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Abstract

Background: Sequence data can potentially increase the reliability of genomic predictions, because such data
include causative mutations instead of relying on linkage disequilibrium (LD) between causative mutations and
prediction variants. However, the location of the causative mutations is not known, and the presence of many variants
that are in low LD with the causative mutations may reduce prediction reliability. Our objective was to investigate
whether the use of variants at quantitative trait loci (QTL) that are identified in a multi-breed genome-wide associa-
tion study (GWAS) for milk, fat and protein yield would increase the reliability of within- and multi-breed genomic
predictions in Holstein, Jersey and Danish Red cattle. A wide range of scenarios that test different strategies to select
prediction markers, for both within-breed and multi-breed prediction, were compared.

Results: For all breeds and traits, the use of variants selected from a multi-breed GWAS resulted in substantial
increases in prediction reliabilities compared to within-breed prediction using a 50 K SNP array. Reliabilities depended
highly on the choice of the prediction markers, and the scenario that led to the highest reliability varied between
breeds and traits. While genomic correlations across breeds were low for genome-wide sequence variants, the effects
of the QTL variants that yielded the highest reliabilities were highly correlated across breeds.

Conclusions: Our results show that the use of sequence variants, which are located near peaks of QTL that are
detected in a multi-breed GWAS, can increase reliability of genomic predictions.

Background

Accuracy of genomic predictions is highly influenced by
the size of the reference population used [1-3]. In cat-
tle, for breeds such as the Holstein breed, this is not a
problem since large reference populations are available
at both the national and international levels [4], but for
breeds with a smaller reference populations, accura-
cies of genomic prediction may not be sufficiently high.
Using a large multi-breed reference population could
potentially increase the accuracy of genomic predictions,
by allowing breeds that have a small reference popula-
tion to use information from other breeds. However, in

*Correspondence: irene.vandenberg@unimelb.edu.au

! Department of Molecular Biology and Genetics, Faculty of Science

and Technology, Center for Quantitative Genetics and Genomics, Aarhus
University, 8830 Tjele, Denmark

Full list of author information is available at the end of the article

( ) BiolVled Central

practice, large increases in accuracy of genomic predic-
tions are obtained only when the breeds included in the
multi-breed reference population are closely related [5,
6]. When more distant breeds are combined together,
increases in accuracies of genomic predictions are gen-
erally small or zero compared to within-breed predic-
tions [7-11]. One reason for this could be that linkage
disequilibrium (LD) is conserved over much shorter dis-
tances across breeds than within breeds [12]. With the
availability of high-density single nucleotide polymor-
phism (SNP) chips, de Roos et al. [12] showed that the
LD between single nucleotide polymorphisms (SNPs) on
the high-density SNP chip across dairy cattle breeds is
sufficiently high to make across-breed prediction feasible
and it was then assumed that increasing marker density
furthermore to the whole-genome sequence level would
improve multi-breed prediction. However, reliabilities of
genomic predictions that are obtained with the bovine
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high-density SNP chip (HD) are not much higher than
those with the 50 K SNP chip [9, 10]. Increasing marker
density to the HD or the sequence level adds a large
number of genome-wide variants but only a few of these
variants are close to the causative mutations. Unless only
variants in perfect LD with the causative mutations are
used, the variants in imperfect LD with the causative
mutations will limit the reliability of genomic predic-
tions [13]. While whole-genome sequence data contain
causative mutations and variants in high LD with some
causative mutations, most of the variants are in low LD
with the causative mutations. Thus, it is not surprising,
that the use of whole-genome sequence data for genomic
prediction does not necessarily increase reliabilities of
genomic predictions compared to the use of genome-
wide SNPs [14, 15], especially if the models used do not
allow for sufficiently different within-breed variances and
across-breed covariances for different SNPs.

In a simulation study, Pérez-Enciso et al. [16] obtained
very high reliabilities by including the causative muta-
tions in the model, while either addition of non-caus-
ative variants or removal of some causative mutations
decreased reliabilities. Studies in cattle [17, 18] and
Drosophila melanogaster [19] showed that selecting
prediction variants based on the results of genome-
wide association studies (GWAS) can yield substantial
increases in the reliability of genomic predictions.

Because LD is conserved over much shorter distances
across than within breeds [12], increasing the distance
between causative mutations and prediction variants
had a stronger effect on across-breed prediction than on
within-breed prediction. In a simulation study [20], reli-
ability of genomic predictions decreased faster across
breeds than within breeds as the distance between pre-
diction variants and causative mutations increased.
Therefore, in order to infer information across breeds, it
is important to use variants that are in high LD with the
causative mutations. Although the true causative muta-
tions are unknown, with a few exceptions [21], a large
number of quantitative trait loci (QTL) regions have been
detected in dairy cattle [22-27], and this information
could be used to select sequence variants for genomic
prediction. However, variants that are linked to a QTL in
one breed but not in another breed can introduce noise,
and reduce accuracy of genomic prediction for the other
breed. Thus, careful selection of QTL variants is likely
to be relevant for multi-breed prediction. Because LD
is conserved over shorter distances across breeds, fewer
variants are associated with the same causative muta-
tions across breeds. Consequently, multi-breed GWAS
results in more precise QTL mapping for variants that
are shared across breeds [11, 28, 29].
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Another potential difficulty in multi-breed prediction
is that variant effects differ across breeds, which can be
due to dominance or epistasis. However, even for genes
with additive effects, differences in effects could be due
to allele frequencies differing among breeds, or sim-
ply to the LD between prediction variants and causative
mutations differing among breeds [6]. Thus, considering
that SNP effects can be correlated across breeds rather
than assuming that they are the same in each breed may
be important to take advantage of sequence data for
genomic prediction.

When within-breed genomic predictions are used, they
rely heavily on the structure of the relationships within
the breed that create LD in relatively large regions. Such
structures are disrupted when populations from different
breeds are combined, which results in LD being persis-
tent over shorter regions across breeds. In addition, SNP
effects can be easily dominated by the SNP effects in the
breed with the largest population, which may lead to the
prediction of a non-existing effect in the other breeds. As
a consequence, the SNP may lose its predictive ability for
the other breeds or even introduce noise from the breed
with the largest reference population. Thus, in order to
allow for private genetic variation and efficient use of
within-breed family relationships, it could be useful to
include a genomic component that models the genomic
covariances within a given breed in the model.

Our objective was to investigate whether the use of var-
iants at QTL that are selected from a multi-breed GWAS
for milk, fat and protein yields would increase the reli-
ability of within- and multi-breed genomic predictions
in three dairy cattle breeds that range from very related
populations to unrelated breeds. We used a model with a
50 K SNP genomic component and a QTL genomic com-
ponent that includes sequence variants. We assumed that
reliability of genomic predictions would increase when
QTL variants were included in the model compared to
models using only 50 K SNPs and that if too many were
included, this advantage would decrease. More precisely,
we expected that:

1. single-trait models that assume equal variant effects
across breeds would be efficient for closely related
populations;

2. including a QTL component with sequence variants
would increase the reliability of genomic predic-
tions and increase the correlations of variant effects
between breeds compared to the 50 K SNP compo-
nent;

3. a restricted number of prediction markers per QTL
interval would improve the reliability of genomic pre-
dictions, especially for distantly related breeds;
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4. a multi-breed GWAS would select sequence variants
more accurately than a within-breed GWAS, espe-
cially for multi-breed prediction.

We used different models to test these assumptions.

Methods
Data
All genotype and phenotype data used in this study
were obtained from pre-existing routine genetic evalu-
ation data for the dairy cattle populations and required
no ethical approval. Data from 5852 French Holstein
(HOLFR), 5411 Danish Holstein (HOLDK), 1203 Dan-
ish Jersey (JER) and 937 Danish Red (RDC) bulls were
included in the analyses. Although the HOLFR and
HOLDK populations belong to the same breed, they
were considered as different breeds. Holstein and RDC
breeds are weakly related, while the JER breed is much
more distantly related from either the RDC or Hol-
stein breeds [6]. For all the bulls, deregressed proofs
(DRP) were available for milk, fat and protein yields.
Since the French and Danish scales differ, it was neces-
sary to standardize the DRP within each breed, so that
they were comparable between countries. All individu-
als were genotyped with the 50 K SNP chip and a sub-
set of the individuals was also genotyped with the HD
SNP chip, or sequenced. Individuals that were geno-
typed with the 50 K SNP chip were first imputed to HD,
and then to the whole-genome sequence level, so that
full genome sequence information was available for all
the individuals. Imputation of Danish bulls from 50 K
to HD and imputation of both French and Danish bulls
from HD to whole-genome sequence level were done by
using IMPUTE?2 [30], while imputation of French bulls
from 50 K to HD was performed by using Beagle [31].
For the Danish bulls, imputation from HD to whole-
genome sequence level was based on a multi-breed ref-
erence population that included 1228 individuals from
the fourth run of the 1000 Bull Genomes project [32]
and 80 bulls from other projects carried out at Aarhus
University. The HOLFR bulls were imputed by using a
joint multi-breed French-Danish reference population
that included 122 Holstein, 27 Jersey, 28 Montbéliarde,
23 Normande and 45 Danish Red bulls. More details on
the imputation of the Danish bulls are in Brendum et al.
[17] and for the imputation of the French bulls from
50 K to HD in Hozé et al. [33].

