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Abstract

Background: Genotyping with the medium-density Bovine SNP50 BeadChipW (50K) is now standard in cattle. The
high-density BovineHD BeadChipW, which contains 777 609 single nucleotide polymorphisms (SNPs), was
developed in 2010. Increasing marker density increases the level of linkage disequilibrium between quantitative trait
loci (QTL) and SNPs and the accuracy of QTL localization and genomic selection. However, re-genotyping all
animals with the high-density chip is not economically feasible. An alternative strategy is to genotype part of the
animals with the high-density chip and to impute high-density genotypes for animals already genotyped with the
50K chip. Thus, it is necessary to investigate the error rate when imputing from the 50K to the high-density chip.

Methods: Five thousand one hundred and fifty three animals from 16 breeds (89 to 788 per breed) were
genotyped with the high-density chip. Imputation error rates from the 50K to the high-density chip were
computed for each breed with a validation set that included the 20% youngest animals. Marker genotypes were
masked for animals in the validation population in order to mimic 50K genotypes. Imputation was carried out
using the Beagle 3.3.0 software.

Results: Mean allele imputation error rates ranged from 0.31% to 2.41% depending on the breed. In total, 1980
SNPs had high imputation error rates in several breeds, which is probably due to genome assembly errors, and
we recommend to discard these in future studies. Differences in imputation accuracy between breeds were
related to the high-density-genotyped sample size and to the genetic relationship between reference and
validation populations, whereas differences in effective population size and level of linkage disequilibrium showed
limited effects. Accordingly, imputation accuracy was higher in breeds with large populations and in dairy breeds
than in beef breeds. More than 99% of the alleles were correctly imputed if more than 300 animals were
genotyped at high-density. No improvement was observed when multi-breed imputation was performed.

Conclusion: In all breeds, imputation accuracy was higher than 97%, which indicates that imputation to the
high-density chip was accurate. Imputation accuracy depends mainly on the size of the reference population
and the relationship between reference and target populations.
Background
The development of a high throughput chip of 54 001
single nucleotide polymorphisms (SNPs) for cattle, the
Bovine SNP50 BeadChipW (50K), has drastically reduced
genotyping costs and strongly contributed to the current
implementation of genomic selection (GS). This approach,
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which was first proposed by Meuwissen et al. [1], uses a
reference population (usually consisting of progeny-tested
bulls) with both genotypes and phenotypes to estimate
marker effects and then uses these estimates to predict
breeding values for animals without phenotypes. The ac-
curacy of prediction depends mainly on the size of the
reference population, heritability of the phenotypes, and
level of linkage disequilibrium (LD) between markers and
quantitative trait loci (QTL) [2,3]. In some bovine breeds,
a very large number of animals have been genotyped with
the 50K chip and it is now possible to predict breeding
values of animals at birth with high accuracy. In breeds
td. This is an Open Access article distributed under the terms of the Creative
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with a limited number of progeny-tested bulls, assembling
a large enough reference population is a real challenge.
Under the assumption that LD is conserved across breeds,
reference populations from different breeds can be com-
bined to increase the size of the reference population. Con-
servation of LD, however, requires more than 300 000
informative SNPs and therefore, is not fulfilled with the
classically used 50K chip [4]. The BovineHD BeadChipW

(HD) that was developed in 2010 and contains 777K SNPs
is expected to be sufficiently dense to detect conserved LD
across breeds and allow multi-breed GS. Re-genotyping all
animals on this HD chip is, however, not economically
feasible but prediction (imputation) of HD genotypes from
50K genotypes is possible.
Several imputation methods have been implemented

and are widely used to impute genotypes from one chip
to another. They are based either on population LD
(Fastphase [5], Beagle [6], MaCH [7], IMPUTE2 [8]), or on
a combination of LD and family information (Fimpute [9],
Dagphase [10], AlphaImpute [11], FindHap [12]). Many
studies have compared these methods for imputation from
low-density panels to the 50K chip. Beagle 3.3.0 has been
shown to be an accurate software package [13-15] and is
commonly used in bovine datasets.
In this study, Beagle 3.3.0 was used to study the accur-

acy of imputation from the Illumina 50K to the HD chip
in 16 French cattle breeds and to investigate the main
factors that affect this accuracy.
Table 1 Number of high-density genotyped animals and pop

