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INTRODUCTION

The first attempts of applying marker-assisted 
selection (MAS) were not very successful. One of 
the reasons was the difficulty in identifying mark-
ers closely linked to QTL using low-density micro-
satellite panels (Heffner et al., 2009). More recent-
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ABSTRACT: The first attempts of applying marker-
assisted selection (MAS) in animal breeding were not 
very successful because the identification of markers 
closely linked to QTL using low-density microsat-
ellite panels was difficult. More recently, the use of 
high-density SNP panels in genome-wide association 
studies (GWAS) have increased the power and preci-
sion of identifying markers linked to QTL, which offer 
new possibilities for MAS. However, when GWAS 
started to be performed, the focus of many breed-
ers had already shifted from the use of MAS to the 
application of genomic selection (using all available 
markers without any preselection of markers linked 
to QTL). In this study, we aimed to evaluate the pre-
diction accuracy of a MAS approach that accounts for 
GWAS findings in the prediction models by includ-
ing the most significant SNP from GWAS as a fixed 
effect in the marker-assisted BLUP (MA-BLUP) 
and marker-assisted genomic BLUP (MA-GBLUP) 
prediction models. A second aim was to compare 
the prediction accuracies from the marker-assisted 
models with those obtained from a Bayesian variable 
selection (BVS) model. To compare the prediction 
accuracies of traditional BLUP, MA-BLUP, genomic 
BLUP (GBLUP), MA-GBLUP, and BVS, we applied 

these models to the trait “number of teats” in 4 dis-
tinct pig populations, for validation of the results. The 
most significant SNP in each population was locat-
ed at approximately 103.50 Mb on chromosome 7. 
Applying MAS by accounting for the most significant 
SNP in the prediction models resulted in improved 
prediction accuracy for number of teats in all evalu-
ated populations compared with BLUP and GBLUP. 
Using MA-BLUP instead of BLUP, the increase in 
prediction accuracy ranged from 0.021 to 0.124, 
whereas using MA-GBLUP instead of GBLUP, the 
increase in prediction accuracy ranged from 0.003 to 
0.043. The BVS model resulted in similar or higher 
prediction accuracies than MA-GBLUP. For the trait 
number of teats, BLUP resulted in the lowest predic-
tion accuracies whereas the highest were observed 
when applying MA-GBLUP or BVS. In the same 
data set, MA-BLUP can yield similar or superior 
accuracies compared with GBLUP. The superiority 
of MA-GBLUP over traditional GBLUP is more pro-
nounced when training populations are smaller and 
when relationships between training and validation 
populations are smaller. Marker-assisted GBLUP did 
not outperform BVS but does have implementation 
advantages in large-scale evaluations.
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ly, dense panels of SNP became available, enabling 
researchers to perform genome-wide associations 
studies (GWAS) in different species. These GWAS 
enabled the identification of novel QTL and the reduc-
tion of confidence intervals of previously identified 
QTL (Lopes et al., 2014). However, GWAS findings 
have not been extensively used in MAS schemes be-
cause the focus of many breeders has shifted to ge-
nomic selection (GS; Meuwissen et al., 2001) using 
all markers without preselection.

A common GS strategy is to replace the traditional 
BLUP with the genomic BLUP (GBLUP). With GBLUP, 
it is assumed that quantitative traits are controlled by a 
large number of genes and each gene explains a small 
amount of the variance of the trait (Goddard, 2009). 
However, this assumption of GBLUP leads to subop-
timal prediction accuracy for quantitative traits that are 
controlled by a limited number of genes with moderate 
to large effects (Meuwissen and Goddard, 2010).

In this study, we aimed to show that with improved 
technologies, such as dense SNP panels, we can revive 
“old” strategies, such as MAS, to improve the accuracy 
of prediction. This approach consisted of including 
the most significant SNP from GWAS as a fixed effect 
in the prediction models: marker-assisted BLUP (MA-
BLUP) and marker-assisted GBLUP (MA-GBLUP). 
We also compared the prediction accuracies from MA-
BLUP and MA-GBLUP with those obtained by apply-
ing a Bayesian variable selection (BVS; George and 
McCulloch, 1993) model. The model trait used in this 
study was “number of teats,” which is very relevant 
for pig breeding and for which an important QTL is 
known to be segregating (Duijvesteijn et al., 2014; 
Lopes et al., 2014).

METHODS

Ethics Statement

The data used for this study was obtained as part 
of routine data recording in commercial breeding pro-
grams. Samples collected for DNA extraction were 
only used for the routine diagnostic purpose of the 
breeding program. Data recording and sample collec-
tion were conducted strictly in line with the rules given 
by Dutch and Norwegian animal research authorities.

Data

Number of teats was recorded at birth in 4 pig pop-
ulations: Large White, Dutch Landrace, Norwegian 
Landrace, and Duroc (see Table 1 for descriptive sta-
tistics). The Large White and Dutch Landrace popu-
lations were located in Dutch nucleus farms. The 
Norwegian Landrace and Duroc populations were lo-

cated in Norwegian nucleus farms and a boar testing 
station. Three data sets from each population were used 
in this study: ALL, TRAINING, and VALIDATION.