For each population, individuals were divided into
a training and a validation population. The validation
populations consisted of the youngest individuals of
each breed, and their sires were excluded from the train-
ing population. The training populations included 4911
HOLDAK, 5335 HOLFR, 957 JER and 745 RDC bulls, and
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the validation populations consisted of 500 HOLDK, 517
HOLFR, 246 JER and 192 RDC bulls.

Selection of prediction markers included in the QTL
component
Several scenarios with different sets of prediction mark-
ers and different models were investigated. All sets
of prediction markers included only variants with a
minor allele frequency (MAF) higher than 0.01 and an
IMPUTE2 INFO score of at least 0.9, which resulted in
the basic set (50 K) comprising 37,856 SNPs from the
50 K SNP chip. For the other sets, variants were selected
based on their associations with milk, fat or protein yield
that had been identified in previously performed GWAS.
The dataset used for the multi-breed GWAS included
all the bulls of the four populations (HOLFR, HOLDK,
JER and RDC) in the training populations, their sires, and
an additional 1935 Montbéliarde and 1725 Normande
bulls. First, a GWAS was performed within each of the
six populations, using whole-genome sequence data.
After filtering out variants with a MAF lower than 0.005
and an IMPUTE2 INFO score less than 0.60, 24,550,115
SNPs and indels remained in the dataset. A single-marker
model was run for each of these polymorphisms, within
each of the six populations:

Yik = W+ Sik + Bgi + ek,

where y; is the DRP of milk yield, fat yield or protein
yield for individual i with sire k, s; the random effect of
sire k, B the effect of the variant, g; the allele dose (rang-
ing from O to 2) for individual i and e;; a random residual.

Subsequently, a multi-breed GWAS was performed
combining all six populations. To reduce computing
time, the multi-breed GWAS was only run for variants
with a p value <107° for the HOLDK or HOLEFR bulls, or
<1073 for one of the other breeds for at least one of the
traits. A breed effect was added to the model to account
for between-breed differences:

Yijk = I+ Sik + bij + Bgijk + eijk>
where b;; is the effect of breed j of individual i. A full
description of the GWAS is in [29].

Within breeds, variants were selected based on their
associations with milk, fat or protein yield, which had
been identified in either the within-breed or multi-
breed GWAS, while for multi-breed analyses, variants
were selected based on their associations with milk, fat
or protein yield, which were detected in the multi-breed
GWAS. Thresholds for within-breed p values were equal
to 1077, with ¢ equal to 10, 12 or 14 for Holstein popula-
tions and 4, 6 or 8 for Jersey and Danish Red populations.
For the multi-breed models, ¢ was equal to 10, 14 or 20.
Due to the large differences in number of individuals per
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breed, the power of the GWAS varied strongly between
breeds. Therefore, different thresholds were used for
each breed, i.e. the thresholds for the JER and RDC
breeds were chosen so that the range of the number of
selected variants included the number of variants used
for the HOLDK and HOLFR populations. An overview
of all scenarios can be found in Table 1. Within breeds
(WB-50 K + QTLt scenario), all variants that passed
these thresholds were selected. Subsequently, LD prun-
ing was performed on the selected variants using PLINK
[34], with a R? threshold of 0.95. Selection of variants
was the same for the multi-breed and within-breed
analyses in the MB-50 K + QTLt scenarios. In scenarios
MB-50 K + QTLt-n/w, the number of variants per inter-
val (n) was, after LD pruning, limited to the 1, 10 or 25
variants with the lowest p values, per window (w) of 1, 2
or 10 Mb. Intervals were defined starting from the high-
est peak, until there were no more variants with a p value
below t. The number of QTL variants selected from the
within- and multi-breed GWAS are in Tables 2 and 3,
respectively. If a variant was included in the QTL compo-
nent of one scenario, it was excluded from the 50 K com-
ponent for that scenario.

Statistical models

Genomic estimated breeding values (GEBV) were esti-
mated using a Bayesian SNP best linear unbiased predic-
tion (BLUP) model as implemented in the Bayz software

Table 1 Descriptions of the scenarios used in the paper

Scenario® Model QTL component®

WB-50 K WB -

WB-50 K + WBQTLt WB All variants with a p value below
107"in a within breed GWAS

WB-50 K+ MBQTLt WB All variants with a p value below

107" in a multi breed GWAS

Maximum n variants with a p value
below 10~ per interval of i Mb in a
multi breed GWAS

MB-50 K MB -
MB-50 K 4+ MBQTLt MB

WB-50 K+ MBQTLt-n/w  WB

All variants with a p value below
10~"in a multi breed GWAS

Maximum n variants with a p value
below 10~ per interval of i Mb in a
multi breed GWAS

MT-50 K MT -
MT-50 K 4 MBQTLt MT

MB-50 K+ MBQTLt-n/w  MB

All variants with a p value below
107"in a multi breed GWAS

Maximum n variants with a p value
below 10~ per interval of i Mb in a
multi breed GWAS

MT-50 K + MBQTLt-n/w  MT

WB within-breed, MB multi-breed, MT multi-trait model
@ Acronym of the scenario

b Describes how the variants in the QTL component were selected
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Table 2 Different sets of markers selected

from within-breed GWAS

QTL

Set Selection Number of selected variants

threshold

Milk yield Fatyield Protein yield

Danish Holstein

WBQTL10 10710 2595 2523 1491
WBQTL12 10712 1868 1719 612
WBQTL14 10714 1511 1220 298
French Holstein

WBQTL10 10710 2249 1924 921
WBQTL12 10712 1382 1108 330
WBQTL14 1071 958 782 168
Jersey

WBQTL4 107% 14,101 6632 3219
WBQTL6 107% 2464 578 345
WBQTL8 107%8 677 51 22
Danish Red

WBQTL4 107% 9548 4925 5330
WBQTL6 107% 873 648 383
WBQTL8 107%8 80 232 12

[35], using only the 50 K data or the 50 K data and a sec-
ond marker component with QTL marker components.
In the models using only the 50 K data, all SNP effects
were assumed to come from a single normal distribution.
In the models that included a QTL component, QTL
marker effects were assumed to come from a second
normal distribution. Both within- and multi-breed mod-
els were tested and in the multi-breed models, the same
trait in different breeds was considered either as a single
trait, using a fixed breed effect to account for differences
between breeds, or as multiple correlated traits, using a
multi-trait model. For all scenarios, the Markov chain
Monte Carlo (MCMC) was run for 50,000 iterations, dis-
carding the first 10,000 as burn-in.

