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INTRODUCTION

Crossbreding is predominant and intensively used 
in meat production systems (Wei, 1992), especially in 

swine and chicken. In two-way crossbreding schemes, 
selection of purebreds for their crossbred performance 
is the ultimate goal (Wei, 1992; Bijma and Bastiaansen, 
2014). Because there exist genetic differences between 
breeds and genotype × environment interaction effects, 
additive genetic effects estimated based on purebred 
performance cannot be used to perfectly predict the 
crossbred performance (Lo et al., 1997). Ideally, com-
bined purebred and crossbred information is required 
to implement the genetic evaluation for crossbred per-
formance (Wei and van der Werf, 1994). However, due 
to the difficulty and high cost of collection of data from 
crossbred animals (Dekkers, 2007), it is not common 
to have access to crossbred data.

Genomic selection has been successfully ap-
plied in purebreds based on data from purebred ani-
mals (Loberg and Dürr, 2009; Fulton, 2012), but it 
also offers opportunities for selecting purebreds for 
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ABSTRACT: Crossbreding is predominant and 
intensively used in commercial meat production 
systems, especially in poultry and swine. Genomic 
evaluation has been successfully applied for breed-
ing within purebreds but also offers opportunities of 
selecting purebreds for crossbred performance by 
combining information from purebreds with informa-
tion from crossbreds. However, it generally requires 
that all relevant animals are genotyped, which is costly 
and presently does not seem to be feasible in prac-
tice. Recently, a novel single-step BLUP method for 
genomic evaluation of both purebred and crossbred 
performance has been developed that can incorporate 
marker genotypes into a traditional animal model. This 
new method has not been validated in real data sets. In 
this study, we applied this single-step method to ana-
lyze data for the maternal trait of total number of piglets 

born in Danish Landrace, Yorkshire, and two-way 
crossbred pigs in different scenarios. The genetic cor-
relation between purebred and crossbred performances 
was investigated first, and then the impact of (cross-
bred) genomic information on prediction reliability for 
crossbred performance was explored. The results con-
firm the existence of a moderate genetic correlation, 
and it was seen that the standard errors on the estimates 
were reduced when including genomic information. 
Models with marker information, especially crossbred 
genomic information, improved model-based reli-
abilities for crossbred performance of purebred boars 
and also improved the predictive ability for crossbred 
animals and, to some extent, reduced the bias of pre-
diction. We conclude that the new single-step BLUP 
method is a good tool in the genetic evaluation for 
crossbred performance in purebred animals.
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crossbred performance by using combined informa-
tion from purebreds and crossbreds (Ibáñez-Escriche et 
al., 2009; Zeng et al., 2013) or by using only purebred 
data (Esfandyari et al., 2015). However, it generally re-
quires that all relevant animals are genotyped. Recently, 
a novel single-step BLUP method (Christensen et al., 
2014) for genomic evaluation of both purebred and 
crossbred performance in a two-way crossbreding sys-
tem was developed that is an extension of a single-step 
BLUP method (Legarra et al., 2009; Christensen and 
Lund, 2010) from purebred performance to combined 
purebred and crossbred performances.

The aim of this study is to implement the new 
single-step BLUP method by using both purebred and 
crossbred data of total number of piglets born (TNB) 
in different scenarios, estimate the genetic correlation 
between purebred and crossbred performance, and then 
explore the impact of (crossbred) genomic information 
on prediction reliability for crossbred performance.

MATERIALS AND METHODS

Data
For this study, all data sets were provided by Danish 

Pig Research Centre. Three populations were simultane-
ously analyzed: Danish Landrace (LL), Danish Yorkshire 
(YY), and two-way crossbred Danish Landrace–
Yorkshire. Crossbred animals that had a Landrace sire 
and a Yorkshire dam were termed “Landrace_Yorkshire” 
(LY), whereas “Yorkshire_Landrace” (YL) represented 
crossbreds with Yorkshire sires and Landrace dams. The 
TNB data in this study comprised the records of the first 
parity in all three populations. Altogether, TNB was re-
corded in 293,339 LL, 180,112 YY, and 10,974 cross-
bred animals. This data set is termed the “full popula-
tion” throughout the whole paper.

Among the crossbreds, 7,407 were LY and 3,567 
were YL. All of the purebred animals had first farrowing 
dates between 2003 and 2013, and the crossbred animals 
first farrowed between 2010 and 2013. The pedigree 
for both purebred and crossbred animals was available, 
and all the crossbreds were traced back to their pure-
bred ancestors until 1994 by the DMU Trace program 
(Madsen, 2012). Consequently, 332,929 LL, 210,554 
YY, and 10,974 crossbreds were in the pedigree. Among 
those animals, 7,723 LL and 7,785 YY were genotyped 
with an Illumina PorcineSNP60 Genotyping BeadChip 
(Ramos et al., 2009). Two-thirds of purebred genotyped 
animals were boars. For the crossbreds, 5,203 animals 
(4,077 LY and 1,126 YL) were genotyped with a 8.5K 
GGP-Porcine Low Density Illumina Bead SNP Chip 
(GeneSeek, 2012). Single nucleotide polymorphism 
quality controls were applied on the same data set in a 

previous study (Xiang et al., 2015), where more details 
can be found. Finally, 41,009 SNP and 7,916 SNP in au-
tosome chromosomes were accessible in purebreds and 
crossbreds, respectively. Imputation was implemented 
in crossbreds from 7,916 SNP to 41,009 SNP with soft-
ware Beagle (Browning, 2008), which outputs phased 
SNP for both reference and imputed population, by us-
ing a joint reference panel of the two pure breeds (Xiang 
et al., 2015). As a result, 41,009 phased genotyped SNP 
were available for the genotyped animals in both pure-
breds and crossbreds for the current study.

Single-Step BLUP Model for Purebred  
and Crossbred Performances

The new single-step BLUP method of evaluating 
both purebred and crossbred performance was devel-
oped by Christensen et al. (2014). The model reformu-
lates the “full” Wei and van der Werf (1994) A1 model 
and incorporates genomic information by using two 
breed-specific combined relationship matrices, which 
extend the marker-based relationship matrices to the 
non-genotyped animals.

The Wei and van der Werf model is a trivariate model:

yL = XLβL + ZLaL + eL,

yY = XYβY + ZYaY + eY, and

yLY = XLYβLY + ZLYcLY + eLY,

in which yL, yY, and yLY contain phenotypes for 
purebred Landrace (L), purebred Yorkshire (Y), and 
crossbred LY animals, respectively; XLβL, XYβY, and 
XLYβLY represent fixed effects; eL, eY, and eLY were 
overall random residual effects, assumed to be inde-
pendently normally distributed with mean 0 and vari-
ance 

L

2seI , 
Y

2seI , and 
LY

2seI , respectively; aL and aY 
contain breeding values for breed L and breed Y for 
their purebred performance (mating within each own 
breed); cLY stands for the additive genetic effects of 
crossbred LY animals; and ZL, ZY, and ZLY are the re-
spective incidence matrices. Note that the cLY animal 
additive genetic effects are actually formed as the sum 
of two additive gametic effects, one from L and anoth-
er from Y. In other words, a crossbred diploid genome 
decomposes into two purebred haploid genomes.

