of genotyping
data. However, it is reasonable to assume that genotypes
are already available for a limited number of animals, for
example at least 100, that have the right family structure
that is representative of the evaluated scenario, such that
an accurate approximation of Me can be computed [14].

The effective number of chromosome segments origi-
nating from a specific breed (b) and that are shared
between purebred selection candidates (S) of this breed
and crossbred reference animals (Rc), Meébj)ec, is required
for the prediction equations for BSAM. In this study,
MeaAB, is required in Egs. (8) and (10) and was assumed
to be equal to Me, 4, which is required in Egs. (2) and
(6). The equality Meﬂ'i‘{ g = Meg 4 was assumed since the
selection candidates were the same for Egs. (2), (4), (6),
(8), and (10) the number of reference animals R and Rc
was large, and the parents of breed A and crossbred AB
reference animals were sampled from the same finite
pool.

Simulated data

Data were simulated to validate Egs. (2), (4), (6), (8), and
(10), which predict the reliability of genomic EBV for
crossbred performance using ASGM or BSAM, without
availability of genotyping data. Two extreme scenarios
were considered, in which either two closely-related or
two unrelated breeds were used to produce crossbred
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animals. The reliabilities predicted by Egs. (2), (4), (6),
(8), and (10) were validated against the reliabilities com-
puted with the corresponding prediction equations with
availability of genotyping data, that is, Egs. (1), (3), (5),
(7), and (9). The reliabilities predicted by equations with
availability of genotyping data are equivalent to those
computed from PEV associated with selection candidates
of a genomic best linear unbiased prediction including
both reference animals and selection candidates, based
on phenotypes corrected with the best linear unbiased
estimates of the fixed effects, and assuming the absence
of selection [15].

Populations

First, historical and breed populations were simulated
using the QMSim software [21]; second, a two-way cross-
breeding program with five generations of random selec-
tion was simulated using a customized Fortran program.
For the historical population, 1000 discrete random mat-
ing generations with a constant size of 10,000 individuals
were simulated, which was followed by 1000 generations
in which the population size was gradually decreased to
2000 individuals. In these 2000 historical generations,
half of the simulated animals were males and the other
half were females. Offspring were produced by the ran-
dom union of gametes from the male and female gametic
pools, and the number of offspring was equal to the num-
ber of animals required in the next generation. To simu-
late the two breed populations, A and B, two random
samples were drawn from the last generation of the his-
torical population (i.e., generation 2000), each including
500 males and 500 females. Subsequently, within each of
the breeds, 10 or 100 generations of random mating were
simulated before the two-way crossbreeding scheme was
begun. These two scenarios (i.e., a common origin either
10 or 100 generations ago) will be referred to as related
and unrelated breeds, respectively. For the 10 and 100
generations of random mating, a litter of four offspring
(two males and two females) per female was simulated.
From these offspring, 500 males were selected at random
for the next generation. The number of females selected
randomly for the next generation was gradually increased
from 500 to 800 during the first four generations of the
simulation of the breed populations, in order to enlarge
the size of the population (Fig. 1).

In a second step, a two-way crossbreeding program
with five generations of random selection was simulated.
The animals of breeds A and B that were used to start the
crossbreeding program were sampled from generation
2010 for the related breeds and from generation 2100 for
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Generation Historical population
0 (5000 M - 5000 F)
1000 (5000 M - 5000 F)
2000 (1000 M - 1000 F)
2001 Breed A /\ Breed B
(500 F — 500 M) (500 F — 500 M)
2004 Breed A Breed B
(800 F — 500 M) (800 F — 500 M)
Breed A Breed B
2000+x (800 F — 500 M) (800 F — 500 M)
2001+x A B
Ap Ay By By
(3000) (1000) (3000) (1000)
AB
2002+x (3000 F—1000 M) (4000) (3000 F - 1000 M)
Ap Ay B By
(30&/)0@\) A ;)00)
2003+x A AB B
(1000 M- 3000 F) (4000) (3000 F - 1000 M)
Fe~eee. e !l
I 1
v T v
A AB B
2005+x (1000 M- 3000F ) (4000) (3000 F — 1000 M)

Fig. 1 Schematic representation of the simulation. The crossbreed-
ing program started at generation 2001 + x, with x being equal to 10
for the scenario with related breeds and equal to 100 for the scenario
with unrelated breeds. The number of males (M) and females (F) per
generation are reported within brackets. Reference animals were
randomly selected from generation 2002 + x (in bold). Breed A selec-
tion candidates were randomly selected from generations 2003 + x,
2004 + x, and 2005 + x (in italic characters)

the unrelated breeds. During the crossbreeding program,
and for both breeds, animals of breeds A and B were ran-
domly selected and mated to simulate the next genera-
tion of a constant size of 1000 males and 3000 females for
each breed. From each of these five generations, animals
of breeds A and B were randomly crossed to produce five
generations of 4000 crossbred AB animals. Purebred ani-
mals used as parents of crossbred animals could also be
parents of the next generation of purebred animals (Fig. 1).



