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  ABSTRACT 

  Achieving accurate genomic estimated breeding val-
ues for dairy cattle requires a very large reference popu-
lation of genotyped and phenotyped individuals. As-
sembling such reference populations has been achieved 
for breeds such as Holstein, but is challenging for breeds 
with fewer individuals. An alternative is to use a multi-
breed reference population, such that smaller breeds 
gain some advantage in accuracy of genomic estimated 
breeding values (GEBV) from information from larger 
breeds. However, this requires that marker-quantitative 
trait loci associations persist across breeds. Here, we as-
sessed the gain in accuracy of GEBV in Jersey cattle as a 
result of using a combined Holstein and Jersey reference 
population, with either 39,745 or 624,213 single nucleo-
tide polymorphism (SNP) markers. The surrogate used 
for accuracy was the correlation of GEBV with daugh-
ter trait deviations in a validation population. Two 
methods were used to predict breeding values, either 
a genomic BLUP (GBLUP_mod), or a new method, 
BayesR, which used a mixture of normal distributions 
as the prior for SNP effects, including one distribution 
that set SNP effects to zero. The GBLUP_mod method 
scaled both the genomic relationship matrix and the 
additive relationship matrix to a base at the time the 
breeds diverged, and regressed the genomic relationship 
matrix to account for sampling errors in estimating 
relationship coefficients due to a finite number of mark-
ers, before combining the 2 matrices. Although these 
modifications did result in less biased breeding values 

for Jerseys compared with an unmodified genomic 
relationship matrix, BayesR gave the highest accura-
cies of GEBV for the 3 traits investigated (milk yield, 
fat yield, and protein yield), with an average increase 
in accuracy compared with GBLUP_mod across the 
3 traits of 0.05 for both Jerseys and Holsteins. The 
advantage was limited for either Jerseys or Holsteins 
in using 624,213 SNP rather than 39,745 SNP (0.01 for 
Holsteins and 0.03 for Jerseys, averaged across traits). 
Even this limited and nonsignificant advantage was 
only observed when BayesR was used. An alternative 
panel, which extracted the SNP in the transcribed part 
of the bovine genome from the 624,213 SNP panel (to 
give 58,532 SNP), performed better, with an increase 
in accuracy of 0.03 for Jerseys across traits. This panel 
captures much of the increased genomic content of the 
624,213 SNP panel, with the advantage of a greatly 
reduced number of SNP effects to estimate. Taken to-
gether, using this panel, a combined breed reference 
and using BayesR rather than GBLUP_mod increased 
the accuracy of GEBV in Jerseys from 0.43 to 0.52, 
averaged across the 3 traits. 
  Key words:    genomic selection ,  multiple breeds 

  INTRODUCTION 

  To accurately predict genomic breeding values for 
selection candidates with no phenotype of their own, 
a very large reference population of genotyped and 
phenotyped individuals is required to derive the predic-
tion equation (Goddard, 2009; VanRaden et al., 2009; 
Brøndum et al., 2011). Although this has been achieved 
for breeds such as Holstein-Friesian dairy cattle in 
some countries (e.g., Wiggans et al., 2011), for smaller 
breeds, assembling such large reference populations is 
likely to be very challenging (particularly for breeds 
with limited numbers of progeny-tested sires available 
for use in the reference population). 
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An alternative is to use a multi-breed reference 
population, such that the total number of individuals 
in the reference set is large. For this strategy to actually 
increase the accuracy of genomic estimated breeding 
values (GEBV) within a breed requires 1) sufficiently 
dense markers such that the associations between the 
marker alleles and the alleles at the QTL affecting 
the traits are consistent across breed and 2) at least 
a proportion of the QTL segregating in several of the 
breeds. de Roos et al. (2008) demonstrated that asso-
ciations between alleles of pairs of SNP (using 1 SNP as 
a surrogate for a QTL) were conserved across Holstein, 
Jersey, and Angus populations, provided that markers 
were <10 kb apart. They concluded that to find mark-
ers that are in linkage disequilibrium with QTL across 
diverged breeds, such as Holstein, Jersey, and Angus, 
would require approximately 300,000 markers. The Bo-
vine HapMap Consortium (Gibbs et al., 2009) reached 
a similar conclusion, demonstrating that among Bos 
taurus breeds, associations between alleles at different 
SNP were 90% conserved across breed provided the 
SNP were less than 10 kb apart. In a simulated data 
set with the same level of linkage disequilibrium both 
within and across breeds as observed for real Holstein 
and Jersey populations, de Roos et al. (2009) demon-
strated that the most accurate genomic predictions 
were achieved when phenotypes from all populations 
were combined in 1 reference set, provided the marker 
density was sufficiently high (equivalent to a marker 
every 10 kb).

In real data, marker density has been limited to a 
marker approximately every 60 kb (approximately 
50,000 SNP genome wide, termed 50K). In a multi-
breed beef cattle population, Kizilkaya et al. (2010) 
demonstrated limited across population predictive 
ability using these 50K SNP. Hayes et al. (2009a) and 
Pryce et al. (2011) both demonstrated very limited or 
no increase in accuracy of genomic predictions using 
these SNP with combined Holstein Jersey, and Holstein, 
Jersey and Fleckvieh dairy cattle reference populations, 
respectively.

With the recent development of an approximately 
777K bovine array [Illumina Bovine high density (HD); 
Illumina Inc., San Diego, CA], the hypothesis that the 
accuracy of genomic predictions for some breeds can 
be improved by using a multi-breed reference popula-
tion, provided marker density is sufficiently high, can 
be tested.

One challenge here is that a very large number of ani-
mals have been genotyped with 50K, and are unlikely 
to be regenotyped with the approximately 777K SNP. 
In this study, we explore imputation of genotypes (e.g., 
Browning and Browning, 2009; Marchini and Howie, 

2010) as an efficient strategy to derive a large reference 
set with 800K genotypes.

We then explore alternative methods for deriving 
the SNP prediction equation. A widely used method 
for genomic prediction is genomic BLUP (GBLUP; 
e.g., VanRaden, 2008; Goddard, 2009), in which the 
expected relationship matrix among the animals in 
the population is replaced with the realized relation-
ship matrix (or genomic relationship matrix) derived 
from markers. An approach is outlined for calculating 
the genomic relationship matrix, which takes into ac-
count both the inbreeding since the breeds diverged 
from a common population, and the inbreeding that 
has occurred since the founders of the pedigree used 
to derive the expected relationship matrix. This allows 
the genomic relationship matrix and expected relation-
ship matrix to be combined to maximize the accuracy 
of prediction. Further, with such dense SNP data, an 
efficient strategy may be to allow a proportion of SNP 
to be removed from the prediction model. We outline a 
new computationally efficient method that allows this.

MATERIALS AND METHODS

Data

The Illumina Bovine SNP50v2.0 and BovineHD chips 
were used to genotype the animals. The bovine Bead-
Chips were processed by following the Infinium protocol 
from Illumina, and the BeadChips were scanned using 
the iScan scanner. The raw data was analyzed using 
GenomeStudio software.

