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Summary

Livestock managers are interested in ranking and comparing animals based on their estimated
breeding values (EBVs). Typically, evaluation systems that produce EBVs also provide an
estimate of the amount of information that was used in producing the EBV in some form of
an accuracy or reliability. Informed selection decisions require the accuracy of contrasts of
individuals EBVs. Accuracies of individual EBVs are not in themselves an indication of the
accuracies of contrasts of those individuals because there can be positive or negative
prediction error covariances between animals. Highly accurate individuals may be
inaccurately compared while other inaccurate individuals could have higher accuracy
contrasts. Animals which are otherwise poorly connected in a pedigree sense may be more
connected by their genomic data. We show that genotyping young selection candidates and
using that information in a single-step evaluation demonstrably improves their prediction
accuracy and that Markov chain Monte-Carlo sampling of mixed-model equation effects
using the BOLT software developed by Theta Solutions, LLC provides a computationally
feasible approach to compute prediction accuracies of individuals and contrasts between
individuals in a national single-step evaluation with a large number of individuals.
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Introduction

Livestock managers are interested in ranking animals based on their estimated breeding
values (EBVs). Typically, evaluation systems that produce EBVs also provide an estimate of
the amount of information that was used in producing the EBV. Depending upon the industry
this is reported in the form of a reliability (R2), its square root known as the accuracy (r), or a
modified version known as BIF accuracy. The definition of r is the expected correlation of
EBV and its true breeding value that would be observed among all those EBV produced with
that amount of information. The values of r depend upon the prediction error variance (PEV).

Theoretically, PEV can be computed by inverting the coefficient matrix or left-hand
side (LHS) of the mixed model equations (MME) (Henderson 1975). Realistically, a full
inversion is computationally prohibitive. That is especially the case in single-step analyses
due to the dense matrices that correspond to the genomic information. Approximating the
inverse by ignoring certain off-diagonal elements of the LHS can make the computation
tractable but does lead to an approximation of PEV.

In practice, livestock managers use EBVs to compare animals – i.e. they contrast the
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EBVs of two or more selection candidates. Therefore, it is the accuracy of the contrast, rather
than the accuracy of the individual EBV that is of most interest. Those accuracies of contrasts
are influenced by prediction error covariances, which are off-diagonal elements of the inverse
LHS, and are not as easily approximated as PEVs.

Markov chain Monte-Carlo (MCMC) approaches such as Gibbs sampling of EBVs (or
their components such as marker effects) from their full-conditional distributions provides an
alternative to inverting the coefficient matrix. With this approach and a sufficiently large
number of samples, the “true” accuracy of EBVs and their contrasts can be computed. These
“true” accuracies are theoretically equivalent to the accuracy that can be determined via
inversion of the MME LHS but are computationally more tractable for large pedigree
analyses or single-step genomic evaluations.

This paper uses MCMC samples from national cattle evaluation and compares the
accuracies of contrasts of EBVs with the accuracies of individual EBVs, assessed from a
pedigree or a single-step marker effects model.

Material and methods

A genetic and a genomic evaluation was performed using recent pedigree, performance and
genotypic data as available for the national evaluation of the American Hereford Association.
Those evaluations involve 2,118,874 animals in the full pedigree for the 1,416,006
birthweight observations obtained since the start of total herd reporting. The genetic, or
pedigree BLUP analysis we refer to as PBLUP. The single-step analysis fits a marker effects
model we refer to as the “super hybrid model”, or SHM (Fernando et al. 2016), to the same
pedigree and performance data but along with genotypes from the MSRP SNP subset used in
national evaluation (Saatchi and Garrick 2014) and available on 38,175 animals for this
example.

In both the PBLUP and single-step national evaluations the MME are solved using a
preconditioned conjugate gradient (PCG) solver. The PCG solutions are used to initialize a
high performance single-site Gibbs sampler (Golden, Lupo, and Garrick 2015) before
generating and storing 80,000 MCMC samples of all the model effects including the
birthweight breeding values. The posterior means of these samples represent the EBVs, and
the posterior variances represent the PEVs. The convergence of these values can be tested by
comparison with the means and variances during earlier stages of the chain.

For demonstration purposes the PBLUP and SHM evaluations only report the results
of a single trait (birthweight) analysed using models that include factors for maternal genetic
and permanent environment effects. In practice, multi-trait national evaluations are
computationally feasible using these same models and are currently performed on a routine
turnkey basis for American Hereford Association using BOLT (Biometric Open Language
Tools) software (www.ThetaSolutionsLLC.com).