Vandenplas et al. Genet Sel Evol (2017) 49:43

Genotypes

The total length of the simulated genome was 10 Mor-
gans (M) (10 chromosomes of 1 M and 4000 SNPs each).
The positions of SNPs and of recombinations were rand-
omized per chromosome and a recurrent mutation rate
of 2.5 x 10™* was assumed. All SNPs with a minor allele
frequency (MAF) higher than or equal to 0.05 in the last
historical generation (i.e., generation 2000) and were
used to simulate the SNP genotypes of the purebred and
crossbred animals. For subsequent analyses, 2000 SNPs
were randomly selected from these SNPs for each chro-
mosome. The breed origin of each allele for each cross-
bred animal was recorded. All scenarios (including the
historical populations) were replicated 10 times.

Validation of prediction equations without availability

of genotyping data

The validation required a set of known genotypes, as
described previously, but no phenotype, since the reli-
abilities predicted without availability of genotyping data
were validated against the reliabilities predicted with
availability of genotyping data. However, estimates of
heritabilities and genetic correlations between purebred
and crossbred performance were required. Heritabilities
of 0.20, 0.40, and 0.95 were used for both the purebred
and crossbred performance traits. A high heritability,
such as 0.95, and a single record per reference animal can
be assumed when phenotypes of reference animals are
derived from highly reliable EBV (e.g., deregressed EBV)
[10]. Genetic correlations between purebred and cross-
bred performance traits were assumed to be equal to 0.30
or 0.70.

In the simulated data, two groups of reference animals
and one group of selection candidates were defined for
each scenario of related and unrelated breeds. For the
scenarios with related and unrelated breeds, the two
groups of reference animals were randomly selected from
generations 2012 and 2102, respectively. For scenarios
PB-PB and CB-PB, the two groups of reference animals
included 2000 and 4000 animals that were randomly cho-
sen from breed A and crossbred AB animals, respectively.
For scenario CB + PB-PB, the first group included 4000
randomly chosen breed A animals and 2000 randomly
chosen crossbred AB animals and the second group
included 4000 breed A animals and 4000 crossbred AB
animals. For the selection candidates for scenarios PB—
PB, CB-PB and CB + PB-PB, 1000 breed A animals were
randomly selected from each generation, starting from
generation 2013 for the related breeds scenario and from
generation 2103 for the unrelated breeds scenario, to
create the groups of selection candidates. In the follow-
ing, selection candidates from generations 2013 or 2103
are referred to as “Gl” selection candidates. Similarly,
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selection candidates from generations 2014 and 2104 and
from generations 2015 and 2105 are referred to as “G2”
and “G3” selection candidates, respectively.

For each ‘reference population-selection candidates’
combination and for each scenario, reliabilities of the
genomic EBV for crossbred performance were computed
using Egs. (1), (3), (5), (7), and (9) for the scenarios in
which all data was available, and using Egs. (2), (4), (6),
(8), and (10) for scenarios without availability of genotyp-
ing data. The required genomic relationship matrices and
values of Me were computed using our in-house software
calc_grm [22]. The predicted reliabilities were averaged
across the 10 replicates.

Application of a prediction equation

The proposed equations can be used to investigate the
reliability of genomic EBV for crossbred performance
in crossbreeding schemes. As an illustration, Eq. (10),
which predicts the reliability of genomic EBV using both
purebred and crossbred animals as reference animals
by BSAM, was used to predict the reliability of genomic
EBV for a pig production system for which 10,000 breed
A animals were previously genotyped and phenotyped.
The aim was to investigate the effect of the addition of
crossbred AB animals to the reference population on the
reliability of genomic EBV for crossbred performance. A
heritability of 0.20 was assumed for both purebred and
crossbred performance traits and the genetic correla-
tion between purebred and crossbred performance traits
for breed A, (rl(fé)), ranged from 0.0 to 1.0. Both values
of Me required by Eq. (10) (i.e. Mec(:z g and Me, 4) were
assumed to be equal to 476.6, based on the equation
Me = 2N,L/(In (4N,L)) [23], with N, being the effec-
tive population size and L being the total length of the
genome in M. For N, and L, we assumed values of 80 and
27 respectively, based on the study of Landrace pigs by
Uimari and Tapio [24] and the study by Lin et al. [25]. The
use of equal values of Me for the purebred and crossbred
populations was based on the assumption that breed A
parents of purebred and crossbred animals were sampled
from the same pool.

