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ABSTRACT

The objective of this study was to investigate differ-
ent strategies for genotype imputation in a population 
of crossbred Girolando (Gyr × Holstein) dairy cattle. 
The data set consisted of 478 Girolando, 583 Gyr, and 
1,198 Holstein sires genotyped at high density with the 
Illumina BovineHD (Illumina, San Diego, CA) panel, 
which includes ~777K markers. The accuracy of impu-
tation from low (20K) and medium densities (50K and 
70K) to the HD panel density and from low to 50K den-
sity were investigated. Seven scenarios using different 
reference populations (RPop) considering Girolando, 
Gyr, and Holstein breeds separately or combinations of 
animals of these breeds were tested for imputing geno-
types of 166 randomly chosen Girolando animals. The 
population genotype imputation were performed using 
FImpute. Imputation accuracy was measured as the 
correlation between observed and imputed genotypes 
(CORR) and also as the proportion of genotypes that 
were imputed correctly (CR). This is the first paper on 
imputation accuracy in a Girolando population. The 
sample-specific imputation accuracies ranged from 0.38 
to 0.97 (CORR) and from 0.49 to 0.96 (CR) imputing 
from low and medium densities to HD, and 0.41 to 0.95 
(CORR) and from 0.50 to 0.94 (CR) for imputation 
from 20K to 50K. The CORRanim exceeded 0.96 (for 50K 
and 70K panels) when only Girolando animals were in-
cluded in RPop (S1). We found smaller CORRanim when 
Gyr (S2) was used instead of Holstein (S3) as RPop. 

The same behavior was observed between S4 (Gyr + 
Girolando) and S5 (Holstein + Girolando) because the 
target animals were more related to the Holstein popu-
lation than to the Gyr population. The highest imputa-
tion accuracies were observed for scenarios including 
Girolando animals in the reference population, whereas 
using only Gyr animals resulted in low imputation ac-
curacies, suggesting that the haplotypes segregating in 
the Girolando population had a greater effect on ac-
curacy than the purebred haplotypes. All chromosomes 
had similar imputation accuracies (CORRsnp) within 
each scenario. Crossbred animals (Girolando) must be 
included in the reference population to provide the best 
imputation accuracies.
Key words: impute, single nucleotide polymorphism, 
genotype

INTRODUCTION

In tropical and subtropical countries, such as Brazil, 
crossbred animals mainly result from matings between 
taurus (Bos taurus) and zebu (Bos indicus) animals. 
Such crosses have been widely used by farmers and 
breeders in both beef and dairy cattle industries. This 
practice, in dairy cattle, exploits complementarity, 
combining higher milk production present in taurines 
with heat tolerance and parasite resistance present 
in indicine breeds. The Girolando is an example of a 
crossbred dairy breed, resulting from crossbreeding 
between Holstein and Gyr cattle, with genetic composi-
tion ranging from 1/4 to 7/8 Holstein. In Brazil, which 
is one of the largest milk producing countries, 80% of 
milk production comes from crossbred cattle, mostly of 
the Girolando breed (Cole and da Silva, 2016), with an 
estimated population close to 10 million animals.
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Genomic evaluation has been successfully imple-
mented, particularly in Holstein breed, and has allowed 
substantial increases in rates of genetic gain (Hayes 
et al., 2009; Wiggans et al., 2011; Olson et al., 2012; 
García-Ruiz et al., 2016). However, to maximize the 
reliability of genomic breeding values it is necessary to 
have many individuals in the reference population gen-
otyped for thousands of SNP markers (Goddard, 2009). 
Most crossbred dairy populations (e.g., Girolando) 
have only a small number of progeny-tested bulls avail-
able to construct the reference population (Cole and da 
Silva, 2016); consequently, these populations have low 
reliability genomic breeding values (Thomasen et al., 
2013). An alternative to increasing the number of ani-
mals in the reference population of the target breed is 
to combine data sets from related purebred and multi-
bred populations (Lund et al., 2014).

