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Summary

Selection experiments create powerful data for validating breeding values and for
investigating trait interactions at a crude level. These experiments can be particularly useful
for identifying potential novel predictors for valuable traits. However, the structure and size
of the population in a selection experiment presents a challenge to understanding the genetic
variance components of novel traits. A population within a selection experiment generally
consists of two highly divergent subpopulations; individuals that have been selected to have
very high genetic merit for the trait in question and a control population (often selected to
have very low genetic merit for the trait). Intense selection within these subpopulations
results in reduced genetic variance compared to the general population. When combined with
a very limited population size, this presents a challenge for variance component analysis,
particularly when estimating genetic correlations because methods such as REML are not
appropriate.

Here, we show that it is possible to predict a genetic correlation from a small,
divergent sample size using simple calculations based on selection theory. To validate this
prediction method, we simulated selection experiment conditions where animals with
extremely high and extremely low genetic merit (+5% and -5% respectively, n = 250 per
group) for a low heritability binary trait (h2 =0.05, mean probability = 0.65) were compared.
A correlated novel predictor trait was also simulated under 9 different scenarios of varying
heritability (0.05, 0.1 and 0.3) and varying strength of genetic correlation (0.3, 0.5 and 0.7)
with the selection trait. Analysis of this data, showed that the prediction method can give
good estimations across replicates. Within replicates, which best represents the sampling
errors associated with the small population size, the probability of getting a good estimate of
the true genetic correlation was highest when heritability was highest and the genetic
correlation was lowest (where 96% of estimates were within 0.1 of the true correlation)
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Introduction

Comparing animals with high and low genetic merit within a controlled environment can be a
powerful method to identify the underlying physiology of the trait in question. For example, a
small (n = 52) selection experiment in Irish dairy cattle comparing extreme genetic merit
(both positive and negative) for fertility, identified significant phenotypic differences in
hormone levels, body condition score and ovarian characteristics (Cummins et al., 2012b; a).
A similar, but larger scale (n ~ 500) experiment has been established in New Zealand to
identify new traits that can be used to predict genetic merit for fertility (Meier et al., 2017).

Furthermore, the tools for studying the biology in these experimental animals continue



to develop in terms of availability and complexity. Advances in fields such as genomic,
transcriptomics, proteomics and metabolomics means that there are an increasing number of
potential novel predictors that could be identified for consideration in a breeding program
(Berry et al., 2011).

The divergent groups within a selection experiment provide good statistical power for
comparing phenotypic means. Because environment is consistent between groups, phenotypic
differences between the groups can be reasonably attributed to a genetic correlation with the
selection trait used to create the groups. This is useful to identify potential new predictors for
the selection, however estimating the strength of the genetic correlation in this population is a
challenge. The genetic variance within these groups is not representative of the entire
population owing to the extremely high selection intensity and a small population size with
limited shared pedigree. This makes approaches such as traditional pedigree REML variance
component estimation based on mixed model equations inappropriate because there are
insufficient data points, particularly with traits that have low heritability.

Here, we present a simple method, based on selection index theory, to calculate
genetic correlations in a small, divergent population using phenotypic differences and a priori
estimates of variance. This prediction method would be simple to implement in high-
throughput data that can be expected in the ‘omics age of phenotyping.

Materials and methods

Theoretical basis

If we consider that the environment has been suitably controlled across the high and low
groups in the selection experiment, then we can assume that phenotypic differences between
the groups for the novel trait are due to genetic changes for this trait () which are a function
of the genetic difference in the selection trait () and the genetic regression slope of the novel
and selection traits (), as follows:
. (1)

The genetic regression slope can be further defined as a function of genetic covariance ()
between the selection trait and a novel trait, and genetic variance of the selection trait ( as
follows:

. (2)

The genetic covariance can be further defined as a function of the genetic correlation between
the novel and selection traits (which is unknown), the heritability () and phenotypic variance
() of both traits as follows:

(3)

which can be simplified to:
. (4)

Equation 1 can now be defined as follows

(5)



And this can be rearranged to solve for the genetic correlation between the novel and
selection traits to give the genetic correlation estimation equation,

(6)

where the heritability of the novel trait is assumed using prior knowledge (e.g. from
published literature) and the phenotypic variance is estimated from the observed variance for
the novel trait (N) in the high (H) and low (L) experimental groups as follows:

(7)

Where is the observed (i.e. biased) variance from the experimental population and K is a bias
to the phenotypic variance of the high and low groups compared to the population variance.
Because the variance is expected to be reduced in the experimental groups, we can expect that
and are less than 1. But, for this study we have assumed that they are close enough to 1 to
assume they are 1 for the following reasons:

 Selection of parents only acts on the parental average component of the genetic
variation

 The level of selection depends on the genetic correlation which is likely to be
significantly less than 1

 The predictor traits have low h2 and therefore genetic variation which is the only
component of phenotypic variation affected by prior selection, is only a very small
proportion of the total variation.