Results

This section first presents the results of the validation
of the equations for predicting reliability without avail-
ability of genotyping data. As defined previously, the
reliabilities without availability of genotyping data were
validated against the reliabilities computed with avail-
ability of genotyping data. The second part of this section
describes the increase in reliabilities from the addition of
crossbred animals to a purebred reference population in
a pig breeding program.



Vandenplas et al. Genet Sel Evol (2017) 49:43

PB-PB scenario

For the PB—PB scenario, the results show that reliabili-
ties predicted without availability of genotyping data
were of the same order of magnitude as reliabilities com-
puted with availability of genotyping data (Figs. 2, 3). For
the scenario with related breeds and rpc = 0.3 (Fig. 2),
the predicted reliabilities with availability of genotyp-
ing data were around 0.01 for 42 = 0.2, in the range
[0.02; 0.03] for hﬁ = 0.4, and in the range [0.04; 0.05] for
hﬁ = 0.95, across all three groups of G1, G2 or G3 selec-
tion candidates and with 2000 reference animals from
breed A. When rpc = 0.7 (Fig. 3), the corresponding

1.0
4000 animals EE
09 2000 animals o
0.8 - -
> 0.7 - =
b=
= 06 -
g os| -
D 04l d
© 0.3 - -
0.2 —
0.1 -
W/ wio W/ wio W/ w/o W/ wio W/ w/o w/ w/o
G1 G3 G1 G3 G1 G3
0.20 0.40 0.95

Fig. 2 Reliabilities with a purebred reference population and a
genetic correlation equal to 0.3. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/O) availability of genotyping data, using a reference population
with 2000 or 4000 breed A animals, which are separated from breed
A selection candidates by one (G1), or three (G3) generation(s). Herit-
abilities of 0.20, 0.40, and 0.95, were assumed. Results were averaged
across replicates

1.0

4000 animals
0.9 - 2000 animals 7
0.8 - -
> 0.7 |- —
=
= 06 1
o L A
9 0.5
T o4t 1
X o3 .
W/ wio W/ wio W/ wio W/ wio W/ wio W/ wio
G1 G3 G1 G3 G1 G3
0.20 0.40 0.95

Fig. 3 Reliabilities with a purebred reference population and a
genetic correlation equal to 0.7. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/O) availability of genotyping data, using a reference population
with 2000 or 4000 breed A animals, which are separated from breed
A selection candidates by one (G1), or three (G3) generation(s). Herit-
abilities of 0.20, 0.40, and 0.95, were assumed. Results were averaged
across replicates
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predicted reliabilities with availability of genotyping data
were in the range [0.05; 0.07] for &2 = 0.2, in the range
[0.10; 0.15] for 4% = 0.4, and in the range [0.20; 0.28]
for h2 =0.95. For both scenarios with rpc = 0.3 and
rpc = 0.7, the addition of 2000 breed A reference animals
slightly increased the predicted reliabilities (Figs. 2, 3).

Reliabilities predicted without availability of genotyp-
ing data were always lower than those predicted with
availability of genotyping data, which agrees with theory
(see “PB-PB scenario” section in the “Methods” sec-
tion). For the scenario with related breeds and rpc = 0.3
(Fig. 2), the differences between reliabilities predicted
without and with availability of genotyping data were
around 0.00 for 42 = 0.2, in the range [—0.02; 0.00] for
h% = 0.4, and in the range [—0.02; —0.01] for /2 = 0.95
across all three groups of G1, G2 or G3 selection candi-
dates and with 2000 breed A reference animals. When
rpc = 0.7 (Fig. 3), the corresponding differences between
reliabilities predicted without and with availability of
genotyping data were in the range [—0.03; 0.00] for
h% = 0.2, in the range [—0.06; —0.02] for 42 = 0.4, and in
the range [—0.11; —0.04] for 42 = 0.95. The largest dif-
ferences between reliabilities predicted without and with
availability of genotyping data were always observed for
the G1 selection candidates.

Similar results were obtained for the scenario with
unrelated breeds (see Additional file 4: Tables S1, S2).
Such similar results were expected since the distance
between breeds is not taken into account by ASGM. The
SD of the reliabilities across replicates were in the range
[0.000; 0.001] (see Additional file 4: Tables S1, S2).

CB-PB scenario

Reliabilities with and without availability of genotyp-
ing data are presented in Fig. 4 for related breeds and in
Fig. 5 for unrelated breeds. The CB-PB scenario included
both ASGM and BSAM. For both models, the reliabilities
predicted without availability of genotyping data under-
estimated the reliabilities predicted with availability of
genotyping data. Underestimation was close to 0 when
h? = 0.20, and increased up to 0.1 with increasing 42 and
number of crossbred AB reference animals. Similar to the
PB-PB scenario, the underestimation of reliabilities pre-
dicted with availability of genotyping data by the reliabili-
ties predicted without availability of genotyping data was
largest for the G1 selection candidates.