The Christensen et al. (2014) method first as-
sumes that effects of markers across the different ori-
gins (Yorkshire and Landrace, in this case) are unre-
lated. Under this assumption, the additive effect of the 
genome of an F1 crossbred animal can be split into 
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the sum of two additive gametic effects, one gamete 
from each breed, where the two gametic effects are 
uncorrelated by assumption of the model. Therefore, 
separate matrices of pedigree-based or genomic-
based relationships can be set up within each breed 
and then be combined according to purebred theory 
for the single step (Legarra et al., 2009; Christensen 
and Lund, 2010). The analysis proceeds by estimat-
ing solutions to two different breed-specific random 
effects. The key to disentangle the breeds of origin for 
the genetic effect of the F1 individuals is the ability to 
construct pedigree-based partial relationship matrices 
(García-Cortés and Toro, 2006) or separate (by origin) 
genomic matrices, which, in turn, requires ascertain-
ment of breed origin of the marker genotypes. More 
specifically, there are three steps:

Step 1). Reformulate the Wei and van der Werf model 
by splitting additive genetic effects for crossbred animals 
(LY) into breed of origin specific genetic effects, that is, 
split the additive genetic value of the ith F1 crossbred in 
two additive genetic values, one from each origin (LL or 
YY): cLYi = cL

LYi + cY
LYi. It has to be understood that 

neither of these is a breeding value sensu stricto; instead, 
they are additive effects in the statistical sense as “regres-
sion of value on gene dosage” as explained by Falconer 
et al. (1985), who clarifies the various definitions of av-
erage effect of genes in absence of random mating. Note 
that the new single-step model (Christensen et al., 2014) 
is not the animal model used by Lo et al. (1997) and 
Lutaaya et al. (2001). Actually, the new single-step model 
is a reformulation of the full model from Wei and van der 
Werf (1994; equation A1), whereas Lo et al. (1997) and 
Lutaaya et al. (2001) refer to the reduced animal model 
from Wei and van der Werf (1994; equation A2). In the 
presence of only pedigree information, the full and the 
reduced animal model are equivalent, but in the presence 
of crossbred genomic information, this is no longer the 
case. In the papers of Lo et al. (1997) and Lutaaya et al. 
(2001), the additive genetic value of the ith F1 crossbred 
is uLYi = (uL

LYp(i, L) + ΦLi) + (uY
LYp(i, Y) + ΦYi). Here, 

uL
LYp(i, L) and uY

LYp(i, Y) are half the additive genetic 
values of the purebred parents p(i, Y) and p(i, L), which 
are common to all the offspring of the same sire or dam, 
and ΦLi and ΦYi are the respective Mendelian samplings, 
which are different for each offspring. In the reduced ani-
mal model, both Mendelian sampling terms are included 
in the residual effect of the crossbred animals, and only 
uL

LYp(i, L) and uY
LYp(i, Y) are estimated. This is for two 

reasons: first, with only pedigree information, this term 
cannot be estimated; second, setting up matrices of ad-
ditive relationships (and their inverse) for crossbred ani-
mals at the animal model is not straightforward (Lo et 
al., 1993; García-Cortés and Toro, 2006). Therefore, in  
 

the works of Lo et al. (1997) and Lutaaya et al. (2001), 
the additive genetic value of the ith F1 crossbred uLYi is 
replaced by uL

LYp(i, L) + uY
LYp(i, Y). With genomic rela-

tionships and in the model of Christensen et al. (2014), 
these Mendelian sampling terms are embedded into a 
genomic relationship matrix (relationships across ani-
mals for purebreds and gametes for crossbreds) and they 
are no longer uncorrelated. Therefore, the absorption 
of this term into the residual error term is not suitable. 
In the current study, cL

LYi = uL
LYp(i, L) + ΦL

LYi and 
cY

LYi = uY
LYp(i, Y) + ΦL

LYi. The additive genetic value 
of the ith F1 crossbred cLYi is not identical to uL

LYp(i, L) + 
uY

LYp(i, Y) in Lo et al. (1997) and Lutaaya et al. (2001). 
Therefore, our model (which is a gametic model at the 
level of crossbreds) is not a single-step model equivalent 
of Lo et al. (1997) and Lutaaya et al. (2001), which, at the 
level of crossbreds, are reduced animal models.

Step 2). Construct breed-specific partial relation-
ship matrices for each breed of origin genetic effects. 
Considering pedigree relationships, the variance and 
covariance between additive genetic purebred (a) and 
crossbred (c) effects of breed LL is described as

( )L L L

L L L

2

, L

2

,

var
s s

s s

a a c

c a c

= ⊗
  
      

a
H

c
.

This is a two-trait representation. For better under-
standing, the genetic effects can be split into animal 
effects belonging to purebred animals (aL and cL) and 
gametic effects belonging to crossbred animals ( aLY

L( )  
and cLY

L( ) ):

( )

( )

( )

( )

( ) ( )

L L L

L L L

L L L

L L L

L

2L
,LY L

2
L ,

L

LY

2 L
, L,L L,LY

L L2
LY ,L LY ,LY,

var
s s

s s

s s

s s

a a c

c a c

a a c

c a c

= ⊗

= ⊗

 
   
   
     
 
   
   
    

a

a
H

c

c

H H

H H

,

in which matrix H(L) is a matrix of partial relationships 
that contains 4 blocks, 1 for within purebred animals 
(HL, L), 2 for purebred with crossbred animals ( HL LY

L

,

( ) ) 
and vice versa ( HLY L

L

,

( ) ), and 1 for within crossbred ani-
mals ( HLY LY

L

,

( ) ). If there are nL pure Landrace animals and 
nLY crossbred animals, the size of H(L) is (nL + nLY) × 
(nL + nLY). The nL purebred animals have additive ef-
fects, which are breeding values, aL (when mated within 
breed) and cL (when mated to the other breed). The nLY 
purebred gametes of crossbred animals have additive ef-
fects cLY

L( )  (within the cross itself). The covariance struc-
ture includes, for ease of representation, aLY

L( ) , which are 
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effects of crossbred gametes in purebred performance; 
these effects are merely conceptual but they simplify the 
representation and computation. The covariance struc-
ture for breed YY is similar:

( )

( )

( )

( )

( ) ( )

Y Y Y

Y Y Y

Y Y Y

Y Y Y

Y

2Y
,LY Y

2
Y ,

Y

LY

2 Y
, Y ,Y Y ,LY

Y Y2
LY ,Y LY ,LY,

var
s s

s s

s s

s s

a a c

c a c

a a c

c a c

= ⊗

= ⊗

 
   
   
     
 
   
   
    

a

a
H

c

c

H H

H H

,

with the size of H(Y) equal to (nY + nLY) × (nY + nLY), 
and both structures are assumed independent, that is, 
there is no covariance between LL effects and YY effects. 
As in Wei and van der Werf (1994), there are six genetic 
variance or covariance components, three for each breed.