The data set ALL consisted of all genotyped ani-
mals and their contemporaries that had phenotypes 
(322,887 Large White, 439,809 Dutch Landrace, 
210,289 Norwegian Landrace, and 8,118 Duroc). 
Using ALL, the phenotypes (number of teats) were 
precorrected for all nongenetic effects. The precor-
rected phenotype was used as the response variable 
in further analyses. The nongenetic effects were es-
timated by a pedigree-based linear model in ASReml 
version 3.0 (Gilmour et al., 2009):

yijkl = μ + sexi + hyj + uk + litterl + eijkl,   (1)

in which yijkl was the number of teats of the kth animal, 
μ was the overall mean, sexi was the fixed effect of sex 
i, hyj was the fixed effect of the herd–year j of birth, 
uk was the random additive genetic effect of animal k, 
litterl was the random effect of litter l, and eijkl was the 
random residual effect. The vector of additive genetic 
effects was assumed to be distributed as ~N(0, A 2

aσ ), 
which accounted for the variances and covariances be-
tween animals due to relationships by formation of an 
A matrix (pedigree-based numerator relationship ma-
trix), with 2

aσ  being the additive genetic variance. The 
vector of litter effects was assumed to be distributed as 
~N(0, I 2

lσ ), with I being an identity matrix and 2
lσ  the 

litter variance. The vector of residual effects was as-
sumed to be distributed as ~N(0, I 2

eσ ), with 2
eσ  being 

the residual variance.

Table 1. Descriptive statistics
Population Data set1 No.2 Mean SD3

Large White ALL 322,887 15.05 1.05
TRAINING 2,620 15.37 0.96

VALIDATION 665 15.65 0.98
D utch  

Landrace
ALL 439,809 15.27 1.07

TRAINING 2,491 15.61 1.02
VALIDATION 622 15.78 1.04

N orwegian 
Landrace

ALL 210,289 15.70 0.99
TRAINING 6,090 15.92 0.95

VALIDATION 1,522 16.06 0.97
Duroc ALL 8,118 13.02 1.05

TRAINING 3,798 12.98 1.04
VALIDATION 950 13.00 1.00

1ALL: the whole population used in the preadjustment of the pheno-
types, which includes the animals from TRAINING, VALIDATION, and 
their contemporaries; TRAINING: genotyped and phenotyped animals 
used for the genome-wide association studies and also as reference popu-
lation in the genetic prediction analysis; VALIDATION: data set used to 
measure prediction accuracy.

2Number of phenotyped animals.
3Standard deviation of number of teats in each data set of each population.
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The data set TRAINING was a subset of ALL 
consisting of the oldest 80% of the animals that had 
both phenotypes and genotypes (2,620 Large White, 
2,491 Dutch Landrace, 6,090 Norwegian Landrace, 
and 3,798 Duroc animals). This data set was used to 
perform the GWAS and was also used as the reference 
population for prediction of breeding values.

The data set VALIDATION consisted of the re-
maining 20% youngest animals that had both phe-
notypes and genotypes (665 Large White, 622 Dutch 
Landrace, 1,522 Norwegian Landrace, and 950 Duroc 
animals). This data set was used to assess the predic-
tion accuracy of the evaluated models as described 
below in the “Prediction of Breeding Values” section.

Genotypes

Genotyping was performed at the Centre for 
Integrative Genetics (University of Life Sciences, 
Ås, Norway) and at GeneSeek, Inc. (Lincoln, NE), 
mainly using the Illumina Porcine SNP60 BeadChip 
(Illumina, Inc., San Diego, CA). Part of the animals 
from the Large White (n = 820) and Dutch Landrace (n 
= 873) population were genotyped using the (Illumina, 
Inc.) GeneSeek Custom 80K SNP chip (GeneSeek 
Inc., Lincoln, NE). The number of animals genotyped 
per chip is shown in Table 2. Quality control consisted 
of excluding SNP with GenCall < 0.15 (Illumina Inc., 
2005), call rate < 0.95, minor allele frequency < 0.02, 
strong deviation from Hardy–Weinberg equilibrium 
(χ2 > 600), SNP located on sex chromosomes, and un-
mapped SNP. The positions of the SNP were based 
on the Sscrofa10.2 assembly of the reference genome 
(Groenen et al., 2012). Animals with frequency of 
missing genotypes ≥ 0.05 would be removed from the 
data set. However, all genotyped animals had a fre-
quency of missing genotypes < 0.05 and were therefore 
kept for further analyses. After quality control, the re-
maining missing genotypes of the animals genotyped 
with the SNP60 BeadChip were imputed using Beagle 
version 3.3.2 (Browning and Browning, 2007). At the 
same time, the animals genotyped with the GeneSeek 
Custom 80K SNP chip had their genotypes imputed to 
the set of SNP on the SNP60 BeadChip that passed the 
quality control. After quality control, 43,439 SNP for 
Large White, 41,077 SNP for Dutch Landrace, 38,085 
SNP for Norwegian Landrace, and 36,131 SNP for 
Duroc were available from the SNP60 BeadChip and 
composed the final set of SNP used in further analyses. 
The number of SNP from the GeneSeek Custom 80K 
SNP chip that passed the quality control and were also 
presented in the SNP60 BeadChip (being, therefore, 
used in the imputation) was 34,436 SNP for Large 
White and 32,645 SNP for Dutch Landrace (Table 2).

