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ABSTRACT

A national data set of artificial inseminations in US
Holsteins was used to obtain genetic evaluations for
conception rate (CR). The objective of this study was
to investigate the feasibility and resulting accuracy from
using all available phenotypic, pedigree, and genomic
information. Evaluations were performed by regular
BLUP or by BLUP with the traditional pedigree and
genomic relationships combined in a unified single-step
procedure (SSP). Genetic parameters of CR in the first
3 parities were estimated with data from New York
State only. Heritability estimates were around 2% and
genetic correlations between CR in different parities
were >0.73. The R2 obtained with the SSP were almost
twice as large as those achieved with regular BLUP.
Computing the SSP took 2 h, and it was 33% slower
than a regular BLUP. A multiple-trait evaluation of
CR using the SSP is both possible and advantageous.
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INTRODUCTION

A worldwide decline of fertility in Holsteins has created a need for more accurate evaluation of fertility
traits. The fertility complex in dairy cattle can be
broken down into several traits (González-Recio et al.,
2005; Jamrozik et al., 2005). Typical fertility traits such
as non-return rate and days open have their advantages
and disadvantages (Huang et al., 2007). An important
trait in the complex of fertility traits is conception rate
(CR), which is defined as the probability of a successful outcome of individual breeding services (Averill et
al., 2004; Huang et al., 2007). Treating each service
separately allows for the specific effects influencing
each breeding service to be accounted for.
Because of low heritability of CR (González-Recio et
al., 2005; González-Recio et al., 2006; Tsuruta et al.,

2009), accuracies of bull EBV for CR are usually low.
However, accuracy can be improved using all available
services from each parity. Records from later parities
will lead to increased accuracy for older animals, which
will contribute to higher accuracies of the younger relatives. Furthermore, accuracy can be boosted by utilizing
genomic information (Veerkamp and Beerda, 2007).
The simplest and most efficient way to use genomic
information is with a single-step procedure (SSP;
Aguilar et al., 2010). In this approach, genomic information is used to enhance relationship information and
no changes to the model are required. The goals of this
study were to estimate genetic parameters of CR in
the first 3 parities, run a national evaluation with and
without genomic information, and estimate gains in accuracy from the inclusion of genomic information.
MATERIALS AND METHODS
Data

Holstein service records in the first, second, and third
parities were obtained from the Animal Improvement
Programs Laboratory, ARS, USDA (Beltsville, MD).
Records from breedings between 2002 and 2008 were
used. Breeding information before 2002 was scarce.
Data editing followed criteria presented by (Kuhn et
al., 2008). Only AI services were used and DIM at
insemination was required to be between 30 and 365
d. Success of insemination was determined via several
reproductive criteria (heat detection, natural service,
AI, and pregnancy diagnosis), as well as the presence
of a subsequent calving. Service sires were restricted
to Holstein bulls. Variance components were estimated
using a subset of the data from only New York State.
All available insemination records were used in the national genetic evaluation. A summary of both data sets
is in Table 1.
Model

Received October 4, 2010.
Accepted January 25, 2011.
1
Corresponding author: iaguilar@inia.org.uy

Conception rates in the first 3 parities were considered as correlated traits. Parameter estimates and
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Table 1. Descriptive summary of national and New York data by parity1
National
Item
Insemination records (n)
Herd-year (n)
Cows (n)
Conception rate (%)

New York State

Parity 1

Parity 2

Parity 3

Parity 1

Parity 2

Parity 3

3,025,115
14,581
1,186,451
33.0

2,033,086
14,322
790,354
31.0

945,870
12,203
380,776
30.7

165,159
862
67,083
35.4

116,494
855
46,248
32.8

55,038
745
22,634
33.2

1

Pedigree animals (n): national = 2,489,119 and New York State = 132,623.