Matrix H(L) can be constructed based on avail-
able information (pedigree and markers) as follows. 
The pedigree-based and marker-based breed LL par-

tial relationship matrices are ( )
( )

( ) ( )

L
L,L L,LYL
L L

LY,L LY,LY

é ù
ê ú= ê ú
ê úë û

A A
A

A A  

and ( )
( )

( ) ( )

L
L,L L,LYL
L L

LY,L LY,LY

é ù
ê ú= ê ú
ê úë û

G G
G

G G
, respectively, in which 

the partition divides purebred animals from purebred 
gametes in crossbred animal. Because of the split into 
breed-specific gametes, the pedigree-based partial re-
lationship matrices A(L) and A(Y) must be computed 
as in García-Cortés and Toro (2006).

Construction of the breed-specific marker-based re-
lationship matrices assumes that the breed of origin of 
phased alleles in crossbred animals is known. In other 
words, it is known which phased allele in a crossbred 
animal LY is from breed LL and which one is from 
breed YY. Then, the marker-based partial relationship 
matrix contains cross products of centered genotypes:

GL, L = (mL – 2pL1′)(mL – 2pL1′)′,

GL LY
L
,
( )  = (mL – 2pL1′)(qLY – pL1′)′, and

GLY LY
L
,

( )  = (qLY – pL1′)(qLY – pL1′)′,

in which mL and qLY contain breed-specific allele con-
tents of the second allele for purebred LL (coded as 
0, 1, or 2) and crossbred animal LY (coded as 0 or 1), 
respectively, and vector pL are breed LL specific allele 
frequencies based on marker genotypes for purebred 
and crossbred animals.

Later, matrix G(L) is adjusted to be compatible with 
A(L): G(L)

a = G(L)β + Kα, in which K = / 2
/ 2 / 4

é ù
ê ú
ê úë û

J J
J J  

and J denotes a matrix of one’s partitioned as G(L). 
Scalars α and β are estimated through solving the 2 
following equations:

( ) ( )L L

22 b a= +A G K  and

( ) ( )L L

22 b a= +dA dG dK ,

for example, equating the averages of the full matrices 
and equating the averages of the diagonals of pedigree 
and genomic relationships for genotyped individuals 
(Christensen et al., 2012). Matrix A22

L( ) contains pedi-
gree relationships for genotyped LL individuals. The 
procedure is identical for breed YY.

Step 3). Combine the pedigree-based and adjusted 
marker-based partial relationship matrices to a com-
bined partial relationship matrix H(L), which is simi-
lar to the H matrix used in the single-step method for 
purebred animals (Legarra et al., 2009; Christensen 
and Lund, 2010). The inverse of H(L) is

( )( ) ( )( ) ( )( )
( )( )1 1

1 1

22

L L

L L

w

− −

− −= +
−

 
 
  

0 0
H A

0 G A
,

in which G
w

L( )  = (1 – ω) A22

L( )  + ω A22

L( ) . Parameter ω 
is the relative weight on the residual polygenic ef-
fect. Many other studies have investigated the weight-
ing factors between the pedigree-based and marker-
based relationship matrices (Christensen and Lund, 
2010; Christensen et al., 2012; Gao et al., 2012; Su 
et al., 2012; Guo et al., 2015) and, commonly, they 
put forward that the weighting factors should be de-
termined by the specific trait and the data set analyzed. 
We investigated weighting factors from 0.1 to 0.5. 
Preliminary analysis (results not shown) for different 
weighing factors showed that ω = 0.4 was appropriate, 
in terms of balance between predictive abilities and 
biases for crossbred animals. The procedure is identi-
cal for breed YY. The sparse inverse partial relation-
ship matrices (H(L))–1 and (H(Y))–1 are used as input 
to solve the mixed model equations of the model.
Step 4). Therefore, the complete representation of the 
final model for genetic evaluation is

yL = XLβL + ZLaL + eL,

yY = XYβY + ZYaY + eY,
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yLY = XLYβLY + cLY
L( )  + cLY

Y( )  + eLY,

( )

( )

( )L L L

L L L

L

2L
,LY L

2
L ,

L

LY

var
s s

s s

a a c

c a c

= ⊗

 
   
   
     
 

a

a
H

c

c
,

( )

( )

( )Y Y Y

Y Y Y

Y

2Y
,LY Y

2
Y ,

Y

LY

var
s s

s s

a a c

c a c

= ⊗

 
   
   
     
 

a

a
H

c

c

,

var (eL) = Ise
2

L
, var(eY) = Ise

2

Y
, and var(eLY) = Ise

2

LY
.

This is a three observed trait model (performance 
in LL, YY, and LY) but with two genetic effects (LL 
and YY), each with two genetic traits: purebred and 
crossbred performance. Estimation of genetic parame-
ters by REML and BLUP predictions were done using 
the DMU software (Madsen and Jensen, 2013).

Crossbred Allele Tracing

Software Beagle, which was used to impute and 
phase genotypes in crossbred animals, does not give 
breed allele origins as an output. Therefore, to infer 
the allele origins in crossbred animals, we proceeded 
as follows. The allele tracing was processed separately 
on each chromosome per individual.

Among the 5,203 genotyped crossbred animals, 
sires of 4,520 crossbreds were genotyped, whereas nei-
ther parent of the other 683 crossbreds was genotyped. 
When the sire was genotyped, total differences between 
the two sets of phased imputed alleles of a crossed ani-
mal and two sets of phased alleles of its corresponding 
purebred sire were compared. Comparisons between 
crossbred and purebred phased alleles were made on 
each SNP along the chromosome. For a specific com-
parison, if a crossbred allele was different from the cor-
responding purebred allele, that SNP was counted as 
one difference. Along the chromosome, if the sum of 
differences between one set of crossbred phased alleles 
and one set of specific purebred phased alleles was low-
est among the 4 comparisons, then this set of specific 
crossbred phased alleles was considered as originating 
from the breed of the sire. Logically, the other set of 
crossbred phased alleles was assigned to the other breed.