Genome-wide Association Studies

A single-SNP GWAS was performed within popu-
lation using the following animal model:

y*k = μ + X β̂  + uk + ek,   (2)

in which y*k was the precorrected phenotype of the kth 
animal, μ and animalk were as defined above for model 
[1], X was the genotype (0, 1, or 2) of the kth animal for 
the evaluated SNP, β̂  was the unknown allele substitu-
tion effect of the evaluated SNP, and ek was the random 
residual effect, which was assumed to be distributed as 
~N(0, I 2

eσ ). The association analyses were performed 
with the TRAINING data set within each population 
using ASReml version 3.0 (Gilmour et al., 2009).

The genetic variance explained by a SNP ( 2
snpσ = 

2pqα2) was estimated based on the allele frequencies 
(p and q) and the estimated allele substitution effect 
(α). The proportion of phenotypic variance explained 
by the SNP was defined as 2

snpσ / 2
pσ , in which 2

pσ  is 
the total phenotypic variance (the sum of the additive 
and residual variances), which was estimated based on 
model [2] without a SNP effect.

Best Linear Unbiased Prediction and Genomic 
BLUP Models

Four models were evaluated: BLUP, GBLUP, 
MA-BLUP, and MA-GBLUP. All models were imple-
mented in ASReml version 3.0 (Gilmour et al., 2009). 
From the single-SNP GWAS, we selected the most 

Table 2. Description of genotypic data before and 
after quality control

SNP  
  chip Description

Population

Large
White

Dutch
Landrace

Norwegian
Landrace Duroc

Before quality control
60K Number of animals 2,465 2,240 7,612 4,748

Number of SNP 64,232 64,232 64,232 64,232
80K Number of animals 820 873   

Number of SNP 68,528 68,528   
After quality control

60K Number of animals 2,465 2,240 7,612 4,748
Number of SNP 43,439 41,077 38,085 36,131

80K Number of animals 820 873   
Number of SNP 34,4361 32,6451   

Final data set
60K2 Number of animals 3,285 3,113 7,612 4,748

Number of SNP 43,439 41,077 38,085 36,131

1Number of SNP of the GeneSeek Custom 80K SNP chip (80K) that 
passed quality control and is also present in the Illumina Porcine SNP60 
BeadChip (60K).

2Illumina Porcine SNP60 BeadChip (60K) and GeneSeek Custom 80K 
SNP chip (80K) that was imputed to Illumina Porcine SNP60 BeadChip.
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significant (smallest P-value derived from the ANOVA 
F-testing) SNP in each population to be included in 
the marker-assisted models for within-line prediction. 
Models fitting more than one marker were also applied 
when more than one QTL region in different locations 
(chromosomes) explaining >1% of the phenotypic 
variance were identified.

The models MA-BLUP and MA-GBLUP were 
equal to model [2], except that in MA-GBLUP, a ge-
nomic relationship matrix (G matrix) instead of an 
A matrix was used to account for the genomic vari-
ances and covariances between animals. The G ma-
trix was built according to VanRaden (2008), using 
G = ZZ′/2∑pq, in which Z is a matrix of centered 
genotypes and p and q are the allele frequencies of the 
SNP. The allele frequencies were estimated separately 
within each population and were based on the current 
genotyped population (recent allele frequencies). We 
used the allele frequencies of the current population 
instead of the base population because the evaluated 
populations, as most of the modern livestock genetic 
lines, were generated decades ago and genetic material 
from the founders is not available for genotyping. As 
concluded by VanRaden (2008), genomic inbreeding 
coefficients required accurate estimates of allele fre-
quencies in the base population. However, predictions 
of genetic merit were much less sensitive to allele fre-
quency estimates. Therefore, we do not expect a large 
influence of the allele frequency estimates in our re-
sults. For MA-BLUP and MA-GBLUP, the effect of 
the SNP (QTL) and the polygenic effect are estimated 
simultaneously, as already described in the late 1980s 
(Fernando and Grossman, 1989). The models BLUP 
and GBLUP were similar to model [2] but without the 
fixed effect X β̂ .

In MA-GBLUP, the SNP that was fitted as a fixed 
effect was also used to build the G matrix. To test 
whether using this SNP in both parts of the model has 
an effect on the accuracy of the MA-GBLUP, the SNP 
used as a fixed effect and all other SNP in high linkage 
disequilibrium (LD; r2 > 0.50) with it were excluded 
from the set of SNP used to build the G matrix. The 
pairwise LD between the SNP used as a fixed effect in 
the model and all other SNP on the chromosome was 
estimated on the TRAINING data set using the soft-
ware PLINK version 1.07 (Purcell et al., 2007).