Genotype imputation is a well-established statistical 
technique for using known marker information to infer 
unknown marker information, such as imputing low-
density cow genotypes up to medium or high density 
(VanRaden et al., 2011). Genotype imputation has been 
used to reduce costs of genotyping and to combine data 
sets from different breeds and chip densities (Howie et 
al., 2011; Khatkar et al., 2012; Larmer et al., 2014). 
Low-density panels may be imputed to higher density 
using information of haplotype segments from densely 
genotyped animals in the reference population (Ventura 
et al., 2014). Several studies using different strategies 
and methodologies for genomic imputation have shown 
satisfactory results in crossbred cattle (Ventura et al., 
2014; Chud et al., 2015; Jattawa et al., 2016) and in 
other species such as swine (Cleveland and Hickey, 
2013; Xiang et al., 2015) and sheep (Bolormaa et al., 
2015; Ventura et al., 2016).

Several factors can influence imputation accuracy, 
such as the number of animals in the reference popula-
tion (Khatkar et al., 2012; Ventura et al., 2014), allele 
frequency of the imputed SNP (van Binsbergen et al., 
2014; Boison et al., 2015), the SNP density on the low 
and high panel (Carvalheiro et al., 2014; Judge et al., 
2016), relatedness between individuals in the reference 
and target populations (Boison et al., 2015; Ventura et 
al., 2016), and imputation methods used (Chud et al., 
2015; Ventura et al., 2016). According to Moghaddar 
et al. (2015), imputation accuracy increases for both 
purebred and crossbred animals when breed-specific 
haplotypes are available in the reference population.

The implementation of some genomic methods, such 
as genotype imputation, are still challenging in cross-
bred populations. This is the first imputation study 
considering a Girolando population. The aim of this 
research was to quantify the accuracies of different 
strategies for genotype imputation in a crossbred Gi-

rolando dairy cattle population that is important in 
tropical dairy production.

MATERIALS AND METHODS

Data Set

All Gyr and Girolando data used for this study were 
provided by dairy breeding programs in Brazil, where 
the Brazilian Corporation of Agricultural Research 
(Embrapa Dairy Cattle), located in Juiz de Fora, MG, 
Brazil, is the institution responsible for genetic evalu-
ations. The Holstein genotype data were provided by 
Zoetis (Kalamazoo, MI) and CRV BV, Arnhem, the 
Netherlands.

The database consisted of 478 Girolando, 583 Gyr, 
and 1,198 Holstein sires genotyped using the Illu-
mina BovineHD BeadChip (Illumina, San Diego, CA) 
panel (HD) comprising 777,962 markers distributed 
throughout the genome. The pedigree information of 
these genotyped Girolando animals consisted of 5,404 
animals, including 970 sires and 2,544 dams. Of these 
animals, 2,924 had information on both parents and 
288 animals had at least one known parent. The ge-
nomic relationship matrix (G) was estimated for each 
breed separately according to the method of VanRaden 
(2008):

 G
MM

=
−( )
'

2 1Σp pi i
, 

in which M is the incidence matrix of markers whose 
elements in the ith column are 0–2× pi, 1–2× pi, and 
2–2× pi for genotypes AA, AB, and BB, respectively; 
M′ is the transpose of the incidence matrix; summation 
is over the number of marker loci; and pi is the within-
breed frequency of allele B for the ith marker. The 
average of genomic inbreeding coefficient (one minus 
the diagonals of G matrix) was 0.04% for Girolando, 
0.87% for Gyr, and 0.80% for Holstein.

The Girolando animals in this study had an average 
composition of 0.34 Gyr and 0.66 Holstein ancestry as 
estimated by Admixture v1.3. (Alexander et al., 2009). 
Principal component analysis (PCA) were carried out 
to describe the purebreds (Gyr and Holstein) and Giro-
lando breed. The PCA analysis was calculated from the 
genomic matrix using the function -pca from PLINK 
v1.9 software (Chang et al., 2015).