Two genotype data sets were used in this study. The 
first was heifers and bulls genotyped with the Illumina 
High-Density Bovine SNP chip (which we will call the 
800K panel). The second data set was 2,257 Holstein 
and 540 Jersey Bulls genotyped with the Illumina 
Bovine 50K array (which we will call the 50K panel; 
Matukumalli et al., 2009).

For the first genotype data set, 903 Holstein-Friesian 
heifers from a feed conversion efficiency trial (Pryce 
et al., 2012), 93 Holstein-Friesian key ancestor bulls, 
and 93 key ancestor Jersey bulls were genotyped with 
the Illumina High-Density Bovine SNP chip, which has 
777,963 SNP markers. The SNP positions used were 
from UMD 3.1 (University of Maryland, College Park, 
MD). Stringent quality control procedures were applied 
to the data. These included the use of the Illumina 
GenCall score, which describes the performance of ge-
notyping each SNP in each individual. From previous 
experience, genotype calls with GenTrain score (Gen-
Call ) >0.6 are high quality; below this value they were 
excluded. There were 650,934 SNP genotyped at Gen-
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Call >0.6. Furthermore, 343 mitochondrial SNP, 1,124 
Y chromosome SNP, and 1,735 unmapped SNP were 
excluded. Some 55 SNP with duplicate map positions 
were removed so 625,925 SNP remained. Forty-eight 
individuals with fewer than 90% of SNP genotyped 
at GenCall <0.6 were removed. Across the remaining 
samples, 99.6% of SNP were genotyped at GenCall 
>0.6. Animals with excess heterozygosity (>0.4) were 
removed, as this is a good indicator of sample contami-
nation. Five animals were identified with heterozygosity 
above this threshold; however, all of these had already 
been removed in the step above (i.e., >90% of SNP 
genotyped). The final stage of filtering was for SNP 
with very low minor allele frequency (SNP with less 
than 10 copies of the rare allele in the population were 
removed). An additional filter was imposed to filter 
SNP with low imputation accuracy; this is described 
below.

In the second set of animals (2,797 Holstein and 
Jersey progeny-tested bulls), genotyped for the 50K 
panel, quality filters were imposed as described in 
Hayes et al. (2009a). Further, SNP that were not on 
the 800K panel after quality control in the data set 
were removed, leaving 39,745 SNP of the 50K panel. 
Mendelian consistency checks were performed on both 
50K and 800K data, and genotypes failing Mendelian 
consistency checking were set to missing.

Phenotype data for the 2,797 bulls were daughter 
trait deviations (DTD; e.g., VanRaden and Wiggans, 
1991) for milk yield, fat yield, and protein yield, from 
single-trait models.

Imputation

Imputation of the 50K data set to 800K genotypes 
was performed with BEAGLE software (Browning and 
Browning, 2009). Prior to this step, cross-validation was 
used to assess the accuracy of imputation that could be 
achieved. The Holstein heifers that were genotyped for 
the 800K panel were split into 2 subsets at random. In 
the second split, the genotypes were cut down to the 
39,745 SNP on the 50K panel. Imputation was then 
performed, and the accuracy of imputation was taken 
as the proportion of genotypes that were correctly im-
puted. This process was then repeated, but using the 
second split to impute into the first split. To assess the 
value of having key ancestors genotyped on the 800K 
panel for imputation, both runs were repeated with the 
key ancestors 800K genotypes added.

For the Jerseys, there were only 93 key ancestor bull 
genotypes for the 800K panel. The accuracy of impu-
tation was assessed using cross-validation again, but 
dropping 20 bulls at random as the set with 39,745 
SNP. This was performed 5 times.

It became obvious as a result of imputing 50K to 
800K in the Holstein heifer data cross-validations that 
a small number of SNP (1,231) were imputed very 
inaccurately, with accuracy across animals below 80% 
(Figure 1). Accuracy here is defined as the proportion 
of genotypes that are correctly imputed. We postulated 
that these SNP could be mismapped. We attempted 
to remap the SNP using linkage disequilibrium infor-
mation. For each of the 1,231 SNP, the R2 with all 
the other 624,924 SNP was calculated using genotype 
frequencies as described by Zaykin et al. (2008). The 
weighted (by distance from the center of the window) 
average R2 was calculated in 20 SNP windows across 
the genome. If the window with the highest average 
R2 with the remapped SNP was greater than 1,000 kb 
different to the position in the original map file, the 
new position of the SNP being remapped was at the 
center of the window with the highest weighted average 
R2 value. This algorithm is implemented in ldMapper, 
a program available from the authors.

The imputation was performed again using the pro-
posed new positions of the SNP (Supplementary Mate-
rial Table S1, available in the online version of this pa-
per). This greatly improved the accuracy of imputation 
for 601 of the SNP; however, 630 of the SNP were still 
poorly imputed (Figure 1). These were removed from 
the data set, giving a final data set of 624,213 SNP for 
the 800K panel. The cross-validations described above 
were redone to get the final results. The 800K panel 
genotypes (actually 624,213 SNP) were then imputed 
into the 50K bull data set.

Finally, as the BEAGLE imputation as implemented 
here does not use pedigree information, we tested for 
Mendelian inconsistencies in the post-BEAGLE (im-
puted) 800K genotypes. We found that a small pro-
portion of SNP genotypes were inconsistent in sire-son 
comparisons (e.g., opposing homozygotes), amounting 
to 0.6% of the genotypes.

Transcriptome Panel

To test both the hypothesis that mutations affecting 
quantitative traits reside in exons, introns, and regula-
tory regions, and to potentially reduce the computa-
tional demand when calculating genomic predictions, 
we tested another panel of SNP that were in the 624,213 
above (800K panel) and also within or near the tran-
scribed part of the genome. The start-stop positions of 
the transcribed part of the genome were as defined by 
L. K. Matukumalli (author on the current paper), plus 
SNP within 1 kb of these stop or start positions. The 
transcribed part of the genome was identified from a 
large collection of mRNA transcripts, mapped to the 
UMD 3.0 bovine assembly (http://www.cbcb.umd.
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edu/research/bos_taurus_assembly.shtml). This panel 
(which we will call the transcriptome panel, TRANS) 
consisted of 58,532 SNP.

Methods for Genomic Prediction

The bulls in each breed were split into reference bulls 
(those progeny tested before 2007) and validation bulls 
(those progeny tested in 2007 or later). There were 
1,897, 360, 454, 86 Holstein reference, Holstein valida-
tion, Jersey reference, and Jersey validation bulls, re-
spectively. Unless otherwise described, the reference set 
combined both the Holstein and Jersey reference bulls. 
The surrogate used for accuracy of GEBV was the cor-
relation of GEBV and DTD in the validation bulls. 
This surrogate was not corrected for the reliability of 
the DTD (which averaged 0.8 in the validation sets). 
The regression of GEBV on DTD was also calculated. 
For each method, the SNP subsets used were 50K, 
800K, and TRANS panels.

The methods used to predict GEBV were as follows.