Nb of genotyped
animals

Nb of genotyped
(sire + proge

Dairy breeds

Abondance (ABO) 209 54

Brown Swiss (BSW) 99 52

Holstein (HOL) 788 204

Montbéliarde (MON) 530 139

Normande (HOR) 551 138

Simmental (SIM) 125 55

Tarentaise (TAR) 185 65

Beef breeds

Aubrac (AUB) 254 116

Bazadaise (BAZ) 89 60

Blonde d'Aquitaine (BLA) 327 187

Charolais (CHA) 672 310

Gasconne (GAS) 163 76

Limousine (LIM) 462 235

Parthenaise (PAR) 304 97

Rouge des Prés (RDP) 149 80

Salers (SAL) 246 186
Methods
Genotypes
The dataset comprised 5153 animals genotyped with the
HD chip. The cryopreserved semen, or blood samples of
the animals included in our study, which were used for
genotyping, were procured from various commercial AI
organizations and breeder organizations through their
routine practice in the framework of breeding programs.
Therefore, no ethical approval was required for sampling
of biological material. The HD chip contains 777 964
markers with an average probe spacing of 3.45 kilobases
(kb) [16]. Animals belonged to 16 breeds (seven dairy
breeds and nine beef breeds). The number of genotypes
was not equally distributed across breeds (Table 1) but
depended on population size. Animals genotyped with
the HD chip were chosen based on their marginal con-
tribution to the population, as defined by Boichard et al.
[17], and computed using the PEDIG software [18]. If pos-
sible, two to three progeny of each founder were also geno-
typed in order to increase phasing accuracy, and the most
influential progeny were chosen for HD-genotyping. In
some situations, and in particular in breeds with small
populations, the number of HD-genotyped animals was
constrained by the availability of DNA from ancestors.
The family structure of each breed is detailed in Table 1.
The mean number of HD-genotyped male progeny per
bull was higher in dairy breeds (2.5) than in beef breeds
(2). In the Holstein breed, a large proportion of genotypes
ulation structure per breed

families
ny)

Mean nb of genotyped progeny
per sire

Nb of effective
ancestors

3.69 15

1.90 28

2.30 21

3.77 18

3.82 23

2.24 39

2.77 15

2.17 112

1.45 46

1.74 78

2.14 249

2.12 197

1.96 185

3.02 89

1.83 99

1.31 99
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originated from the Eurogenomics consortium [19,20]. An-
other dataset, containing 33 746 animals genotyped with
the Bovine SNP50 BeadChipW [21], was also available. The
genotypes originated either from the national genomic se-
lection program or from complementary research pro-
grams, except for most of the Holstein genotypes, which
were from the Eurogenomics consortium.
HD and 50k genotypes were used for parentage testing

and to check the clustering quality of the HD genotypes
by concordance analysis of the genotypes of the 1838 in-
dividuals genotyped on both chips.

Data editing
Quality control was performed within-breed on the HD
and 50K genotypes, using the same criteria for both chips.
Genotyped animals with a call rate lower than 0.95 were
removed from the analysis. Only markers mapped on the
UMD3.1 assembly covering the 29 bovine autosomes were
used for analysis. SNPs showing departure from Hardy-
Weinberg equilibrium (p-value < 0.001) or with more than
10% missing genotypes were removed. In addition, geno-
type consistency was checked using 1838 animals that were
genotyped on both chips and 352 markers that were dis-
cordant for more than 1% of these animals were excluded.
After editing, 708 771 and 44 580 SNPs were retained on
the HD and 50K sets, respectively. The 37 634 SNPs
present on both HD and 50K sets were used to mimic 50K
genotypes. Parentage was tested following the French rou-
tine genomic selection procedure, using both 50K and HD
datasets (S. Fritz, personal communication). This proced-
ure uses 500 informative markers and a parentage error
was concluded if more than 10 incompatibilities were
detected. In case of inconsistency, the progeny was re-
moved, except when at least two progeny from the
same sire were found incompatible with their sire. In this
case, the sire was removed. Genotypes were checked for
Mendelian inconsistencies between compatible parents and
offspring. The genotype of the male parent was deleted if
more than 20% of its progeny showed contradiction, in
other cases the genotype of the progeny was set to missing.

Assessing within-breed imputation accuracy
The accuracy of imputation from 50k to HD genotypes
was computed within each breed. For this purpose, the
HD-dataset was divided into two parts. The oldest ani-
mals were used as a training population to mimic a ref-
erence population genotyped with the HD chip. The
20% youngest animals formed the validation population.
For animals in the validation population, markers that
were only present on the HD chip were masked to
mimic a target population genotyped with the 50K.
Beagle 3.3.0 was used to impute mimicked 50K geno-

types up to high-density. This software uses a population-
based method called “localized haplotype-cluster method”,
as described by Browning and Browning [6]. The method
builds and clusters haplotypes along the whole chromo-
some and then uses an underlying variable length Markov
chain based on haplotypes counts (and consequently on
local LD patterns) to determine transition probabilities
from one marker to the next. The scale and shift parame-
ters were set to 2 and 0.1, respectively, and no pedigree in-
formation was taken into account.
Imputation accuracy was estimated based on the com-

parison between imputed and known HD genotypes and
was defined as the allelic imputation error rate, computed
as the ratio between the number of falsely imputed alleles
and the total number of imputed alleles [22].
Identification of SNPs with high error rates is important

because they may induce errors in QTL detection and gen-
omic selection. To identify these SNPs, only the breeds
with the largest populations (Blonde d’Aquitaine, Charolais,
Holstein, Limousine, Montbéliarde and Normande) were
considered in order to avoid erroneous identification of er-
rors due to the use of a low number of genotypes when
computing the error rate for a SNP.