For the G1 selection candidates, the reliabilities for
ASGM with availability of genotyping data were around
0.09 with 2000 crossbred reference animals, independent
of the relationship between the breeds, and around 0.16
with 4000 crossbred reference animals, using /2 = 0.20
(Figs. 4, 5). Differences between the reliabilities predicted
without and with availability of genotyping data were
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Fig. 4 Reliabilities with a crossbred reference population that origi-
nated from two related breeds. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/0) availability of genotyping data, based on an across-breed SNP
genotype model (ASGM) or on a breed-specific allele substitution
effects model (BSAM), and using a reference population with 2000 or
4000 crossbred AB animals. Reference animals were separated from
breed A selection candidates by one (G1), or three (G3) generation(s).
Heritabilities of 0.20, 0.40, and 0.95, were assumed. Results were aver-

aged across replicates
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Fig. 5 Reliabilities with a crossbred reference population that origi-
nated from two unrelated breeds. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/O) availability of genotyping data, based on an across-breed SNP
genotype model (ASGM) or on a breed-specific allele substitution
effect model (BSAM), and using a reference population with 2000 or
4000 crossbred AB animals. Reference animals were separated from
breed A selection candidates by one (G1), or three (G3) generation(s).
Heritabilities of 0.20, 0.40, and 0.95, were assumed. Results were aver-
aged across replicates

around —0.01 for both 2000 and 4000 crossbred reference
animals. The corresponding reliabilities using 4% = 0.95
were around 0.37 and 0.58 with 2000 and 4000 crossbred
reference animals, respectively. The corresponding dif-
ferences between reliabilities predicted without and with
availability of genotyping data were in the range [—0.13;
—0.08].

For G1 selection candidates with related breeds, the
reliabilities for BSAM with availability of genotyping data
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were around 0.06 and 0.11 with 2000 and 4000 crossbred
reference animals, respectively, when using /42 = 0.20
(Fig. 4). Differences between reliabilities predicted with-
out and with availability of genotyping data were around
—0.01 with both 2000 and 4000 crossbred reference ani-
mals. The corresponding reliabilities using 42 = 0.95
were around 0.27 and 0.43 with 2000 and 4000 crossbred
reference animals, respectively. Corresponding differ-
ences between reliabilities predicted without and with
availability of genotyping data were in the range [—0.09;
—0.06]. Similar differences were observed with unrelated
breeds (Fig. 5). The SD of reliabilities across replicates
were in the range [0.000; 0.002] (see Additional file 4:
Tables S3, S4).

A comparison of reliabilities with availability of geno-
typing data between ASGM and BSAM showed that
ASGM consistently performed better than BSAM. How-
ever, reliabilities for BSAM increased with increasing dis-
tance between breeds, while reliabilities for ASGM were
only slightly affected (Figs. 4, 5). The increase in reliabili-
ties with increasing distance between breeds, which com-
pensates for the larger number of effects fitted in BSAM
compared to ASGM, is in agreement with previous stud-
ies, e.g., Ibanez-Escriche et al. [4].

CB + PB-PB scenario

The CB + PB-PB scenario included both breed A and
crossbred AB animals in the reference population. The
number of breed A reference animals was always 4000.
The number of crossbred AB animals was equal to 2000
or 4000. The CB + PB-PB scenario also included both
ASGM and BSAM.

For related breeds, reliabilities without and with avail-
ability of genotyping data are presented in Fig. 6 for
rpc = 0.3 and in Fig. 7 for rpc = 0.7. Reliabilities pre-
dicted without and with availability of genotyping data
were of the same order of magnitude, for both ASGM and
BSAM. Differences between the two predicted reliabili-
ties were in the range [—0.09; 0.05]. Similar to previous
results, these differences increased with heritability. Reli-
abilities for BSAM with availability of genotyping data
were about 0.03 to 0.04 lower than the corresponding
reliabilities for ASGM when heritabilities were assumed
to be 0.20. This difference between reliabilities for BSAM
and for ASGM increased with increasing heritability and
rpc, and with decreasing distance between breeds. For
example, reliabilities for BSAM with availability of geno-
typing data were between 0.07 and 0.12 points lower than
the corresponding reliabilities for ASGM when heritabili-
ties were equal to 0.95. These lower reliabilities for BSAM
can be attributed to the additional breed-specific effects
fitted in the model for a given number of records. Similar
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Fig. 6 Reliabilities with a mixed reference population assuming
two related breeds and a genetic correlation of 0.3. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on
an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 040, and 0.95, were assumed. Results were averaged across
replicates
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Fig. 7 Reliabilities with a mixed reference population assuming
two related breeds and a genetic correlation of 0.7. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on
an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 040, and 0.95, were assumed. Results were averaged across
replicates

trends were observed for reliabilities without availability
of genotyping data.