Within-breed model with a 50 K component
In the basic model (WB-50 K), only the 50 K SNPs were
used for within-breed prediction:

M
Y=+ Y Zimm + €

m=1

where y; is the deregressed proof (DRP) of individual i,
u the mean, M is the total number of 50 K SNPs, z;,, the
genotype of individual i for SNP m, a,, the allele sub-
stitution effect of SNP m and e; a random residual for
individual i. SNP effects and residuals were assumed
to be drawn from normal distributions ~ N (0,07) and
~ N(0,02), respectively. Additive SNP variance o2 and



van den Berg et al. Genet Sel Evol (2016) 48:83 Page 5 of 18
Table 3 Different sets of QTL markers selected from multi-breed GWAS
Set Selection threshold  Window size (Mb) n® Number of selected variants

Milk yield Fat yield Protein yield
MBQTL10 10 - - 8361 9615 6119
MBQTL10-1/1 10 1 1 375 448 522
MBQTL10-10/1 10 1 10 1954 2612 2773
MBQTL10-25/1 10 1 25 3130 4190 4096
MBQTL10-1/2 10 2 1 269 292 342
MBQTL10-10/2 10 2 10 1457 1856 2080
MBQTL10-25/2 10 2 25 2363 3189 3410
MBQTL10-1/10 10 10 1 m 109 107
MBQTL10-10/10 10 10 10 709 775 911
MBQTL10-25/10 10 10 25 1230 1454 1808
MBQTL14 14 - - 3821 4077 1402
MBQTL14-1/1 14 1 1 102 155 134
MBQTL14-10/1 14 1 10 614 816 633
MBQTL14-25/1 14 1 25 1046 1341 894
MBQTL14-1/2 14 2 1 67 111 95
MBQTL14-10/2 14 2 10 416 635 534
MBQTL14-25/2 14 2 25 762 1065 801
MBQTL14-1/10 14 10 1 27 40 41
MBQTL14-10/10 14 10 10 194 279 295
MBQTL14-25/10 14 10 25 352 534 517
MBQTL20 20 - - 2225 2252 299
MBQTL20-1/1 20 1 1 30 45 23
MBQTL20-10/1 20 1 10 203 251 130
MBQTL20-25/1 20 1 25 384 424 205
MBQTL20-1/2 20 2 1 18 35 19
MBQTL20-10/2 20 2 10 138 192 104
MBQTL20-25/2 20 2 25 257 314 162
MBQTL20-1/10 20 10 1 7 15 12
MBQTL20-10/10 20 10 10 48 94 57
MBQTL20-25/10 20 10 25 115 173 85

@ Maximum number of variants per interval (n), and the number of selected variants for milk, fat and protein yields

residual variance o2 were assigned uniform non-inform-
ative priors.

Within-breed models with 50 K and QTL genomic
components

In scenarios WB-50 K + WBQTL and WB-50 K + MBQTL,
a second genetic component was added to the model, using
WBQTLt, MBQTLt or MBQTLt-n/w variants:

M N
Yi=W+ Y Zimtm+ Y Zindn + €y
m=1 n

where N is the total number of QTL markers, z;, the gen-
otype of individual i for marker #, and g, the allele substi-
tution effect of marker n. QTL marker effects were drawn

from a normal distribution ~ N (0, aqz), and additive QTL
variance o>

; Was assigned a uniform non-informative prior.

Multi-breed models

MB-50 K was a single-trait multi-breed model that
assumed that the same trait measured in different breeds
was a single trait, with a breed effect to account for the
difference in means between breeds:

M
Yi=1+bij+ Y zimam + e
m=1
where b;; is the effect of breed j of individual i. A uniform
non-informative prior was assigned to b;.
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Model MB-50 K + MBQTL was similar to the
MB-50 K model, with the addition of one of the MBQTLt
or MBQTLt-n/w sets as a multi-breed QTL component:

M N
Yi =+ b+ Z ZimAm + szqn +ei.
m=1 n

Multi-trait models

In the basic multi-trait model (MT-50 K), the same trait
measured in different breeds was considered as multiple
traits by assuming a correlation between allele substitu-
tion effects in the 50 K component across breeds:

M
Yij = Mj + Z Zim@jm + €ij
m=1
where y;; is the DRP of individual i from breed j, u1; the
mean of breed j, and aj, the allele substitution effect
of marker m in breed j. Additive marker effects were
assumed to be normally distributed ~ N (0, 031» with
additive marker variance 03.. Uniform non-informa-
tive priors were assigned to 031. and to covariance Ouj,ak
between the additive marker effects on the DRP in
breed j and on the DRP in breed k. Residual covariances
between DRP for individuals of different traits were 0.
Model MT-50 K + MBQTL was similar to the MT-50 K
model, except for the addition of one of the MBQTLt or
MBQTLt-n/w sets as a multi-breed QTL component:

M N
Yij = Mj + Z ZimAjm + szan + ey,
m=1 n

where gj, is the additive QTL marker effect of marker # in
breed j. Additive marker effects are assumed to be nor-
mally distributed ~ N (0,02 ). Both o2 and covariance
04jqk between the additive QTL marker effects on the
DRP in breed j and on the DRP in breed k were assigned
uniform, non-informative priors.

Genomic correlations between 50 K SNP effects on the
DRP in different breeds were estimated with the MT-50 K
and MT-50 K + MBQTL models, and genomic correla-
tions between QTL marker effects on the DRP in differ-
ent breeds were estimated with the MT-50 K + MBQTL
model. Genomic correlations were considered significant
if they were greater than twice the standard error.

Evaluation of scenarios

Reliabilities were estimated as the squared correlation
between DRP and GEBYV, divided by the mean reliability
of DRP in the test population. Bias was assessed by regres-
sion of DRP on GEBYV. In the WB-50 K + MBQTL14-
10/2 scenario for milk yield, five MCMC chains were
run to assess convergence. Correlations between GEBV
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obtained by different runs were above 0.9999 for all
breeds.

In the scenarios with a QTL component, the propor-
tion of variants explained by the QTL component was
estimated as:

2
OQT1L
2 2 2’
050k T 0QTL T %

2
hor =

where o2, and oéTL are the variances of the 50 K and
QTL components, respectively. These variances were
estimated using the Gbayz programme that is part of the
Bayz software [35]. For each MCMC iteration, var(Za)
and var(Zq) were estimated, where Z is a design matrix
and a and q are vectors of the regression coefficients of
50 K and QTL marker effects, respectively. Subsequently,
posterior estimates of o2, and aéTL were obtained by
averaging var(Za) and var(Zq) over all MCMC cycles.

Results

Comparison between different scenarios and prediction
models

Reliabilities of genomic predictions obtained by using the
50 K SNPs and the scenarios that led to the highest relia-
bilities for each breed and trait are in Table 4. The highest
reliabilities of genomic predictions for the HOLDK and
HOLEFR populations and the JER and RDC populations
were obtained in scenarios MB-50 K-MBQTLt-n/w and
WB-50 K-MBQTLt-n/w, respectively. Averaged across
traits, the increase in reliability of the best scenario com-
pared to model WB-50 K was equal to 0.08, 0.08, 0.06
and 0.06 for HOLDK, HOLFR, JER and RDC, respec-
tively. The set of QTL markers that resulted in the highest
reliability and the number of QTL variants in that set var-
ied between breeds and traits. Averaged across traits, the
numbers of QTL markers that yielded the highest reli-
ability were equal to 1359, 662, 265 and 561 for HOLDK,
HOLER, JER and RDC, respectively. The number of QTL
variants that led to the highest reliability was much larger
for milk yield than for fat and protein yields, with, aver-
aged across breeds, 1080 variants for milk yield, 564 for
fat yield and 490 for protein yield.

Increases in reliability of genomic predictions varied
greatly depending on the set of QTL markers used com-
pared with model WB-50 K. Figure 1 shows this variation
among the scenarios investigated for milk yield, while
the results for fat and protein yield are in Figure S1 (see
Additional file 1: Figure S1).

Tables 5 and 6 compare reliabilities of genomic pre-
diction between model WB-50 K and the other sce-
narios. Scenario WB-50 K-WBQTLt resulted in small
increases up to 0.05 for the HOLDK and HOLFR popu-
lations, except for protein yield for HOLDK, which had
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Table 4 Scenarios with best reliability (r?) for each breed and trait
Breed Trait 50 K® Best scenario n® r? A€
HOLDK Milk yield 044 MB-50 K+ MBQTL10-25/1 3130 0.53 0.09
Fat yield 048 MB-50 K + MBQTL20-25/1 424 0.58 0.10
Protein yield 0.39 MB-50 K+ MBQTL10-1/1 522 044 0.06
HOLFR Milk yield 0.33 MB-50 K + MBQTL14-25/1 1046 041 0.08
Fat yield 0.37 MB-50 K + MBQTL20-25/1 424 0.46 0.10
Protein yield 037 MB-50 K + MBQTL14-25/10 517 0.44 0.06
JER Milk yield 0.30 WB-50 K+ MBQTL20-1/10 7 0.40 0.10
Fat yield 0.16 MB-50 K+ MBQTL10-10/10 775 0.20 0.04
Protein yield 0.22 WB-50 K+ MBQTL20-1/10 12 0.27 0.05
RDC Milk yield 0.14 WB-50 K+ MBQTL20-10/2 138 0.20 0.06
Fat yield 0.1 WB-50 K+ MBQTL14-10/2 635 0.19 0.07
Protein yield 0.09 WB-50 K+ MBQTL10-10/10 9N 0.14 0.05