When neither parent was genotyped, one of the two 
sets of phased imputed crossbred alleles was studied 
segment by segment. Each crossbred phased chromo-
some was split into several small segments, which 
consisted of 50 consecutive SNP markers. These were 

compared with the corresponding collection of seg-
ments from phased chromosomes of two purebred ref-
erence populations LL and YY, which were used for 
imputing crossbred genotypes. Each small segment in 
the crossbred animals should exactly match at least one 
segment in the reference panel, because each crossbred 
segment was imputed by the purebred reference popu-
lation. Copies of that specific segment being detected 
in the reference population of LL and YY were count-
ed separately and were divided by the total number of 
segments in the same position in the reference panel of 
LL and YY to get proportions of the matched segment. 
If the proportion was higher in one breed, the crossbred 
segment was considered to originate from this breed. 
Throughout all the segments within a crossbred phased 
chromosome, if the vast majority of segments were 
considered as originating from one specific breed, then 
the crossbred phased chromosome was assigned to that 
breed. Consequently, 5,203 crossbred phased alleles 
were traced to either breed LL or YY.

Statistical Model

For Landrace and Yorkshire, the statistical model 
was as follows:

yijklmn = μ + hysi + monthj + hybridk + b1 × 
ageijklmn + b2 × age2

ijklmn + am + sbn + eijlkmn,

in which the dependent variable, yijklmn, represented TNB 
in the first parity in breed LL or YY; μ was the general 
mean; hysi, monthj, and hybridk represented fixed effects 
of herd–year–season, month at farrowing, and hybrid in-
dicator of service sire (same or different breed as sow); 
ageijklmn and age2

ijklmn were covariates for the age of far-
rowing and its squared value, with regression coefficient 
b1 and b2, respectively; am was the random additive ge-
netic effect of sow; sbn was a random service sire effect; 
and eijklmn was the random residual effect. Random ef-
fects were assumed to be independently normally distrib-
uted, a ~ N(0, H(L)

L

2sa ) or a ~ N(0, H(Y)
Y

2sa ), depending 
on pure breed; sb ~ N(0, Iσ2

sb) and e ~ N(0, Iσ2
e), in 

which H(L) and H(Y) were previously defined; I was the 
identify matrix; 

L

2sa  and 
Y

2sa  were additive genetic vari-
ances for breed LL and YY for purebred performances, 
respectively; and σ2

sb and σ2
e were the variance of ser-

vice boar effect and the variance of the residual effect, 
respectively.

The model for crossbred records was

yijlm = μ + hysi + monthj + b1 × ageijlm + b2 × 
age2

ijlm + c(L)
m + c(Y)

m + eijlm,
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in which the dependent variable, yijlm, represented 
TNB in the first parity in crossbred animals; μ, hysi, 
monthj, ageijlm, and eilmn represented the same effects 
as in the model for purebred records; and c(L)

m
 and 

c(Y)
m were breed LL and YY origin additive genetic 

effects, respectively. The two additive genetic effects 
were assumed to be independently normally distrib-
uted, c(L) ~ N(0, H(L)

L

2sc ) and c(Y) ~ N(0, H(Y)
Y

2sc ), 
in which H(L) and H(Y) were breed LL or YY specific 
partial additive genetic relationships and 

L

2sc  and Y

2sc  
were additive genetic variances for crossbred perfor-
mances of breed LL and YY, respectively.

Scenarios

Variance components, heritabilities, and genetic 
correlations between purebred and crossbred perfor-
mances (rpc) were first investigated in the full popula-
tion. Heritability for purebred performance was defined 
as the ratio of additive genetic variances for purebred 
performance (σ2

a) to phenotypic variances (σ2
p = σ2

a + 
σ2

sb + σ2
e), whereas heritability for crossbred animals 

was defined as the ratio of total additive genetic vari-
ance of crossbred performance for two breed-specific 
gametes (0.5(

L

2sc  + 
Y

2sc )) to phenotypic variances 
(0.5(

L

2sc + Y

2sc ) + LY

2se ). To explore the effect of different 
genotyping strategies on genetic evaluation for cross-
bred performance, the breed-specific partial relation-
ship matrices were constructed based on three different 
scenarios (SC): 1) Nogen_SC, only pedigree informa-
tion, which represented the traditional BLUP method; 
2) Genpure_SC, pedigree information and purebred 
genotypes (7,723 LL and 7,785 YY), representing ge-
notyping only purebreds; and 3) Genall_SC, pedigree 
information and all purebred and crossbred genotypes 
(7,723 LL, 7,785 YY, and 5,203 crossbreds). The pur-
poses of studying Genall_SC were to check the neces-
sity of including crossbred genomic information, which 
is normally not available, and to study the improvement 
of genomic prediction of purebred animals for crossbred 
performance. Information on each scenario is shown 
in Table 1. To make the results comparable across all 
studies, specific relationship matrices for breed LL and 
YY were calculated using allelic frequencies estimated 
from “old” purebred population (born before January 1, 

2011), which were 2,210 LL and 2,161 YY, respectively. 
For each scenario, the variance components for pure-
bred and crossbred performances were estimated and 
the genetic correlation between them was obtained.

Second, model-based reliabilities of crossbred per-
formance for purebred boars were calculated in the 3 
different scenarios mentioned. According to pedigree, 
7,407 LY and 3,567 YL were offspring of 765 LL and 
465 YY sires, respectively. These sires were divided 
into 2 subgroups of genotyped and non-genotyped 
animals and mean model-based reliabilities were com-
puted in each subgroup. Mean model-based reliabil-
ity was calculated as (Mrode and Thompson, 2005): 

( )2 2 2
1

1 SEP / /n
i ci

r ns
=

= −∑ , in which SEPi was the SE of 
prediction for animal i, σc

2 was the variance of additive 
genetic effect for crossbred performance, and n was the 
number of purebred boars that were studied. In addition, 
the proportion of animals that have higher model-based 
reliabilities in one scenario compared with another sce-
nario in each subgroup was also investigated.

Finally, the predictive ability for crossbred animals 
in the validation population (4,195 crossbreds) was in-
vestigated in different scenarios. The farrowing date of 
January 1, 2012, was used as the cut-off date to divide 
recorded sows in the full population into training and 
validation populations. For purebred genotyped boars, 
only birth dates were accessible, not days of farrow-
ing. Therefore, for genotyped animals, the birth date 
of January 1, 2011, was, instead, used as the cut-off 
date. As a result, 240,543 LL, 139,868 YY, and 6,779 
crossbreds were contained in training population, with 
2,210 genotyped LL, 2,161 genotyped YY, and 2,357 
genotyped crossbreds being included as well. The vali-
dation population for crossbred performance included 
4,195 crossbreds, among which 2,846 were genotyped. 
Phenotypes of crossbred animals in the validation popu-
lation were corrected for fixed and random effects other 
than additive genetic effect (Yc = c(L)

m + c(Y)
m + e). Yc 

were obtained by using full population data, with partial 
relationship matrices constructed in Genall_SC.