With unrelated breeds, the reliabilities without and
with availability of genotyping data, averaged across rep-
licates, are presented in Fig. 8 for rpc = 0.3 and in Fig. 9
for rpc = 0.7. Differences between reliabilities predicted
without and with availability of genotyping data were in
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Fig. 8 Reliabilities with a mixed reference population assuming
two unrelated breeds and a genetic correlation of 0.3. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on

an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 040, and 0.95, were assumed. Results were averaged across
replicates
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Fig. 9 Reliabilities with a mixed reference population assuming
two unrelated breeds and a genetic correlation of 0.7. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on
an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 0.40, and 0.95, were assumed. Results were averaged across
replicates

>

the range [—0.04; 0.07] for all scenarios with heritabili-
ties equal to 0.20 and to 0.40, and in the range [—0.10;
0.05] for all scenarios with heritabilities equal to 0.95.
Reliabilities predicted with availability of genotyping data
for BSAM with unrelated breeds were higher by about
0.01 to 0.06 than the reliabilities predicted with avail-
ability of genotyping data for BSAM with related breeds.
Similar trends were observed for reliabilities predicted
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without availability of genotyping data, showing a reli-
able prediction of reliability computed with availability of
genotyping data. The SD of reliabilities across replicates
were in the range [0.000; 0.006] (see Additional file 4:
Tables S5, S6, S7, S8).

Reliabilities in a pig-breeding program

Predicted reliabilities for BSAM when up to 10,000 cross-
bred AB animals were added to a reference population of
10,000 breed A animals are in Fig. 10, showing that pre-
dicted reliabilities increased when crossbred AB animals
were added to the reference population. The increase
in reliabilities decreased with increasing ”1(;?' The reli-
abilities obtained for ASGM with rl(,‘é) = 0.92 based on
10,000 breed A reference animals (and no crossbred AB
reference animals) (0.68) was the same as that for BSAM
based on only 10,000 crossbred AB reference animals
(i.e., with rI()AC) = 0.0). Therefore, for rl(fé) < 0.92, BSAM
with only crossbred reference animals can be at least as
accurate as ASGM with a larger number of purebred ref-
erence animals.

Discussion

In this study, the term “reliability” refers to the preci-
sion of genomic EBV obtained by relating their PEV to
the additive genetic variance of the base population, i.e.,
assuming absence of selection. Equations for predicting
the reliability of genomic EBV for crossbred performance
are proposed for reference populations that include pure-
bred animals, crossbred animals, or both. Reliabilities
were predicted for two models: ASGM and BSAM. For

Genetic correlation
Reliability

0 2000 4000 6000 8000 10000
Number of additional crossbred animals

Fig. 10 Reliabilities with additional crossbred reference animals and
different genetic correlations. Reliabilities predicted without avail-
ability of genotyping data for genomic estimated breeding values
of crossbred performance using a breed-specific allele substitution
effects model. The reference population included 10,000 purebred
animals and a number of crossbred animals that varied from 0 to
10,000. A heritability of 0.20 was assumed for both purebred and
crossbred performance traits, and the genetic correlation between
purebred and crossbred performance traits varied from 0.0 to 1.0. All
the required values of Me were assumed to be equal to 476.6
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the BSAM, we used the true breed-of-origin of all alleles
for the crossbred animals, which would have to be esti-
mated in practice, which may negatively impact the reli-
ability obtained. However, we expect this to have only a
very minor effect, since we showed in previous studies
that it is possible to accurately derive breed-of-origin of
alleles in three-breed crossbred pigs [26, 27].

Reliabilities of genomic EBV can be predicted when
genotype data are already available, i.e., with availability
of genotyping data, or without availability of genotyp-
ing data. For scenarios without availability of genotyping
data, it is assumed that the required genetic parame-
ters are computed using pedigree instead of genomic
data, or that estimates are available from the literature.
The results of this study showed that the reliabilities
of genomic EBV for crossbred performance predicted
without availability of genotyping data were of the same
order of magnitude as those predicted with availability of
genotyping data. Therefore, while prediction of reliabil-
ity should preferably take the genotype data of selection
candidates into account when available, both methods
can predict the reliability of genomic EBV for crossbred
performance for different reference populations, herit-
abilities, and rpc. The derived equations can therefore be
useful to optimize the design of breeding programs.