Bayesian Variable Selection

Breeding values of the validation animals were 
also estimated fitting all SNP simultaneously in a BVS 
model (George and McCulloch, 1993):

y* = 1μ + Z ˆ *β  + e,   (3)

in which y* was a vector of precorrected pheno-
types; μ was the mean number of teats; Z was a 
design matrix with SNP genotypes coded as 0, 1, or 
2 copies of a given allele; ˆ *β  was a vector of un-
known SNP effects; and e was a vector of random 
residual effects assumed to be normally distributed 
~N(0, I 2

eσ ) , in which 2
eσ  was the residual variance 

and I was an identity matrix. A Bernoulli distribu-
tion was assumed for the SNP effects:

( )
( )

2
0 0

2
1 1 0

0, with probability 
ˆ ~  

0, with probability 1

g

g

N

N

ìïïïíï = ïïî

I
*

I
β

σ π

σ π π
, 

in which the first distribution was the null distribution, 
which contains SNP with small effects and explaining 
a small proportion of variance ( 2

0gσ ), and the second 
distribution contains SNP with large effects and ex-
plaining a large proportion of variance ( 2

1gσ ) of the 
trait. The probability to be in the null distribution (π0) 
was set to 0.999 (Duijvesteijn et al., 2014; Sell-Kubiak 
et al., 2015; Verardo et al., 2016), meaning that only 
1 in every 1,000 SNP will be in the second distribu-
tion, which is, on average, 38 SNP per cycle. The BVS 
model was implemented in the program Bayz (http://
bayz.biz; accessed June 1, 2016). A total of 250,000 
Markov chain Monte Carlo chains with a burn-in of 
50,000 cycles were run and a Metropolis–Hastings 
sampler was applied to obtain good convergence.

Prediction Accuracy

The prediction accuracy of the models was mea-
sured using the correlation between the estimated breed-
ing values and the corrected phenotypes of animals in 
the VALIDATION data set. For the models BLUP and 
GBLUP, breeding values were obtained directly from 
the analysis; for example, the polygenic breeding value 
of animal k ( ˆku ) was defined as the term animalk from 
model [2]. For MA-BLUP and MA-GBLUP, the breed-
ing value was defined as the sum of the marker breed-
ing value ( snpû  = X β̂ ) and the polygenic breeding val-
ue ( ˆku ). The vector of breeding values from the BVS 
model ( bvsû ) was obtained as bvsû  = Z ˆ *β . Finally, pre-
diction bias was assessed by regressing the corrected 
phenotypes on the estimated breeding values.

RESULTS

Association Analyses

Three different SNP were identified as most signifi-
cant in the different populations, but in all cases, the most 
significant SNP was located at approximately 103.5 Mb 
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on chromosome 7 (Fig. 1; Table 3). The most significant 
SNP identified in the Large White population showed 
a −log10(P-value) equal to 16.12 and explained 3.48% 
of the phenotypic variance. The phenotypic variance 
in the Large White population was 0.89 ± 0.03 teats2 
and the corresponding heritability was 0.41 ± 0.04. The 
most significant SNP identified in the Dutch Landrace 
population showed a −log10(P-value) equal to 15.44 
and explained 3.67% of the phenotypic variance. The 
phenotypic variance in the Dutch Landrace population 
was 0.98 ± 0.03 teats2 and the corresponding heritabil-
ity was 0.36 ± 0.04. The most significant SNP identi-
fied in the Norwegian Landrace population showed a 
−log10(P-value) equal to 34.09 and explained 3.30% of 
the phenotypic variance. The phenotypic variance in the 
Norwegian Landrace population was 0.76 ± 0.02 teats2 
and the corresponding heritability was 0.27 ± 0.03. In 
the Duroc population, the most significant SNP was the 
same as in the Large White population. In the Duroc 
population, this SNP showed a −log10(P-value) equal to 
42.26 and explained 6.13% of the phenotypic variance, 
which is almost twice the variance explained by this SNP 
in the Large White population. The phenotypic variance 
in the Duroc population was 1.00 ± 0.03 teats2 and the 
corresponding heritability was 0.29 ± 0.04.

Although the same QTL region on chromosome 
7 was identified in all evaluated populations, the most 
significant SNP was not the same across populations. 
MARC0038565 was the most significant SNP in 2 pop-
ulations, the Large White and the Duroc populations 
(Table 3). In the Norwegian Landrace, MARC0038565 
was the second most significant SNP, being in high 
LD to INRA0027623, the most significant SNP in this 
population (r2 = 0.99). In the Dutch Landrace, howev-
er, the most significant SNP (ASGA0035500) showed 
no LD with MARC0038565 (r2 = 0). The LD between 
SNP located between 103 and 104 Mb on chromosome 
7 of both Dutch and Norwegian Landrace is graphically 
represented in Fig. 2, which was built using Haploview 
software (Barrett et al., 2004).

Prediction of Breeding Values

In all populations, the lowest prediction accura-
cy was observed for BLUP and the highest for either 
MA-GBLUP or BVS (Table 4). In the Dutch Landrace 
population, we observed the lowest accuracies com-
pared with the other populations for all models, except 
for BLUP, where the lowest accuracy was observed 
for the Duroc population. In the Norwegian Landrace 
population, which had the largest training data set, the 
highest prediction accuracies were observed com-
pared with the other populations for all models.