GBLUP. The following model was fitted to the data

y = 1nμ + Zg + e,

where y is a vector of phenotypes, 1n is a vector of 1s, 
μ is an overall mean, Z is a design matrix allocating 
records to breeding values, g is a vector of genomic 
breeding values, and e is a vector of random normal 
deviates with variance V N ee( ) ( )~ , ,0 2σ  where σe

2 is the 

error variance. The variance of breeding values was 
V gg G( ) = σ2, where G is the genomic relationship matrix 
derived as in Yang et al. (2010), with no consideration 
of breed, and σg

2 is a genetic variance. Then, breeding 
values for both phenotyped and nonphenotyped indi-
viduals can be predicted as
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Figure 1. Accuracy of imputation by SNP using BEAGLE software (Browning and Browning, 2009), before and after remapping 1,231 SNP 
with <80% accuracy of imputation in the original data set. Single nucleotide polymorphisms with <80% accuracy of imputation were remapped 
using linkage disequilibrium (LD), with the new position taken as the position that gave the highest LD in a window of 20 SNP, with all genome 
positions considered. Color version available in the online PDF.
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where ĝ is a vector of EBV, Z  is the transpose of Z, 
and μ̂ is an estimate of the mean.Variance components 
were estimated with ASReml software (Gilmour et al., 
2002).

GBLUP_mod. Goddard et al. (2011) argued that 
EBV, and particularly the accuracy derived from the 
coefficient matrix from GBLUP, are biased due to 
sampling errors in elements of the genomic relationship 
matrix due to a finite number of markers, where the 
expectation of G, with G defined as above, given the 
estimate of G ( ), E(G| ) ≠ . This also means, for 
example, that information from the expected relation-
ship matrix (A) derived from pedigree and G cannot 
be combined to maximize the accuracy of the EBV in a 
one-step approach (e.g., Misztal et al., 2009).

Goddard et al. (2011) suggested a new genomic rela-
tionship matrix that regressed elements of G toward A 
to account for sampling error in estimating coefficients 
of G to create a new matrix G*:

 G* = [A + b(G – A)],  [1]

where 

 b = V(G)/[V(G) + 1/m]  [2] 

and V(G) is the variance of the nondiagonal elements 
of G obtained with m markers; V(G) can be obtained 
simply by taking all of the nondiagonal elements of 
G, where G is calculated as in Yang et al. (2010) and 
calculating the variance of these elements.

To derive G* for a multi-breed population, an ap-
propriate base population relative to which G and 
A are both defined must be chosen. One logical base 
population in our situation is that immediately before 
the divergence of Holsteins and Jerseys.

First, a G matrix can be calculated, which records 
covariances relative to a base that is a composite breed 
(c) made up of a proportion of α Holsteins and (1 – α) 
Jerseys.

Gc = WW /M,

where W is a centered matrix calculated as W = X – 

2p, with p = αphol + (1 – α)pjer, and M = −( )
=
∑2 1
1

p pi i
i

m
. 

Here, phol and pjer are the average allele frequencies of 
the 2 allele in Holsteins and Jerseys, respectively; X is 
a matrix of animals by SNP, with SNP genotypes coded 

0 = 11, 1 = 12, or 2 = 22; α =
+

F

F F
jer

jer hol

, with Fjer and 

Fhol defined below; and pi is the frequency of the 2 allele 

for the ith SNP. The calculation of Gc is similar to that 
described by VanRaden (2008) for a purebred popula-
tion but with a modification to the allele frequencies to 
scale G to the composite base. Our approach is differ-
ent from that of Harris and Johnson (2010), who also 
derived G for a multibreed population. They used the 
approach of partitioning the diagonals of the matrix 
into breed fractions to account for different variances 
among breeds and include segregation variances be-
cause of different allele frequencies among breeds. How-
ever, their approach will accommodate crossbred ani-
mals; ours would need to be extended to do this.

Then, in our approach Gc is adjusted for the inbreed-
ing that has occurred in both breeds relative to the 
old base (the base at the divergence of Holsteins and 
Jerseys):

G = Gc (1 – F) + 2F,

where F is the inbreeding relative to an F1 base:
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The pedigree-derived A must also be converted to 
the old base (e.g., Powell et al. 2010). For the within-
Holstein blocks, A = Aped [1 – (F – fhol)] + 2 (F – fhol), 
where fhol is the amount of inbreeding that has occurred 
since the base of the pedigree within Holsteins; we ap-
proximated this as the average of the off-diagonal ele-
ments of Aped. The within-Jersey block was constructed 
in the same way. All elements of the Holstein × Jersey 
block of A were 0, as no pedigree links existed between 
the breeds. Note that in practice, the estimate of fhol 
and fjer could be an underestimate due to the incom-
pleteness of the pedigree. With an incomplete pedigree 
the base is less well defined.
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Once G and A were constructed, the regression of G 
toward A to account for sampling errors in the genomic 
relationship coefficients (Equation 1) was determined. 
This was done separately for each breed, and the breed 
× breed block (e.g., Holstein × Jersey) by calculating 
the variance of the off-diagonal elements within each of 
these blocks.

BayesR. The GBLUP approaches assume that all 
markers have a small effect and that these effects are 
normally distributed (e.g., Habier et al., 2007; Hayes 
et al., 2009b). Given the large number of markers, a 
more appropriate prior may be that some of the mark-
ers are not in linkage disequilibrium with QTL, so 
have zero effect, whereas others have a small to moder-
ate effect. This prior was proposed by Meuwissen et 
al. (2001). The challenge of implementing a method 
that uses such a mixture prior is computational effi-
ciency—for example, in the BayesB of Meuwissen et al. 
(2001), sampling of SNP variances from their posterior 
distributions simultaneously with the SNP effects re-
quired a Metropolis Hastings algorithm. Verbyla et al. 
(2009) described a stochastic search variable selection 
(BayesSSVS) strategy, which maintained the same as-
sumptions about the distributions of SNP effects while 
maintaining constant dimensionality, which allowed a 
Gibbs sampling scheme to be used to construct the 
posterior distributions of the parameters. However, one 
potential criticism of both BayesB and BayesSSVS is 
that the proportion of SNP in each distribution was 
not sampled appropriately, such that the means of the 
posterior distributions of the proportion of SNP with a 
zero or nonzero effect closely reflected the prior values 
of these proportions (e.g., “lack of Bayesian learning”; 
Habier et al., 2011). Here, both to overcome this draw-
back of BayesB and BayesSSVS, and for computational 
efficiency, we propose a new method that assumes that 
the true SNP effects are derived from a series of normal 
distributions, the first with zero variance, up to one 
with a variance of approximately 1% of the genetic 
variance.

The model fitted to the data was

y = 1n μ + Wu + Zv + e,

where y is a vector of n DTD for each trait; W is the 
(n × m) design matrix allocating records to the marker 
effects described above; vector u is a (m × 1) vector of 
SNP effects assumed normally distributed u Ni i~ , ;0 2σ( )⎡

⎣⎢
⎤
⎦⎥
 

e is a vector of random deviates, where σe
2 is the error 

variance; vj is the polygenic breeding value of the jth 
animal, V v a( ) = Aσ2, where A is the average relationship 

matrix; σa
2 is the polygenic variance; and Z is a matrix 

that allocates records to animals.
The variance of the ith SNP effect had 4 possible 

values:

 σ σ σ σ σ σ σ1
2

2
2 2

3
2 2

4
2 20 0 0001 0 001 0 01= = = =, . , . , . ,g g g  

where σg
2 is the assumed total genetic variance, which 

was calculated as σ σg DTD DTD
rr2 2= , with rDTD

2  being the 
assumed reliability of the DTD, and σDTD

2  the variance 
of the DTD. Using these variances results in shrinkage 
that allows the SNP effects themselves to range from 
zero effect to moderate effect. The proportions of the 
SNP in each distribution were pr1, pr2, pr3, and pr4, 
respectively, in a vector pr.