predictions of EBV were obtained using a multiple-trait
linear model. To quantify the benefit of using all 3 parities in a multiple-trait linear model, first-parity service
records were also analyzed with a single-trait linear
model. Fixed effects in the model included contemporary group defined by herd-year of calving, month
of service, age at calving, and days to service after
calving. Random effects were service sire (s), additive
genetic (a), permanent environmental (p) and residual
(e). The (co)variance structure was

up to 2005 was used to assess the accuracy of prediction
of breeding values. Two sets of EBV were obtained.
The first set used a genetic evaluation with the regular
numerator relationship matrix (parent average; PA).
The second set used a modified relationship matrix
that accounts for genetic relationships via pedigree and
genomic data and predicts EBV with an SSP (Misztal
et al., 2009). In SSP, the H matrix replaces the numerator relationship matrix (A) with the following inverse
(Aguilar et al., 2010; Christensen and Lund, 2010):
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0
0
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0
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−1
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where A is the numerator relationship matrix; G, P,
and S are 3 × 3 (co)variance matrices for additive genetic, permanent, and service sire effects, respectively;
I are identity matrices, and R is a 3 × 3 diagonal
matrix of residual variances.

where H is a modified relationship matrix incorporating genomic information, as described by Legarra et al.
(2009); G is a genomic relationship matrix (VanRaden,
2008); and A22 is the pedigree-based relationship matrix for genotyped animals.
The genomic relationship matrix (G) was created as
G=

Variance Components

Parameters were estimated by the GIBBS2F90 program (Misztal et al., 2002) via a Bayesian approach
using Gibbs sampling. Genomic data were not included
for variance component estimation. Of a total of 100,000
samples, the first 10,000 were discarded as a burn-in,
and every tenth sample was retained to calculate posterior means and standard deviations of heritability and
correlation estimates.
Genetic Evaluation

Genetic evaluations were computed using a modified
version of BLUP90IOD (Tsuruta et al., 2001; Aguilar
et al., 2010). Approximate accuracies were calculated
using ACCF90 (Misztal et al., 2002). Deregressed evaluations (DD) were obtained from EBV and approximate
accuracies (VanRaden et al., 2009). A subset of records
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k

where Z is an incidence matrix for each SNP genotype,
with elements
⎧⎪0 − 2p
⎪⎪
j
z ij = ⎪⎨1 − 2p j
⎪⎪
⎪⎪2 − 2p j
⎩

if homozygous 11
if heterozygous 12 or 21,
if homozygous 22

for animal i and SNP genotype j with an assumed allele
frequency of pj = 0.5 for all SNP alleles. The scaling
parameter k was defined as
k = 2∑ p j (1 − p j ).

Predictions from the 2 methods were compared by
the regressions
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Table 2. Estimates of posterior means and standard deviations for
genetic parameters for conception rate in the first 3 parities1
Trait

CR 1

CR 2

CR 3

CR 1
CR 2
CR 3

0.018 ± 0.002
0.288 ± 0.083
0.162 ± 0.084

0.877 ± 0.045
0.022 ± 0.002
0.326 ± 0.07

0.732 ± 0.047
0.808 ± 0.103
0.016 ± 0.005

1
Heritability estimates ± standard deviations on the diagonal, genetic,
and permanent correlations above and below the diagonal, respectively. CR 1, CR 2, and CR 3 are the conception rates in the first, second,
and third parity, respectively.

DD = μ + δEBV05 + e,

where DD were deregressed evaluations from 154 genotyped bulls without daughter records in 2005 but with
daughter records in 2009 that were computed with
complete data but without genomic information; μ is a
mean; δ is a regression coefficient; EBV05 are breeding
values based on insemination records up to 2005; and e
is residual error. The EBV05 were either PA (PA05) or
based on SSP (SSP-EBV05).
RESULTS AND DISCUSSION