Factors affecting imputation accuracy
Given the large number of breeds included here, it was
possible to analyze the factors that may have an effect
on imputation accuracy. Two types of variables that dif-
fer between breeds were studied: genetic diversity indica-
tors such as the level of linkage disequilibrium and the
number of effective ancestors, and variables specific to
our datasets, such as the number of genotypes in the ref-
erence population and the relationship between refer-
ence and validation populations.
To avoid bias due to sampling, we used the indicators

computed by Danchin-Burge [23] using the complete pedi-
gree file of each breed. The number of effective ancestors
was preferred to effective population size since the former
is less sensitive to the depth of the pedigree [23].
Linkage disequilibrium was computed within-breed as a

squared correlation coefficient based on phased genotypes
for each marker pair [24], as defined in equation (1):

r2 ¼ pA1B1−pA1pB1ð Þ2
pA1pA2pB1pB2

ð1Þ

where A1, A2, B1, B2 are the alleles of SNP A and B, pA1,
pA2, pB1, and pB2 are the corresponding allelic frequencies,
and pA1B1 is the frequency of the A1B1 haplotype.
For the Abondance breed, LD was computed for SNPs

on Bos taurus (BTA) chromosomes 5, 10, 15, 20 and 25
and no differences between chromosomes were observed
(data not shown). Therefore, for other breeds, LD com-
putation was only performed on BTA5. Pairs of SNPs
for which one SNP has a minor allele frequency (MAF)
lower than 5% in the considered breed were discarded



Figure 1 Linkage disequilibrium decay in 16 beef (dashed lines) and dairy (solid lines) cattle breeds.
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because it has been shown that LD tends to be very low
in such cases [25]. Furthermore, removing SNPs with low
MAF facilitates comparisons between populations [25,26].
Then, LD for all marker pairs were averaged by the dis-
tance between SNPs. We focused particularly on the level
of LD between SNPs 70 kb apart, which corresponds to
the average distance between two informative SNPs on the
50K chip.
Table 2 Within-breed imputation error rate and others param

Training
population size

Validation
population si

Dairy breeds

Abondance (ABO) 169 40

Brown Swiss (BSW) 79 20

Holstein (HOL) 634 154

Montbéliarde (MON) 424 106

Normande (HOR) 444 107

Simmental (SIM) 100 25

Beef breeds

Aubrac (AUB) 204 50

Bazadaise (BAZ) 72 17

Blonde d'Aquitaine (BLA) 262 65

Charolais (CHA) 539 133

Gasconne (GAS) 131 32

Limousine (LIM) 370 92

Parthenaise (PAR) 245 59

Rouge des Prés (RDP) 119 30

Salers (SAL) 197 49

Size of the training and validation populations, within-breed imputation error rate,
between training and validation populations (RT/V).
Average relationship levels between training and valid-
ation populations were measured based on pedigree in-
formation using the PEDIG [18] software. A relationship
coefficient was computed for each pair of individuals in
each population and then averaged for each breed.
The effect of the different factors on imputation accur-

acy was assessed by multiple regression across all evalu-
ated datasets (including both dairy and beef breeds).
eters affecting imputation error rate

ze
Allelic imputation
error rate (%)

LD level at
70 kb

Average
RT/V

0.75 0.217 0.146

1.92 0.255 0.074

0.73 0.255 0.078

0.51 0.196 0.116

0.33 0.233 0.104

2.55 0.209 0.050

2.03 0.177 0.028

2.07 0.239 0.038

1.80 0.175 0.038

0.68 0.176 0.018

2.26 0.174 0.026

1.09 0.164 0.014

1.88 0.161 0.024

2.39 0.206 0.028

1.27 0.213 0.024

level of linkage disequilibrium (LD, r2)) at 70 kb and average relationship
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Tested factors were the reference population size, the
number of effective ancestors, the linkage disequilibrium
level at 70 kb and the relationship between training and
validation populations. Factors were considered signifi-
cant if the regression coefficient was different from zero
(p-value < 0.05).