Low- and Medium-Density Panels  
and Imputation Scenarios

Low- and medium-density panels were simulated 
from the HD genotypes by selecting markers present on 
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the following commercial genotyping platforms: Zoetis 
Custom SNP chip ZL2 (20K), Illumina BovineSNP50 
BeadChip v2 (50K), and Zoetis Custom SNP chip ZM2 
(70K).

We considered 2 strategies for imputation: (1) from 
20K, 50K, or 70K panels to the HD panel, or (2) from 
the 20K to the 50K panel. Several scenarios were investi-
gated using different reference populations (RPop) for 
imputation. First, genotyped animals from the studied 
breeds were considered separately (S1, Girolando; S2, 
Gyr; and S3, Holstein), and second, 2- or 3-way com-
binations of animals of these breeds were formed (S4, 
Girolando + Gyr; S5, Girolando + Holstein; S6, Gyr 
+ Holstein; and S7, Girolando + Gyr + Holstein; Table 
1). The target population (TPop) always comprised 
the same 166 randomly chosen animals among the 478 
genotyped Girolando animals that were not part of the 
reference population. Different sets of randomly chosen 
animals in Tpop were tested in different scenarios, with 
no effect on the results.

Variable numbers of animals were tested in the pure-
bred RPop groups, considering all available data or 

smaller subsets of animals from each breed. To investi-
gate the importance of the relationships between ani-
mals in the imputation analyses, 2 groups of sires were 
formed, keeping in RPop the 300 with most (H300ped) 
or fewest (L300ped) progeny in the pedigree file. To 
verify the effect of the relationship between individu-
als from reference and target population we verified 
the average relationship between each animal and the 
5 (top 5) and 10 (top 10) individuals most related in 
Rpop and Tpop.

Genotype Quality Control

Genotype quality control and imputation were per-
formed using only SNP from autosomal chromosomes 
with known positions on the UMD 3.1 reference genome 
assembly (Zimin et al., 2009). The filters were applied 
in each scenario discarding markers with call rates lower 
than 0.90, minor allele frequency (MAF) <0.001, or 
when the observed percentage of heterozygous markers 
differed from expected (Hardy-Weinberg equilibrium) 
by >15%. Animals with genotype call rates lower than 

Table 1. Number of animals and SNP markers in the reference population for each scenario used to impute 
the validation population of 166 Girolando animals

Scenario

Reference animals1

SNPGirolando Gyr Holstein

S1a 300 0 0 672,348
S2a 0 557 0 584,674
S2b 0 H300ped 0 728,575
S2c 0 L300ped 0 728,323
S3a 0 0 805 658,427
S3b 0 0 H300ped 642,074
S3c 0 0 L300ped 650,392
S4a 300 557 0 550,882
S4b 300 H300ped 0 615,931
S4c 300 L300ped 0 616,645
S5a 300 0 805 718,267
S5b 300 0 H300ped 713,608
S5c 300 0 L300ped 719,807
S6a 0 557 805 351,088
S6b 0 557 H300ped 379,449
S6c 0 557 L300ped 373,947
S6d 0 H300ped 805 413,494
S6e 0 L300ped 805 417,192
S6f 0 H300ped H300ped 416,257
S6g 0 L300ped L300ped 414,266
S7a 300 557 805 378,999
S7b 300 557 H300ped 407,551
S7c 300 557 L300ped 409,992
S7d 300 H300ped 805 442,614
S7e 300 L300ped 805 440,836
S7f 300 H300ped H300ped 471,617
S7g 300 L300ped L300ped 470,888
S7h 300 L300ped H300ped 475,743
S7i 300 H300ped L300ped 462,533
1H300ped = sires with highest numbers of progeny in the pedigree file; L300ped = sires with lowest numbers 
of progeny in the pedigree file.
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0.90 were removed from the data set. The final number 
of available markers after applying these filters varied 
according to each scenario (Table 1).