Bayesian estimation of the parameters was used. The 
prior distribution of the proportions of SNP in each dis-
tribution pr was the Dirichlet distribution, with α = 
1 (where α is a 4 × 1 vector of pseudo counts, all with 
value 1 to give an almost uninformative prior with the 
numbers of SNP used here). The Dirichlet distribution 
is a convenient choice of prior, as it is a conjugate before 
the multinomial distribution, such that the posterior 
distribution of pr is ~Dir(α + β), where β is a vec-
tor containing the number of SNP in each distribution 
estimated from the data. To obtain these estimates, we 
first calculated 4 likelihoods assuming the considered 
SNP being in 1 of the 4 normal distributions at a time 
with the respective probability prk. The likelihood that 
SNP i is in distribution k is

 LogL i k pre k( , ) . log . ( ˆ) log( ),= − − − +0 5 0 5 2V y y y Z u* * * * /′ ′ σ  

where y* is the vector of phenotypes corrected for all 
marker effects other than marker i, the overall mean, 
and the polygenic effects ˆ ;u( )  Z* is a column vector 
containing the SNP genotypes of all animals for SNP i; 
V is the variance-covariance structure of a reduced 
model, including only the effect of the respective SNP 
and a residual effect; and log|V| was calculated as 
n e i elog log * * ,σ σ σ2 2 2 1( )+ +( )Z Z′  where Z* contains 

only the information for the current SNP effect.
Then, the probability that SNP i is in distribution 
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Based on these probabilities, we selected the normal 
distribution to sample the SNP effect from using a 
uniform random variate, using the probabilities of the 
SNP being in each of the distributions for the current 
iteration. Over all the SNP, we thus obtained estimates 
for the elements of β.

The posterior of pr cannot be estimated directly, as 
it is conditional on both the estimates of the SNP ef-
fects (to calculate y*) and estimates of the polygenic 
effects ˆ.u  A Gibbs sampling scheme was, therefore, used 
to sample from the posterior distributions of all param-
eters conditional on the other parameters.

Prior distributions for other parameters were as de-
scribed by Verbyla et al. (2009). The Gibbs sampling 
scheme was similar to that described by Meuwissen 
et al. (2001) for BayesA, but with the addition of a 
polygenic effect, and with the SNP variances described 
above. At the end of each iteration, the proportion of 
SNP in each distribution was sampled from the pos-
terior Dirichlet distribution as described above. We 
also compared r(GEBV, DTD) from GBLUP_mod and 
BayesR to those derived from SNP effects estimated by 
BayesA (Meuwissen et al., 2001).

RESULTS

Accuracy of Imputation

In the Holstein heifer data set, the accuracy of impu-
tation of 50K to 800K was similar across the 2 cross-
validations, with an average of 97.4% (Table 1). Adding 
the key ancestor 800K genotypes improved the accuracy 
of imputation by 0.5%, despite the limited number of 
these ancestors. The average accuracy of imputation in 

the Jersey cross-validations was lower, likely reflecting 
the much more limited number of animals genotyped 
for the 800K panel.

Comparison of GBLUP and GBLUP_mod

To check that the proposed modifications to the G 
matrix and A matrix in the GBLUP_mod method re-
sulted in relationship matrices expressed relative to the 
same base population, before G* was calculated, we 
checked the average of the diagonal elements for each 
breed, and the average off-diagonal elements within 
and across breeds. These were very close (Table 2). The 
regressor b̂ of G toward A, which accounts for sampling 
error in estimating the coefficients of G is also given for 
each block. Within a breed, the value of b̂ was only 
slightly less than 1; however, in the across-breed block, 
the value of b̂ was lower at 0.89, reflecting the fact that 
across-breed genomic relationships are smaller in mag-
nitude, and are estimated with lower precision than 
within-breed genomic relationships. However, the value 
of 0.89 is surprisingly high, and may reflect the fact 
that the Australian dairy herd was upgraded from a 
largely Jersey base, such that relatively large chromo-
some segments originating from Jerseys can still be 
found in cattle classified as Holstein.

Next, we evaluated the effect of using GBLUP_mod 
rather than GBLUP on the accuracy and bias of GEBV. 
For the 800K panel, the accuracy of GEBV [as indi-
cated by the surrogate measure r(GEBV, DTD)] from 
GBLUP and GBLUP_mod was similar for the Holstein 
validation data set, but, on average, 0.03 higher for 
GBLUP_mod in the Jersey validation data set (Table 
3). Regressions of DTD on GEBV were closer to 1 in 

Table 1. Accuracy of imputation of 50,000 to 800,000 SNP (50K to 800K) in cross-validation of 940 Holstein 
and 93 Jersey genotypes1  

Genotype Cross-validation Accuracy of genotype imputation (%)

Holstein
 Heifers only 1 97.4

2 97.9
Average 97.7 ± 0.01

 Heifers + key ancestors 1 98.0
2 98.0

Average 98.0 ± 0.05
Jersey

1 96.1
2 95.0
3 97.0
4 95.4
5 94.2

Average 95.6 ± 0.05
1Cross-validation in the Holstein data set involved splitting the 843 heifers in 2 approximately equal subsets, 
and then in silico reducing the numbers of genotypes to the 50K panel. In Jerseys, approximately 20 individuals 
at each cross-validation were assigned to have their genotypes reduced to the 50K panel.
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the Jersey validation data sets with GBLUP_mod than 
with GBLUP in all traits.

Comparison of GBLUP_mod, BayesR, and BayesA 
for the 800K Panel

Table 4 shows the results for BayesR, BayesA, and 
GBLUP_mod for the combined reference population 
and the 800K panel. The BayesR method gave higher 
r(GEBV, DTD) for both milk yield and fat yield than 
GBLUP_mod, whereas r(GEBV, DTD) for protein 
yield was similar. Averaged across the traits, the 
advantage of BayesR over GBLUP_mod was 0.05 in 
r(GEBV, DTD). This advantage was observed in both 
the Holstein and the Jersey validation data set. The 
regression of DTD on GEBV (Table 4) was similar for 
all methods.

To compare BayesR with a well-known Bayesian 
method, we also ran BayesA. BayesA gave similar, but 
very slightly lower r(GEBV, DTD) for milk yield than 

BayesR and similar results in terms of slope [b(DTD, 
GEBV)].