Computation of multi-breed imputation accuracy
Since our aim was to improve imputation accuracy in
breeds with a small reference population size, multi-
breed imputation was tested. Training and validation
populations from different breeds were combined and
then imputation accuracy was computed as described
above. Considering the diversity of the breeds involved in
this project, it did not seem relevant to combine all
breeds. Instead, breeds were grouped based on Reynolds
genetic distances between breeds, which were com-
puted by Gautier et al. [27] using allele frequencies
on the 50K chip and represented in a Neighbor-Joining
tree. One branch, which was composed of the Abondance,
Montbéliarde and Tarentaise breeds, was taken as an ex-
ample of closely related breeds and these breeds were
merged for the multi-breed study. Imputation accuracy
Figure 2 Relationship between allelic imputation error rate and refere
Breeds with more than 300 animals in the reference population are represe
those with 200 or less animals by a diamond.
was then computed per animal and averaged for each
breed.

Results
Linkage disequilibrium decay
The results of LD decay are presented in Figure 1.
Within the first 10 kb, LD strongly decreased in all
breeds, thereafter it decreased at a lower rate and differ-
ences between breeds became noticeable. LD levels at
70 kb (Table 2) varied from 0.16 in the Parthenaise
breed to 0.26 in the Holstein breed; on average LD levels
at 70 kb were higher by 0.04 in dairy breeds than in beef
breeds, in agreement with the difference in number of ef-
fective ancestors between these breeds.

Imputation accuracy
Error rates were low in most breeds, with an overall
mean error rate of 1.36% (Table 2). However, large differ-
ences were observed between breeds, with a minimum
error rate of 0.31% in the Normande breed and a max-
imum of 2.41% in the Simmental breed. The error rates
were less than 0.7% for breeds with more than 500 ani-
mals in the reference population.
nce population size in beef (black) and dairy (gray) cattle breeds.
nted by a square, those with more than 200 animals by a circle, and
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Error rates were lower in dairy breeds (mean error
rate = 1.02%) than in beef breeds (mean error rate =
1.62%). In beef breeds, the error rate ranged from 0.64% in
the Charolais breed to 2.26% in the Rouge des Prés breed.
In dairy breeds, error rates were higher in the Simmental
and Brown Swiss breeds, which are regional breeds in
France with many imported ancestors and limited numbers
of genotyped animals.

Factors affecting imputation accuracy
Sizes of training and validation populations are presented
in Table 2. Error rates decreased linearly when the number
of animals in the reference population increased (Figure 2).
Again, we observed a higher accuracy in dairy breeds: an
error rate lower than 1% was achieved with only 100 to
200 genotyped animals in dairy breeds, whereas approxi-
mately 400 animals were required for beef breeds. With
more than 400 genotyped animals, the impact of reference
population size on accuracy leveled off, which suggests that
the effect of size of the reference population is non-linear
when a critical size is reached.
The relationship between the number of effective ances-

tors and imputation error rate is illustrated in Figure 3.
Figure 3 Relationship between allelic imputation error rate and numb
breeds. Breeds with more than 300 animals in the reference population ar
circle, and those with 200 or less animals by a diamond.
The number of effective ancestors appeared to have an op-
posite effect on dairy versus beef breeds. In dairy breeds,
the number of effective ancestors was low (< 50) and its
relationship with imputation error rate was positive.
However, the two breeds with the highest number of ef-
fective ancestors (Simmental and Brown Swiss) among
the dairy breeds had the highest imputation error rate
but also the smallest reference populations and many for-
eign ancestors were not genotyped. In beef breeds, a
negative relationship between the number of effective an-
cestors and imputation error rate was observed, but the
breeds with the highest number of effective ancestors
(Charolais and Limousine) also had the largest reference
populations. This suggests that the effect of the number
of effective ancestors was masked by the effect of the refer-
ence population size. However, when considering popula-
tions with equal reference population sizes (e.g. Limousine
and Montbeliarde), the error rates increased with number
of effective ancestors.
Figure 4 presents the relationship of the imputation error

rate with the degree of genetic relationship between train-
ing and validation populations (RT/V). The first observation
is that RT/V was clearly lower in beef than in dairy breeds,
er of effective ancestors in beef (black) and dairy (gray) cattle
e represented by a square, those with more than 200 animals by a



Figure 4 Relationship between allelic imputation error rate and the genetic relationship between target and validation populations in
beef (black) and dairy (gray) cattle breeds. Breeds with more than 300 animals in the reference population are represented by a square, those
with more than 200 animals by a circle, and those with 200 or less animals by a diamond.
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which may be explained by a higher number of effective
ancestors in beef breeds. The second observation was that
when breeds with the largest populations were discarded,
the relationship between RT/V and imputation error rate
appeared to be linear. Among breeds with large popula-
tions, the relationship between training and validation
populations had only a limited effect on the imputation
error rate. The Charolais and Limousine breeds had low
imputation error rates despite their lower RT/V but these
breeds have large reference populations. However, the
lower RT/V in the Holstein breed probably explains why
the error rate was higher in this breed than in the
Normande or Montbeliarde breeds.
Table 3 Results of the multiple linear regression model