Simulation of validation data

Overview of traits

The simulated selection trait was based on the fertility breeding value for New Zealand dairy
cattle (calving rate in first 6 weeks), which is a binary trait (mean = 0.65) with low
heritability (h2 = 0.05). We assumed prior selection was based on a breeding value estimated
from a single record of the fertility trait. A hypothetical novel trait was also simulated which
had a mean of 100 and a phenotypic variance of 400. The heritability of the novel trait and its
correlation with the selection trait was varied to test the effects on the predicted genetic
correlation. There were three levels of heritability (0.05, 0.1 and 0.3) and three levels of
simulated genetic correlation (0.3, 0.5, 0.7).

Simulation of data

Selection experiment data were simulated in R (R Core Team, 2016). Correlated true breeding
values (TBVs) for the novel and selection traits were simulated for a random population (n=
200,000) using the mvrnorm function of the MASS package in R (Venables and Ripley,
2002). Individuals from the starting population were assigned to random matings where the
offspring’s true breeding value was calculated as the average of the parental TBVs with the
addition of a Mendelian sampling term. Like the TBV, the Mendelian sampling terms for the
traits were generated using the mvrnorm decomposition, the variance for the Mendelian
sampling term was set at half the variance of the trait. From this population, individuals with
extremely high (greater than +4.28) and extremely low (less than -4.28) parental average
TBVs for the selection trait (fertility breeding value) were identified and these simulated
animals were mated randomly within their group (i.e. high-high and low-low matings) to



generate a simulated population of extreme animal. From this population, a small (n=250)
subset of each group was included in the simulated experimental line. Phenotypes for the
selection trait and the novel predictor trait were simulated as follows:

(8)

where µ is the mean for the trait t (i.e. the selected or novel trait) and TBV is the TBV values
generated for animal i and e is the random environmental error estimated as follows:

(9)

where is an independent random standard normal deviate drawn for animal i, is the

heritability and is the phenotypic variance of the TBV for trait t.

This process was replicated 100 times and the simulated data was analysed using the genetic
correlation prediction method described in equations 6 and 7 above.

Results

The input phenotypic variance for the selected trait and the novel trait was 0.0225 and 400,
respectively. The mean difference between the high and low line for the selected trait was
0.0985. As expected, the phenotypic variance in the simulated selection experiment groups
was much lower for the selection trait (mean = 0.00057). However, the mean phenotypic
variance of the novel trait across the high and low group was generally a good approximation
of the population (Table 1).

Table 1. Mean phenotypic variance (with standard error in brackets) for novel trait in
simulated high and low group by simulated heritability of novel trait (h2N) and the correlation
with the selected trait (rGSN).

Simulated rGSN

Simulated h2N 0.3 0.5 0.7

0.05 398 (1.52) 397 (1.44) 394 (1.56)
0.1 396 (1.58) 393 (1.44) 395 (1.57)
0.3 384 (1.58) 386 (1.41) 371 (1.71)
Note, the simulated variance for the general population was 400.

The phenotypic difference between the high and the low line for the novel trait was
affected by the simulated heritability for the novel trait and the simulated genetic correlation
with the selected trait (Table 2).

Table 2. Difference in novel trait phenotypic mean (with standard error in brackets) between



high and low line group by simulated heritability of novel trait (h2N) and the correlation with
the selected trait (rGSN).

Simulated rGSN

Simulated h2N 0.3 0.5 0.7

0.05 4.1 (0.11) 6.6 (0.12) 9.2 (0.12)
0.1 6.0 (0.11) 9.4 (0.11) 13.1 (0.11)
0.3 9.4 (0.11) 16.5 (0.11) 22.7 (0.11)

The simulated data was used to validate the genetic correlation estimation equation
(equation 6). It was assumed that the heritability of the novel trait was already well
understood (e.g. from literature). In general, the estimated genetic correlations were
consistent with simulated correlations (Table 3) when all replicates were used. When
replicates were compared, the proportion of accurate estimates increased with input
heritability and decreased with input genetic correlation (Figure 1).

Table 3. Mean estimated genetic correlation ± standard error for 100 replicates categorised
by simulated heritability of novel trait (h2N) and the correlation with the selected trait (rGSN).
Range that 95% of estimates fall within is presented in parentheses.