Reliabilities predicted without and with availability

of genotyping data

The aim of this study was to predict the precision of
genomic EBV based on PEV in the absence of selection.
Thus, the derivation of our prediction equations without
and with availability of genotyping data was based on
the SI and mixed model theories and assumed that phe-
notypes were corrected for all fixed and random effects
other than the considered genetic additive effects. The
equivalence between SI and mixed model theories under
certain conditions, such as the use of the same estimates
for the fixed effects, has previously been shown by sev-
eral studies (e.g., [15, 17, 28, 29]). Therefore, reliabilities
predicted with availability of genotyping data would be
expected to be close to reliabilities computed from PEV
obtained from genomic best linear unbiased prediction,
in the absence of selection. Equations for predicting the
reliability of genomic EBV without availability of geno-
typing data were validated against the equations for pre-
dicting reliability with availability of genotyping data, and
not against the reliability of selection, i.e., the squared
correlation between estimated and true genomic breed-
ing values, which is often obtained by cross-validation.
Indeed, the reliability of genomic EBV is not equivalent
to the reliability of selection for populations that are
under selection, although they are equivalent for popu-
lations without selection [30-33]. Reliability of selection
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can be predicted from the reliability of genomic EBV
by considering the intensity of selection using, e.g., the
equations proposed by Dekkers [30] and Bijma [31].

Our prediction equations with availability of geno-
typing data can be extended to situations when pheno-
types are already available for selection candidates and
even to situations when some reference animals are not
genotyped. First, in our study, selection candidates were
defined as animals with genotypes but without pheno-
types. In the context of poultry and pig breeding, this
reflects for instance carcass, disease, or fertility traits.
However, for growth-related traits, phenotypes are typi-
cally available for selection candidates at the time of
selection. For these situations, prediction equations
with availability of genotyping data can be used simply
by including the selection candidates with genotypes
and phenotypes as both reference animals and selection
candidates, such that they are used both for comput-
ing the genomic relationship matrix between reference
animals and selection candidates and the genomic rela-
tionship matrix between reference animals (e.g., for
computing both G, o and G a for the PB-PB scenario
using ASGM). Second, situations in which some refer-
ence animals are not genotyped can also be modelled by
our prediction equations with availability of genotyping
data through the use of a combined pedigree-genomic
relationship matrix H [34-36] instead of the genomic
relationship matrix G used in this study. Third, our pre-
diction equations with availability of genotyping data can
be extended to situations in which reference animals have
repeated phenotypes, or pseudo-phenotypes, such as
deregressed proofs and associated weights. For instance,
the predicted reliability for the PB—PB scenario using
ASGM can be computed as:

12\ 71
hZ”) WG,
a

)

AW (WGAAW/ +R
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2 1 2 G
Tp_ASGM_with = N, E pc
a

where W is the incidence matrix relating (pseudo-)phe-
notypes to reference animals and R is a diagonal matrix
with elements equal to 1 for real phenotypes, or equal
to the inverse of weights associated with pseudo-pheno-
types [17, 28]. Unlike the prediction equations with avail-
ability of genotyping data, the extension of prediction
equations without availability of genotyping data to more
complex scenarios is not as straightforward.

We also assumed that all additive genetic variance
was captured by the SNPs in the derivation of the pre-
diction equations. When only a portion of the additive
genetic variance is captured by the SNPs, the prediction
equations need to take this into account, as proposed by
Goddard et al. [13] and Wientjes et al. [14]. This propor-
tion could be empirically estimated when the reference
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population includes only one population by comparing
predicted and realized (cross-validation) reliabilities [14].

For most scenarios, predicted reliabilities without avail-
ability of genotyping data underestimated the reliabilities
predicted with availability of genotyping data (Figs. 2, 3,
4,5,6,7,8,9). While this is in agreement with the theory,
only a part of the underestimation is due to the fact that
the decrease of the error variance when multiple loci are
used was ignored (see “Methods” section; [12, 13]). This
underestimation is greater when heritability and reliabil-
ity increase to a value of 1 [13], as observed in our results.
Most of the underestimation is, however, primarily due
to an overestimation of Me, especially for the PB-PB
and CB-PB scenarios with only one generation separat-
ing reference animals and selection candidates, for which
the largest underestimations were observed. For instance,
the fractional underestimation of ’”121 ASGM wizn that can
be attributed to not considering the reduction in error
variance (1 — hirlz, ASGM withour ) (5€€ Additional file 1) is
approximately equal to 0.03 (i.e., 3% error) for the PB—PB
scenario with one generation separating 4000 reference
animals and selection candidates, 42 = 0.95, rpc = 1.0,
and Me, 4 = 3730 (obtained from one random replicate).
This does, however, explains only part of the fractional
underestimation of about 0.57 that is observed in Fig. 3.
Thus, the underestimation appears to be mainly due to
the overestimation of Me, particularly when only one
generation separates the reference animals and selection
candidates. Indeed, while estimates of Me increased with
decreasing predicted reliabilities with availability of gen-
otyping data, the results show that the reliabilities pre-
dicted without availability of genotyping data decreased
at a lower rate than reliabilities predicted with availabil-
ity of genotyping data when the relationships between
the reference population and the selection candidates
decreased. Further work to improve estimation of Me is
needed, especially for scenarios in which reference ani-
mals and selection candidates are highly related.