Genotype Imputation and Accuracy

FImpute (Sargolzaei et al., 2014) was used for geno-
type imputation based on results of performance com-
parisons reported in the literature (Ventura et al., 2014; 
Chud et al., 2015; Jattawa et al., 2016). It uses a popu-
lation-based methodology assuming that all individuals 
have some degree of relationship to one another. Long 
to short sliding windows are built to capture informa-
tion from close to far relatives to help identify shared 
haplotypes for accurate phasing and imputation using 
an iterative approach as described in Sargolzaei et al. 
(2014).

Sample-specific imputation accuracies were calcu-
lated via Pearson correlation between observed and 
imputed genotypes (CORRanim), and also as the im-
putation concordance rate (CRanim), which represents 
the proportion of correctly imputed genotypes. The 
CORRanim has been reported (Hickey et al., 2012; van 
Binsbergen et al., 2014; Boison et al., 2015) to have the 
advantage of not being dependent on allele frequency, 
and is defined as follows:

 CORR  anim =
−( ) −( )

−( ) −(
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= =
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where L is the total number of markers being imputed; 
gij and ĝij are the observed and imputed genotypes for 
SNP j of individual i; gij and ĝij  are the average values 
of observed and imputed genotypes, respectively.

For SNP-specific imputation, accuracies were defined 
based on the same criteria (CORRsnp, CRsnp), but sum-
ming over Nk (total number of animals for marker k) 
rather than Lk (the number of filtered markers being 
imputed). Markers were classified into 4 groups of MAF 
to check the effect of MAF in SNP imputation accu-
racy, being a (MAF ≤ 0.05), b (0.05 < MAF ≥ 0.10), c 
(0.10 < MAF ≥ 0.20), and d (MAF > 0.20).

RESULTS AND DISCUSSION

Genotype Imputation Accuracy

The PCA analysis showed that the 166 crossbred 
animals included in the TPop were randomly chosen 
from the Girolando population (Figure 1). Similarly, 
the subsets of H300ped and L300ped animals were also 

randomly distributed in the population in terms of the 
first 2 eigenvectors.

The CORRanim and CRanim ranged from 0.38 to 0.97 
and 0.49 to 0.96 for imputation from 20K, 50K, and 70K 
to the HD panel (Figure 2 and Table 2; Supplemental 
Figure S1 and Table S1, https:// doi .org/ 10 .3168/ jds 
.2017 -12732); from 0.41 to 0.95 and from 0.50 to 0.94 
from 20K to 50K (Supplemental Table S2, https:// doi 
.org/ 10 .3168/ jds .2017 -12732), respectively. The COR-
Ranim exceeded 0.96 (for 50K and 70K panels) when 
only Girolando animals were included in RPop (S1). 
Slightly larger values were observed in other scenarios 
that also included crossbreds in the RPop (S4, S5, and 
S7), whereas lower values were achieved in other sce-
narios, with a difference up to 0.55 when comparing S2 
and S1.

The imputation methodology used by FImpute con-
structs haplotype segments that are as large as possible 
and iteratively moves to smaller ones if no consistent 
haplotypes are found in RPop. When animals are sepa-
rated from their common ancestor by many generations 
conserved genomic blocks can consist of very short hap-
lotypes. This may explain the smaller CORRanim when 
Gyr (S2) was used instead of Holstein (S3) as RPop. 
The same behavior was observed between S4 (Gyr + 
Girolando) and S5 (Holstein + Girolando), with the 
latter having higher CORRanim because the TPop ani-
mals were more related to the Holstein population.