Simulated rGSN

Simulated h2N 0.3 0.5 0.7

0.05 0.31±0.008
(0.12 - 0.61)

0.51±0.009
(0.22 - 0.78)

0.70±0.009
(0.47 - 0.97)

0.1 0.33±0.006
(0.16 - 0.49)

0.52±0.006
(0.35 - 0.69)

0.70±0.006
(0.52 - 0.90)

0.3 0.30±0.003
(0.21 - 0.40)

0.52±0.004
(0.43 - 0.64)

0.73±0.004
(0.61 - 0.85)



Figure 1. Estimated genetic correlations for 100 replicates of simulated data for input genetic
correlation between the selected and the novel trait (rGSN) of 0.3 (top panel), 0.5 (middle
panel) and 0.7 (lower panel) and three levels (plot legend) of input heritability for the novel
trait (h2N).

Discussion
Here, we show that it is possible to predict a genetic correlation from a small, divergent
sample size using simple calculations based on selection theory. This method can yield good
estimates within small replicates when heritability is high and reasonable a priori estimates
are available, and also when genetic correlations are moderate (e.g. 96% of estimates were
within 0.1 of the true correlation when rGSN =0.3 and h2N=0.3). The heritability of the novel
trait was the strongest influence on the number of good predictions across replicates. This is
because increasing the heritability increases the amount of observed difference that is due to
genetics, and therefore due to the genetic correlation with the selected trait. When heritability
was held constant, reducing rGSN also increased the number of good predictions across
replicates, although this effect was much weaker on the confidence bounds, when compared
with the effect of increasing heritability.
It is possible, that with further investigation of the relationship between rGSN and h2N, the
confidence interval of a single prediction could also be calculated for use in real data.

The prediction method described here is simple to implement and this is an important feature



for large scale testing of potential predictors. The increasing availability of high throughput
phenotype data that can be generated in these experiments (e.g. ‘omics data) means that a lot
of data can be generated on a small population. It is still, however, cost prohibitive to extend
this level of scrutiny to the population scale required for traditional genetic variance
component analysis. Here, we show the power of divergent high-low selection to create a
resource for testing phenotypes and a method for rapidly predicting the genetic correlation of
these phenotypes with the trait of interest based on a small, divergent population. This
method could be used to make informative decisions about which novel traits warrant testing
in larger populations with REML based techniques.

Acknowledgement
This project was funded by a partnership (DRCX1302) between the New Zealand Ministry of
Business, Innovation and Employment and New Zealand dairy farmers through DairyNZ Inc.



List of References

Berry, D.P., K.G. Meade, M.P. Mullen, S. Butler, M.G. Diskin, D. Morris, and C.J. Creevey.

2011. The integration of “omic” disciplines and systems biology in cattle breeding.

animal 5:493–505. doi:10.1017/S1751731110002120.

Cummins, S.B., P. Lonergan, A.C.O. Evans, D.P. Berry, R.D. Evans, and S.T. Butler. 2012a.

Genetic merit for fertility traits in Holstein cows: I. Production characteristics and

reproductive efficiency in a pasture-based system. J. Dairy Sci. 95:1310–1322.

doi:10.3168/jds.2011-4742.

Cummins, S.B., P. Lonergan, A.C.O. Evans, and S.T. Butler. 2012b. Genetic merit for fertility

traits in Holstein cows: II. Ovarian follicular and corpus luteum dynamics,

reproductive hormones, and estrus behavior. J. Dairy Sci. 95:3698–3710.

doi:10.3168/jds.2011-4976.

Meier, S., B. Fisher, K. Eketone, L.R. McNaughton, P.R. Amer, P. Beatson, J.R. Bryant, K.G.

Dodds, R.J. Spelman, J.R. Roche, and C.R. Burke. 2017. Calf and heifer development

and the onset of puberty in dairy cows with divergent genetic merit for fertility. Pages

205–210 in Proceedings of the New Zealand Society of Animal Production, Rotorua.

R Core Team. 2016. A language and environment for statistical computing. R Foundation

for Statistical Computing Vienna, Austria. URL https://www.R-project.org/.

S, M., F. B, E. K, McNaughton LR, Amer PR, Beatson P, Bryant JR, Dodds KG, Spelman R,

Roche JR, and Burke CR. 2017. Calf and heifer development and the onset of puberty



in dairy cows with divergent genetic merit for fertility. Pages 205–210 in Proceedings

of the New Zealand Society of Animal Production, Rotorua.

Venables, W.N., and B.D. Ripley. 2002. Modern Applied Statistics with S. Fourth. Springer,

New York.