HOLDK Danish Holstein, HOLFR French Holstein, JER Jersey, RDC Danish Red
2 Reliabilities when using 50 K SNPs
b Number of QTL variants included in the scenario

¢ Difference in reliability between the best scenario and that obtained with 50 K SNPs

a reliability that decreased by 0.01. For JER, reliabilities
increased for milk and fat yield by 0.04 and 0.02, respec-
tively, but no difference was found for protein yield. For
RDC, only small differences were found, with decreases
of 0.01 for fat and protein yield, and no difference for milk
yield. The scenarios using QTL variants selected from the
multi-breed GWAS showed increased reliabilities for all
breeds. Larger increases were obtained when the number
of variants per QTL region was limited. Averaged across
breeds and traits, the differences in reliability between
model WB-50 K and the other models using the QTL set
that yielded the highest reliability (A,,,) were equal to
0.02, 0.03 and 0.05 for scenarios WB-50 K + WBQTLt,
WB-50 K + MBQTLt, and WB-50 K + MBQTLt-n/w,
respectively.

Model MB-50 K led to substantial increases in reli-
ability for HOLDK and HOLEFR, only small differences
for RDC, and a small decrease up to 0.03 for JER. For
all breeds and traits, reliabilities were higher when
variants selected from a multi-breed GWAS were used
than when only 50 K SNPs were used. The best advan-
tage was found when using the QTL variants for JER
and RDC, while for HOLDK and HOLFR, the largest
increases were obtained by combining the four popu-
lations. For most breeds and traits, reliabilities were
higher when the number of QTL variants was limited
than when all QTL variants were used. The largest dif-
ference between scenarios MB-50 K + MBQTLt and
MB-50 K + MBQTLt-n/w was observed for JER for
fat yield, with a A_,, of —0.01 for the first and 0.04 for
the latter model. Averaged across breeds and traits,
A, .« Was equal to 0.03, 0.05 and 0.06 for the MB-50 K,

MB-50 K + MBQTLt and MB-50 K + MBQTLt-n/w
models, respectively.

Bias

Regression coefficients of DRP on GEBV for all breeds
and traits are in Table 7. In all scenarios, GEBV were
overestimated, the bias being larger for JER and RDC
than for HOLDK and HOLFR. Overall, using QTL vari-
ants for prediction had only a limited influence on the
bias, with either an increase or a decrease in some sce-
narios compared to WB-50 K (see Table 7).

Influence of the number of QTL markers on reliability

of genomic prediction and on the variance explained

by QTL markers

The number of selected QTL markers varied mark-
edly between scenarios. Figure 2 shows reliabilities of
genomic predictions according to number of QTL mark-
ers used for the WB-50 K-MBQTLt-n/w scenarios for
milk yield. Results for fat and protein yield are in Figure
S2 (see Additional file 2: Figure S2). Although reliability
of genomic prediction depended on the number of QTL
variants used, there were no clear peaks, but overall reli-
abilities were highest when a relatively small number of
QTL variants was used.

The proportion of variance explained by the QTL
component (thTL) varied greatly between scenarios, as
shown in Fig. 3 for milk yield, and Figure S3 (see Addi-
tional file 3: Figure S3) for fat and protein yield. The
héTL obtained in the WB-50 K + WBQTLLt scenarios
was much larger for the JER and RDC breeds than for
the HOLDK and HOLER populations. For HOLDK and
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Table 5 Differences in reliability between the WB-50 K model and other models (4,,,,) for within-breed prediction

Breed Trait WB-50 K + WBQTLt WB-50 K + MBQTLt WB-50 K + MBQTLt-n/w
HOLDK Milk yield 0.02 0.03 0.05
Fat yield 0.04 0.05 0.05
Protein yield —0.01 0.01 0.03
HOLFR Milk yield 0.02 0.03 0.04
Fat yield 0.05 0.05 0.05
Protein yield 0.02 0.03 0.03
JER Milk yield 0.04 0.07 0.10
Fat yield 0.02 0.01 0.02
Protein yield 0.00 0.02 0.05
RDC Milk yield 0.00 0.05 0.06
Fat yield —0.01 0.03 0.07
Protein yield —-0.01 0.01 0.05

The table provides only the A .. i.e. the difference (A) obtained with the QTL set that resulted in the highest reliability

The QTL component consisted of all the variants selected with a p value less than a threshold for the within-breed GWAS (WB-50 K + WBQTLt) and the multi-breed
GWAS (WB-50 K + MBQTLt), or of a limited number of SNPs per QTL interval that were selected with p value less than a threshold for the multi-breed GWAS (WB-

50 K + MBQTLt-n/w)
HOLDK Danish Holstein, HOLFR French Holstein, JER Jersey, RDC Danish Red

Table 6 Differences in reliability between the WB-50 K model and other models for multi-breed prediction

Breed?® Trait MB-50 K (&) MB-50 K + MBQTLt (Af,,,) MB-50 K + MBQTLt-n/w (Af,,,)
HOLDK Milk 0.07 0.08 0.09
Fat 0.06 0.09 0.10
Protein 0.04 0.05 0.06
HOLFR Milk 0.05 0.08 0.08
Fat 0.06 0.09 0.10
Protein 0.04 0.06 0.06
JER Milk —0.03 0.02 0.06
Fat 0.01 —0.01 0.04
Protein —0.02 0.02 0.03
RDC Milk 0.01 0.05 0.06
Fat 0.02 0.06 0.05
Protein 0.00 0.02 0.04

The model included one genetic component with all 50 K SNPs (MB-50 K), or an additional component that included either all SNPs selected with a p value less than
a threshold for the multi-breed GWAS (MB-50 K + MBQTLt) or a limited number of variants per QTL interval selected with a p value less than a threshold for the multi-

breed GWAS (MB-50 K + MBQTLt-n/w)
@ HOLDK: Danish Holstein, HOLFR: French Holstein, JER: Jersey, RDC: Danish Red

b Differences in reliability between the reliability obtained with WB-50 K and the other models (4)

 For the models with a QTL component, the table provides only the A

max’

HOLER, regardless of the scenarios using a QTL com-
ponent selected from the multi-breed GWAS, hZQTL
was either larger or smaller than that obtained in sce-
nario WB-50 K + WBQTLt, depending on the criteria
that were applied for QTL selection, while for JER and
RDC, héTL was almost always substantially larger in
scenarios WB-50 K + WBQTLt.

For all breeds, héTL was influenced by the number of
QTL variants used in the QTL component, as shown in
Fig. 4 for the WB-50 K + MBQTLt-n/w scenarios for milk

i.e. the A obtained with the QTL set that resulted in the highest reliability

yield, and Figure S4 (see Additional file 4: Figure S4) for
fat and protein yield. In scenarios WB-50 K + MBQTLt,
the number of selected QTL variants depended solely
on the threshold applied for QTL selection, and héTL
increased approximately linearly with the number of
QTL variants (results not shown). In the sets used for
scenarios WB-50 K + MBQTLt-n/w, héTL was larger for
the sets with a lower selection threshold and thus a larger
number of QTL. For scenarios WB-50 K + MBQTLt-n/w
in which the same threshold was applied, héTL fluctuated
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Table 7 Regression coefficients of DRP on GEBV for milk,
fat and protein yield

Scenario HOLDK HOLFR  JER RDC

Milk yield

WB-50 K 0.83 0.72 0.67 0.71
WB-50 K + WBQTLt 0.82-0.83 0.72-0.72 0.62-0.71 046-0.56
WB-50 K + MBQTLt 0.83-0.84 0.70-0.73 0.70-0.70 0.67-0.70
WB-50 K+ MBQTLt-n/w  0.83-0.86 0.68-0.74 0.68-0.78 0.61-0.72

MB-50 K 0.89 0.73 0.69 0.53

MB-50 K-MBQTLt 0.88-0.89 0.74-0.75 0.67-0.69 0.55-0.57
MB-50 K-MBQTLt-n/w 0.87-090 0.72-0.75 0.69-0.80 0.51-0.59
Fat yield

