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Summary

The wide uptake in the usage of genomic evaluations in the dairy industry has led to a large
increase in the number of cows genotyped, which creates an opportunity to improve the
accuracy in novel traits measured on females. The strategy of setting up research herds with a
subset of genotyped cows to measure expensive or difficult to measure phenotypes has
become a popular method to train genomic evaluations in novel traits.

This paper uses deterministic equations to assess the efficacy of training genomic
evaluations on traits measured in research herds to test how these predictions compare to
recording phenotypes on industry cows, depending on the correlation with the true breeding
objective trait.
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Introduction

The increased adoption of genomic evaluations in the global dairy industry since 2008 has
delivered substantial gains in the accuracy of evaluations for young selection candidates
reducing generation intervals by up to 4.5 years (Garcia-Ruiz et al., 2016). The deterministic
formula developed by Daetwyler et al. (2008) for estimating the accuracy of genomic
predictions has been widely utilised in the design of genomic prediction reference
populations, and to determine the benefits of genomic predictions over traditional pedigree
evaluations.

As of April 2016, there were 1 million cows genotype samples processed by USDA
(Wiggans et al. 2017). This increase in cow genotyping creates the opportunity to develop
evaluations for health and novel traits measured in smaller populations where it may be costly
or difficult to collect phenotypes, and then to predict these traits for a wider group of
individuals within the industry. Research on recording novel phenotypes which may predict
low heritability industry traits at a higher heritability continues to be a hot topic in animal
breeding.

This paper investigates the accuracy of prediction for novel traits evaluated using the
Daetwyler accuracy formulae, with a focus on the number of research cows that would need
to be recorded for a novel predictor trait with a higher heritability to attain the same genomic
prediction reliability when used as a training population as a given number of industry cows
with the industry trait recorded (also used as a genomic training population). The underlying
premise is that there will be some situations where a genomic prediction based on a smaller
number of research cows recorded for a trait with a higher heritability or a higher genetic
correlation will be more effective than genomic prediction based on a larger number of
industry cows. Our aim was to characterise these situations using deterministically formulae.
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Material and methods

The Daetwyler formulas for the accuracy of genomic predictions were used as a base, and
rearranged to solve for the number of research daughters that would give the same accuracy
for the novel trait. The genomic accuracy formula for a correlated trait is shown in equation 1
below:

(1)

Where is the genetic correlation between the trait recorded in the training population and
the breeding goal trait, n the number of animals with records in the training population, h2 the
trait heritability, p is a measure the coverage of markers across the genome proposed by
Woolliams (2010) and Me is the number of independent chromosome segments calculated
using equation 2.

(2)
If we first define a target equivalence where the accuracy of the industry trait genomic

prediction (acc) which is correlated to the breeding objective trait with a genetic correlation

of then the equation for the number of research cows to give the same accuracy we have
equation 3:

(3)
Equation 3 can then be rearranged to solve for the number of research cows that

would give a required genomic prediction accuracy of acc in equation 4 that could be

otherwise obtained from an industry training population:
(4)

Equation 4 has the property that once α2 is larger than 1, the denominator of the
equation for nR is negative, and therefore it is not possible to match the accuracy of the trait
recorded on industry cows by recording the correlated trait in the research herd. This property
becomes a key determinant in whether the novel predictor trait can provide a benefit, by
requiring fewer research herd cows to be measured to attain the same accuracy of prediction.

Results and Discussion

Figure 1 shows the number of research cows recorded for the novel predictor trait with h2=0.3
that would be required to give the same accuracy of prediction as a given number of industry
cows recorded for the industry trait with h2=0.05. The correlation between the novel predictor
trait and the industry trait was varied between (rG_r) 0.6 and 1, with the industry trait set to
have a correlation of 1 (rG_I) with the breeding objective trait. Points of most interest in
Figure 1 are those well below the broken line showing the equivalent number of cows
recorded in research herds versus industry herds. The idea is that the prediction quality of
data from industry cows leads to savings in total number of training population phenotypes
and genotypes required, even though the research herd trait does not necessarily reflect all of
the genetic variation in the breeding goal trait which can be measured directly (albeit with
lower h2) on industry cows. An example would be a fertility predictor trait such as post-
partum anoestrous interval that could be measured only in research herds. The results show



that with a correlation less than 0.9, measuring the correlated novel predictor trait on the
research cows cannot attain the same accuracy as recording the industry trait on industry
cows, unless this number of industry cows is low, and therefore the accuracy of the prediction
is also low.

Figure 1: The number of research cows recorded for the novel predictor trait to give the same
accuracy as a given number of industry cows recorded for the breeding objective trait, where
the novel predictor trait correlation (rG_r) was varied between 0.6 and 1, and the industry
trait was the breeding objective trait (rG_I = 1)

An alternative scenario looked at a case where the trait measured on the research cows
was the breeding objective trait (i.e. rG_r = 1) with a higher heritability of 0.3, and the
industry trait was a correlated predictor trait and with the lower heritability of 0.05. An
example of this situation would be the comparison between measuring clinical mastitis in the
research herds and somatic cell count in the industry cows.

Figure 2 shows the number of research cows that would need to be recorded for the
breeding objective trait when the industry trait correlation was varied between 0.6 and 0.9 for
up to 50,000 industry cows recorded. Under this scenario, the research herds would add
significant value, as the results show that with a correlation of 0.8, around 2,500 research
cows recorded for the higher heritability breeding objective trait would be of equivalent
accuracy to 50,000 industry cows recorded for the correlated predictor trait.



Figure 2: The number of research cows recorded for the breeding objective trait (rG_R = 1)
to give the same accuracy as a given number of industry cows recorded for the correlated
predictor trait, where the predictor trait correlation (rG_I) was varied between 0.6 and 0.9.

Conclusions

Recording a correlated, higher heritability predictor trait on research herd cows will
sometimes require fewer cows genotyped to attain the same accuracy as genotyping industry
cows, but only where the correlation with the breeding objective trait was high (>0.7) and the
number of industry cows in the accuracy equation was relatively low, e.g. less than 20,000
industry cows if the correlation with the breeding objective was 0.8.

If the trait measured in the research herds has a higher correlation with the breeding
objective trait, e.g. measuring clinical mastitis in a research herd compared with somatic cell
count in industry cows, the value of recording and genotyping research herd cows was
significantly higher. In the case where the industry trait had a 0.8 correlation with the
breeding objective trait measured in research herds, 2,000 research herd cows led to a
genomic prediction accuracy equivalent to 21,260 industry cows measured for the correlated
predictor trait.
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