In the Norwegian Landrace, highly significant peaks 
(−log10(P-value) > 10) were also observed on chromo-
somes 1, 4, and 14 (Fig. 1), with the most significant 
SNP in these regions explaining >1.00% of the pheno-
typic variance (Supplemental Table S1; see the online 
version of the article at http://journalofanimalscience.
org). In this population, accounting only for the most 
significant SNP from chromosome 7, the prediction ac-
curacies of MA-BLUP and MA-GBLUP were 0.336 
and 0.477, respectively. Additionally accounting for the 
most significant SNP from chromosome 14, the predic-
tion accuracies became 0.372 and 0.474, respectively 
(Table 5). With further additions of the most significant 
SNP from the peaks on chromosomes 1 and 4, accura-
cies became 0.399 and 0.482, respectively. Therefore, 
including a marker from each of these other 3 QTL 
regions in Norwegian Landrace increased the predic-
tion accuracy of MA-BLUP and MA-GBLUP by 0.063 
and 0.005, respectively, above the effect of the marker 
from chromosome 7. The prediction accuracy of MA-
GBLUP using multiple QTL was, therefore, closer to 
the one obtained using the BVS model (0.498; Table 4), 
which allows multiple QTL with large effects.

Using BLUP, predictions were more biased, over-
estimating the genetic variance, compared with MA-
BLUP in the Large White, Dutch Landrace, and Duroc 
population (Table 4). In the Norwegian Landrace pop-
ulation, the regression coefficients were 1.12 using 
both BLUP and BVS, 0.87 using MA-BLUP, 1.10 us-
ing GBLUP, and 1.11 using MA-GBLUP. The GBLUP, 
MA-GBLUP, and BVS resulted in similar bias of pre-
diction in all populations.

DISCUSSION

In this study, we showed that accounting for the 
most significant SNP (identified in GWAS) in the genet-
ic predictions resulted in improved prediction accuracy 
for the trait number of teats in all evaluated populations 
(Table 4). Replacing BLUP with MA-BLUP increased 
the prediction accuracy between 0.021 and 0.124, 
whereas replacing GBLUP with MA-GBLUP resulted 
in increases between 0.003 and 0.043. Meuwissen and 
Goddard (1996) described that the advantage of MAS 
over non-MAS is related to the proportion of variance 
explained by the QTL linked to the markers used in the 
prediction. Changing either from BLUP to MA-BLUP 
or from GBLUP to MA-GBLUP, the highest increase in 
prediction accuracy was observed in the Duroc popula-
tion and the lowest in the Norwegian Landrace. This re-
sult is concordant with the total phenotypic variance ex-
plained by the SNP used in the predictions (6.13% in the 
Duroc and 3.30% in the Norwegian Landrace; Table 3).
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Figure 1. Genome-wide association studies on number of teats in 4 pig populations. On the y-axis is the −log10(P-values) of single SNP association 
with number of teats in pigs. On the x-axis is the physical position of the SNP across the 18 autosomes. 
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The smaller improvement observed when replacing 
GBLUP with MA-GBLUP compared with replacing 
BLUP with MA-BLUP is most likely explained by the 
fact that GBLUP accounts for the Mendelian sampling, 
which is one of the greatest advantages of GS com-
pared with pedigree-based selection (VanRaden, 2008; 
Lopes et al., 2013). Applying MA-GBLUP, however, 
we account for Mendelian sampling and also for some 
prior information on SNP with large effect, which has 
additional benefits for the prediction accuracy.

Applying the BVS model, we had the possibility 
of putting emphasis on SNP with large effect without 
requiring any prior knowledge on the QTL affecting 
the evaluated trait. We expected that the BVS model 
would result in higher prediction accuracies than the 
MA-GBLUP model because the BVS model allows 
multiple markers (QTL) with large effect, whereas with 
MA-GBLUP, we accounted for only 1 marker (QTL). 
However, the prediction accuracies of the BSV model 
were higher than those of the MA-GBLUP only in the 
Large White (0.370 for MA-GBLUP and 0.383 for 
BVS) and Norwegian Landrace (0.477 for MA-GBLUP 
and 0.498 for BVS) populations. In the other 2 popula-
tions, MA-GBLUP resulted in slightly higher accuracies 
than the BVS model (Table 4). These results indicate that 
for traits affected by QTL of large effect, such as num-
ber of teats, a simple model such as MA-GBLUP can 
yield prediction accuracies similar to more sophisticated 
models, such as BVS. The simplicity of MA-GBLUP 
is an advantage over BVS for practical application in 
breeding programs. With the increasing size of genomic 
data sets and the current computational resources, the 
number of markers is becoming too large for all markers 
to be included in the model at the same time (Brøndum 
et al., 2015), besides of the “large p, small n” paradigm.

Influence of Reference and Training Populations  
on the Prediction Accuracy

The Norwegian Landrace presented the high-
est prediction accuracies for all models, whereas the 
Dutch Landrace population presented the lowest (ex-

cept for BLUP; Table 4). In both simulated and real 
data (Habier et al., 2007; Wu et al., 2015), it has been 
shown that higher relationship between training and 
validation populations can lead to higher prediction ac-
curacies. The highest average pedigree-based relation-
ship between the TRAINING and the VALIDATION 
data sets was observed for the Norwegian Landrace 
(0.06 ± 0.03) and the lowest for the Dutch Landrace 
(0.03 ± 0.04). For the Norwegian Landrace popula-
tion, pairwise pedigree-based relationship coeffi-
cients between the animals from the TRAINING and 
VALIDATION data sets were all greater than 0 (Fig. 
3). On the other hand, for the Dutch Landrace, a large 
proportion of the pairwise pedigree-based relationship 
coefficients were 0. Intermediate prediction accura-
cies and relationships between training and valida-
tion data sets were observed for both Large White and 
Duroc populations. These differences between popu-
lations indicate that the relationship between training 
and validation populations may indeed have affected 
the observed accuracies of prediction.

