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ABSTRACT: This study presented a genomic best linear
unbiased prediction (GBLUP) method, including additive
and imprinting effects (GBLUP-I), in which an imprinting
relationship matrix was constructed from paternal and maternal alleles. The proposed method was implemented to
investigate the extent of additive and imprinting variances,
and to assess the accuracy of genomic predictions in simulation data. GBLUP-I showed a capacity for capturing imprinting variances. Assuming that imprinting variance accounted for 7.3%, 14.6%, and 23.0% of the total genetic
variance, the accuracies in GBLUP-I exceeded those in the
GBLUP by 3.9%, 4.7%, and 9.9% when paternal and maternal alleles were known and 2.1%, 2.3%, and 6.4% when
paternal and maternal alleles were imputed. An improvement in the performance of GBLUP-I was observed when
both paternal and maternal alleles were silenced by imprinting and genetic variances between males and females were
almost the same.
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Introduction
Genomic imprinting affects genes during embryogenesis and is the most well known parent-of-origin effect.
Imprinting causes the differential expression of genes on
the basis of the parental origin (Reik et al. (2001)). With
complete imprinting, the gene inherited from one parent is
silent (e.g., IGF2 in pig, O’Neill et al. (2000); callipyge
gene in sheep, Georges et al. (2003)), whereas with partial
imprinting, genes from each parent are both expressed, although differently (e.g., IGF2 in humans, Sakatani et al.
(2001)). Over 70 imprinted loci have been reported in mice
(Morison et al. (2005)) and 24 genes with parent-of-origin
effects have been identified in beef cattle (Imumorin et al.
(2011)). Imprinting has been suggested for quantitative
traits, such as carcass composition, growth, and litter size,
in livestock (de Koning et al. (2001); Quintanilla et al.
(2002); Stella et al. (2003)). Imprinting could be important
in animal breeding because it could bias estimated additive
effects and genetic parameters (Tier and Meyer (2012)).
Several statistical methods have been developed
for the modeling of imprinting effects. In a mixed model
setting, Schaeffer et al. (1989) replaced the numerator relationship matrix with a gametic relationship matrix to explain the changes of expectation of covariances among relatives. Essl and Voith (2002) suggested that sire and dam
model analyses be conducted separately to assess differ-

ences between paternal and maternal imprinting. Recently,
Neugebauer et al. (2010) fitted a model with correlated sire
and dam gametes to simultaneously estimate imprinting
variances between sexes. These methods were based on the
traditional BLUP method using only pedigree information.
However, the genomic BLUP (GBLUP) method, which
uses single nucleotide polymorphism (SNP) information in
the form of a genomic relationship matrix that defines the
additive genetic covariance between individuals, is now
routinely used in the genomic selection of dairy cattle (Dalton (2009)). Therefore, the prediction accuracy of genetic
merits is expected to improve if imprinting effects are additionally modeled in GBLUP.
The objectives of the present study are to extend
GBLUP to include imprinting effects and to evaluate the
performance of this method by estimating variance components and predicting genetic effects for simulation data.
Materials and Methods
Stochastic simulation. A historical population
was simulated to establish mutation drift equilibrium. The
simulated genome comprised of 10 chromosomes, with a
genetic length of 1 Morgan, containing randomly spaced
100,000 SNP markers and 1,000 biallelic quantitative trait
loci (QTL). After 5,000 historical generations, a base population (G0) and the subsequent 5 generations (G1 to G5)
were generated as a recent population. The population size
of G0 decreased to 300 (150 males and 150 females). In G1
to G5, 30 sires were randomly selected and mated to 150
dams in each generation. Each dam produced 1 son and 1
daughter; thus, each sire had 5 sons and 5 daughters. The
phenotypes and genotypes of SNP markers were used in
screening 1,200 and 1,500 individuals from G1 to G4 and
G1 to G5, respectively. Thus, the reference population with
both phenotypes and genotypes comprised 1,200 individuals from G1 to G4, and the test population with only genotypes comprised of 300 individuals in G5.
In G0, 10,000 markers and 100 QTL were randomly selected among the segregating markers and QTL with
minor allele frequencies of >0.05. Let 𝐴! and 𝐴! be two
alleles at an autosomal diallelic locus. By denoting a genotype 𝐴! 𝐴! , the 𝐴! allele is paternally derived, and the 𝐴! allele is maternally derived. The genetic values are then given
by 𝑎, 𝑑! , 𝑑! , and – 𝑎 for genotypes 𝐴! 𝐴! , 𝐴! 𝐴! , 𝐴! 𝐴! , and
𝐴! 𝐴! , respectively. The average between 𝑑! and 𝑑! is the
dominance effect, which is usually denoted as 𝑑. The im-