Comparison of Different Marker Panels

For genomic predictions within a pure breed, there 
was no advantage of either the 800K or TRANS panel 
over the 50K panel when GBLUP_mod was used (Ta-
ble 5). When BayesR was used, there was only a very 
small advantage (and not significant), given the sample 
size used, in r(GEBV, DTD) of using the 800K or the 
TRANS panel over the 50K panel in some cases (Table 
6). This was of the order of 0.01 averaged across traits 
for Holsteins, comparing the 800K to the 50K panel, 
and 0.02 for Jerseys comparing the TRANS panel to 
the 50K panel (Table 7).

Some improvement for prediction across breeds oc-
curred using only the other breed as the reference when 
BayesR was used with either the 50K or the 800K 
panel, compared with the GBLUP_mod results. For 

Table 2. Average of elements of expected and realized relationship matrices (A and G, respectively), after 
rescaling to a base that was at the time of divergence of Holsteins and Jerseys1  

Statistic Matrix elements Validation A G b̂

Average Diagonal Holstein 1.09 1.11 —
Average Diagonal Jersey 1.20 1.22 —
Average Block Holstein 0.20 0.19 0.96
Average Block Jersey 0.42 0.39 0.97
Average Block Across breed 0.00 0.01 0.89
1The regressor b̂  of G toward A, which accounts for sampling error in estimating the coefficients of G is given 
for each block.

Table 3. Correlations of daughter trait deviations (DTD) and genomic EBV {GEBV; [r(GEBV, DTD)]} and 
regressions of DTD on GEBV slopes [b(DTD, GEBV)] from genomic BLUP (GBLUP) and GBLUP_mod 
methods1  

Method Validation

Trait

Average
Milk  
yield

Fat  
yield

Protein  
yield

r(GEBV, DTD)
 GBLUP Holstein 0.58 0.58 0.56 0.57

Jersey 0.33 0.46 0.40 0.40

 GBLUP_mod Holstein 0.58 0.58 0.56 0.57
Jersey 0.36 0.49 0.44 0.43

b(DTD,GEBV)
 GBLUP Holstein 1.04 1.19 0.94 1.05

Jersey 0.53 0.86 0.71 0.70

 GBLUP_mod Holstein 1.04 1.16 0.93 1.04
Jersey 0.69 1.00 0.94 0.88

1The GBLUP_mod method uses a rescaled genomic relationship matrix, and regresses the G matrix toward 
the A matrix to account for the error in estimating realized relationship coefficients due to a finite number of 
markers.
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the TRANS panel, the accuracy for predicting Jersey 
GEBV from a Holstein-only reference looked promis-
ing (0.24 average across traits; Table 7). Interestingly, 
the r(GEBV, DTD) for milk yield was much higher 
(0.40 and 0.30, respectively) with both methods when 
the TRANS panel was used compared with both other 
panels (Tables 5 and 6).

When a combined reference set was used, BayesR 
clearly outperformed GBLUP_mod across all scenarios 
and traits, especially with prediction of fat yield in Hol-
stein (up to 0.08 higher) and milk yield (0.15 higher) 
and protein yield (0.05 higher) in Jersey in all panels.

The best results for predicting the minor breed 
(Jerseys) were obtained with a combined reference set, 
BayesR and the TRANS panel [r(GEBV, DTD) = 0.52; 

Table 7]. This was 0.09 higher than that obtained us-
ing GBLUP_mod, the combined reference set, and the 
800K panel (Table 4).

Distribution of SNP Effects

For BayesR, we could calculate the number of SNP 
in each distribution (explaining 0, 0.01, 0.1, or 1% of 
the genetic variance). This was achieved by calculat-
ing the posterior mean of the sampled proportions of 
SNP in each of the 4 distributions over all post burn-in 
iterations, and multiplying them by the total number of 
SNP. The results show that, on average, only between 
7 and 14% (depending on trait) of all SNP contribute 
to the prediction of genomic breeding value with the 

Table 4. Accuracy of prediction [expressed as r(GEBV, DTD)] and slopes [b(DTD, GEBV)] of the regression 
of daughter trait deviations (DTD) on predicted genomic EBV (GEBV) for GBLUP_mod, BayesA, and 
BayesR with a multi-breed reference population and the 800,000-SNP (800K) panel (the result averaged across 
traits is also given) 

Method1 Validation
Milk  
yield

Fat  
yield

Protein  
yield Average

r(GEBV,DTD)
 GBLUP_mod Holstein 0.58 0.58 0.56 0.57

Jersey 0.36 0.49 0.44 0.43
 BayesA Holstein 0.61 0.66 0.58 0.62

Jersey 0.48 0.49 0.46 0.48
 BayesR Holstein 0.62 0.66 0.57 0.62

Jersey 0.51 0.49 0.46 0.49
b(DTD,GEBV)
 GBLUP_mod Holstein 1.04 1.16 0.93 1.04

Jersey 0.69 1.00 0.94 0.88
 BayesA Holstein 1.04 1.12 0.94 1.03

Jersey 0.82 0.91 0.86 0.86
 BayesR Holstein 0.99 1.12 0.91 1.01

Jersey 0.84 0.92 0.86 0.88
1The GBLUP_mod method uses a rescaled genomic relationship matrix, and regresses the G matrix toward 
the A matrix to account for the error in estimating realized relationship coefficients due to a finite number of 
markers; BayesR is a Bayesian method for deriving the prediction equation that assumes SNP effects follow a 
series of normal distributions; and BayesA is a Bayesian method for deriving the prediction equation that as-
sumes SNP effects follow a Student’s t distribution. Complete descriptions are given in the text.  

Table 5. Accuracy of genomic prediction [r(GEBV, DTD)] from GBLUP_ mod1 using different marker panels and either single-breed or 
combined reference populations2 

Reference Validation

Milk yield Fat yield Protein yield

50K 800K TRANS 50K 800K TRANS 50K 800K TRANS

Holstein Holstein 0.61 0.58 0.62 0.58 0.57 0.57 0.57 0.56 0.55
Jersey −0.07 −0.01 0.30 −0.24 −0.16 −0.05 −0.31 −0.21 0.05

Jersey Holstein 0.04 −0.03 0.03 0.16 0.18 0.11 0.14 0.16 0.08
Jersey 0.38 0.37 0.39 0.49 0.48 0.47 0.43 0.43 0.42

Combined Holstein 0.60 0.58 0.62 0.58 0.58 0.57 0.57 0.56 0.55
Jersey 0.35 0.36 0.45 0.47 0.49 0.44 0.40 0.44 0.48

1The GBLUP_mod method uses a rescaled genomic relationship matrix, and regresses the G matrix toward the A matrix to account for the 
error in estimating realized relationship coefficients due to a finite number of markers.
2GEBV = genomic EBV; DTD = daughter trait deviations; 50K = 50,000-SNP panel; 800K = 800,000-SNP panel; TRANS = transcriptome 
panel. 
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50K panel. Similar absolute numbers of SNP were in 
distribution 2, 3, and 4 with the 800K panel; that is, 
the majority of SNP with this panel (over 99%) were 
estimated to be in the first distribution, which had zero 
variance (Table 8).

When a combined (Holstein and Jersey) reference set 
was used, for all traits, the number of SNP in the 0.01 
distribution was lower than or similar to the purebred 
Holstein scenario. For distribution 3, the number of 
SNP was clearly lower than when a single breed refer-
ence set was used, whereas it was usually higher for 
distribution 2. Possible reasons for this are proposed in 
the discussion.