Part of

Reference population size

Relationship between reference and validation populations

Level of linkage disequilibrium at 70 kb

Number of effective ancestors

The model tests the effect of reference population size, relationship between refere
number of effective ancestors on imputation error rate.
Finally, multiple linear regression was performed to bet-
ter quantify the impact of each factor on imputation accur-
acy. Results of the multiple linear regressions are in
Table 3. Reference population size and RT/V had a signifi-
cant effect (p < 0.05) on imputation error rate, in contrast
to the number of effective ancestors and the level of LD.
About half of the variation in imputation error rates was
explained by reference population size and one quarter by
RT/V. Using the regression coefficients, we can predict that
increasing RT/V by 1% reduces imputation error rate by
0.12% and that adding 100 animals to the reference popu-
lation decreases the error rate by 0.26% (Table 3). This sug-
gests that the size of the reference population is the major
variance explained Regression coefficient p-value

52% −0.0026 ± 0.0006 0.002

25% −12.6042 ± 3.8937 0.008

2.5% −0.0028 ± 0.0026 0.305

0.03% −0.0576 ± 4.4641 0.899

nce and validation populations, level of linkage disequilibrium at 70 kb, and
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factor affecting imputation error rate but the relationship
between training and validation populations must also be
taken into consideration. Despite the difference between
breeds, our results suggest that the number of effective an-
cestors and the level of LD are not major factors affecting
imputation accuracy.

SNP by SNP analysis of imputation accuracy
Imputation error rate was computed for each SNP in order
to detect SNPs that were mismapped in the UMD3.1 as-
sembly. This analysis was performed for the six major
breeds (three beef breeds and three dairy breeds). Results
in the Montbéliarde breed are presented in Figure 5. Des-
pite an overall mean error rate of 0.51%, 13 104 and 6030
SNPs had error rates greater than 5 and 20%, respectively.
Consequently, the error rate dropped from 0.51 to 0.40%
after removing potentially mismapped SNPs with error
rates greater than 5%.
The relationship between MAF and imputation error

rate is illustrated in Figure 6 for the Montbéliarde breed.
SNPs were divided in two groups based on their im-
putation error rates. No relationship with MAF was
detected for SNPs with error rates less than 0.1, whereas
error rates increased with MAF for SNPs with high error
rates. Assuming that the LD between a mismapped SNP
and its direct neighbors is low, a mismapped SNP is im-
puted by chance and therefore its error rate is related to
its MAF.
We looked for SNPs with high error rates in each

breed based on a threshold that was defined as the mean
Figure 5 Allelic imputation error rate along the genome in Montbélia
error rate plus 3 times its standard deviation for that
breed. Three thousand and eighty-three, 1980, and 1146
SNPs had high error rates in at least two, three or six
breeds, respectively. SNPs with high error rates in at
least three breeds are likely mismapped and are listed in
Additional file 1: Table S1.

Multi-breed imputation accuracy
Since imputation accuracy depends highly on the number
of HD genotypes, we increased the size of the reference
population by combining breeds. The results for single-
and multi-breed situations are in Table 4. No difference
in accuracy was found between single- and multi-breed
imputation for the Abondance and Montbéliarde breeds.
For the Tarentaise breed, imputation error rate was
slightly higher in the multi-breed analysis than in the
single-breed analysis.

Discussion
In this study, we evaluated accuracy of imputation from
50K to HD-genotypes for 16 cattle breeds and we inves-
tigated the corresponding causes of variation. We ob-
served large differences in imputation accuracy between
breeds. Several factors may explain these differences, i.e.
size of the reference population and the relationship be-
tween training and validation populations (closely related
to population structure). Results from the multiple linear
regression performed in this study, combined with other
published results, lead us to propose several hypotheses on
the impact of each factor.
rde breed.