Breed-specific partial relationship matrices were 
constructed based on scenarios, concerning genotypes of 
animals in the training population: Nogen_T is the sce-
nario in which relationship matrices H contained only 
pedigree information (i.e., H(L) = A(L) and H(Y) = A(Y)); 

Table 1. Scenarios for model-based reliability
Scenario1 Genotypes2 Phenotypes
Nogen_SC No genotypes Full data:  

293,339 LL, 180,112 YY,  
and 10,974 crossbred animals

Genpure_SC 7,723 LL and 7,785 YY
Genall_SC 7,723 LL, 7,785 YY, and 5,203 crossbreds

1Nogen_SC = only pedigree information; Genpure_SC = pedigree information and purebred genotypes; Genall_SC = pedigree information and all 
purebred and crossbred genotypes.

2LL = Danish Landrace; YY = Danish Yorkshire.
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Genpure_T is the scenario in which relationship matrices 
H contained pedigree information and purebred geno-
types of 2,210 LL and 2,161 YY; Genpc_T is the scenario 
in which relationship matrices H contained pedigree in-
formation and genotypes of the 2,210 LL, 2,161 YY, and 
2,357 crossbreds that were involved in the training data 
set; and Genall_T is the scenario in which relationship 
matrices H comprised all information in Genpc_T plus 
extra genomic information (but not the phenotypic infor-
mation) of the 2,846 crossbreds in the validation popula-
tion. Detailed information on each scenario is shown in 
Table 2. Variance components were estimated based on 
phenotypes from the training population in each scenario, 
being only slightly different from those based on pheno-
types from the full population. The predictive ability of 
crossbreds was measured by validation correlations cor(
ĉ , Yc) in each scenario, in which ĉ  were the estimated 
additive genetic effects for crossbreds ( ĉ  = c(L)

m
 + c(Y)

m) 
in the validation population from different scenarios. For 
Genall_T, the validation population was divided into 2 
subgroups of genotyped and non-genotyped animals and 
the validation correlations were made in the subgroup as 
well as in the whole validation population. A Hotelling–
Williams t test at a 5% confidence level was applied to 
evaluate the significance for the differences of validation 
correlations in each scenario. Moreover, to detect the pos-
sible inflation or deflation of predictions, the regression 
coefficients of Yc on ĉ  were explored to check whether 
they were close to 1. In addition, to measure uncertainty 
associated with results, bootstrap sampling (Mäntysaari 
and Koivula, 2012; Cuyabano et al., 2015) was used in 
the test population to estimate means and SE of correla-
tions. Results were similar to the Hotelling–Williams test 
above and are not shown.

To check the possible impact of different genotyp-
ing scenarios on the ranking and selection of purebred 
animals for their crossbred performance, Spearman’s 
rank correlations (Spearman, 1904) between breed-
ing values of purebred sires (765 LL and 465 YY) for 
crossbred performance were calculated across different 
scenarios. In addition, the breeding values for cross-

bred performance were ranked from highest to lowest 
in different scenarios, and then the consistency of the 
purebred boars in the top 5% highest breeding values 
was checked across different scenarios. Furthermore, to 
investigate re-rankings in a situation closer to the way 
selection for crossbred performance could be imple-
mented in practice for such a sow trait, the Spearman’s 
rank correlation and the top 5% studies were also made 
on the “young” sows that were included in the valida-
tion population (52,796 LL and 40,244 YY), that is, 
purebred animals without their own records. Among 
these young sows, 1,103 LL and 1,085 YY were geno-
typed. These two studies were separately processed on 
the genotyped and non-genotyped young sows.

The new single-step BLUP method for crossbreds 
is complex, and therefore, we tried a simpler single-
trait single-step BLUP method (Legarra et al., 2009; 
Christensen and Lund, 2010). This method assumed 
that all animals belonged to a single population, using a 
single relationship matrix, where the compatibility ad-
justment of G to A22 was done as in Christensen et al. 
(2012). Predictive abilities for crossbred animals in the 
validation population were also measured as cor( ĉ , Yc).

RESULTS

Variance Components, Heritabilities,  
and Genetic Correlations

Estimates of variance components and genetic cor-
relations between purebred and crossbred performances 
for Landrace and Yorkshire in each scenario are shown 
in Table 3 together with calculated heritabilities. For 
each scenario, both pure breeds showed higher additive 
genetic variances for purebred performance (σa

2) than 
for crossbred performance (σc

2). Residual variances for 
purebred animals (σe

2) were larger than those for cross-
bred animals (

LY

2se ). For all scenarios, the estimated her-
itabilities for purebred performance (h2) were always 
0.11 and 0.09 for Landrace and Yorkshire, respectively. 
Heritabilities for crossbred animals (h2

LY) were around 

Table 2. Scenarios for predictive ability
Scenario1 Genotypes2 Phenotypes
Nogen_T No genotypes Training: 240,543 LL, 139,868 YY,

and 6,779 crossbred animals
Validation: 52,796 LL, 40,244 YY,
and 4,195 crossbred animals

Genpure_T 2,210 LL and 2,161 YY
Genpc_T 2,210 LL, 2,161 YY, and 2.357 crossbreds
Genall_T 2,210 LL, 2,161 YY, and 5,203 crossbreds

1Nogen_T = the scenario in which relationship matrices H contained only pedigree information; Genpure_T = the scenario in which relationship ma-
trices H contained pedigree information and purebred genotypes of 2,210 LL and 2,161 YY; Genpc_T = the scenario in which relationship matrices H 
contained pedigree information and genotypes of the 2,210 LL, 2,161 YY, and 2,357 crossbreds that were involved in the training data set; Genall_T = the 
scenario in which relationship matrices H comprised all information in Genpc_T plus extra genomic information (but not the phenotypic information) of 
the 2,846 crossbreds in the validation population.

2LL = Danish Landrace; YY = Danish Yorkshire.
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0.09 in the different scenarios. The estimated genetic 
correlation between purebreds and crossbreds ranged 
from 0.70 in Nogen_SC to 0.78 in Genall_SC for the 
Landrace breed and ranged from 0.57 in Nogen_SC to 
0.68 in Genall_SC for the Yorkshire breed. Standard 
errors were generally large but kept decreasing from 
around 0.12 (Nogen_SC) to 0.1 (Genall_SC) for both 
breeds. Slight differences of the estimated genetic cor-
relation were observed between the two breeds. The 
Landrace breed showed slightly higher genetic correla-
tion between purebred and crossbred performance than 
that for the Yorkshire breed.