In most cases, the number of SNP in distribution 1 
and 2 was clearly lower for fat yield than for both of 
the other traits with all SNP panels. With the Jersey 
reference set, more SNP were assumed to explain larger 
parts of the total variance than with the Holstein refer-
ence set. For the TRANS panel, the number of SNP in 
distribution 1 and 2 could be expected to be higher, as 
the SNP for this panel were all located in or near tran-
scribed regions. However, we did not observe this trend.

DISCUSSION

In this study, we tested 3 hypotheses: 1) the ac-
curacy of genomic estimated breeding values would 
be increased using denser marker panels, when the 
validation animals and reference animals were the same 
breed, 2) the advantage of using a denser marker panel 
would be even greater when the validation animals and 
reference animals were from different breeds, or a com-
bined breed reference set was used, and 3) a method 
for deriving the prediction equation that could result 
in a large number of SNP effects being set to zero (e.g., 
excluded from the prediction model) would result in 
the greatest advantage from increasing the density of 
the marker panel.

The support for hypothesis 1) was limited. The 
r(GEBV, DTD) for the Holstein population did in-
crease when the 800K panel was used rather than the 
50K panel, but only by 0.01 averaged across traits, and 
only when BayesR was used. For Jersey (using Jersey 
reference to predict GEBV in a Jersey validation set), 
the average r(GEBV, DTD) actually decreased by 0.01 

Table 6. Accuracy of genomic prediction [r(GEBV, DTD)] from BayesR1 using different marker panels and either single-breed or combined 
reference populations2 

Reference Validation

Milk yield Fat yield Protein yield

50K 800K TRANS 50K 800K TRANS 50K 800K TRANS

Holstein Holstein 0.62 0.63 0.63 0.64 0.65 0.63 0.55 0.57 0.56
Jersey 0.27 0.24 0.40 0.12 0.21 0.12 −0.05 0.05 0.21

Jersey Holstein 0.19 0.03 0.15 0.29 0.29 0.18 0.13 0.10 0.12
Jersey 0.49 0.48 0.53 0.48 0.46 0.47 0.42 0.41 0.43

Combined Holstein 0.61 0.62 0.62 0.65 0.66 0.64 0.56 0.57 0.57
Jersey 0.45 0.51 0.57 0.50 0.49 0.45 0.43 0.46 0.53

1BayesR is a Bayesian method for deriving the prediction equation that assumes SNP effects follow a series of normal distributions.
2GEBV = genomic EBV; DTD = daughter trait deviations; 50K = 50,000-SNP panel; 800K = 800,000-SNP panel; TRANS = transcriptome 
panel.

Table 7. Accuracy of genomic prediction [r(GEBV, DTD)] from BayesR1 using different marker panels and 
either single-breed or combined reference populations, averaged across traits 

Reference Validation

Panel

50K 800K TRANS

Holstein Holstein 0.61 0.62 0.61
Jersey 0.11 0.17 0.24

Jersey Holstein 0.20 0.14 0.15
Jersey 0.46 0.45 0.48

Combined Holstein 0.61 0.62 0.61
Jersey 0.46 0.49 0.52

1BayesR is a Bayesian method for deriving the prediction equation that assumes SNP effects follow a series of 
normal distributions.
2GEBV = genomic EBV; DTD = daughter trait deviations; 50K = 50,000-SNP panel; 800K = 800,000-SNP 
panel; TRANS = transcriptome panel.
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when the 800K panel was used rather than the 50K. In 
contrast to humans where a very large number of SNP 
are necessary for accurate genomic predictions due to a 
large effective population size (e.g., Wray et al., 2007), 
in modern dairy cattle breeds effective population sizes 
are sufficiently small that linkage disequilibrium (LD) 
between SNP and potential QTL is captured even with 
the 50K panel, and increasing this LD by using a denser 
panel does not have much effect. Evidence for this is 
that the proportion of the genetic variance captured by 
the 50K panel is only slightly lower than that from the 
800K panel (Table 9; Haile-Mariam et al., accepted), 
regardless of which method is used. In sharp contrast to 
what is observed in human populations, we were able to 
capture almost 90% of the heritability of our phenotype 

(DTD) estimated from pedigree with the markers; in 
human populations this figure is more like 56% for a 
trait such as human height (Yang et al., 2010). Inter-
estingly, the proportion of variance unexplained with 
BayesR was greatest with fat yield. One explanation 
for this may be that the largest distribution from which 
SNP effects are sampled has a variance of 1%, resulting 
in overshrinking of the effect of DGAT1, such that less 
variance is explained.

For Jerseys, we must point out that our reference 
population was small; therefore, any potential advan-
tage in using denser panels may be obscured by the 
estimation error associated with the greatly increased 
number of SNP. Further, for Jerseys, the imputation 
reference set (for imputation of 800K from 50K) com-

Table 9. Proportion of genetic variance (estimated from pedigree) unaccounted for by SNP markers, using 
the Holstein-only reference set1  

Method2 Panel

Trait

Milk yield Fat yield Protein yield

GBLUP_MOD 50K 0.12 0.13 0.17
800K 0.11 0.12 0.15

BayesR 50K 0.08 0.22 0.12
800K 0.08 0.18 0.10

1For BayesR, this was calculated as the estimated polygenic variance from the model divided by the total 
genetic variance; for GBLUP_mod, it was calculated as the variance explained by the modified G matrix 
divided by the genetic variance estimated from a model with only a polygenic effect with co(variance) matrix 
the expected relationship matrix (A).
2GBLUP = genomic BLUP.

Table 8. Average number of SNP in the 4 normal distributions modeled with BayesR1  

Panel2

Reference

Jersey Holstein Combined

Milk  
(kg) Fat (kg)

Protein  
(kg)

Milk  
(kg) Fat (kg)

Protein  
(kg)

Milk  
(kg) Fat (kg)

Protein  
(kg)

50K
 1st 35,730 34,201 36,179 34,991 35,917 35,844 34,245 34,558 34,880
 2nd 3,677 5,276 3,268 4,612 3,598 3,798 5,410 5,040 4,820
 3rd 315 255 287 134 222 93 81 139 36
 4th 24 13 10 8 8 10 9 7 8
800K
 1st 620,151 620,026 619,488 620,570 620,544 620,151 620,372 619,526 619,650
 2nd 3,727 3,828 4,462 3,390 3,528 3,538 3,579 4,467 4,478
 3rd 306 339 254 245 227 122 251 210 77
 4th 29 20 9 9 13 9 11 10 8
TRANS
 1st 54,742 54,850 54,242 54,144 55,233 54,953 53,317 54,121 54,272
 2nd 3,480 3,210 4,039 4,264 3,064 3,480 5,145 4,257 4,206
 3rd 276 455 241 116 225 93 63 143 48
 4th 34 17 10 7 11 7 7 11 6
1The average number of SNP was calculated as the mean proportion of SNP in the distribution times the total number of SNP. BayesR is a 
Bayesian method for deriving the prediction equation that assumes SNP effects follow a series of normal distributions.
250K = 50,000-SNP panel; 800K = 800,000-SNP panel; TRANS = transcriptome panel.
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prised only 93 key ancestors, which led to clearly lower 
imputation accuracies than in Holsteins (Table 1). In-
accurate genotype imputation would have reduced the 
possible advantages of using the 800K panel (and a 
multi-breed reference population) for Jerseys.