Figure 6 Relationship between allelic imputation error rate and minor allele frequency in Montbéliarde breed.
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The number of HD genotypes in the reference popula-
tion ranged from 72 in the Bazadaise breed to 634 in the
Holstein breed and is the major factor that explains dif-
ferences in imputation accuracy between breeds. The
imputation error rate decreased by 0.26% when 100 ani-
mals were added to the reference population. However,
other studies have shown a non-linear effect of reference
population size on imputation error rate. In Holstein
cattle, Schrooten et al. (unpublished data) reported that
imputation error rate decreased by between 0.17 and
0.04% when moving from 200 to 500 HD genotypes by
steps of 100, while in sheep, the decrease was 5% when
moving from 50 to 150 individuals in the reference
population but only 2% when moving from 204 to 2512
individuals [28]. In our study, the effect of the size of the
reference population on imputation error rate was linear.
This effect would probably have been found non-linear
Table 4 Imputation error rate using single-breed
populations compared to a multi-breed reference
population for three breeds

Abondance Montbéliarde Tarentaise

Size of training / validation
population

159 / 40 422 / 106 146 / 36

Single-breed imputation
error rate (%)

0.755 0.487 0.763

Multi-breed imputation
error rate (%)

0.753 0.485 0.824
if more breeds with a large reference population had
been included. In fact, the size of the reference popula-
tion had a limited effect when the number of HD geno-
types was greater than a minimum threshold that was
estimated at 200–400 animals.
Hayes et al. [28] reported that most of the differences

in imputation accuracy are due to differences in the rela-
tionship between the reference and target populations
and the genetic diversity of the breed. Schrooten et al.
(unpublished data) used traceability, defined as “the
expected contribution of HD-genotyped ancestors to the
genotype of an animal”, as a measure of the relationship
between the reference population and one animal from
the target population. Imputation error rates were lower
for animals with higher traceability, meaning that a higher
average traceability, i.e. a higher relationship between the
reference and target populations, will result in lower error
rates. We reached the same conclusion, i.e. the imputation
error rate was decreased by 0.12% when the average rela-
tionship increased by 0.01.
Increasing the size of the reference population de-

creases the probability to miss a haplotype in the refer-
ence population. For a fixed reference population size,
an increase in the number of effective ancestors, i.e. an
increase in the number of haplotypes in the total popu-
lation, increases the probability to miss a haplotype and
thus increases the error rate. This explains why reference
population size and number of effective ancestors had op-
posite effects on imputation accuracy and compensate for
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each other. In our study, differences in within-breed diver-
sity explain why the error rate was higher in beef breeds
than in dairy breeds and why more than 99% accuracy was
achieved with only 200 animals for dairy breeds, while 400
animals were necessary for beef breeds. The poor results
obtained with the Simmental and Brown Swiss breeds were
also due to lower relationships between the reference and
target populations; in these breeds, key ancestors mainly
originate from abroad and were not included in our data.
Combining reference populations from different breeds did
not improve imputation accuracy, which confirms the re-
sults on multi-breed imputation of Hayes et al. [28] and
Erbe et al. [29]. In fact, multi-breed imputation is expected
to improve imputation accuracy only when 50K haplotypes
are conserved across breeds, which is quite unlikely given
the history of the breeds and their estimated divergence
time, even for the most closely related breeds.
Although observed imputation error rates were low in

all breeds, 1980 SNPs had particularly high error rates
(Figure 5 and Additional file 1: Table S1), which suggests
that errors exist in the marker map. Erbe et al. [29] iden-
tified 1231 SNPs with genotype error rates greater than
20%. When some of these SNPs were remapped using
LD, error rates dropped. In our study, no remapping was
performed but removing SNPs with high error rates
resulted in a 0.1% drop in error rate, which suggests that
lower error rates can be achieved with a more accurate
map. However, Erbe et al. [29] still found 630 poorly im-
puted SNPs after remapping, which means that other
reasons, such as recombination hot spots or regions on
the 50K panel with lower SNP density, explain the high
imputation error rates for some SNPs. SNPs with high
imputation error rates likely also impact the quality of
genomic selection and QTL detection. This has not been
specifically investigated, but some studies have focused
on the impact of imputation from low-density panels on
reliability of genomic selection [14,30] and concluded
that an imputation error rate between 2 and 3% leads to
a mean loss of reliability of 2%. For imputation from
50K to the HD chip, the mean error rate is close to 1%,
which suggests that the impact on reliability of genomic
selection is even lower. However, because of the large
number of markers available after imputation, it is pref-
erable to discard markers with high error rates.

Conclusions
The mean error rate for imputation from the Illumina
Bovine50KW to the BovineHDW was around 1%. Differ-
ences in error rates between breeds were large and
ranged from 2.41% in the Simmental breed to 0.31% in
the Normande breed. These differences were mainly due
to the size of the reference population and the relation-
ship between the reference and target populations. This
means that imputation accuracy could be increased by
increasing the number of HD genotypes and by improv-
ing the reference population to maximize its relationship
with the population to impute. Using 50K genotypes
to impute HD genotypes is possible, which implies
that a large HD imputed reference population can be
available for genomic selection at low cost. However,
new HD genotypes are likely required in the future genera-
tions in order to maintain relationship links between the
reference and target populations and limit the imputation
error rate.
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Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
CH and MNF performed the analysis. DB, VD, FP and PC designed the study.
EV and SF managed the databases. FG and RD provided computer
programmes. CH, DB, VD, PC wrote the manuscript. All authors read and
approved the final manuscript.