While predicted reliabilities without availability of gen-
otyping data were underestimated for most scenarios,
overestimations were observed for some scenarios with
reference populations that included both purebred and
crossbred animals (Figs. 6, 7, 8, 9). These overestimations
may be the result of estimation of Me and assumptions
taken for the derivation of the equations without availabil-
ity of genotyping data (e.g., a diagonal residual (co)variance
matrix for corrected phenotypes associated with BSAM
and using purebred and crossbred reference animals).

Potential use of the prediction equations

The equations derived in this study can be used to com-
pare the effects of modifying the values of various factors
(e.g., rpc, numbers of reference animals, or relationships
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between the reference population and the selection can-
didates) on the reliability of genomic EBV for crossbred
performance and for the optimization of the design of
breeding programs. However, the effects of some factors
should be compared carefully. For example, the results
show that the prediction equations without availability of
genotyping data should be used with care for the com-
parison of the effects of different relationships between
the reference population and the selection candidates.
The prediction equations without availability of genotyp-
ing data should also be used with care for the compari-
son of the reliabilities of the ASGM and BSAM models,
especially when the reference population includes both
purebred and crossbred animals (e.g., for the PB + CB-
PB scenario with unrelated breeds and rpc = 0.7; Fig. 9).
Nevertheless, the prediction equations without avail-
ability of genotyping data can still provide some insight
into the reliability of both models in different scenarios.
For instance, the results (Figs. 4, 5, 6, 7, 8, 9) showed that
reliabilities for BSAM tended to increase with increas-
ing distance between breeds, while the reliabilities for
ASGM were only slightly affected. The increase in reli-
abilities with increasing distance between breeds, which
compensates for fitting more effects in BSAM in com-
parison to ASGM, is in agreement with previous stud-
ies, e.g., Ibanez-Escriche et al. [4]. For instance, assume
that a reference population of a fixed number of cross-
bred AB animals is available, and that heritabilities
of crossbred performance traits estimated for ASGM
and BSAM for the breed A are equal. Therefore, from

2 _ Naph?
Eq. (4), ¢ _asom_withour = Naple+Megas’ and Eq. (8),

Naph?

2 AB"¢ 4 . .
r . = ——A it follows that the reli-
C_BSAM_without NABth +2Me;‘23’

ability of genomic EBV based on BSAM would be higher
than the reliability based on ASGM if Me, ag > 2Me ;2 B
This will be the case if the LD patterns between breeds
A and B are sufficiently different, which is more likely in
the case when the breeds have diverged for many genera-
tions [37]. This is in agreement with our results (Figs. 4,
5) and previous studies based on simulated data (e.g.,
[4, 11]) which show that reliabilities for BSAM increase
with increasing distance between breeds. The additional
effects fitted in BSAM are taken into account in Eq. (8) by
the factor of 2, which was also considered by van Greven-
hof and van der Werf [38], who evaluated the benefit of
including crossbred animals in the reference population
of a crossbreeding program using genomic selection.

Computation of Me

The evaluation of different scenarios based on the pre-
diction equations without availability of genotyping
data requires accurate estimates of all parameters, and
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especially of Me (e.g., [10, 14, 39, 40]). Parameters such as
heritabilities and correlations, if estimated inaccurately,
would similarly bias reliabilities predicted without and
with availability of genotyping data, since these param-
eters are used in both equations. However, Me, the effec-
tive number of segments that are shared and segregating
in both selection candidates and reference animals, is
only used when predicting reliability without availability
of genotyping data, and has a large impact. In our study,
the estimates of Me were computed from the differences
between genomic and pedigree relationships between
reference animals and selection candidates, as proposed
by Wientjes et al. [14]. However, our results showed that
these estimates of Me did not adequately consider the
close relationships that can exist between reference ani-
mals and selection candidates. As already proposed by
Daetwyler et al. [39] and Brard and Ricard [40], another
approach would be to reverse the prediction equations
without availability of genotyping data for computing Me.
Required reliabilities and other parameters should be
obtained from a reference population and different genera-
tions of selection candidates in which genomic prediction
is already applied. However, estimates of Me obtained by
the reversion of prediction equations would be underes-
timates, since this would include a correction for the fact
that the error variance decreases when multiple loci are
used, which is trait-dependent.