Support for hypothesis 2) was a little more convinc-
ing; the average of r(GEBV, DTD) across traits in the 
Jersey validation set, with Holsteins used as the refer-
ence, increased from 0.11 (50K) to 0.17 (800K) when 
BayesR was used(Table 7). With 800K SNP, the persis-
tence of phase among SNP and QTL alleles should be 
consistent across B. taurus breeds (Gibbs et al., 2009). 
However, this assumes the same QTL are segregating 
in the different breeds, whereas our results suggest this 
is only true in a proportion of cases, as discussed below.

There was some support for hypothesis 3). The 
greatest increase in r(GEBV, DTD) from using the 
800K panel rather than the 50K panel were observed 
when BayesR was used rather than GBLUP_mod 
(for example, for prediction of Jersey GEBV from the 
combined reference population). These results suggest 
that to take advantage of the increased marker density, 
methods that either explicitly remove SNP from the 
model or set their effect to zero (2 ways of achieving the 
same thing) are necessary.

One possible explanation for our results (especially 
the limited gains in r(GEBV, DTD) from using 800K 
compared with 50K) is that we have greatly increased 
the number of SNP effects to be estimated, without 
increasing the number of records. Particularly the Jer-
sey population is small, so that the effect of the large 
increase in the number of estimation errors could erode 
the accuracy of GEBV. An alternative to using all 800K 
SNP would be to select a much smaller subset that 
may be a priori more relevant, thus avoiding the need 
to estimate a very large number of SNP effects. For 
our TRANS panel, we selected a subset of SNP from 
the 800K that was included the transcribed portion of 
the genome (L. K. Matukumalli, author on the current 
paper). The TRANS panel worked reasonably well for 
all traits and led to similar or even better (e.g., in milk 
yield with BayesR) results than with both the other 
SNP panels. The average r(GEBV, DTD) for Jerseys 
was highest using this panel, and accuracies of across 
breed prediction using the other breed as reference set 
were quite promising.

Our results for the increase in accuracy for the minor 
breed (Jerseys) using a combined reference and the 
800K panel can be compared with the simulated results 
from de Roos et al. (2009). The simulation those au-
thors used to generate marker associations within and 
across breeds was based on actual LD within and across 
similar populations to those considered here. If the di-

vergence time between Holsteins and Jerseys is taken 
at approximately 300 generations (e.g., de Roos et al., 
2008), then their simulation results would suggest that 
the increase in the accuracy of genomic EBV for Jer-
seys, as a result of using the 800K panel and combining 
the reference populations, should have been consider-
ably greater than was observed here. Some of the ex-
planation may be due to too few records to accurately 
estimate the 800K marker effects, as described above, 
and imperfect imputation of 800K from 50K, particu-
larly in Jerseys. However, de Roos et al. (2009) also 
simulated QTL that were segregating in both breeds 
in most cases. Our results suggest that only some of 
the QTL segregate across breed. For example, for milk 
yield, the 9 SNP in Holstein that explained 1% of the 
genetic variance according to their posterior mean from 
BayesR (Table 8) were tightly clustered in 3 regions, on 
chromosome 14 (DGAT1), chromosome 5, and chromo-
some 11. Although the QTL on chromosome 14 and 
chromosome 5 were detected in Jerseys (as evidenced 
by clusters of SNP in the fourth distribution of BayesR, 
explaining 1% of the variance, using a Jersey-only refer-
ence population), no evidence indicated that the QTL 
on chromosome 11 was segregating in Jerseys. Further, 
in Jerseys, QTL were affecting milk yield segregating 
on chromosomes 23 and 16 (again tracked by SNP with 
posterior means in the fourth distribution of BayesR), 
and these were not segregating in Holstein. This is a 
subject for further investigation, but these preliminary 
results suggest that roughly half the QTL explaining 
1% of the genetic variance segregate across Jerseys and 
Holsteins.

An important question, given our results, is whether 
further increasing marker density (for example, through 
whole genome sequencing) will lead to more accurate 
genomic predictions than from the 50K panel. This 
question can only be answered once sufficient indi-
vidual cattle genomes have been sequenced. However, a 
simulation study (Meuwissen and Goddard, 2010) did 
show that sequence data, where the actual mutation 
causing trait variation was included in the data set, 
led to an increase in the accuracy of GEBV of 3 to 
5% over the densest marker panel they simulated. Per-
haps even more importantly, the authors demonstrated 
that in their simulation, prediction equations derived 
from whole-genome sequence data will lead to a slower 
decrease in the accuracy of GEBV as the reference 
population and selection candidates are separated by 
more generations. This is in contrast to the accuracies 
of GEBV from the 50K panel in dairy cattle, which 
decrease rapidly with genetic distance of the target 
population from the reference population (Habier et 
al., 2010). A reduced decay in accuracy may also be 
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achieved with the 800K panel. We do not have the data 
to test this hypothesis. However, if we divide our vali-
dation data set into those bulls that do and do not have 
a sire in the Holstein reference population, and then 
compare r(GEBV, DTD) for milk yield for these 2 sets 
from the 50K and 800K panels, a slightly reduced decay 
in accuracy for the 800K panel compared with the 50K 
panel, for bulls with and without a sire (Table 10), 
was only observed when BayesR was used to derive the 
prediction equation. Results were similar for protein 
yield; however, for fat yield accuracies were actually 
higher for the group of validation bulls without sires 
in the reference. This could have been partially an ef-
fect of the DGAT1 mutation—closer inspection showed 
that the SNP tracking this mutation was at more in-
termediate frequency in the validation bulls with no 
sires in the reference, compared with those with sires 
in the reference. Our results here are only suggestive 
and would not be significant; more investigation of the 
effect of increasing marker density, with a greater range 
of relationship to the reference set, on the rate of decay 
of prediction accuracy is required.

Another potential advantage of using whole-genome 
resequencing data in prediction of GEBV may be the 
potential to capture low-frequency mutations that con-
tribute to genetic variation. Allele frequencies of the 
SNP on the 50K panel are more or less distributed 
uniformly (i.e., it is a selection where SNP with very 
low minor allele frequency are underrepresented; e.g., 
Matukumalli et al., 2009). This is also true for the 800K 
data (data not shown). For high and stable LD between 
SNP and QTL, similar allele frequencies of the loci are 
necessary. Quantitative trait loci with low minor allele 
frequencies may thus not be in sufficient LD with a 
SNP and their variance cannot be captured. This may 
be one explanation why the difference in proportion of 

unaccounted genetic variance is small between the 50K 
and the 800K panel (Table 9). Note that for the 800K 
panel, animals in the reference set were not genotyped 
themselves, but imputed. Imputation of SNP with low 
minor allele frequency is more difficult than for SNP 
with moderate allele frequencies, which can also result 
in less accurate estimation of SNP effects and, conse-
quently, missing parts of genetic variance. Whether or 
not resequencing allows some of these low-frequency 
variants to be captured will depend on how many ani-
mals are sequenced before imputation of sequence data 
in the reference population.