Acknowledgements
GEMBAL project is funded by the Agence Nationale de la Recherche
(ANR-10-GENM-0014), APISGENE, Races de France and INRA “AIP
Bioressources”. The EUROGENOMICS consortium provided most of the
Holstein genotypes. Most 50K genotypes originated from the Cartofine-
ANR-05-GENANIMAL-007 project funded by ANR (French National
Research Agency) and ApisGene, from the Qualvigene project funded
by Apisgene, from the EUROGENOMICS consortium, and from genomic
selection activity generated by the French cattle breeding companies.

Author details
1INRA, UMR 1313 Génétique Animale et Biologie Intégrative, 78350
Jouy-en-Josas, France. 2AgroParisTech, UMR1313 Génétique Animale et
Biologie Intégrative, 75231 Paris 05, France. 3Union Nationale des
Coopératives agricoles d’Elevage et d’Insémination Animale, 149 rue de
Bercy, 75595 Paris Cedex 12, France. 4Institut de l’Elevage, 149 rue de Bercy,
75595 Paris Cedex 12, France.

Received: 8 February 2013 Accepted: 19 July 2013
Published: 3 September 2013

References
1. Meuwissen THE, Hayes BJ, Goddard ME: Prediction of total genetic

value using genome-wide dense marker maps. Genetics 2001,
157:1819–1829.

2. Hayes BJ, Goddard ME: Technical note: prediction of breeding values
using marker-derived relationship matrices. J Anim Sci 2008,
86:2089–2092.

3. Goddard M: Genomic selection: prediction of accuracy and maximisation
of long term response. Genetica 2009, 136:245–257.

4. de Roos APW, Hayes BJ, Spelman RJ, Goddard ME: Linkage disequilibrium
and persistence of phase in Holstein-Friesian, Jersey and Angus cattle.
Genetics 2008, 179:1503–1512.

5. Scheet P, Stephens M: A fast and flexible statistical model for large-scale
population genotype data: applications to inferring missing genotypes
and haplotypic phase. Am J Hum Genet 2006, 78:629–644.

http://www.biomedcentral.com/content/supplementary/1297-9686-45-33-S1.csv


Hozé et al. Genetics Selection Evolution 2013, 45:33 Page 11 of 11
http://www.gsejournal.org/content/45/1/33
6. Browning SR, Browning BL: Rapid and accurate haplotype phasing and
missing-data inference for whole-genome association studies by use of
localized haplotype clustering. Am J Hum Genet 2007, 81:1084–1097.

7. Li Y, Willer CJ, Ding J, Scheet P, Abecasis GR: MaCH: using sequence and
genotype data to estimate haplotypes and unobserved genotypes.
Genet Epidemiol 2010, 34:816–834.

8. Howie BN, Donnelly P, Marchini J: A flexible and accurate genotype
imputation method for the next generation of genome-wide association
studies. PLoS Genet 2009, 5:e1000529.

9. Sargolzaei M, Chesnais JP, Schenkel F: FImpute - An efficient imputation
algorithm for dairy cattle populations. J Dairy Sci 2011, 94:421.

10. Druet T, Georges M: A hidden Markov model combining linkage and
linkage disequilibrium information for haplotype reconstruction and
quantitative trait locus fine mapping. Genetics 2010, 184:789–798.

11. Hickey JM, Kinghorn BP, Tier B, Wilson JF, Dunstan N, van der Werf JHJ: A
combined long-range phasing and long haplotype imputation method
to impute phase for SNP genotypes. Genet Sel Evol 2011, 43:12.

12. VanRaden PM, O’Connell JR, Wiggans GR, Weigel KA: Genomic evaluations
with many more genotypes. Genet Sel Evol 2011, 43:10.

13. Sun C, Wu XL, Weigel KA, Rosa GJM, Bauck S, Woodward BW, Schnabel RD,
Taylor JF, Gianola D: An ensemble-based approach to imputation of
moderate-density genotypes for genomic selection with application to
Angus cattle. Genet Res (Camb) 2012, 94:133–150.

14. Mulder HA, Calus MPL, Druet T, Schrooten C: Imputation of genotypes
with low-density chips and its effect on reliability of direct genomic
values in Dutch Holstein cattle. J Dairy Sci 2012, 95:876–889.