WB-50 K 0383 0.78 0.55 0.58
WB-50 K + WBQTLt 0.82-0.82 0.79-0.81 0.49-0.58 0.45-049
WB-50 K + MBQTLt 0.82-0.82 0.80-0.80 0.59-0.59 0.52-0.54
WB-50 K + MBQTLt-n/w 0.79-0.82 0.78-0.82 0.50-0.61 0.49-0.62

MB-50 K 0.81 0.87 057 040

MB-50 K-MBQTLt 0.81-0.81 0.87-0.88 052-0.56 043-046
MB-50 K-MBQTLt-n/w 0.80-0.82 0.87-090 047-0.62 0.38-0.46
Protein yield

WB-50 K 0.75 0.74 0.61 0.57
WB-50 K +WBQTLt 0.72-0.74 0.74-0.75 047-0.60 041-0.50
WB-50 K+ MBQTLt 0.73-0.75 0.75-0.76 0.60-0.61 0.55-0.59
WB-50 K+ MBQTLt-n/w  0.73-0.77 0.72-0.76 0.57-0.64 0.55-0.72

MB-50 K 0.80 0.77 0.60 043
MB-50 K-MBQTLt 0.78-0.80 0.78-0.78 0.63-0.64 0.44-049
MB-50 K-MBQTLt-n/w 0.79-082 0.76-0.79 0.62-0.68 0.36-0.54

HOLDK Danish Holstein, HOLFR French Holstein, JER Jersey, RDC Danish Red

a lot without necessarily increasing if a larger number of
QTL variants was used. Sets used in scenarios MBQTLt-
n/w and MBQTLt led to similar /iy, while MBQTLt-
n/w included much fewer QTL variants than MBQTLt
(results not shown).

Genomic correlations between breeds

For the multi-trait models, genomic correlations between
the same traits in different breeds were estimated. Fig-
ure 5 shows the genomic correlations using the 50 K
component in the MT-50 K, MT-50 K + MBQTLt and
MT-50 K + MBQTLt-n/w models. Genomic correlations
of the 50 K component ranged from 0.43 to 0.76 between
HOLDK and HOLFR, from 0.03 to 0.28 between HOLDK
or HOLFR and RDC, and from —0.12 to 0.05 between
JER and any other breed.

Genomic correlations that were computed by using
the QTL component and the MT-50 K + MBQTLt and
MT-50 K + MBQTLt-n/w scenarios are in Fig. 6. All
genomic correlations were larger when the QTL com-
ponent was used than when the 50 K component was
used. The largest correlations were obtained with the
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MT-50 K + MBQTLt-n/w scenarios. Genomic correla-
tions between HOLDK and HOLFR ranged from 0.73
to 0.86 for MT-50 K + MBQTt-n/w and from 0.79 to
0.97 for MT-50 K + MBQTLt-n/w. Between HOLDK
or HOLFR and RDC, genomic correlations that were
computed by using the QTL component ranged from
0.32 to 0.48 for MT-50 K + MBQTLt, and from 0.26 to
0.94 with the MT-50 K + MBQTLt-n/w and between
JER and the other breeds, the lowest correlations
were found for fat yield (ranging from —0.07 to 0.17
for MT-50 K + MBQTLt and from —0.13 to 0.50 for
MT-50 K + MBQTLt-n/w), while for milk and protein
yield, they were always positive (ranging from 0.19 to
0.46 for MT-50 K + MBQTLLt and from 0.13 to 0.86 for
MT-50 K + MBQTLt-n/w).

Posterior standard deviations of the genomic corre-
lations are in Table S1 (see Additional file 5: Table S1);
they ranged from 0.01 to 0.33 when the QTL compo-
nents were used and from 0.03 to 0.17 when the 50 K
component was used. Standard deviations were smallest
between the two Holstein populations (on average 0.02
for the QTL components and 0.05 for the 50 K compo-
nent), and larger for any other breed combination (on
average 0.16 for the QTL components and 0.11 for the
50 K component).

Discussion

The advantage of whole-genome sequence data is that
they include causative mutations. However, some caus-
ative mutations may be absent, for example because of
partial variant calling that does not consider structural
variants, and because some variants may be filtered
out due to poor sequencing and imputation quality.
Furthermore, the locations of the causative mutations
present in the data are unknown. Thus, we attempted
to identify variants that were in high LD with the
causative mutations based on GWAS data. Using QTL
variants that were selected from a multi-breed GWAS
for within-breed prediction resulted in substantial
increases in the reliability of genomic predictions for
all breeds and traits compared to a 50 K within-breed
model. While the reliability of multi-breed prediction
increased when QTL markers were used rather than
only 50 K SNPs, multi-breed reliabilities were very
similar to within-breed reliabilities when markers in
the QTL component were chosen based on multi-breed
GWAS data.

Increases in reliabilities observed for the two Holstein
populations when within-breed QTL variants were used
were in the range of those reported by Brendum et al.
[17]. In RDC, inclusion of within-breed QTL variants
decreased the reliability of genomic predictions. This can
be explained by the large difference in population size
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used for the GWAS that was performed to select QTL
variants. For the within-breed GWAS, each Holstein
population included about 5000 individuals, while the
JER and RDC populations each included less than 1000
individuals, which results in much more detection power
for HOLFR and HOLDK than for JER and RDC. Thus,
selection of variants for JER and RDC is likely less reli-
able, and they add noise rather than information on the
causative mutations, which results in a reduced reliabili-
ties of genomic predictions.

We expected that selected variants from the multi-
breed GWAS would be beneficial mainly for multi-breed
prediction, but not necessarily for within-breed predic-
tion for JER and RDC, since the multi-breed GWAS was
dominated by Holstein animals. Within-breed prediction
using variants selected from the multi-breed GWAS did,
however, increase reliabilities of genomic predictions for
all breeds, including JER and RDC. Our findings con-
firm those from other studies [11, 28], which showed
that a multi-breed GWAS results in more accurate QTL
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mapping than a within-breed GWAS. While adding QTL  highly sensitive to the choice of the QTL markers. This
variants selected from the multi-breed GWAS resulted in  is in line with results from a study by Ober et al. [19],
increased reliabilities for all breeds and traits, they were ~ who used variants that were selected from a GWAS for
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genomic prediction of quantitative traits in Drosophila.
They showed that accuracy of genomic prediction var-
ied strongly with the threshold used to select predic-
tion variants. In our study, the highest reliabilities were
always obtained when the number of QTL variants per
region was limited. This confirms our expectation that a
restricted number of prediction markers per QTL inter-
val leads to higher reliabilities than selecting a larger
number of markers. Although the most significant vari-
ant in a GWAS is not necessarily the causative mutation,
variants near the peak are more likely to be in high LD

with the causative mutation, while variants further away
are likely to be in lower LD and therefore, introduce more
noise in the prediction. Therefore, restricting the num-
ber of variants per QTL interval resulted in higher reli-
abilities than selecting all variants with p values below a
threshold. The optimal filtering, regarding both p value
and restriction of variants per region, depended on breed
and trait. For the JER breed, reliabilities of genomic pre-
dictions were highest with much fewer variants than
for the other breeds. Again, this can be explained by
the short distances over which LD is conserved across
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breeds. The multi-breed GWAS was dominated by Hol-
stein animals, but also used the data from other breeds.
Therefore, the variants that are in LD with the causative
mutations in both Holstein populations and the other
breeds, are likely to be among the variants with the most
significant p values, while variants further away from the
peak, may only be in LD with the causative mutation in
the Holstein populations.

The variance explained by the QTL component var-
ied strongly between breeds, traits and sets of pre-
diction markers. Although for JER and RDC the
WB-50 K + WBQTLLt scenarios led to similar or lower
reliabilities compared to model WB-50 K, the QTL mark-
ers used in those scenarios did explain a substantially
larger part of the total genetic variance than the other

sets of prediction markers. In these scenarios, the QTL
markers may estimate a polygenic effect rather than
accurately estimate the effects of the largest QTL, but are
actually less accurate in capturing the polygenic effect
than WB-50 K, and thereby, reducing the reliability of
genomic predictions. While the QTL markers used in
the WB-50 K + MBQTLt-n/w scenarios only explained a
small part of the total genetic variance, their use resulted
in large increases in the reliability of genomic predictions
for JER and RDC.