Another factor that influences the accuracies of 
breeding values is the size of the training population 
(Daetwyler et al., 2010). The size of the TRAINING 
data set in this study varied considerably across popu-
lations, ranging from 2,491 for the Dutch Landrace 
to 6,090 for the Norwegian Landrace. The popula-
tion with the highest prediction accuracy (Norwegian 
Landrace) also had the largest training population. 
To evaluate the effect of the size of the TRAINING 
data set on the value of adding individual QTL in 
the model, we performed the prediction analysis in 
a smaller data set (n = 3,000) within the Norwegian 
Landrace. The 3,000 oldest animals of this popula-
tion were divided into training (n = 2,400) and vali-
dation (n = 600) data sets according to their date of 
birth (validation animals were the 20% youngest ani-
mals from the data set). In this scenario, the predic-
tion accuracies for BLUP, MA-BLUP, GBLUP, and 
MA-GBLUP were 0.287, 0.339, 0.423, and 0.446, re-
spectively. Using the complete data (training on 6,090 
animals), the prediction accuracies for BLUP, MA-

Table 3. Description of the most significant SNP (Most Sig. SNP) in each population
Population Most Sig. SNP Chr1 Pos2 −log10(P-value) Allele freq.3 Effect4 Var. explained,5 %
Large White MARC0038565 7 103.50 16.12 0.30 0.27 3.48
Dutch Landrace ASGA0035500 7 103.57 15.44 0.69 0.29 3.67
Norwegian Landrace INRA0027623 7 103.37 34.09 0.71 0.25 3.30
Duroc MARC0038565 7 103.50 42.26 0.38 0.36 6.13

1Chr = chromosome.
2Pos = position in megabase pairs.
3Allele freq. = frequency of the allele related to higher number of teats.
4Effect represents the allele substitution effect.
5Var. explained = percentage of the total phenotypic variance explained by the most significant SNP.
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BLUP, GBLUP, and MA-GBLUP were 0.315, 0.336, 
0.474, and 0.477, respectively (Table 4). As expected, 
the prediction accuracies tended to decrease with the 
smaller training population. The decrease was bigger 
for the traditional models (BLUP and GBLUP), indi-
cating that MAS has more added value with smaller 
training populations. Increases in accuracy were 0.021 
(MA-BLUP) and 0.003 (MA-GBLUP) compared with 

BLUP and GBLUP, respectively. With the reduced 
data set, these increases were 0.052 and 0.023, respec-
tively. Although these increase in prediction accuracy 
followed our expectations, it is also important to keep 
in mind that these results might also reflect the dif-
ferences in the relationship between the training and 
validation animals from the 2 data sets.

Figure 2. Linkage disequilibrium on chromosome 7. Linkage disequilibrium (r2) between SNP located between 103 and 104 Mb in the Dutch 
Landrace population (A) and the Norwegian Landrace Population (B). The most significant SNP in each population is marked with a circle. The numbers 
inside the diamonds are the r2 values on a scale of 0 to 100%.
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As discussed above and in previous studies 
(Habier et al., 2007; Daetwyler et al., 2010; Wu et al., 
2015), the accuracies of breeding values is influenced 
by the relationships between validation and training 
populations and the size of the reference population. 
However, the estimation of the SNP effect seems to 
be less affected by these 2 factors. The correlation 
between the marker breeding value (from both MA-
BLUP and MA-GBLUP) and the corrected phenotype 
of the VALIDATION data set was 0.132 in the Large 
White, 0.150 in the Dutch Landrace, 0.175 in the 
Norwegian Landrace, and 0.260 in the Duroc popula-

tion. These values seem to correlate with the propor-
tion of phenotypic variance explained by the marker 
(approximately 3.48% in the dam lines and 6.13% 
in the Duroc) and not with the relationships between 
training and validation or the size of the reference 
population.

Using Multiple QTL

As previously discussed, and as expected (Sato 
et al., 2006; Guo et al., 2008; Ding et al., 2009; 
Duijvesteijn et al., 2014; Lopes et al., 2014), the QTL 
region on chromosome 7 was the most significant re-
gion for number of teats in all populations. However, 
in the Norwegian Landrace, highly significant peaks 
(−log10(P-value) > 10) were also observed on chro-
mosomes 1, 4, and 14 (Fig. 1). As shown in Table 
5, the prediction accuracy of the polygenic breeding 
value when no SNP was included in the model was 
0.315 for BLUP and 0.474 for GBLUP. When all 4 
SNP from chromosomes 1, 4, 7, and 14 were included 
in the model, the prediction accuracy of the polygenic 
breeding value was 0.291 for MA-BLUP and 0.400 
for MA-GBLUP. This decrease in prediction accuracy 
was accompanied by a decrease in variance explained 
by the polygenic effect (from 0.27 to 0.22 for MA-
BLUP and from 0.26 to 0.19 for MA-GBLUP). The 
decrease in polygenic variance indicates that the SNP 
included as fixed effects indeed were explaining part 
of the phenotypic variance of the evaluated trait. The 
variance explained by each SNP included in the model 
ranged from 0.01 to 0.03 (Supplemental Table S1; see 
the online version of the article at http://journalofani-
malscience.org).