This study has introduced the concept of the effec-
tive number of chromosome segments originating from
a specific breed (b), and shared by selection candidates
(S) from this breed and crossbred reference animals (Rc),
Meg{’l)ec. This Megjj)ec is different from Megs . as defined
previously, since the latter does not take the breed origin
of the chromosome segments of the crossbred animals
into consideration. Indeed, each purebred population has
its own value of Me, while the genome of crossbred ani-
mals combines segments from the different populations
they originated from. Thus, the value of Mes g, includes
both the effective number of chromosome segments seg-
regating in breed b, and the effective number of chromo-
some segments segregating in the other breed(s) of origin
for the crossbred animals, while Meg,?ec only involves the
effective number of chromosome segments segregat-
ing in breed b. For this study, it was assumed that Meg,j}e .
(i.e., Megg p) was equal to Mesr (i.e., Me, 4) for which the
breed b selection candidates and reference animals (R)
share the same parents as the crossbred Rc animals. This
assumption was valid based on the results obtained. In
practice, such an assumption would not be possible, since
the purebred and crossbred reference animals may not
share the same parents, or reference animals may belong
to different generations. Further research on accurate
estimation of Me is therefore required.
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Conclusions

Several equations for predicting the reliability of genomic
EBV for crossbred performance based on ASGM or on
BSAM were derived for three different scenarios. These
three scenarios involved a reference population that
included only purebred animals, only crossbred animals,
or both. The prediction equations were derived for applica-
tion either without or with availability of genotyping data.
Results showed that the reliabilities predicted without
availability of genotyping data were of the same order of
magnitude as the predictions of reliabilities predicted with
availability of genotyping data. Thus, the proposed equa-
tions applied either without or with availability of geno-
typing data can be used to evaluate the effects of several
parameters on the reliability of genomic EBV for crossbred
performance (e.g., the genetic correlation between pure-
bred and crossbred performances, heritabilities of the traits,
number of reference animals, distance between breeds), and
for the optimization of the design of breeding programs.
Moreover, we showed that model BSAM can outperform
model ASGM for a breed, if the effective number of chro-
mosome segments originating from this breed and shared
by selection candidates of this breed and crossbred refer-
ence animals is less than half the effective number of all
chromosome segments that are independently segregating
in these same animals, provided all other parameters remain
equal. It is necessary to improve estimation of the effective
number of chromosome segments to predict the reliabil-
ity of genomic EBV without availability of genotyping data
more accurately.

Additional files

Additional file 1. Derivation of the equation for predicting the reliability
of genomic estimated breeding values without availability of data. Based
on the mixed model theory, a derivation of the equation for predicting
the reliability of genomic estimated breeding values is detailed in this
document, assuming that effects of all independent loci are estimated
simultaneously, and assuming a single population.

Additional file 2. Derivation of the prediction equation without avail-
ability of data, using a breed-specific allele substitution effects model

and only crossbred reference animals. A derivation of the equation that
predicts the reliability of genomic estimated breeding values for crossbred
performance using a breed-specific allele substitution effects model and
only crossbred animals without availability of genotyping data is detailed
in this document.

Additional file 3. Derivation of the prediction equation without avail-
ability of data, using a breed-specific allele substitution effects model, and
purebred and crossbred reference animals. A derivation of the equation
for predicting the reliability of genomic estimated breeding values for
crossbred performance using a breed-specific allele substitution effects
model and a reference population including both purebred and cross-
bred animals, without availability of genotyping data, is detailed in this
document.

Additional file 4: Table S1. Reliabilities for crossbred performance with
a purebred reference population and a genetic correlation equal to 0.3.
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Table S2. Reliabilities for crossbred performance with a purebred refer-
ence population and a genetic correlation equal to 0.7. Table S3. Reli-
abilities for crossbred performance with a crossbred reference population
originated from two related breeds. Table S4. Reliabilities for crossbred
performance with a crossbred reference population originated from two
unrelated breeds. Table S5. Reliabilities for crossbred performance with

a mixed reference population assuming two related breeds and a genetic
correlation of 0.3. Table S6. Reliabilities for crossbred performance with a
mixed reference population assuming two related breeds and a genetic
correlation of 0.7. Table S7. Reliabilities for crossbred performance with a
mixed reference population assuming two unrelated breeds and a genetic
correlation of 0.3. Table S8. Reliabilities for crossbred performance with a
mixed reference population assuming two unrelated breeds and a genetic
correlation of 0.7.
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