Model-Based Reliability

Table 4 compares the mean model-based reliabilities 
for purebred sires for their crossbred performance in dif-
ferent scenarios across all boars and for genotyped and 
non-genotyped subgroups. The genotyped subgroup al-
ways had higher model-based reliabilities than the non-
genotyped group, and for the group of all boars, model-
based reliabilities were in between those of the subgroups 
of genotyped and non-genotyped animals in each scenar-
io. Model-based reliabilities increased from about 0.28 to 
0.39 for the Landrace breed and from about 0.22 to 0.37 
for the Yorkshire breed from Nogen_SC to Genall_SC. 
From Nogen_SC to Genall_SC, model-based reliabili-
ties kept increasing in all three groups. Overall, methods 
with marker information (Genpure_SC and Genall_SC) 
presented higher model-based reliabilities than the ped-
igree-based scenario (Nogen_SC). In addition, propor-
tions of purebred boars that have larger model-based re-
liabilities between pairwise scenarios were also studied. 
Result shows that 100% of LL and YY boars had larger 
model-based reliabilities in the Genall_SC compared 
with the Nogen_SC and Genpure_SC (results not shown). 

Concerning the single-trait, single-step BLUP model, 
model-based reliabilities for purebred LL and YY in 
Genall_SC were 0.70 ± 0.12 and 0.69 ± 0.12, respectively. 
Although these values are much higher than results shown 
in Table 4, they cannot be directly compared because they 
represent the reliability of animals drawn from a breed 
that would be a mixture of YY and LL, which is not the 
case. In fact, this single-trait model has lower predictive 
abilities than Christensen’s model, as will be shown next.

Predictive Abilities

Predictive abilities for crossbred pigs in the validation 
group for different scenarios are shown in Table 5. The 
Pearson correlation between the corrected phenotypes 
and the EBV (cor( ĉ , Yc)) range from 0.084 in Nogen_T 
to 0.120 in Genall_T, as shown in the second row of 
Table 5. No statistically significant differences between 
Genpure_T and Nogen_T were found, but Genpc_T and 
Genall_T were statistically significantly more accurate 
than those two scenarios. For the Genall_T, the subgroup 
of 2,846 genotyped crossbred pigs reveals larger correla-
tion coefficients than that in the subgroup of non-geno-
typed pigs. Furthermore, the subgroup of non-genotyped 
pigs in Genall_T shows larger correlation coefficients 
than those in other scenarios.

Regression coefficients of corrected phenotypes 
on the EBV are shown in Table 5. In general, regres-
sion coefficients were a little bit larger than 1 for all 
the scenarios. Regression coefficients for scenarios 
with marker information (Genpure_T, Genpc_T, and 
Genall_T) were closer to 1 than that for pedigree-
based scenario (Nogen_T). Among scenarios with 
marker information, in terms of unbiasedness, there 
was no clear trend showing which scenario performed 
better, but none was clearly biased. For the Genall_T, 

Table 3. Variance components,1 heritabilities for purebred performance,2 genetic correlation between purebred 
and crossbred performance for Landrace and Yorkshire,3 and heritabilities for crossbred animals4

Scenario5 Breed σ2
a σa, c σ2

c σ2
sb σ2

e rpc (SE) h2
LY

2se
h2

LY

Nogen_SC Landrace 1.63 0.62 0.48 0.83 12.07 0.70 (0.12) 0.11
8.36 0.08Yorkshire 1.23 0.61 0.92 0.73 11.47 0.57 (0.13) 0.09

Genpure_SC Landrace 1.65 0.78 0.68 0.88 12.16 0.73 (0.11) 0.11
8.40 0.09Yorkshire 1.21 0.64 0.96 0.72 11.67 0.59 (0.12) 0.09

Genall_SC Landrace 1.65 0.89 0.79 0.88 12.16 0.79 (0.09) 0.11
8.33 0.10Yorkshire 1.23 0.75 0.99 0.72 11.67 0.68 (0.10) 0.09

1σ2
a = additive genetic variance for purebred performance; σa, c = genetic covariance between purebred and crossbred performance; σ2

c = additive 
genetic variance for crossbred performance; σ2

sb = variance of service-boar effect; σ2
e = residual variance for purebred performance; 

LY

2se  = residual vari-
ance for crossbred animals.

2h2 = heritability for purebred performance (σ2
a/(σ2

a + σ2
sb + σ2

e).
3rpc = genetic correlation between purebred and crossbred performance.
4h2

LY = heritability for crossbred animals (0.5(
L

2sc  + 
Y

2sc )/[0.5(
L

2sc  + 
Y

2sc ) + 
LY

2se ]).
5Nogen_SC = only pedigree information; Genpure_SC = pedigree information and purebred genotypes; Genall_SC = pedigree information and all 

purebred and crossbred genotypes.
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the subgroup of genotyped animals had less bias than 
the subgroup of non-genotyped animals.

Single-Trait Single-Step BLUP Predictive Abilities

Predictive abilities by a single-trait single-step BLUP 
method for crossbred animals in the validation popula-
tion are shown in last 2 rows in Table 5. They increase 
from 0.082 in Nogen_T to 0.106 in Genall_T. It can also 
be seen that the predictive abilities calculated based on 
the single-trait model show trends similar to those cal-
culated from the three-trait model but are smaller than in 
each corresponding scenario. Regression coefficients in-
crease slightly from 0.61 in Nogen_T to 0.71 in Genall_T 
but are further from 1 when compared with regression 
coefficients calculated based on the three-trait model. For 
Genall_T, the genotyped subgroup also had higher pre-
dictive abilities than that in non-genotyped subgroup.

Re-ranking of Purebred Animals across Scenarios

The Spearman’s rank correlations between esti-
mated crossbred breeding values of purebred boars 
(765 LL and 465 YY) in pairwise scenarios are shown 
in Table 6. For both breeds, it can be seen that the pair-
wise correlations are always smaller than 1. In terms 
of the “top 5%” study, from 60% to 82% of purebred 
boars (either LL or YY) were shared from one sce-
nario to another in the top 5% highest breeding values 
(results not shown). Similar results were observed in 
young purebred sows (results not shown).

DISCUSSION

This study implemented the single-step BLUP 
method of Christensen et al. (2014) by using both 
purebred and crossbred data from LL and Yorkshire in 
several scenarios with regard to different amounts of 
genomic information. Results indicated that the model 
was applicable. The genetic correlation between pure-
bred and crossbred performance for TNB was suc-
cessfully estimated. Methods with marker information 

were powerful for genetic evaluation for crossbred 
performance with regard to the predictive ability and 
unbiasedness. In addition, this study demonstrated 
that, to implement genetic evaluation for crossbred 
performance, crossbred genomic information is useful 
in addition to purebred genotypes.