Given this small increase in accuracy, the results sug-
gest that using only Girolando animals in the reference 
population (S1) was able to account for the majority 
of the haplotypes presents in the TPop. Piccoli et al. 
(2014) did not observe significant differences in imputa-
tion accuracies when Nellore animals were included in 
RPop to impute a set of crossbred Braford (Zebu × 
Hereford). Berry et al. (2014) reported no gains in im-
putation accuracies when multiple breeds were included 
in RPop and concluded that imputation accuracy was 
improved when RPop only included animals from the 
breed to be imputed. The lowest imputation accuracies 
were observed (CORRanim: 0.42–0.51; CRanim: 0.51–0.58) 
when only Gyr animals were included in RPop (S2), 
suggesting not surprisingly that animals from RPop 
and TPop shared a small number of recent haplotypes. 
Ventura et al. (2016) reported similar results in an in-
vestigation of sheep breeds when a different breed was 
used in the TPop, imputation accuracy was similar to 
results from a SNP set including only the most frequent 
marker alleles. Given these results, more animals should 
be included in the RPop set to better ensure coverage 
of common haplotypes.

Following Carvalheiro et al. (2014), the CORRanim 
values were higher than the corresponding values in 

https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
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CRanim, except when only Gyr animals comprised RPop 
(S2), where the difference between CRanim and COR-
Ranim reached 0.09 when imputing from 20K to the HD 
panel. This difference in imputation accuracy difference 
in S2 may be explained by the higher number of mark-
ers with low MAF. As reported by Hickey et al. (2012), 
the probability of being homozygous for the common 
allele increases for a marker with very low MAF, which 
consequently produces, in general, an increased CR. 
The opposite behavior is expected for CORR, where 
the imputation accuracy is lower for markers with low 
MAF.

As previously reported (Hickey et al., 2012; Pausch et 
al., 2013; Piccoli et al., 2014), the imputation accuracy 
increased as the number of genotypes that were masked 
decreased. More genotyped SNP around missing mark-
ers are available when imputing from medium-density 
panels (50K and 70K), and small haplotype fragments 
that are conserved over generations and may be easily 
detected compared with lower-density panels (Weng et 

al., 2013; Larmer et al., 2014). Increasing the number of 
genotyped markers around missing SNP provide more 
information that could be used to construct haplotypes 
and to infer the missing SNP, and therefore result in 
better imputation accuracies.

Druet et al. (2010) argued that the benefits of using 
denser panels in TPop were more evident when com-
pared with the low-density panels. Likewise, because the 
50K and 70K share close to 89% in common and similar 
distributions across chromosomes (Table 3), only small 
differences in CORRanim were observed between them. 
Boison et al. (2014) showed that parent-offspring pairs 
shared genomic regions that can be precisely identified, 
achieving accuracies above 0.90. This suggests that, 
depending on the composition of RPop, genotyping 
animals using the 50K might be enough to impute to 
an HD panel. However, when Girolando animals were 
included in RPop (S1, S4, S5, and S7), imputation from 
20K to HD was also quite accurate (CORRanim > 0.92), 
and the use of a lower-density panel will permit the ge-

Figure 1. Eigenvector 1 (30.03%) and eigenvector 2 (0.98%) of the genomic relationship matrix. Open green dots represented the animals 
included in the imputation validation population (166 Girolando). The lighter colors represent the 300 animals with lower (L300ped) numbers 
of progeny in the pedigree file. Color version available online.
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Figure 2. Average and SD of animal imputation accuracy (CORRanim) of genotype imputation from 20K (A), 50K (B), and 70K (C) to the 
Illumina BovineHD (HD; Illumina, San Diego, CA) panel, considering all imputation scenarios (1–7). Color version available online.

Table 2. Average animal imputation accuracy from low (20K) and medium densities (50 and 70K) to Illumina 
BovineHD (HD; Illumina, San Diego, CA) panel, considering different scenarios for the reference population 
and 166 Girolando animals in the main imputation population1

Scenario

20K

 

50K

 

70K

CORR CR CORR CR CORR CR

S1a 0.93 0.92 0.96 0.96 0.96 0.96
S2a 0.42 0.51 0.51 0.59 0.51 0.59
S3a 0.70 0.70 0.75 0.74 0.75 0.74
S4a 0.93 0.92 0.97 0.96 0.97 0.96
S5a 0.93 0.93 0.97 0.96 0.97 0.96
S6a 0.88 0.86 0.94 0.93 0.94 0.93
S7a 0.93 0.92 0.97 0.96 0.97 0.96
1CORR = correlation between observed and imputed genotypes; CR = proportion of genotypes that were 
imputed correctly.
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notyping of more animals. Similar results were reported 
by Carvalheiro et al. (2014) and Boison et al. (2015) in 
Nellore and Gyr animals, respectively.