15. Calus MPL, Veerkamp RF, Mulder HA: Imputation of missing single
nucleotide polymorphism genotypes using a multivariate mixed model
framework. J Anim Sci 2011, 89:2042–2049.

16. Rincon G, Weber KL, Van Eenennaam AL, Golden BL, Medrano JF: Hot topic:
performance of bovine high-density genotyping platforms in Holsteins
and Jerseys. J Dairy Sci 2011, 94:6116–6121.

17. Boichard D, Maignel L, Verrier E: The value of using probabilities of gene
origin to measure genetic variability in a population. Genet Sel Evol 1997,
29:5–23.

18. Boichard D: Pedig: a fortran package for pedigree analysis suited for
large populations. In Proceedings of the 7th World Congress on Genetics
applied to Livestock Production (WCGALP):19–23 August 2002; Montpellier.
CD-ROM communication No. 28–13; 2002.

19. Lund MS, de Roos APW, de Vries AG, Druet T, Ducrocq V, Fritz S, Guillaume F,
Guldbrandtsen B, Liu Z, Reents R, Schrooten C, Seefried F, Su G: A common
reference population from four European Holstein populations increases
reliability of genomic predictions. Genet Sel Evol 2011, 43:43.

20. Su G, Brøndum RF, Ma P, Guldbrandtsen B, Aamand GP, Lund MS:
Comparison of genomic predictions using medium-density (approximately
54,000) and high-density (approximately 777,000) single nucleotide
polymorphism marker panels in Nordic Holstein and Red Dairy Cattle
populations. J Dairy Sci 2012, 95:4657–4665.

21. Matukumalli LK, Lawley CT, Schnabel RD, Taylor JF, Allan MF, Heaton MP,
O'Connell J, Moore SS, Smith TPL, Sonstegard TS, Van Tassell CP:
Development and characterization of a high density SNP genotyping
assay for cattle. PLoS One 2009, 4:e5350.

22. Zhang Z, Druet T: Marker imputation with low-density marker panels in
Dutch Holstein cattle. J Dairy Sci 2010, 93:5487–5494.

23. Danchin-Burge C: Estimation de la variabilité génétique de 19 races bovines à
partir de leurs généalogies. Paris: Institut de l’Elevage; 2009.

24. Hill WG, Robertson A: Linkage disequilibrium in finite populations.
Theor Appl Genet 1968, 38:226–231.

25. Goddard KAB, Hopkins PJ, Hall JM, Witte JS: Linkage disequilibrium and
allele-frequency distributions for 114 single-nucleotide polymorphisms
in five populations. Am J Hum Genet 2000, 66:216–234.

26. Reich DE, Cargill M, Bolk S, Ireland J, Sabeti PC, Richter DJ, Lavery T,
Kouyoumjian R, Farhadian SF, Ward R, Lander ES: Linkage disequilibrium in
the human genome. Nature 2001, 411:199–204.

27. Gautier M, Laloë D, Moazami-Goudarzi K: Insights into the genetic history
of French cattle from dense SNP data on 47 worldwide breeds. PLoS One
2010, 5:e0013038.

28. Hayes BJ, Bowman PJ, Daetwyler HD, Kijas JW, Van der Werf JHJ: Accuracy
of genotype imputation in sheep breeds. Anim Genet 2012, 43:72–80.

29. Erbe M, Hayes BJ, Matukumalli LK, Goswami S, Bowman PJ, Reich CM,
Mason BA, Goddard ME: Improving accuracy of genomic predictions
within and between dairy cattle breeds with imputed high-density
single nucleotide polymorphism panels. J Dairy Sci 2012, 95:4114–4129.

30. Dassonneville R, Brøndum RF, Druet T, Fritz S, Guillaume F, Guldbrandtsen B,
Lund MS, Ducrocq V, Su G: Effect of imputing markers from a low-density
chip on the reliability of genomic breeding values in Holstein populations.
J Dairy Sci 2011, 94:3679–3686.

doi:10.1186/1297-9686-45-33
Cite this article as: Hozé et al.: High-density marker imputation accuracy
in sixteen French cattle breeds. Genetics Selection Evolution 2013 45:33.
Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit


	Abstract
	Background
	Methods
	Results
	Conclusion

	Background
	Methods
	Genotypes
	Data editing
	Assessing within-breed imputation accuracy
	Factors affecting imputation accuracy
	Computation of multi-breed imputation accuracy

	Results
	Linkage disequilibrium decay
	Imputation accuracy
	Factors affecting imputation accuracy
	SNP by SNP analysis of imputation accuracy
	Multi-breed imputation accuracy

	Discussion
	Conclusions
	Additional file
	Competing interests
	Authors’ contributions
	Acknowledgements
	Author details
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.440 793.440]
>> setpagedevice