The advantage of having a second genetic compo-
nent with QTL variants in the SNP BLUP model could
be due to some variants having a larger effect rather
than to the specific variants being included in the QTL
component. If this is the case, the advantage of the
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QTL component will be smaller with a mixture model.
We tested the WB-50 K, WB-50 K + MBQTLt, and
WB-50 K + MBQTLt-n/w scenarios also with a Bayesian
mixture model that fitted two mixture distributions for
the 50 K SNPs, and two different mixture distributions
for the QTL markers. Reliabilities of genomic predictions
obtained with the Bayesian mixture model and the SNP
BLUP model were similar and increases obtained by add-
ing a multi-breed QTL component were within the same
range (results not shown).

Combining all populations in the multi-breed models
led to higher reliabilities than within-breed prediction
only for HOLDK and HOLEFR, which is not surprising,
since the Holstein reference population was approxi-
mately doubled by combining the two HOLDK and
HOLEFR populations. While the use of a multi-breed
population and sequence information is valuable in
pinpointing the location of variants that are in close
LD with the causative variants, using these variants for
multi-breed prediction is, however, straightforward.
Variant effects can differ between breeds and multi-
breed prediction models can carry noise from a large
population to smaller populations. This confirms our
expectation, that when combining data from multiple
breeds, the single-trait models are suitable for closely
related populations, but not for more distantly related
breeds, because they assume equal variant effects across
populations.

The multi-trait models allow the estimation of genomic
correlations of marker effects across traits. The correla-
tions obtained with the 50 K SNPs confirmed the relat-
edness between the different populations: while the
Holstein populations are highly related and the RDC and
Holstein populations are moderately related, genomic
correlations between the JER breed and either of the
other breeds are approximately 0. With such correlations,
it is not surprising that with model MB-50 K, which
assumes similar marker effects for all breeds, reliability
of genomic predictions did not increase for RDC and
decreased for JER. However, genomic correlations esti-
mated for the multi-breed QTL components were mod-
erate to high, even between JER and the other breeds,
indicating that the multi-breed QTL components did
contain variants that were associated with QTL segre-
gating across breeds. The fact that higher genomic cor-
relations were obtained in the MT-50 K + MBQTLt-n/w
scenarios than in the MT-50 K + MBQTLt scenarios
confirms that stricter selection criteria result in the selec-
tion of variants that are closely located to the causative
mutations. However with such high across-breed correla-
tions, it is surprising that the use of a multi-breed refer-
ence population yielded no advantage for JER and RDC.
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This is probably due to the low across-breed correlations
of the 50 K SNPs.

Although the multi-trait model allowed the 50 K SNPs
and the QTL markers to have different genomic corre-
lations, reliabilities of genomic predictions were simi-
lar to those obtained in the WB-50 K + MBQTLt and
WB-50 K + MBQTLt-n/i scenarios (results not shown).

To take advantage of the highly correlated multi-breed
QTL effects, without having to overcome the noise
introduced by the 50 K SNPs, a model that includes a
multi-breed QTL component but only within-breed
50 K components may result in increased reliabilities
compared to within-breed prediction. Porto-Neto et al.
[18] showed that to improve across-breed prediction, it
is important to select variants that are highly correlated
across breeds. In their study, variants were selected from
a GWAS within Brahman and Tropical composite cattle.
Variants with effects in the same direction in both breeds
resulted in increased across-breed reliabilities of genomic
predictions and high genomic correlations, while variants
with opposite effects decreased reliabilities and resulted
in negative genomic correlations. By fitting separate
within- and multi-breed genomic relationship matrices,
Khansefid et al. [36] reported increases in accuracy for
some traits compared to a model using only within-breed
relationships.

None of the sets of prediction markers used here
yielded the highest reliability for all breeds. Although
such a set would be ideal, it might not be realistic. Vari-
ants that play an important role in one breed, could actu-
ally introduce noise in another breed. Furthermore, QTL
properties such as allele frequencies influence accuracy
[37], and can differ between breeds and traits. Rather
than testing a large number of prediction sets to find the
optimal set for each breed and trait, as was done in this
study, a multi-trait Bayesian variable selection model as
described by Janss [38] could potentially select the most
adequate variants for each breed.

Several studies have shown that, using full sequence
data directly for genomic prediction, rather than pre-
selecting variants, does not improve prediction reli-
ability [14, 15]. Our results show that both prediction
reliability and genomic correlations across populations
and breeds are highly sensitive to the choice of the pre-
diction markers. Full sequence data is likely to result
in similar genomic relationships and correlations as
genome-wide SNPs, and is therefore unlikely to improve
prediction reliability. Bayesian variable selection mod-
els allow for heterogeneous variances and could poten-
tially exploit the presence of causative mutations in the
sequence data by assigning non-zero effects to vari-
ants that are close to the causative mutations, and zero
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effects to all other variants. However, in practice Van
Binsbergen et al. [15] found no increase in prediction
reliability using full sequence data compared to SNPs,
even with a Bayesian variable selection model. A poten-
tial explanation for the lack of improvement in pre-
diction reliability could be that the number of SNPs is
much larger than the number of individuals. The num-
ber of SNPs can be significantly reduced by preselecting
SNPs based on their functional annotations, for exam-
ple by using only SNPs located within genes. By doing
this, Hayes et al. [39] reported a 2% increase in predic-
tion accuracy in Holstein cattle, averaged over produc-
tion traits. Erbe et al. [9] showed that the use of variants
from the transcribed regions of the genome resulted
in higher accuracy for across-breed prediction com-
pared to prediction based on 50 K genotypes. Selection
of variants based on functional annotations could also
be used to refine the selection of variants per interval
by giving preference to variants located in genes rather
than only selecting variants based on their statistical
association detected in a GWAS.

Selecting prediction variants based on their associa-
tion with a trait could result in prediction bias. While
there was bias in all our results, the inclusion of QTL
markers did not consistently increase the bias, ie. it
increased or decreased depending on the set of QTL
markers used. Regression coefficients were always less
than 1, which indicates that the GEBV were overesti-
mated for the test animals. This may be due to inflated
GEBYV and strong selection of individuals in the test pop-
ulation for the traits in the analyses. Furthermore, this
effect of selection was increased by the fact that the sires
used for prediction were removed from the reference
population.

While some sets of QTL markers resulted in substan-
tial increases in prediction reliability for the populations
that were tested in our study, this may not be true for
other populations. The optimal set of prediction markers
differed between populations, and the sets that we iden-
tified are not necessarily the best sets for other popula-
tions. Furthermore, we studied milk traits for which few
QTL are known to have large effects. Increasing predic-
tion reliability by adding sequence variants is likely to be
more challenging for more polygenic traits. Brondum
et al. [17] found smaller increases in prediction reliability
for mastitis and fertility than for production traits. Our
results do not provide a list of markers that increase pre-
diction, but they do demonstrate that sequence variants
can potentially increase prediction reliability. In our anal-
yses, we tested a large number of prediction sets, which is
not practical for routine genomic evaluation. An alterna-
tive could be to make a less stringent selection of predic-
tion markers, but subsequently use a more sophisticated
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prediction model, that allows marker effects to differ
between breeds and traits. Further research is required to
develop a more practical way to exploit sequence data for
genomic prediction.

Conclusions

Prediction reliability increased substantially for all breeds
and traits when sequence variants selected from a GWAS
were used for genomic prediction. Even for within-breed
prediction, a multi-breed GWAS was more efficient in
identifying variants that increase prediction reliability
than within-breed GWAS. Prediction reliabilities were
highly sensitive to the choice of prediction markers, and
limiting the number of variants per QTL region led to
higher prediction reliabilities than selecting them on the
basis of a p value threshold. While the highest prediction
reliabilities were obtained within breed, multi-breed pre-
diction reliabilities were higher than multi-breed predic-
tion reliabilities when using only 50 K SNPs, and across
breed genomic correlations of QTL variants were much
higher than those obtained at 50 K SNPs. Our results
show that sequence data can potentially increase reli-
abilities of genomic predictions, if the proper variants
are used, which is more likely if they are selected from a
multi-breed GWAS.
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Additional file 1: Figure S1. Reliabilities of genomic predictions

in different scenarios for fat and protein yield. HOLDK = Danish

Holstein, HOLFR = French Holstein, JER = Jersey, RDC = Dan-

ish Red, WB-50 K = within-breed prediction using only 50 K SNPs,

WB-50 K + WBQTLt = within-breed prediction using 50 K SNPs and a QTL
component that contains variants selected with a p value below a thresh-
old in a within-breed GWAS, WB-50 K + MBQTLt = within-breed predic-
tion using 50 K SNPs and a QTL component that contains variants with

a p value below a threshold in a multi-breed GWAS, WB-50 K + MBQTLt-
n/w = within-breed prediction using 50 K SNPs and a QTL component
that contains a limited number of variants within a QTL interval with

a p value below a threshold in a multi-breed GWAS, MB-50 K = multi-
breed prediction using 50 K SNPs, MB-50 K 4+ MBQTLt = multi-breed
prediction using 50 K SNPs and a QTL component that contains variants
selected with a p value below a threshold in a multi-breed GWAS,

MB-50 K + MBQTLt-n/w = multi-breed prediction using 50 K SNPs and

a QTL component that contains a limited number of SNPs within a QTL
interval with a p value below a threshold in a multi-breed GWAS.