Pedigree BLUP genetic evaluation

The model equation for the PBLUP model is

(1)
where y is a vector of the birthweight observations which are modelled as being determined
by fixed (b), direct (u), maternal genetic (m), maternal permanent environmental (p), and
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residual (e) effects.

Single-step super hybrid model (SHM) genomic evaluation

The model equation for genotyped (g) and non-genotyped (n) animals fit using the SHM is

(2)
where the birthweight observations are fit as a function of fixed (b), marker (), imputation
residual () extra polygenic (u), maternal genetic (m), maternal permanent environment (p),
and residual (e) effects. The partitioning of the breeding value into marker and extra
polygenic effects is parameterized by c. Markers for non-genotyped animals are imputed
using the pedigree information and a term is included for those animals to account for
imputation errors.

Calculation of accuracy of EBV and contrasts of EBV

The vector k is used to define an interesting contrast of EBVs. A contrast between
selection candidates j and k would comprise a vector k whose only non-zero elements were a
1 in the jth element and a -1 in the kth element of that vector. More complex contrasts might
include a comparison of the mean EBV of a team or group of animals to the mean EBV of
another team or group of one or more animals, in which case the non-zero elements of k
might be positive and negative fractions.

Given the contrast of interest is k’u, then its BLUP and PEV can be obtained by first
generating a vector whose ith element is where is the ith MCMC sample of the vector u. The
BLUP of is and is calculated using MCMC as the mean of the chain of samples, whereas its
PEVk is computed as the sample variance of that chain.

In order to compute R2, r, or BIF accuracy, it is also necessary to compute the variance of
, which can be obtained as k’Gk, where G=var(u). In the single trait PBLUP circumstance, G

is g
2A where A is the numerator relationship matrix which can be efficiently computed for

large pedigrees by solving equations whose right-hand side are columns of an identify matrix
and whose LHS are represented by triangular factors of A-1. For demonstration purposes the
variance of for the SHM is assumed to be the same as the variance of in PBLUP.

Finally, for some contrast defined by k, R2=1-PEVk/(k’Gk), r=sqrt(R2) and BIF accuracy
is BIF=1-sqrt(1- R2).

Example contrasts

Some common contrasts that might be of interest to a livestock manager include comparisons
of animals that have already been used as sires (IDs A,B), and comparisons among young
animals (IDs C,D,…,P) that have not yet been used as a parent. A variety of animals were
chosen for comparison to illustrate a number of realistic scenarios. This begins with a contrast
of two apparently high accuracy sires (A-B) and follows with young males born in 2016

 who were born in the same herd and have the same sire (C-E),

 who were born in the same herd but with different sires (F-H),

 who were born in different herds but from the same sire (I-L), and

 who were born in different herds but with different sires (M-P).
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Results

Table 1 lists the individual birthweight EBVs, reliabilities, and BIF accuracies from the
PBLUP and SHM national evaluations for the animals selected for contrast. The rows of the
table are separated according to the different scenarios the animals fall into as described in the
materials and methods. For example, the first two rows contain the data for animals A and B
which are two high accuracy sires. The next row group contains the data on animals C, D, and
E which are young males who were born in the same herd and have the same sire, and so on
for the remaining row groups.

Comparing the results from the PBLUP versus the SHM evaluations, individuals have a
higher or the same accuracy using the SHM compared to the PBLUP. Markers are observed to
have a bigger advantage in lifting the accuracy of younger lower accuracy animals than the
proven sires which remain the same accuracy in this case. In PBLUP the accuracies of the
younger animals range from 0.35-0.38. With the SHM, the accuracies are increased with a
range of 0.45-0.49. These changes are because the genomic data in the SHM provides
covariances between animals which may not otherwise be related according to the pedigree
used in PBLUP.

Table 1. The individual birthweight EBV, prediction error variance (PEV), reliability (R2),
and BIF accuracies for selection candidates evaluated using pedigree (PBLUP) or single step
(SHM) analyses.