printing effect could be defined as the difference between
𝑑1 (𝑑2 ) and 𝑑. Thus, 𝑑! and 𝑑! can be rewritten as 𝑑 + 𝑖
and 𝑑 − 𝑖. Table 1 shows the additive, dominance, and imprinting effects of the four genotypes. The value of 𝑎 was
drawn from a gamma distribution with a shape parameter of
0.42; its sign was drawn at random with equal chance. Let
𝑁! and 𝑁! be the number of QTL that are silencing the
paternal alleles and maternal alleles. The total number of
QTL with imprinting was 20 (𝑁! + 𝑁! = 20), and these 20
QTL were randomly chosen from 100 QTL. The value of 𝑖
was determined as the product of 𝑎 and the degree of imprinting (𝜏). In all QTL, it is assumed that the value of 𝑑 is
0. The total genetic effect of the 𝑗th animal was calculated
by using the summation of all QTL genotypic values, and
its variance was calculated as the sum of additive, dominance, and imprinting genetic variances (𝜎!2 , 𝜎!2 , and 𝜎!! ).
Trait heritability was set to 0.3.
Table1. Values of imprinted genotypes.
𝐴! 𝐴!
𝐴! 𝐴!
𝐴! 𝐴!
Genotypic
𝑎   
𝑑 + 𝑖   
𝑑 − 𝑖   
value
Additive
2𝑞𝛼
𝑞−𝑝 𝛼
𝑞−𝑝 𝛼
effect
Dominance
2𝑝𝑞𝑑
2𝑝𝑞𝑑
−2𝑞 ! 𝑑
effect
Imprinting
0
𝑖   
−𝑖   
effect
§
𝛼 = 𝑎 + (𝑝 − 𝑞)𝑑

𝐴! 𝐴!
−𝑎   
−2𝑝α
−2𝑝 ! 𝑑  
0

In the standard simulation scenario, 𝜏 was 1.0 and
𝑁! and 𝑁! were 0 and 20, respectively (only maternal alleles are silenced). Two alternative scenarios were simulated in addition to the standard scenario. Three different values of 𝜏 (0.5, 0.75, and 1.0) and two different values of
𝑁! :𝑁! (0:20 and 10:10) were simulated in the first and
second groups, respectively. Ten replicates were simulated
for each scenario.
Model. The statistical model of GBLUP-I can be
written as: 𝐲 = 𝐗𝐛 + 𝐙𝐚 𝐚 + 𝐙𝐝 𝐝 + 𝐙𝐢 𝐢 + 𝐞, where 𝐲 is the
vector of the phenotypes; 𝐛 is the vector of the fixed effects; 𝐚, 𝐝, and 𝐢 are the vectors of additive, dominance, and
imprinting genetic effects; 𝐗, 𝐙𝐚 , 𝐙𝐝 , and 𝐙𝐢 are incident
matrices for 𝐛, 𝐚, 𝐝, and 𝐢 related phenotypes; and 𝐞 is the
vector of the residuals. 𝐚, 𝐝, and 𝐢 were assumed to follow
normal distributions:   𝐚  ~  N(0, 𝐆𝜎!! ) , 𝐝  ~  N(0, 𝐃𝜎!! ) , and
𝐢  ~  N(0, 𝐄𝜎!! ), where 𝐆, 𝐃, and 𝐄 are additive, dominance,
and imprinting genomic relationship matrices. These matrices describe the relationships between genotyped individuals and can be constructed using the information on genome-wide SNP markers. Let A!! and 𝐴!! be two alleles at
the 𝑗th marker locus and 𝑝! be the frequency of 𝐴!! . 𝐆, 𝐃,
and 𝐄 are created following the method of VanRaden
(2008) and Nishio and Satoh (2014): 𝐆 = 𝐌𝐚 𝐌𝐚! /

!

2𝑝! (1 − 𝑝! ) ; 𝐃 = 𝐌𝐝 𝐌𝐝! / 2𝑝! (1 − 𝑝! )
; and
𝐄 = 𝐌𝐢 𝐌𝐢! / 2𝑝! (1 − 𝑝! ) , where 𝐌𝐚 , 𝐌𝐝 , and 𝐌𝐢 describes the additive, dominance, and imprinting effects at
each marker locus. The elements of 𝐌𝐚 , 𝐌𝐝 , and 𝐌𝐢 for the
𝑖th individual at the 𝑗th marker describes the coefficients of
𝛼, 𝑑, and 𝑖 for additive, dominance, and imprinting effects
in Table 1.
Variance components were estimated using the average information REML (Johnson and Thompson (1995)).
The dataset of the reference population was used to predict
the genetic effects of the genotyped individuals in the test
population. The accuracies of estimated total genetic effects
(𝜌) were measured as the correlation between the estimates
and true values.  
Imputation of paternal and maternal alleles. In
the standard simulation scenario, it is assumed that paternal
and maternal alleles are known. However, in real data, such
allele information is unknown because only genotypes are
given. In this case, imputation of paternal and maternal alleles was conducted using genotype and pedigree information that was processed by AlphaImpute (Hickey et al.
(2012)). The accuracy of imputation was measured as the
correlation between true and imputed genotypes.
Results and Discussion
Effect of degree of imprinting. The accuracy of
imputation of paternal and maternal alleles is 0.951. Table 2
shows the average estimated variance components and the
average 𝜌 with various values of 𝜏. The estimate of 𝜎!2 was
not shown because the values of dominance effects were 0
in this simulated data. For all values of 𝜏, no differences in
the estimates of 𝜎!2 were observed between GBLUP and
GBLUP-I. The covariance between the additive and imprinting effect (𝜎!" ) is 0, as indicated in the following equation:
𝜎!" = 𝑝 ! ∙ 2𝑞𝛼 ∙ 0 + 𝑝𝑞 ∙ 𝑞 − 𝑝 𝛼 ∙ 𝑖 + 𝑝𝑞 ∙ 𝑞 − 𝑝 𝛼 ∙
−𝑖 + 𝑞 ! ∙ −2𝑝𝛼 ∙ 0 = 0.
Thus, the estimates of additive effects were not affected by
the inclusion of imprinting effects in the GBLUP. In
GBLUP-I, 𝜎!! was underestimated and 𝜎!! was overestimated. This may be due to differences in genetic effects between males and females. The present study assumed that
the additive and imprinting effects in males and females
were the same. In imprinting, the genotypic deviation of
each genotype from the population mean is different for
males and females (Spencer (2002)). Thus, 𝜎!! and 𝜎!!
should be divided into males and females. However, in such
a model, only the half of phenotypes could be used in estimating genetic variances. Moreover, the covariance between the additive and imprinting effects was not equal to 0.
These would cause a reduction in the performance of genomic evaluation. The differences in 𝜌 between GBLUP