When using only the marker breeding value  
(

4
snp 1

ˆˆ m mm
u

=
=å X β ) based on the 4 markers 

described above, the prediction accuracy for the 
Norwegian Landrace was 0.302 (using SNP effects esti-
mated in MA-BLUP; Table 5). This accuracy is similar 
to the polygenic breeding value accuracy from BLUP 
(0.315), indicating that for number of teats in this popu-
lation, 4 markers have almost the same prediction abil-
ity as pedigree. With such accuracies, marker breeding 
values can be an important tool for selection in groups 
of animals that have no phenotypes or pedigree infor-
mation, which is often the case in crossbred sows.

Furthermore, including all markers above our thresh-
old of explaining >1% of the phenotypic variance lead 
to increased prediction accuracy. However, this thresh-
old was arbitrary and the marker selection strategy will 
need to be further evaluated to apply the marker-assisted 
models. Performing a simulation study that evaluates all 
the different parameters such as number of QTL, effect 
sizes of QTL, heritability of the trait, and size of training 

Table 4. Accuracy of prediction and bias

Population BLUP
MA-

BLUP1 GBLUP2
MA-

GBLUP3 BVS4

Accuracy5

Large White 0.238 0.266 0.361 0.370 0.383
Dutch Landrace 0.199 0.259 0.239 0.271 0.269
Norwegian Landrace 0.315 0.336 0.474 0.477 0.498
Duroc 0.192 0.316 0.319 0.362 0.359

Bias6

Large White 0.84 0.87 0.97 0.96 1.00
Dutch Landrace 0.85 0.92 0.68 0.71 0.69
Norwegian Landrace 1.12 0.87 1.10 1.11 1.12
Duroc 0.82 1.01 0.80 0.88 0.86

1MA-BLUP = marker-assisted BLUP.
2GBLUP = genomic BLUP.
3MA-GBLUP = marker-assisted GBLUP.
4BVS = Bayesian variable selection.
5Accuracy is the correlation between the corrected phenotypes and 

breeding values.
6Bias is the regression coefficient of the corrected phenotypes on the 

breeding values.

Table 5. Accuracy of prediction in the Norwegian 
Landrace population using multiple QTL regions

QTL regions
included1

MA-BLUP2 MA-GBLUP3

ˆ
gu snpû û ˆ

gu snpû û
4 0.315 – 0.315 0.474 – 0.474
7 0.296 0.175 0.336 0.453 0.173 0.477
7 and 14 0.302 0.245 0.372 0.423 0.245 0.474
7, 14, and 4 0.296 0.293 0.392 0.409 0.296 0.479
7, 14, 4, and 1 0.291 0.302 0.399 0.400 0.306 0.482

1Number of the chromosome from where the most significant SNP from 
the most pronounced peaks were selected to be included in the prediction 
analysis.

2MA-BLUP = marker-assisted BLUP; ˆ
gu  = polygenic breeding value; 

snpû  = marker breeding value (
1

ˆM
m mm=å X β , with M being 

the number of markers included in the model, which ranged from 1 to 4); 
û  = total breeding value ( ˆ

gu  + snpû ).
3MA-GBLUP = marker-assisted genomic BLUP.
4No SNP were used; therefore, it corresponds to traditional BLUP and 

genomic BLUP.
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and validation sets would be a good option to improve 
the marker selection strategy and also for further valida-
tion of the marker-assisted approach presented here.

Alternative Approaches

Brøndum et al. (2015) reported that the reliability 
of the breeding values increased up to 5 percentage 
points when accounting for GWAS findings compared 
with traditional GBLUP. In their study, these authors 
applied a model including 2 G matrices: one based 
on the markers from a 54,000 SNP panel and the oth-
er based on the significant markers from the whole-
genome sequence data. In our study, we only used 1 
G matrix, and the significant markers were included 
in the model as a fixed effect. Although the approach 
proposed by Brøndum et al. (2015) is interesting and 
showed an increase in the reliability of the breeding 
values, we expect that selecting only the most signifi-
cant SNP per QTL region and including this SNP as a 
fixed effect in the model would result in higher pre-
diction accuracies compared with using a second G 
matrix. This is because when including SNP as fixed 
effects in the model, a specific set of SNP can be used 
per trait, which gives a higher weight to each marker 
with large effect. On the other hand, building a second 
G matrix implies that all SNP for all traits are ana-
lyzed together under the assumption that all markers 
(including those not associated with the target trait) 

will explain the same proportion of the variance of all 
traits, which may limit the effect of markers associ-
ated with the target trait.

