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ABSTRACT: This study investigated reliability of
genomic prediction in various scenarios with regard to
relationship between test and reference animals and
between animals within the reference population. Different
reference populations were generated from EuroGenomics
data and 1288 Nordic Holstein bulls as a common test
population. A GBLUP model and a Bayesian mixture
model were applied to predict Genomic breeding values for
bulls in the test data. Result showed that a closer
relationship between test and reference animals led to a
higher reliability, while a closer relationship between
reference animal resulted in a lower reliability. Therefore,
the design of reference population is important for
improving the reliability of genomic prediction. With
regard to model, the Bayesian mixture model in general led
to slightly a higher reliability of genomic prediction than
the GBLUP model.
Keywords: genomic prediction; genomic relationship;
reliability
Introduction
Genomic prediction generally uses phenotypes and
marker genotypes of reference animals to predict genomic
breeding values (GEBV) of individuals with known
genotypes and unknown phenotypes. The advantage of
genomic prediction is that it can predict GEBVs with high
accuracy as soon as DNA can be obtained. In dairy cattle,
selection based on GEBV can greatly reduce generation
interval and thus increase genetic gain while at the same
time reduce the logistics cost (Schaeffer (2006)). In general,
the accuracy of genomic prediction is expected to be
substantially higher than that of traditional best linear
unbiased prediction, which is based on pedigree and
phenotypic data (Hayes et al. (2009b), Habier et al. (2010)).
Two broad categories of models have been used in
genomic prediction. One category of models assume that all
the SNP have equal variance, e.g., GBLUP (VanRaden
(2008), Hayes et al. (2009b)), while the another category of
models allow effects of different SNP having different
variances i.e., BayesA, BayesB (Meuwissen et al. (2001),
Meuwissen (2009)) and the similar models (Su et al.
(2012)). These models are often referred as Bayesian
variable selection model. Several studies have shown that
Bayesian variable selection models outperform GBLUP in
accuracy of genomic prediction (Meuwissen et al. (2001),
Habier et al. (2007), Gao et al. (2013)). The reason is that

Bayes model is much more able to exploit linkage
disequilibrium (LD) information than GBLUP, and is more
suitable model for genomic prediction with increased
marker density and size of reference datasets (Habier et al.
(2007), Su et al. (2012)). Moreover, with distant
relationship between reference and test populations, Bayes
outperform GBLUP model become more apparent (Habier
et al. (2007)). The superiority of Bayesian models over
GBLUP among other things depends on the population
structure, relationship between individuals in the reference
and test populations, and SNP density (Habier et al.
(2007)).
Previous studies have shown that the reliability of
genomic prediction increases with increasing relationship
between reference and test animals (Habier et al. (2010),
Pszczola et al. (2012)). With increasing distance between
reference and test populations, the recombination
occurrence become higher and LD persist for shorter
genomic distances, which lead to the decrease of prediction
accuracy (Saatchi et al. (2010)). In addition, Pszczola et al.
(2012) reported that the reliability increased when the
average relationship within the reference population
decreased. Therefore, the design of the reference
population, in terms of relationships within and to test
animals, has to be considered. Most previous studies on
effect of relationship between animals on genomic
prediction were based on simulated data. When using real
data, previous studies just simply considered if sires and
maternal grandsires of the test animals in the reference data.
The objective of this study was to analyze the
impact of genomic relationships between reference and test
populations and between reference animals on the
reliability of genomic prediction, by generating various
reference populations from the data of European Holstein
populations. Moreover, we try to investigate the different
performance of GBLUP and Bayesian mixture models.
Materials and Methods
Phenotype and genotype data. De-regressed
proofs (DRP) of European Holstein populations are used as
phenotypes for genomic prediction in the study. The traits
under analysis are protein yield, fat yield, milk yield,
fertility, and mastitis. A detailed description of definition of
these traits and genetic evaluation are given in
http://www.nordicebv.info/Routine+evaluation/.

A total of 23,162 Holstein bulls in the
EuroGenomics project (Lund et al. (2011)) were genotyped
with the BovineSNP50 Beadchip (Illumina, SanDiego,
CA). The final marker data included 44,805 SNPs after
deleting SNP with minor allele frequency less than 0.01.