Regarding the 50K panel, several authors have pre-
sented studies analyzing real data sets with different 
methods for the estimation of the SNP effects. In most 
studies, accuracies achieved with BLUP approaches 
were very similar to those achieved with Bayesian 
methods (e.g., VanRaden et al., 2009). For prediction 
of a breed from a multi-breed reference set, BayesR 
performed best in our study. As described in previ-
ous studies (e.g., Hayes et al., 2010), the superiority 
of Bayesian approaches is generally greater in traits 
that are strongly influenced by a few moderate to large 
genes, which was also observed in our study (compare 
fat to protein). With GBLUP_mod, the variance as-
sumed to be explained is the same for each SNP. There-
fore, if more and more markers are used in the model, 
the expected variance per SNP will be smaller. When 
modeling traits with 1 or more underlying genes with 
larger effects, this can be the disadvantage when us-
ing GBLUP_mod in comparison to a Bayesian method 
(Meuwissen and Goddard, 2010). This theory would 
lead to the assumption that prediction with GBLUP 
will be even more disadvantageous when even more 
SNP are modeled simultaneously. In our study, we 
saw clearly better results with BayesR than with GB-
LUP_mod for the traits fat yield and milk yield, for all 
marker panels. However, we did not observe that the 
difference in accuracy between the methods was larger 
for the 800K panel.

There were generally fewer SNP in the third and 
fourth posterior distributions from the BayesR analy-
sis, those with the largest variance, when a combined-
breed reference was used compared with single-breed 
reference sets (Table 8). This may reflect the fact that 
many SNP are not in the same phase with QTL across 
breeds. Then, it could be expected that only the SNP 
having the same LD structure with the QTL in both 
breeds would have a moderate effect when the com-
bined reference is used. Pryce et al. (2011) found that 
a more concentrated set of SNP or even a single SNP 
captured the effect of DGAT1 in a multi-breed refer-
ence population compared with pure-breed reference 
sets. Following the results of BayesR, which showed a 

Table 10. Accuracy [r(GEBV, DTD)] for milk yield from BayesR and 
GBLUP_mod in the Holstein validation set bulls grouped according 
to whether or not they had a sire in the Holstein reference population1 

Panel2

Method

BayesR GBLUP_mod

50K with sire 0.64 0.61
50K without sire 0.55 0.56
800K with sire 0.64 0.60
800K without sire 0.57 0.51
1DTD = daughter trait deviations; GEBV = genomic EBV; GBLUP 
= genomic BLUP. BayesR is a Bayesian method for deriving the pre-
diction equation that assumes SNP effects follow a series of normal 
distributions. The GBLUP_mod method uses a rescaled genomic re-
lationship matrix, and regresses the G matrix toward the A matrix 
to account for the error in estimating realized relationship coefficients 
due to a finite number of markers.
250K = 50,000-SNP panel; 800K = 800,000-SNP panel. 
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decreased number of SNP explaining moderate parts 
of the variance in the multi-breed reference set for all 
traits, we also investigated the DGAT1 region and did 
find a decreased number of SNP capturing the DGAT1 
effect when a combined reference set was used (Figure 
2). Hayes et al. (2009a) concluded that a SNP captur-
ing an effect in a multi-breed reference population must 
be very close to the potential QTL, as they have to 
be in high LD across breeds. Assuming that the more 
concentrated set of SNP with moderate effects implies 

the SNP are closer located to the QTL, the prediction 
accuracy will be more persistent over generations than 
with a purebred reference.

Finally, computer processing times for BayesR were 
reasonable, at 35 h and 20 min for BayesR with the 
multi-breed reference and the 800K panel (Table 11). 
Using the TRANS panel greatly decreased processing 
time for all methods, such that this could be applied in 
national evaluations for dairy cattle. A multi-threaded 
implementation of the construction of the G matrix for 

Figure 2. The effect of SNP on fat yield as estimated by a new method (BayesR), which used a mixture of normal distributions as the prior 
for SNP effects, including one distribution that set SNP effects to zero, from different reference populations in the DGAT1 region. Color version 
available in the online PDF.

Table 11. Processing time (clock time) for multi-breed reference population (2,351 bulls) with 3 SNP panels1  

Method2

SNP panel3

50K 800K TRANS

GBLUP_mod
 Build and invert G 2 min 39 min 3 min
 ASReml (1 trait) 20 min 20 min 20 min
BayesA 30 h 55 min
BayesR 1 h 54 min 35 h 50 min 3 h 5 min
1Processors were Intel Xeon X5670. For GBLUP_mod, multi-threading was used in the construction and inver-
sion of the G matrix, across 10 threads.
2GBLUP = genomic BLUP; ASReml = ASReml software (Gilmour et al., 2002). The GBLUP_mod method 
uses a rescaled genomic relationship matrix, and regresses the G matrix toward the A matrix to account for 
the error in estimating realized relationship coefficients due to a finite number of markers; BayesR is a Bayesian 
method for deriving the prediction equation that assumes SNP effects follow a series of normal distributions; 
and BayesA is a Bayesian method for deriving the prediction equation that assumes SNP effects follow a 
Student’s t distribution. Complete descriptions are given in the text.  
350K = 50,000-SNP panel; 800K = 800,000-SNP panel; TRANS = transcriptome panel.



4128 ERBE ET AL.

Journal of Dairy Science Vol. 95 No. 7, 2012

GBLUP_mod decreased computing time from several 
days to 3 min.

CONCLUSIONS

In this study, we investigated different marker pan-
els and methods for prediction of genomic breeding 
values within and across breeds. Two new or modified 
methods were presented: GBLUP_mod, which scales 
the genomic relationship matrix to an appropriate base 
and regresses G toward A to account for sampling er-
ror in estimation of within- and across-breed genomic 
relationships, and BayesR, which assumes that SNP 
effects follow a mixture of normal distributions, includ-
ing a distribution with zero variance. Although the 
GBLUP_mod method resulted in less biased breeding 
values than using an unmodified G matrix, the BayesR 
method performed best in terms of r(GEBV, DTD) in 
most studied scenarios, and gave regressions of DTD on 
GEBV of close to 1. In addition to having the best pre-
dictive ability, BayesR also presents the possibility of 
using the results (splitting of SNP into different classes 
of explained variance) directly for further analyses of, 
for example, genetic architecture or for SNP selection 
of less computationally demanding subsets. An addi-
tional benefit of the denser marker set of the 800K 
panel could be seen neither for within- nor for across-
breed prediction directly in terms of significant increase 
of accuracy. However, the 800K panel was the basis for 
an informative subset of SNP in transcribed parts of 
the genome, which may be a good alternative to model-
ing the large number of SNP directly from the 800K 
panel, balancing the extra genomic information from 
the 800K with the effect of increased estimation errors 
from a very large number of SNP in our admittedly 
small data sets. This panel (TRANS) in combination 
with BayesR and a combined reference set gave the 
highest accuracies of prediction in Jerseys, the minor 
breed in this study.
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