and GBLUP-I became larger with increasing 𝜏. With 𝜏 as
0.5, 0.75, and 1.0, the values of 𝜌 in GBLUP-I exceeded
those in GBLUP by 3.9%, 4.7%, and 9.9% when paternal
and maternal alleles were known and by 2.1%, 2.3%, and
6.4% when paternal and maternal alleles were imputed.
These results indicate that genetic prediction could be improved by GBLUP-I even when the imprinting variance
only minimally contributed (about 7.3%) to the total genetic
variance.

predicting total genetic effect might improve when 𝑁! :𝑁!
is 10:10.
Table 3. Estimated variance components and accuracies
(𝝆) of genetic value prediction varying the numbers of
locus silencing paternal (𝑵𝒑 ) or maternal (𝑵𝒎 ) alleles.
𝑁! :  𝑁!

Table 2. Estimated variance components and accuracies
(𝝆) of genetic value prediction varying degrees of imprinting (𝝉).
𝜏

0.5

0.75

1.0

¥

0 : 20

Method

𝜎!2   

𝜎!2

𝜎!2

𝜌

True value

0.231

0.069

0.680

-

GBLUP-I

0.210

0.082

0.657

0.465

Method

𝜎!2   

𝜎!2

𝜎!2

𝜌

GBLUP-I
(Impute&)

0.205

0.073

0.677

0.450

True value

0.279

0.022

0.680

-

GBLUP

0.214

-

0.734

0.423

GBLUP-I

0.249

0.039

0.659

0.532

True value

0.230

0.067

0.681

-

GBLUP-I
(Impute¥)

0.235

0.025

0.668

0.523

GBLUP-I

0.219

0.066

0.658

0.473

GBLUP

0.250

-

0.696

0.512

GBLUP-I
(Impute)

0.215

0.062

0.663

0.462

True value

0.256

0.044

0.679

-

GBLUP

0.221

-

0.713

0.456

GBLUP-I

0.231

0.058

0.658

0.492

GBLUP-I
(Impute)

0.225

0.052

0.667

0.481

GBLUP

0.234

-

0.713

0.470

10 : 10

&

Paternal and maternal alleles were imputed by AlphaImpute
Conclusion

True value

0.231

0.069

0.680

-

GBLUP-I

0.210

0.082

0.657

0.465

GBLUP-I
(Impute)

0.205

0.073

0.677

0.450

GBLUP

0.214

-

0.734

0.423

Paternal and maternal alleles were imputed by AlphaImpute

Effect of the number of QTL silencing paternal
or maternal alleles. The true values of all variance components remained unaltered by varying 𝑁! : 𝑁! (Table 3).
When 𝑁! :𝑁! was 10:10 in both GBLUP and GBLUP-I, the
estimates of 𝜎!2 were closer to the true values than when
𝑁! :𝑁! was 0:20. Moreover, 7.2% and 1.7% improvements
in 𝜌 values were observed using GBLUP and GBLUP-I,
respectively (when paternal and maternal alleles were
known). When 𝑁! :𝑁! was 10:10, the total genetic variances of males and females were 0.151 and 0.149, respectively. This situation was similar to the assumption of the
present study. Thus, the performances of estimating 𝜎!2 and

The GBLUP method, including the genomic imprinting relationship matrix, can estimate additive and imprinting variances and predict total genetic values correctly.
Even when the imprinting variance minimally contributed
(about 7.3%) to the total genetic variance, an improvement
in genetic prediction accuracy was observed. Despite unaltered imprinting variances, the performance of GBLUP-I
was reduced when there was a large difference in the genetic variance between males and females.
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