Statistical analyses. A GBLUP model and a
Bayesian mixture model were used to predict genomic
breeding values using different reference populations. The
GBLUP model (VanRaden (2008), Hayes et al. (2009b)) is
𝐲 = 𝟏µμ + 𝐙𝐠 + 𝐙𝐮 + 𝐞  

A total of 1288 Nordic bulls which were born after
January 1, 2005 were used as test data set, the other 21,874
bulls were reserved as potential reference bulls. In order to
study the impact of the relationship between reference and
test population on accuracy of GEBVs, three reference data
sets were generated according to an index calculated as the
sum of squared genomic relationship coefficients of each
individual in the potential reference population with the test
bulls (𝐼! = !!! 𝑟!"! ). Based on this index, three reference
data sets were generated with different genomic
relationships with individuals in the test data set, and
denoted as unrelated (Ref1), distant (Ref2) and close
(Ref3), respectively.
In order to study the impact of the genomic
relationship within the reference population on accuracy of
genome prediction, we split Ref1 and Ref3 into higher (i.e.
Ref1-A, Ref3-A) and lower (i.e. Ref1-B, Ref3-B)
relationship sub-groups using an index calculated as
𝐼! = !!! 𝑟!"! for an individual with the other individual in
same reference population (Red1 or Ref3). In order to
construct groups with identical information content for each
reference data set, we used the weight of DRP for protein as
!
!
criterion, w! = r!"#
(1 − r!"#
) = EDC k, where EDC is
effective daughter contribution, and k = (4 − h! ) h! . We
controlled that the sum of weights (based on protein) was
the same for the each reference populations to be compared.
The same amount of weights (identical to the same
combined EDC) is expected to result in the same reliability
of genomic prediction (Goddard (2009), Hayes et al.
(2009b)). By keeping the total EDC constant, the number of
phenotypic records differed among the reference data sets
(Table 1).
Table 1. Number of phenotype records in reference data
sets where the amount of effective daughter
contribution was the same in Ref1-31, and the same in
sub-group A and B2.
Trait
Fat
Milk
Protein Fertility Mastitis
Test
Ref1
Ref2
Ref3
Ref1-A
Ref1-B
Ref3-A
Ref3-B
1

986
5,501
5,660
4,475
3,654
1,846
3,016
1,456

986
5,501
5,660
4,475
3,654
1,846
3,016
1,456

986
5,501
5,660
4,475
3,654
1,846
3,016
1,456

942
5,501
5,660
4,475
3,654
1,846
3,016
1,456

1020
5,501
5,660
4,475
3,654
1,846
3,016
1,456

Ref1, Ref2 and Ref3: relatively low, moderate and high relationship
between test and reference population, respectively.
2
Ref1-A, Ref1-B, Ref3A, Ref3B: relatively distant (A) and close
relationship (B) within reference animals. Ref1A and Ref1B were created
from Ref1, Ref3A and Ref3B from Ref3.

where y is the vector of phenotypes (i.e. DRP), 1 is
a vector of ones, µ is the overall mean, g is a vector of
additive genomic effects with normal distribution
𝒈~N(𝟎, 𝑮𝜎!! ), where G is a genomic relationship matrix
(VanRaden (2008)), 𝜎!! is the additive genetic variance. Z is
an incidence matrix that allocates y to g, u is a vector of
random residual polygenic effects with a normal
distribution 𝒖~N(𝟎, 𝑨𝜎!! ) , where A is the additive
relationship matrix and 𝜎!! is the polygenic variance. e is a
vector of residual effects with a normal distribution
𝒆~𝑁(𝟎, 𝑫𝜎!! ), where 𝜎!!   is the residual variance and D is a
!
!
diagonal matrix with elements d!! = (1 − r!"#
) r!"#
to
account for heterogeneous residual variances due to
!
different reliability of DRP ( 𝑟!"#
). The analysis were
carried out using the DMU package (Madsen P (2012)).
The Bayesian mixture model (Meuwissen (2009),
Gao et al. (2013)) is
𝐲 = 𝟏µμ + 𝐌𝐪 + 𝐙𝐮 + 𝐞
where y, 1, µ, Z, u, e are defined as above. q is the
vector of SNP genotype effects (𝑞! ), M is the design matrix
of marker genotypes. Here, we assumed 4 normal mixture
!
distributions for marker effects with 𝑞! ~𝜋! N 0, 𝜎!!
+
!
!
!
𝜋! N 0, 𝜎!! + 𝜋! N 0, 𝜎!! + 𝜋! N 0, 𝜎!!
,
where
𝜋! = 0.889, 𝜋! = 0.1, 𝜋! = 0.01, 𝜋! = 0.001
;
the
variances were assumed to have a uniform distribution and
!
!
!
were estimated under the constraint: 𝜎!!
< 𝜎!!
< 𝜎!!
<
!
𝜎!! .
The Gibbs sampling algorithm was applied to the
Bayesian mixture model and implemented in the Bayz
package (Janss. (2010)). The MCMC sampler was run for
52,000 cycles. The first 20,000 cycles were discarded as the
burn-in period. Every 20th cycles of the remaining 32,000
was saved and thus the total number of samples collected
for the post-MCMC analysis was 1600.
Results and Discussion
Relationship between reference and test
population. The average squared genomic relationship
between three reference data sets and test data set is
0.00055, 0.00082, and 0.0017, respectively. Results from
Table 2 shows that the reliability is increased from
unrelated (Ref1) to closely related (Ref3) relationship
regardless if the GBLUP or Bayesian mixture model was
used. However, compare with other studies, the increase of
reliability of genomic prediction from Ref1 to Ref3 was not
obvious (Habier et al. (2007), Gao et al. (2013)). The reason
is that these previous studies, which considered only sires