SNP Imputation Accuracy

All chromosomes had similar imputation accuracies 
(CORRsnp) within each scenario (Figure 3; Supplemen-
tal Figure S2, https:// doi .org/ 10 .3168/ jds .2017 -12732), 
in agreement with Jattawa et al. (2016) using FImpute 
in a crossbred dairy population. Bos taurus autosome 
14 had the least accurate imputation for S1 (0.91) and 
S6 (0.90), and BTA15 and BTA27 for S2 (0.30) and 
S3 (0.64), respectively, when imputing from 50K to 
HD. Chud et al. (2015) also reported BTA27 as the 
least accurate from 50K and 80K to HD in a Canchim 

(Charolais × Zebu breeds) population. Piccoli et al. 
(2014) and Ventura et al. (2016) argued that due to 
the complexity of imputation at chromosome ends, the 
imputation accuracy is normally poorer for shorter 
chromosomes.

Imputation accuracy increased with increasing MAF 
(Figure 4, Supplemental Figure S3; https:// doi .org/ 
10 .3168/ jds .2017 -12732) as suggested by Chud et al. 
(2015). The number of markers with MAF less than 
0.05 (class a) was bigger for S2, where about 23% of 
markers fell in that class. This inaccuracy when imput-
ing low MAF SNP (Hickey et al., 2012; Sargolzaei et al., 
2014) explains the poorer results for this scenario when 
compared with the others. For Sargolzaei et al. (2014), 
rare alleles (MAF <0.05) might be recent mutations 
and are easily recognized after identifying long haplo-
type blocks. Wray (2005) discuss that the imputation of 
rare alleles is important because causal mutations may 
be in linkage disequilibrium with them.

Effect of Relatedness on Imputation Accuracy

The CORRanim for the 2 first scenarios (single pure-
breds in RPop) were clearly influenced by the related-
ness between breeds (Figure 5, Supplemental Figure 
S4; https:// doi .org/ 10 .3168/ jds .2017 -12732). Better 
CORRanim were achieved for animals with a higher 

Table 3. Number of SNP markers on autosome chromosomes shared 
between commercial panels Zoetis Custom SNP chip ZL2 (20K; Zoetis, 
Kalamazoo, MI), Illumina BovineSNP50 v2 (50K; Illumina, San 
Diego, CA), and Zoetis Custom SNP chip ZM2 (70K), and Illumina 
BovineHD (HD)

Item 20K 50K 70K HD

20K 16,706 10,790 15,075 15,643
50K — 52,856 46,973 47,787
70K — — 57,901 52,869
HD — — — 735,239

Figure 3. Average SNP-specific imputation accuracy (CORRsnp) and SD (vertical lines) by chromosome from 50K to Illumina BovineHD 
(HD; Illumina, San Diego, CA) panel, considering the scenarios that included animals from Gyr + Girolando + Holstein breeds (A), only 
Girolando (B), Gyr (C), or Holstein (D) animals.

https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
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proportion of the breed included in RPop. Moghaddar 
et al. (2015) also reported better imputation accuracy 
when animals in RPop were genetically more related 
to the TPop. The CORRanim was independent of the 
genomic ancestry of the purebreds when the crossbreds 
were included in the RPop (Figure 5A, 5B). However, 
the accuracy was dependent on the animal composition 
when just Gyr (Figure 5C) or Holstein (Figure 5D) 
animals were included in the RPop used.