Additional file 2: Figure S2. Reliabilities of genomic predictions accord-
ing to number of QTL markers for fat and protein yield. HOLDK = Danish
Holstein, HOLFR = French Holstein, JER = Jersey and RDC = Danish Red.
Reliabilities are shown for within breed prediction using 50 Kand QTL
components containing a restricted number of markers in a QTL interval
with a p value below a threshold of 1079 (closed circles), 10~ (open
circles) or 107 (triangles) in a multi breed GWAS.

Additional file 3: Figure S3. Heritabilities of the QTL component

(h? QTL) in different scenarios for fat and protein yield. HOLDK = Dan-
ish Holstein, HOLFR = French Holstein, JER = Jersey, RDC = Danish
Red, WB-50 K = within-breed prediction using only 50 K markers,
WB-50 K + WBQTLt = within breed prediction using 50 K markers and
a QTL component containing markers with a p value below a threshold
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in a within breed GWAS, WB-50 K + MBQTLt = within breed prediction
using 50 K markers and a QTL component containing markers with a

p value below a threshold in a multi breed GWAS, WB-50 K + MBQTLt-
n/w = within breed prediction using 50 K markers and a QTL component
containing a restricted number of markers in a QTL interval with a p value
below a threshold in a multi breed GWAS, MB-50 K = multi breed predic-
tion using 50 K markers, MB-50 K 4+ MBQTLt = multi breed prediction
using 50 K markers and a QTL component containing markers with a p
value below a threshold in a multi breed GWAS, MB-50 K + MBQTLt-

n/w = multi breed prediction using 50 K markers and a QTL component
containing a restricted number of markers in a QTL interval with a p value
below a threshold in a multi breed GWAS.

Additional file 4: Figure S4. Heritabilities of QTL (h? QTL) according

to number of QTL markers for fat and protein yield. HOLDK = Danish
Holstein, HOLFR = French Holstein, JER = Jersey and RDC = Danish Red.
Reliabilities are shown for within-breed prediction using 50 Kand QTL
components containing a restricted number of markers in a QTL interval
with a p value below a threshold of 1079 (closed circles), 10~ '* (open
circles) or 1072 (triangles) in a multi breed GWAS.

Additional file 5: Table S1. Posterior standard deviations of genomic
followed by minimum and maximum standard deviation, for the 50 K
on their p value (Oyggr ) and QTL component where the maximum num-

Holstein, HOLFR = French Holstein, JER = Jersey and RDC = Danish Red.

correlations between breeds. Average standard deviation across scenarios
component (05qy), QTL component where QTL markers are selected based

ber of markers per QTL window is restricted (Oygarn/w), HOLDK = Danish

Authors’ contributions
All authors conceived the study and contributed to the manuscript. IB per-

formed the analysis and wrote the paper. All authors read and approved the

final manuscript.

Author details

! Department of Molecular Biology and Genetics, Faculty of Science and Tech-

nology, Center for Quantitative Genetics and Genomics, Aarhus University,
8830 Tjele, Denmark. 2 GAB, INRA, AgroParisTech, Université Paris Saclay,
78350 Jouy-en-Josas, France.

Acknowledgements

IB benefited from an Erasmus-Mundus fellowship and a Grant by Apisgene,
within the framework of the European Graduate School in Animal Breeding
and Genetics. French sequence data originated from the Cartoseq project
funded by ANR and Apisgene (ANR10-GENM-0018). This research was sup-
ported by the center for Genomic Selection in Animals and Plants (GenSAP)
funded by The Danish Council for Strategic Research. We acknowledge the
1000 bull genomes project (http://www.1000bullgenomes.com) for sharing
data to impute to whole-genome sequence level.

Competing interests
The authors declare that they have no competing interests.

Received: 29 December 2015 Accepted: 19 October 2016
Published online: 04 November 2016

References

1. Goddard ME, Hayes BJ. Mapping genes for complex traits in domes-
tic animals and their use in breeding programmes. Nat Rev Genet.
2009;10:381-91.

2. Habier D, Tetens J, Seefried FR, Lichtner P, Thaller G. The impact of genetic
relationship information on genomic breeding values in German Holstein

cattle. Genet Sel Evol. 2010;42:5.
3. Liu Z Seefried FR, Reinhardt F, Rensing S, Thaller G, Reents R. Impacts
of both reference population size and inclusion of a residual polygenic

effect on the accuracy of genomic prediction. Genet Sel Evol. 2011;43:19.

20.

22.

23.

24.

Page 17 of 18

Lund MS, de Roos APW, de Vries AG, Druet T, Ducrocq V, Fritz S, et al. A
common reference population from four European Holstein populations
increases reliability of genomic predictions. Genet Sel Evol. 2011;43:43.
Brandum RF, Rius-Vilarrasa E, Strandén |, Su G, Guldbrandtsen B, Fikse WF,
et al. Reliabilities of genomic prediction using combined reference data
of the Nordic Red dairy cattle populations. J Dairy Sci. 2011,94:4700-7.
Lund MS, Su G, Janss L, Guldbrandtsen B, Brandum RF. Invited review:
genomic evaluation of cattle in a multi-breed context. Livest Sci.
2014,166:101-10.

Hayes BJ, Bowman PJ, Chamberlain AC, Verbyla K, Goddard ME. Accuracy
of genomic breeding values in multi-breed dairy cattle populations.
Genet Sel Evol. 2009:41:51.

Pryce JE, Gredler B, Bolormaa S, Bowman PJ, Egger-Danner C, Fuerst C,

et al. Short communication: genomic selection using a multi-breed,
across-country reference population. J Dairy Sci. 2011,94:2625-30.

Erbe M, Hayes BJ, Matukumalli LK, Goswami S, Bowman PJ, Reich CM,

et al. Improving accuracy of genomic predictions within and between
dairy cattle breeds with imputed high-density single nucleotide poly-
morphism panels. J Dairy Sci. 2012;95:4114-29.

. Hozé C, Fritz S, Phocas F, Boichard D, Ducrocq V, Croiseau P. Efficiency of

multi-breed genomic selection for dairy cattle breeds with different sizes
of reference population. J Dairy Sci. 2014;97:3918-29.

. Kemper KE, Reich CM, Bowman PJ, Vander Jagt CJ, Chamberlain AJ,

Mason BA, et al. Improved precision of QTL mapping using a nonlinear
Bayesian method in a multi-breed population leads to greater accuracy
of across-breed genomic predictions. Genet Sel Evol. 2015;47:29.

. de Roos APW, Hayes BJ, Spelman RJ, Goddard ME. Linkage disequilibrium

and persistence of phase in Holstein-Friesian, Jersey and Angus cattle.
Genetics. 2008;179:1503-12.

de los Campos G, Vazquez Al, Fernando R, Klimentidis YC, Sorensen D.
Prediction of complex human traits using the genomic best linear unbi-
ased predictor. PLoS Genet. 2013;9:21003608.

Ober U, Ayroles JF, Stone EA, Richards S, Zhu D, Gibbs RA, et al. Using
whole-genome sequence data to predict quantitative trait phenotypes
in Drosophila melanogaster. PLoS Genet. 2012;8:21002685.

. van Binsbergen R, Calus MPL, Bink CAM, van Eeuwijk FA, Schrooten

C, Veerkamp RF. Genomic prediction using imputed whole-genome
sequence data in Holstein Friesian cattle. Genet Sel Evol. 2015;47:71.
Pérez-Enciso M, Rincén JC, Legarra A. Sequence- vs. chip-assisted
genomic selection: accurate biological information is advised. Genet Sel
Evol. 2015;47:43.