and maternal grandsires of the test animals in the reference
data by using real data set, while we considered the
genomic relationship between each reference and test
animals here.
Table 2. Reliabilities of genomic prediction using
different models1 with different reference populations in
terms of relationship to test animals.
Trait
Model
Ref1
Ref2
Ref3
Fat
Milk
Protein
Fertility
Mastitis
1

GBLUP
BMM
GBLUP
BMM
GBLUP
BMM
GBLUP
BMM
GBLUP
BMM

0.38
0.41
0.41
0.43
0.35
0.35
0.20
0.21
0.30
0.32

0.45
0.47
0.43
0.46
0.40
0.41
0.26
0.27
0.32
0.33

0.49
0.52
0.50
0.52
0.48
0.48
0.38
0.38
0.40
0.41

BMM: Bayesian mixture model

As expected, the reliability of GEBV in the test
population is increased with decreasing genetic distance to
the reference population. Therefore, to prevent a decrease
of reliability, constant updates of the reference population
with animals from more recent generations are required
(Habier et al. (2010), Pszczola et al. (2012)). In addition, it
is observed that the difference in reliability of GEBV from
the three reference populations is much larger for fertility
(Ref3 is 0.17 higher than Ref1 on average) than for
production traits (Ref3 is 0.11 higher than Ref1 on
average). This suggests that the decay of prediction
accuracy is more serious for low heritability traits.
Relationship within reference population. In
order to study the impact of relationship among individuals
in the reference population (within-relationships) on
reliability of genomic prediction, Ref1 and Ref3 were split
into a low and a high within-relationship group. The
resulting average within-relationship coefficient is 0.00046
in Ref1-A, 0.00073 in Ref1-B, 0.00111 in Ref3-A, and
0.00205 in Ref3-B, respectively. Group A have slightly
lower average relationship with test population (0.00057 for
Ref1-A, 0.00155 for Ref3-A) than group B (0.00059 for
Ref1-B, 0.00193 for Ref3-B). It is observed that the
reliabilities increased when the average relationship within
the reference population decrease (e.g., from 0.28 in Ref-B
to 0.34 in Ref-A for fat by using a Bayesian mixture model)
as presented on Table3. The results are consistent with the
simulation study by Pszczola et al. (2012). It means that the
genomic relationship of reference population had an effect
on reliabilities of genomic prediction and suggests that the
design of the reference population with respect to its family
structure is very important for reliability of genomic
selection.

Table 3. Reliabilities of genomic prediction using
different models1 with different reference populations in
terms of relationship between reference animals.
Trait
Model
Ref1-A Ref1-B Ref3-A Ref3-B
Fat

GBLUP
BMM
Milk
GBLUP
BMM
Protein GBLUP
BMM
Fertility GBLUP
BMM
Mastitis GBLUP
BMM
1

0.30
0.34
0.30
0.32
0.25
0.24
0.18
0.19
0.22
0.23

0.22
0.28
0.26
0.31
0.23
0.24
0.11
0.11
0.15
0.15

0.43
0.46
0.44
0.48
0.42
0.42
0.28
0.27
0.33
0.33

0.35
0.40
0.33
0.38
0.32
0.33
0.22
0.21
0.26
0.26

BMM: Bayesian mixture model

Model. It is observed that the Bayesian mixture
model outperform the GBLUP in reliability of genomic
prediction in most cases (Table 2 and 3) which is consistent
with previous studies (Meuwissen et al. (2001), Habier et
al. (2007), Gao et al. (2013)). This could be because the
Bayesian model exploits LD information more efficiently
than the GBLUP. Since Bayesian method could capture the
LD information better than GBLUP with distant
relationship between reference and test populations (Habier
et al. (2010)), it is expected that GBLUP model will get
more increase from ref1 to ref3 compare with Bayes model.
But this could not be observed clearly in this study.
Moreover, in some case, i.e., Ref1 for protein, GBLUP and
Bayes B result in similar reliabilities. This is consistent with
previous studies (Hayes et al. (2009a), VanRaden et al.
(2009)), and it may be because of the population structure
and feature of the traits (Daetwyler et al. (2010)).
Conclusion
Results suggest that the design of the reference
population is important for improving the reliability of
genomic prediction. To prevent a decrease of reliability,
constant updates of the reference population with animals
from more recent generations are required. In addition, the
Bayes mixture model is better than GBLUP model and
should be recommended on genomic prediction.
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