Ventura et al. (2014) argued that the inclusion of 
ancestors in RPop is necessary for accurate imputation, 
reporting a 3% gain in overall imputation accuracy from 
including key relatives in RPop. Bolormaa et al. (2015) 

also reported better imputation accuracy when closely 
related animals were included in RPop. Likewise, in this 
study, the use of H300ped over L300ped information as 
RPop produced favorable gains in imputation accuracy. 
In all scenarios, the H300ped animals performed better 
than L300ped as RPop, with the largest difference be-
tween scenarios S2b and S2c (0.03), S6f and S6g (0.01), 
and S6b and S6c (0.01) when imputing from 20K to 
HD. The variation was even larger for scenarios 2b and 
2c (0.04) when imputing from 20K to 50K. Scenarios 
that included Girolando animals in RPop showed only 
slight differences, with the smallest effect observed be-
tween scenarios 5b and 5c (less than 0.001).

Figure 4. Average SNP-specific imputation accuracy (CORRSNP, gray) and average minor allele frequency (MAF; black) with respective 
SD (vertical lines) for different classes of MAF when imputing from 50K to Illumina BovineHD (HD; Illumina, San Diego, CA) using reference 
population of Gyr + Girolando + Holstein breeds (A), Girolando (B), Gyr (C), or Holstein (D). The MAF classes were a (MAF ≤ 0.05), b (0.05 
< MAF ≤ 0.10), c (0.10 < MAF ≤ 0.20), and d (MAF > 0.20).



Journal of Dairy Science Vol. 100 No. 12, 2017

GENOTYPE IMPUTATION IN TROPICAL CROSSBRED CATTLE 9

Similarly, scenarios with a stronger relationship be-
tween animals in RPop and TPop were less influenced 
by the top 5 and top 10 measurement (Figure 6A, 6B, 
6D and Supplemental Figure 5A, 5B, 5D; https:// doi 
.org/ 10 .3168/ jds .2017 -12732). These results reinforce 
the fact that closely related animals share longer haplo-
type segments, which are used in the inference of miss-
ing markers. Boison et al. (2015) evaluated imputation 

accuracy for the Gyr population, reporting that when 
the average relationship between each imputed animal 
and the top 5 animals in the reference population was 
lower than 0.10, it could be an indication of lower im-
putation accuracy (less than 0.90). For Bolormaa et al. 
(2015) and Ventura et al. (2016), the relationship mea-
surement demonstrated that the imputation accuracy 
is highly dependent on the genetic distance between 

Figure 5. The breed composition of the 166 Girolando animals included in the imputed population (x-axis). The blue and yellow lines 
represent the proportion of Holstein and Gyr, respectively, whereas the green line is the imputation accuracy (CORRanim) when considered as 
reference population animal from Gyr + Girolando + Holstein breeds (A), only Girolando (B), Gyr (C), or Holstein (D) animals from 50K to 
Illumina BovineHD (HD; Illumina, San Diego, CA). Color version available online.

https://doi.org/10.3168/jds.2017-12732
https://doi.org/10.3168/jds.2017-12732
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the animals in the TPop and RPop. In other words, 
genetically closer animals in the reference and imputa-
tion population produce higher imputation accuracies.

CONCLUSIONS

This was the first study to evaluate the imputation 
accuracy in a Girolando population, and these results 
may provide information to assist future studies involv-
ing genomic data in crossbred animals. The highest 
imputation accuracies were observed for scenarios in-
cluding Girolando animals in the reference population, 
whereas using only Gyr animals resulted in low imputa-
tion accuracies, suggesting that the haplotypes segre-
gating in the Girolando population had a greater effect 
on accuracy than the purebred haplotypes. Crossbred 

animals (Girolando) must be included in the reference 
population to provide the best imputation accuracies. 
The results obtained in this work provide information 
to more cost effectively implement genomic selection 
and will assist future studies involving genomic analysis 
in crossbred animals.
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