In the model, a key assumption was that breed ori-
gins of phased marker genotypes for crossbred animals 
were known. In this study, 60K crossbred genotypes 
were imputed from a 8K crossbred panel. Although 
Xiang et al. (2015) concluded that the imputation ac-
curacies would be larger than 99% in terms of allele 
correct rates and 95% in terms of correlation coeffi-
cients between imputed genotypes and true genotypes, 
the uncertainty of crossbred genotypes cannot be totally 
eliminated. The algorithm of tracing alleles in the cur-
rent study was considered to be working efficiently, be-
cause the differences between two purebred reference 
panels were considerably large in several sampled chro-
mosomes. However, errors of tracing alleles probably 
still appeared if the similarity of two phased crossbred 
segments were high. All in all, a hidden risk of using 
incorrect alleles may still exist when building the breed-
specific partial relationship matrix. This needs further 
research.

The additive genetic variances for purebred perfor-
mance (σ2

a) were larger than those for crossbred perfor-
mance (σ2

c), implying that the phenotypes of purebred 
animals could be more diverse than for the crossbred 
animals, which was in line with the phenotypic vari-
ances for purebred animals (15.12 and 14.14 for LL and 
YY, respectively) being larger than those for crossbred 
animals (9.49). The heritabilities for crossbred animals 
(h2

LY) were not dramatically different from heritabili-
ties for purebred performance (h2), which was oppo-
site to results in Wei and van der Werf (1995) and is 
due to the fact that in the current study, variances of 
environmental effects for crossbreds (

LY

2se ) were only 
two-thirds of those for purebreds (σ2

e), which could be 
a consequence of heterosis and phenotypic plasticity 
(better fitness) to the multiple herds for crossbreds than 
for purebreds (Misztal and Løvendahl, 2012) or could, 

Table 4. Mean model-based reliabilities of purebred boars for their crossbred performance

 
Breed1

All2 Genotyped3 Non-genotyped4

Nogen_SC Genpure_SC Genall_SC Nogen_SC Genpure_SC Genall_SC Nogen_SC Genpure_SC Genall_SC
LL 0.303 0.332 0.385 0.307 0.341 0.391 0.280 0.279 0.346
YY 0.262 0.284 0.365 0.264 0.288 0.369 0.218 0.223 0.301

1LL = Danish Landrace; YY = Danish Yorkshire.
2All = all the sires of crossbred animals, consisting of 765 Landrace and 465 Yorkshire. Nogen_SC = only pedigree information; Genpure_SC = pedigree 

information and purebred genotypes; Genall_SC = pedigree information and all purebred and crossbred genotypes.
3Genotyped = genotyped sires of crossbred animals, consisting of 656 Landrace and 443 Yorkshire.
4Non-genotyped = Non-genotyped sires of crossbred animals, consisting of 109 Landrace and 22 Yorkshire.
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alternatively, be due to fact that only three different 
herds were used for crossbreds. Crossbreding capital-
izes on heterosis effects and complementarity between 
breeds and results in an increased performance of cross-
breds compared with purebreds (Dekkers, 2007).

When selection is based on purebred performance, 
the genetic correlation between purebred and crossbred 
performance (rpc) is a key genetic parameter in cross-
breding schemes (Bell, 1982; Bijma and Bastiaansen, 
2014). The genetic correlations between purebred and 
crossbred performance for TNB were around 0.75 and 
0.63 for Landrace and Yorkshire, respectively, which 
confirmed the existence of a moderate correlation. The 
rpc is smaller than 1, which is due to different environ-
ments for purebreds and crossbreds (Lutaaya et al., 2001) 
and the presence of dominant gene action combined with 
different allele frequencies in the two breeds (Lo et al., 
1997; Christensen et al., 2014). This result was in line 
with Wong et al. (1971), who reported that the rpc for litter 
size was 0.74. However, Wei (1992) reviewed some oth-
er studies that reported low or even negative genetic cor-
relations between purebred and crossbred performance 
for litter size. A change of rpc over time was reported to 
be caused by long-term purebred selection (Pirchner and 
VonKrosigk, 1973), and therefore, it needs to be estimated 
regularly. The SE on the estimated genetic correlations 
were generally large in the current study, which implies 
that the sample size was not large enough, especially for 
crossbreds. Taking the SE into account, the estimated 
correlations in different scenarios were not very different. 
Nevertheless, the slight decrease of SE with an increased 
amount of genomic information indicated that genotypes, 
especially crossbred genotypes, would reduce the uncer-
tainty of rpc. The decreasing SE demonstrated the better 
performance of the new single-step model incorporating 

crossbred marker information compared with the pedi-
gree-based selection of purebred animals for crossbred 
performance. Bijma and Bastiaansen (2014) showed that 
when using pedigree relationships, the SE of rpc was de-
termined by number of sire families and reliabilities of 
EBV and suggested that the SE should not exceed 0.05. 
In the current study, the TNB was a low heritable trait 
(around 0.1) and only 1,018 sires of the 1,230 sires of 
10,974 crossbred animals were genotyped, which was 
also low. Therefore, large SE were expected. Results in 
the current study showed that the rpc for Landrace was 
slightly larger than that for Yorkshire, although the SE 
were large. Genetic correlations (rpc) also consistently in-
crease with number of genotypes used. One possible ex-
planation could be that there are still some discordances 
between the definition of base populations in genomic 
and pedigree relationships. Concerning heritabilities for 
purebred performance, our estimates confirmed the re-
sults of Guo et al. (2015), who estimated heritabilities 
of 0.11 and 0.09 for TNB in Landrace and Yorkshire, re-
spectively.