An alternative approach for using GWAS results 
in genetic predictions was described by Zhang et al. 
(2010). With this approach, the traditional G matrix in 
GBLUP is replaced with a trait-specific G matrix that 
gives different weights to each SNP. This approach fa-
vors (i.e., gives more weight to) SNP that contribute 
more to the genetic variance of the evaluated trait. In 
a traditional genomic relationship matrix (G matrix), 
all SNP are expected to contribute equally (i.e., they 
have the same weights). Zhang et al. (2010) showed 
that the breeding values from the model that applies 
the trait-specific G matrix were more accurate but also 
more biased than the breeding values from both BLUP 
and GBLUP. Recently, Veroneze et al. (2016) showed 
that using a trait-specific G matrix built using weights 
from a multipopulation GWAS increased the predic-
tion accuracy of across-breed prediction compared 
with a traditional G matrix. The practical application 
of this approach is troublesome because the G matrix 
is trait specific and would, therefore, require single-
trait genetic evaluations. However, breeding programs, 
in general, apply multitrait genetic evaluation to capi-
talize on the genetic correlations between traits. Using 
the MA-BLUP or MA-GBLUP, GWAS results could 
be incorporated into the genetic prediction using both 

Figure 3. Additive relationship coefficient between animals from the TRAINING and VALIDATION data sets. Violin plot (box plot and probability 
density) of the pedigree-based relationship coefficient between the TRAINING and VALIDATION data sets of the 4 evaluated populations. The median 
relationship coefficient is indicated with a white dot inside the box plot.
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single-trait and multitrait genetic evaluation, as the 
same G matrix could be used for all traits of interest.

For the marker-assisted models evaluated in this 
study, a modification of the G matrix would also be re-
quired if the double use of the SNP as both a fixed effect 
and a contributor to the G matrix would create problems. 
If double counting of effects would occur, the SNP used 
in the prediction models should not be used to build the 
G matrix. However, when we excluded the SNP used as 
a fixed effect and all other SNP in high LD (r2 > 0.50) 
with it (Supplemental Table S2; see the online version 
of the article at http://journalofanimalscience.org) from 
the set of SNP used to build the G matrix, we obtained 
prediction accuracies and biases that were very similar 
to those obtained using all SNP (Supplemental Table S3, 
see the online version of the article at http://journalof-
animalscience.org; Table 4), which indicates that there 
are limited effects due to double counting.

Another alternative for the use of GWAS results in 
genetic predictions was described by (Boichard et al., 
2012). These authors showed that including a random 
effect of haplotypes in significant regions from GWAS 
was more accurate than traditional BLUP and GBLUP. 
The marker-assisted models presented in the current 
study are, however, easier than the haplotype approach 
because phasing of haplotypes is not required and a 
much lower number of SNP is included in the model.

Further Steps

The increasing amount of research aiming to de-
velop models and methods for GS is showing the po-
tential of this relatively novel breeding tool (Jonas and 
de Koning, 2015). With this study, we showed that 
with improved technologies, such as dense SNP panels, 
we can also revive “old” models and methods, such as 
MAS, to improve the accuracy of prediction. We found 
prediction to be improved using the marker-assisted 
models compared with BLUP and GBLUP models. In 
this study, we used the trait number of teats as a model 
trait because we had prior knowledge that an impor-
tant QTL for this trait segregates in 2 of the 4 evalu-
ated pig populations (Duijvesteijn et al., 2014; Lopes 
et al., 2014). Number of teats is a very relevant trait 
for breeding programs because a lower number of teats 
than the number of piglets increases suckling compe-
tition, which can result in lower preweaning growth 
and survival (Hirooka et al., 2001). However, this trait 
will not be the most relevant trait for GS because it 
can easily be recorded right after birth, is present in 
both sexes, and presents moderate heritability (Lopes 
et al., 2014). Therefore, as a further step, the marker-
assisted models need to be considered for prediction 
of breeding values in other traits, especially those with 

well-defined QTL regions of large effect. In pigs, these 
traits would include, for example, androstenone level 
(Duijvesteijn et al., 2010; Hidalgo et al., 2014) and 
host response to porcine reproductive and respiratory 
syndrome virus challenge (Boddicker et al., 2012). In 
dairy cattle, traits affected by the DGAT1 region on 
chromosome 14 (Jiang et al., 2010; Bouwman et al., 
2012) would be some of the alternatives. However, 
QTL regions that explain a substantial proportion of 
the phenotypic variance will not be identified for all 
traits. In situations such as this (e.g., in the absence of 
QTL of large effect or traits affected by a large number 
of QTL with small effects), the application of tradi-
tional GBLUP is likely to be sufficient to obtain all or 
most of the advantages of genomic data for prediction.

Furthermore, the genetic evaluations in the major 
pig breeding companies are currently based on the 
so-called single-step genetic evaluations (Legarra et 
al., 2009; Misztal et al., 2009; Christensen and Lund, 
2010), which can accommodate both genotyped and 
nongenotyped animals. For the incorporation of the 
markers-assisted models in single-step genetic evalu-
ations, it will be required to estimate genotype prob-
abilities (for the SNP used as a fixed effect in the mod-
el) for the nongenotyped animals. The estimation of 
genotype probabilities for nongenotyped animals has 
been described by Mulder et al. (2010) and Bouwman 
et al. (2014); however, its effectiveness in marker-as-
sisted models needs to be evaluated.

Conclusions

For the model trait in this study, number of teats, 
BLUP resulted in the lowest prediction accuracies 
whereas the highest were observed when applying either 
MA-GBLUP or BVS. Results also show that MA-BLUP 
can yield similar or superior accuracies compared with 
GBLUP. The superiority of MA-GBLUP over tradi-
tional GBLUP is more pronounced when training popu-
lations are smaller and with more distant relationships 
between training and validation populations.
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