Table 2 contains estimates of genetic parameters in
the first 3 parities. Heritability estimates of each parity
were close to 2%, and genetic correlation between parities 1 and 2 was 0.877, between parities 2 and 3 was
0.808, and between parities 1 and 3 was 0.732.
The coefficients of determination and the coefficients
of regression for bulls with no daughters in 2005 and at
least 50 daughters in 2009 are presented in Table 3. The
coefficients of determination obtained with PA in 2005
were low because of limited data and the low heritability of CR. In the available data set, few breeding records were before 2003. Luan et al. (2009) assessed the
accuracy of genomic selection in Norwegian Red Cattle
and observed a strong relationship between accuracy
and heritability of the trait; traits with low heritability had EBV with lower accuracy and greater bias. In
the present study, the inclusion of genomic information
Table 3. Coefficients of determination and coefficients of regression
(δ) of daughter deviation on EBV using a single-step approach (SSPEBV05) or parent average (PA05)
SSP-EBV05

PA05

Trait1

R2

δ

R2

δ

CR 1
CR 2
CR 3

0.15
0.13
0.10

0.84
0.81
0.96

0.07
0.06
0.05

0.72
0.66
0.82

1

CR 1, CR 2, and CR 3 are conception rates in the first, second, and
third parity, respectively.

(SSP-EBV) resulted in approximately doubling of coefficients of determination than when using relationships
from pedigree information only (PA). The improvement
of coefficients of determination corresponded to approximately 10 additional effective daughter contributions. Regression of DD2009 on SSP-EBV05 resulted in a
higher coefficient δ than PA05, indicating less bias SSP.
Higher coefficients of determination could be achieved
with data over many generations and by adding heifer
insemination data.
To investigate the increase in accuracy from using a
3-parity multiple-trait model, the analyses were repeated
for first-parity service records only. Results comparing
SSP and PA using single-trait or multiple-trait models
are in Table 4. Use of multiple parity records results in
a much higher coefficient of determination and a less
biased δ.
Combining a genomic-based relationship matrix with
the pedigree-based relationship and the use of a multipletrait model tripled the accuracy of estimated breeding
values for CR in the first parity. This study shows the
importance of using all available information (genomic
markers and multiple parities) to achieve improved predictability of breeding values for a low heritable trait,
such as CR. A simple repeatability model with service
records from several parities could also be applied with
some loss of accuracy. This topic remains to be addressed in further studies. Alternative methods and use
of models incorporating genomic information, such as
in VanRaden et al. (2009), could not be assessed in this
study due to the limited time frame of our breeding
services data. Further research on assessing the increase
in accuracies of EBV, as opposed to DD, with inclusion of genomic data by an SSP would be desirable.
One reason why we observed an increase in accuracy is
that the genomic data provides another valuable source
of information. This can be seen by inspection of the
diagonals of the inverse of the pedigree-based (A) and
genomic-based (G) relationship matrices. Diagonal elements of A−1 for bulls are close to 2 + n/2, where n
is the number of daughters, whereas the corresponding
elements of G−1 are 2 + x/2, where x > n. In that
case, x – n may be regarded as the additional number

Table 4. Coefficients of determination and coefficients of regression
(δ) of daughter deviation on EBV using a single-step approach (SSPEBV05) or parent average (PA05) for first parity conception rate using
single-trait or multiple-trait analysis
SSP-EBV05
2

Model

R

Single trait
Multiple trait

0.07
0.15

δ
0.86
0.84

PA05
2

R

0.02
0.07

δ
0.57
0.72
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of daughter equivalents from the genomic information.
The average (minimum, maximum) x for young bulls in
this study was 10.7 (6.1, 82.2).
Computations were done in an Opteron 64-bit processor with a clock speed of 3.02 GHz, 64 Mbyte of
memory, and a cache size of 1 Mbyte. Initial computing with BLUP took 1.5 h. Computing with the added
genomic information via SSP increased the time to 2 h.
Computing with multiple-trait models and the genomic
information is, therefore, realistic, even if the data set
is much larger.
CONCLUSIONS

Multiple trait genetic evaluation for conception rate
using outcomes of all available inseminations is technically possible. Large improvements in accuracy are
possible when genomic information is used. Computation with the SSP is straightforward. More accurate
assessment of such an improvement would require either records over a longer period of time or a different
methodology for comparisons.
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