The model-based reliabilities for purebred boars for 
their crossbred performance were generally low in the 
current study. The magnitude of these reliabilities is a 
direct function of the prediction error variances, which, 
in this case, are mostly determined by the numbers of 
offspring per boar (Dufrasne et al., 2011). In the cur-
rent study, the numbers of crossbred offspring for each 
boar ranged from 1 to 11, with an average of 5, which 
were low and led to a high uncertainty of prediction. 
According to Table 4, model-based reliabilities tend-
ed to increase as the amount of genomic information 
increased for both breeds. The scenarios with marker 
information presented larger model-based reliabilities 
than the pedigree-based scenario, which may be due to 

Table 5. Predictive abilities for crossbred animals in the validation population in different scenarios

 
Perdiction

 
Nogen_T1

 
Genpure_T1

 
Genpc_T1

Genall_T1

All Genotyped Non-genotyped

cor( ĉ , Yc)
2 0.084a 0.088a 0.097b 0.120c 0.126 0.106

Regression coefficients3 1.179 1.049 1.081 1.067 1.048 1.105

Single-trait cor( ĉ , Yc)
4 0.079 0.084 0.088 0.106 0.109 0.103

Single-trait regression coefficients5 0.588 0.644 0.644 0.698 0.875 0.647

a–cDifferent superscripts of small letters among scenarios indicate significant differences (P < 0.05) by a Hotelling–Williams t test.
1Nogen_T = the scenario in which relationship matrices H contained only pedigree information; Genpure_T = the scenario in which relationship ma-

trices H contained pedigree information and purebred genotypes of 2,210 LL and 2,161 YY; Genpc_T = the scenario in which relationship matrices H 
contained pedigree information and genotypes of the 2,210 LL, 2,161 YY, and 2,357 crossbreds that were involved in the training data set; Genall_T = the 
scenario in which relationship matrices H comprised all information in Genpc_T plus extra genomic information (but not the phenotypic information) of 
the 2,846 crossbreds in the validation population.

2cor( ĉ , Yc) is correlation coefficients between corrected phenotypes and EBV.
3Regression coefficients of corrected phenotypes on EBV.
4Single-trait cor( ĉ , Yc) is correlation coefficients between corrected phenotypes and EBV based on the single trait single-step BLUP method.
5Single-trait regression coefficients is regression coefficients of corrected phenotypes on EBV based on the single trait single-step BLUP method.
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the additional marker information. Reliabilities for the 
subgroup of genotyped animals were larger than that 
for the subgroup of non-genotyped animals in each sce-
nario, but non-genotyped animals also benefitted from 
the genomic information of genotyped animals, as the 
reliabilities for the non-genotyped subgroup kept in-
creasing from Nogen_SC to Genall_SC. These results 
are in line with Lourenco et al. (2015). Reliabilities 
for non-genotyped animals in Genall_SC were even 
larger than those in Nogen_SC and Genpure_SC for 
genotyped animals, implying the benefit of genotyp-
ing crossbred animals. In addition, 100% of purebred 
boars had larger model-based reliabilities in Genall_SC 
than that in the other two scenarios, which also pro-
vided evidence that the model incorporating crossbred 
marker information was useful for genetic evaluation 
for crossbred performance in purebred boars. We con-
cluded that crossbred genomic information plays a role 
in improving reliabilities for crossbred performance in 
purebred boars. Nevertheless, it has been reported that 
the model-based reliabilities overestimated the true reli-
abilities (VanRaden et al., 2009), because the markers 
may overfit the data set (Su et al., 2012). Therefore, fur-
ther investigation on true reliabilities is needed, poten-
tially by a simulation study.

Correlation coefficients between corrected phe-
notypes and EBV for TNB in crossbred animals were 
lower than results for daily gain and feed conversion 
ratio in Christensen et al. (2012). This may be related to 
the fact that the heritability was higher for the traits of 
daily gain and feed conversion ratio than for the TNB 
in the current study. Moreover, the additive genetic ef-
fects for crossbred animals required estimating 2 breed 
of origin genetic effects c(L) and c(Y), which may lead 
to more uncertainty for crossbred animals than studies 
for purebred animals in Christensen et al. (2012). The 
cor( ĉ , Yc) in different scenarios confirmed that the 
methods with marker information would enhance the 
predictive ability. The crossbred genomic information 
was useful to improve the prediction, because scenarios 
with only purebred genotypes did not show significant 
improvement compared with the pedigree-based sce-

nario but significantly improved when crossbred ge-
nomic information was also involved. Results showed 
that genotyped animals had larger cor( ĉ , Yc) than non-
genotyped animals, which was opposite to studies by 
Guo et al. (2015). This could be because in the current 
study, the validation group consisted of crossbred ani-
mals among which the genotyped subset was a random 
sample, without biases for prediction (Su et al., 2012), 
whereas in Guo et al. (2015), the validation group con-
sisted of purebred animals among which the genotyped 
subset was a preselected group. Pre-selection reduces 
accuracies of EBV (Bijma, 2012; Lourenco et al., 2015). 
The non-genotyped subgroup of crossbred animals in 
Genall_T had larger accuracies than those in other sce-
narios, indicating that non-genotyped validated animals 
benefited from crossbred genotyped animals in the vali-
dation population. Therefore, we suggest genotyping 
crossbred animals as well as purebred animals when 
implementing genomic selection for crossbred animals.

Regression coefficients of corrected phenotypes on 
EBV did not show a clear preference for a specific sce-
nario, but coefficients in all scenarios with marker infor-
mation were closer to 1 than in the pedigree-based sce-
nario. All the regression coefficients were larger than 1, 
suggesting the underestimation (deflation) of variation of 
the estimated genomic breeding values (Gao et al., 2012).

Both the values of Spearman’s rank correlations 
lower than 1 and the top 5% study indicated that rank-
ings of purebred animals’ breeding values for cross-
bred performance were not consistent across different 
scenarios. The selected purebred candidates for cross-
bred performance will be different with the availabil-
ity of (crossbred) genomic information.

In terms of the predictive abilities and bias, the sin-
gle-trait model was less robust than the three-trait model, 
although it was easier to implement. With crossbred ge-
nomic information, the three-trait model showed up to 
13% higher predictive abilities than the single-trait model, 
which seems an interesting gain for this low heritable trait.

Conclusion

The new single-step model works well for genetic 
evaluation for crossbred performance in pigs. A moder-
ate, positive genetic correlation between purebred and 
crossbred performance (rpc ranged from 0.57 to 0.78) 
for TNB in purebred Landrace and Yorkshire is con-
firmed. Crossbred genomic information reduces the SE 
on the estimate of this genetic correlation. Models with 
marker information, especially crossbred genomic in-
formation, improve model-based reliabilities for cross-
bred performance of purebred boars and also improve 
the predictive ability for validated crossbred animals 
and somehow reduce the bias of prediction. The single-

Table 6. Spearman’s rank correlations between cross-
bred breeding values for 765 Landrace boars (above 
the diagonal) and 465 Yorkshire boars (below the 
diagonal) of crossbred animals in pairwise scenarios

Nogen_SC1 Genpure_SC1 Genall_SC1

Nogen_SC 1.00 0.92 0.90
Genpure_SC 0.93 1.00 0.98
Genall_SC 0.87 0.95 1.00

1Nogen_SC = only pedigree information; Genpure_SC = pedigree in-
formation and purebred genotypes; Genall_SC = pedigree information and 
all purebred and crossbred genotypes.
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step model that considered the 3 populations as a single 
one resulted in lower predictive abilities. The model is 
a good tool in the genetic evaluation for crossbred per-
formance in purebred animals.
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