Brandum RF, Su G, Janss L, Sahana G, Guldbrandtsen B, Boichard D,

et al. Quantitative trait loci markers derived from whole genome
sequence data increases the reliability of genomic prediction. J Dairy Sci.
2015;98:4107-16.

Porto-Neto LR, Barendse W, Henshall JM, McWilliam SM, Lehnert SA,
Reverter A. Genomic correlation: harnessing the benefit of combin-

ing two unrelated populations for genomic selection. Genet Sel Evol.
2015;47:84.

Ober U, Huang W, Magwire M, Schlather M, Simianer H, Mackay TFC.
Accounting for genetic architecture improves sequence based genomic
prediction for a Drosophila fitness trait. PLoS One. 2015;10:¢0126880.
van den Berg |, Guldbrandtsen B, Hozé C, Brendum RF, Boichard D, Lund
MS. Across breed QTL detection and genomic prediction in French and
Danish dairy cattle breeds. In: Proceedings of the 10th world congress of
genetics applied to livestock production: 17-22 August 2014; Vancou-
ver. 2014. https://asas.org/docs/default-source/wcgalp-posters/490_
paper_9308_manuscript_573_0.pdf?sfvrsn=2.

. Braunschweig MH. Mutations in the bovine ABCG2 and the ovine MSTN

gene added to the few quantitative trait nucleotides identified in farm
animals: a mini-review. J Appl Genet. 2010;51:289-97.

Boichard D, Grohs C, Bourgeois F, Cerqueira F, Faugeras R, Neau A, et al.
Detection of genes influencing economic traits in three French dairy cat-
tle breeds. Genet Sel Evol. 2003;35:77-101.

Ashwell MS, Heyen DW, Sonstegard TS, Van Tassell CP, Da Y, VanRaden PM,
et al. Detection of quantitative trait loci affecting milk production, health,
and reproductive traits in Holstein cattle. J Dairy Sci. 2004;87:468-75.
Khatkar MS, Thomson PC, Tammen |, Raadsma HW. Quantitative trait

loci mapping in dairy cattle: review and meta-analysis. Genet Sel Evol.
2004;36:163-90.


http://www.1000bullgenomes.com
https://asas.org/docs/default-source/wcgalp-posters/490_paper_9308_manuscript_573_0.pdf%3fsfvrsn%3d2
https://asas.org/docs/default-source/wcgalp-posters/490_paper_9308_manuscript_573_0.pdf%3fsfvrsn%3d2
http://dx.doi.org/10.1186/s12711-016-0259-0
http://dx.doi.org/10.1186/s12711-016-0259-0

van den Berg et al. Genet Sel Evol (2016) 48:83

25.

26.

27.

28.

29.

30.

31

32.

33

Daetwyler HD, Schenkel FS, Sargolzaei M, Robinson JAB. A genome

scan to detect quantitative trait loci for economically important traits

in Holstein cattle using two methods and a dense single nucleotide
polymorphism map. J Dairy Sci. 2008;91:3225-36.

Druet T, Fritz S, Boussaha M, Ben-Jemaa S, Guillaume F, Derbala D, et al.
Fine mapping of quantitative trait loci affecting female fertility in dairy
cattle on BTAO3 using a dense single-nucleotide polymorphism map.
Genetics. 2008;178:2227-35.

Cole JB, Wiggans GR, Ma L, Sonstegard TS, Lawlor TJ, Crooker BA, et al.
Genome-wide association analysis of thirty one production, health,
reproduction and body conformation traits in contemporary U.S. Holstein
cows. BMC Genomics. 2011;12:408.

Raven LA, Cocks BG, Hayes BJ. Multibreed genome wide association can
improve precision of mapping causative variants underlying milk produc-
tion in dairy cattle. BMC Genomics. 2014;15:62.

van den Berg |, Boichard D, Lund MS. Multi breed genome wide associa-
tion study and meta-analyses of production traits using whole genome
sequence data for five French and Danish dairy cattle breeds. J Dairy Sci.
2016;99:8932-45.

Howie B, Fuchsberger C, Stephens M, Marchini J, Abecasis GR. Fast and
accurate genotype imputation in genome-wide association studies
through pre-phasing. Nat Genet. 2012;44:955-9.

Browning BL, Browning SR. A unified approach to genotype imputation
and haplotype-phase inference for large data sets of trios and unrelated
individuals. Am J Hum Genet. 2009;84:210-23.

Daetwyler HD, Capitan A, Pausch H, Stothard P, van Binsbergen R,
Brendum RF, et al. Whole-genome sequencing of 234 bulls facilitates
mapping of monogenic and complex traits in cattle. Nat Genet.
2014;46:858-65.

Hozé C, Fouilloux MN, Venot E, Guillaume F, Dassonneville R, Fritz S, et al.
High-density marker imputation accuracy in sixteen French cattle breeds.
Genet Sel Evol. 2013:45:33.

34.

35.

36.

37.

38.

39.

Page 18 of 18

Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MAR, Bender D, et al.
PLINK: a tool set for whole-genome association and population-based
linkage analyses. Am J Hum Genet. 2007;81:559-75.

Kapell DN, Sorensen D, Su G, Janss LL, Ashworth CJ, Roehe R. Efficiency of
genomic selection using Bayesian multi-marker models for traits selected
to reflect a wide range of heritabilities and frequencies of detected quan-
titative traits loci in mice. BMC Genet. 2012;13:42.

Khansefid M, Pryce JE, Bolormaa S, Miller SP, Wang Z, Li C, et al. Estimation
of genomic breeding values for residual feed intake in a multibreed cattle
population. J Anim Sci. 2014;92:3270-83.

Wientjes YC, Calus MP, Goddard ME, Hayes BJ. Impact of QTL properties
on the accuracy of multi-breed genomic prediction. Genet Sel Evol.
201547:42.

Janss LL. Disentangling pleiotropy along the genome using sparse latent
variable models. In: Proceedings of the 10th world congress of genetics
applied to livestock production: 17-22 August 2014; Vancouver. 2014.
https://asas.org/docs/default-source/wcgalp-proceedings-oral/214_
paper_10343_manuscript_1330_0.pdf?sfvrsn=2.

Hayes BJ, MacLeod IM, Daetwyler HD, Bowman PJ, Chamberlain AJ,
vander Jagt CJ, et al. Genomic prediction from whole genome sequence
in livestock: the 1000 bull genomes project. In: Proceedings of the 10th
world congress of genetics applied to livestock production: 17-22
August 2014; Vancouver. 2014. https://asas.org/docs/default-source/
wcgalp-proceedings-oral/183_paper_10441_manuscript_1644_0.
pdf?sfvrsn=2.

Submit your next manuscript to BioMed Central
and we will help you at every step:

* We accept pre-submission inquiries

e Our selector tool helps you to find the most relevant journal
* We provide round the clock customer support

e Convenient online submission

e Thorough peer review

e Inclusion in PubMed and all major indexing services

e Maximum visibility for your research

Submit your manuscript at

www.biomedcentral.com/submit () BiolMed Central



https://asas.org/docs/default-source/wcgalp-proceedings-oral/214_paper_10343_manuscript_1330_0.pdf%3fsfvrsn%3d2
https://asas.org/docs/default-source/wcgalp-proceedings-oral/214_paper_10343_manuscript_1330_0.pdf%3fsfvrsn%3d2
https://asas.org/docs/default-source/wcgalp-proceedings-oral/183_paper_10441_manuscript_1644_0.pdf%3fsfvrsn%3d2
https://asas.org/docs/default-source/wcgalp-proceedings-oral/183_paper_10441_manuscript_1644_0.pdf%3fsfvrsn%3d2
https://asas.org/docs/default-source/wcgalp-proceedings-oral/183_paper_10441_manuscript_1644_0.pdf%3fsfvrsn%3d2

	Sequence variants selected from a multi-breed GWAS can improve the reliability of genomic predictions in dairy cattle
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Methods
	Data
	Selection of prediction markers included in the QTL component
	Statistical models
	Within-breed model with a 50 K component
	Within-breed models with 50 K and QTL genomic components
	Multi-breed models
	Multi-trait models
	Evaluation of scenarios

	Results
	Comparison between different scenarios and prediction models
	Bias
	Influence of the number of QTL markers on reliability of genomic prediction and on the variance explained by QTL markers
	Genomic correlations between breeds

	Discussion
	Conclusions
	Authors’ contributions
	References