PBLUP SHM
ID EBV R2 BIF EBV R2 BIF

A 0.71 0.97 0.84 0.84 0.97 0.84
B 3.04 0.96 0.81 3.15 0.97 0.81
C 0.10 0.60 0.37 -0.46 0.72 0.47
D -0.03 0.59 0.36 0.36 0.72 0.47
E 1.17 0.60 0.37 1.47 0.73 0.48
F -1.86 0.61 0.37 -1.81 0.73 0.48
G 3.48 0.62 0.38 3.86 0.74 0.49
H -0.03 0.59 0.36 0.36 0.72 0.47
I -2.91 0.59 0.36 -1.62 0.72 0.47
J 0.95 0.59 0.36 1.55 0.72 0.47
K -1.73 0.59 0.36 -1.00 0.72 0.47
L 1.17 0.60 0.37 1.47 0.73 0.48
M -0.72 0.62 0.38 -1.70 0.73 0.48
N 0.95 0.59 0.36 1.55 0.72 0.47
O 0.22 0.62 0.38 0.29 0.73 0.49
P -1.21 0.58 0.35 -0.88 0.70 0.45

Color key: High accuracy sires. 2016 born males with: same herd, same sire; same herd, diff sire; diff herd, same sire; diff herd, different sire

Table 2 lists the data for contrasts between pairs of the animals from each scenario.
The variance of is listed for each contrast as well as the PEV, R2, and BIF accuracy from the
PBLUP and SHM evaluations. The BLUP of the contrast is not reported but can be computed
using the contrast listed in the first column and the relevant EBVs listed in Table 1.

The first row of Table 2 contains the data from the PBLUP and SHM evaluations for
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the contrast of sire A and sire B. In this case, the accuracy for this contrast is approximately
the same as the accuracy of the individual’s EBVs from Table 1, which were also equivalent
between PBLUP and SHM.

The next two rows show the data for contrasts between the young animals born in the
same herd from the same sire. As for the individual data in Table 1, a substantial jump in
accuracy is observed with the SHM compared to the PBLUP due to the addition of the
genomic information. However, the range of accuracies varies considerably depending on the
scenario of the specific contrast. Generally, and regardless of herd, contrasts of animals with
the same sire are less accurate than contrasts of animals with different sires. Contrasts
between animals with the same sire are also found to be less accurate than the EBVs of the
individual animals. However, in this case for animals with different sires, the contrasts are
approximately the same accuracy as the individuals’ EBVs regardless of herd. But, note the
PEVs are approximately the same in all the contrasts between the young animals. Therefore,
the differences in accuracy predominantly come from differences in the denominator of the
reliability equation, namely var(k’u), which for contrasts between non-inbred full siblings
will reflect the within family variance (since they have the same parent average) rather than
the population variance which is the denominator for non-inbred unrelated pairs of animals.

Table 2. Contrasts between some of the pairs of individuals in Table 1, the reliability (R2), and
BIF accuracy and their component var(k’u) and PEV for the contrasts from the PBLUP or
SHM analyses.

PBLUP SHM
Contrast var(k’u) PEV R2 BIF PEV R2 BIF

B-A 63.12 1.92 0.97 0.83 1.82 0.97 0.83
D-C 43.40 24.09 0.44 0.25 16.68 0.62 0.38
C-E 40.12 23.84 0.41 0.23 16.39 0.59 0.36
G-F 55.72 24.32 0.56 0.34 16.65 0.70 0.45
H-G 59.85 24.53 0.59 0.36 16.58 0.72 0.47
J-I 44.28 24.78 0.44 0.25 16.98 0.62 0.38
L-K 44.51 24.26 0.46 0.26 16.68 0.63 0.39
N-M 56.11 24.55 0.56 0.34 16.87 0.70 0.45
P-O 59.29 25.11 0.58 0.35 17.77 0.70 0.45

Color key: High accuracy sires. 2016 born males with: same herd, same sire; same herd, diff sire; diff herd, same sire; diff herd, diff sire.

Conclusions

Animals which are otherwise poorly connected in a pedigree sense may be more
connected by their genomic data. Genotyping young selection candidates and using that
information in a single-step evaluation demonstrably improves their prediction accuracy.

Accuracies of individual EBVs are not in themselves an indication of the accuracies of
contrasts of those individuals. Highly accurate individuals may be inaccurately compared
while other inaccurate individuals could have higher accuracy contrasts. Informed selection
decisions require not just the ranking of selection candidates but also accurate information of
the comparisons between them.

We have demonstrated that MCMC sampling of MME effects provides a
computationally feasible approach to compute prediction accuracies of individuals and
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contrasts between individuals in national genetic and genomic evaluations with a large
number of individuals. MCMC sampling using BOLT software provides an efficient and
economical approach for routine national single-step evaluations.
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