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Summary

The goal of this study was to investigate whether or not the inclusion of genomic information
and epistatic genetic effects would increase accuracy of prediction and reduce prediction bias for
reproduction and fertility traits in Holstein cattle. Phenotypic and genotypic records were
available for 6,090 cows. Three cow traits were analyzed including first service to conception
(FSTC), calving to first service (CTFS), and gestation length (GL). Four scenarios were assessed
for their ability to predict breeding values which included 1) traditional pedigree-based best
linear unbiased prediction (PBLUP) with additive genetic effect in the model; 2) PBLUP with
additive and epistatic (additive by additive) genetic effects; 3) genomic BLUP (GBLUP) with an
additive genetic effect; and 4) GBLUP with additive and epistatic genetic effects. Prediction
accuracy was computed as the Pearson correlation between adjusted phenotypes and predicted
breeding values divided by the square root of the total heritability. Fitting epistatic genetic
effects produced slightly more accurate estimates of breeding values for CTFS and GL compared
to the traditional and genomic additive genetic model. However, fitting epistatic genetic effects
resulted in an underestimation of predicted breeding values, opposite to the overestimation
observed when epistatic effects were not modelled for CTFS and GL. Overall, the inclusion of
epistatic genetic effects in the genomic prediction of reproduction and fertility traits is complex
and should be investigated further.
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Introduction

Genomic selection (GS) based on additive genetic effects has revolutionized modern breeding
schemes and has contributed to the increased accuracy of breeding values for young individuals.
However, the moderate accuracy (0.35-0.40) of GS achieved for low heritability and complex
traits, such as reproduction and fertility traits in Holstein cattle, suggests that these traits may
also be controlled by effects which are not currently accounted for.

Epistatic effects (the interaction between alleles at different loci) have been shown to
contribute to total genetic variance while also improving the prediction accuracy and
unbiasedness of the trait (Su et al., 2012; Sun et al., 2014; Ober et al., 2015). Epistatic effects
are often ignored due to data structure requirements and computational demands. However, the
availability of dense marker information for cows makes the investigation of epistatic effects
more feasible.
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The objective of this study was to assess the impact of including epistatic effects in
traditional and genomic evaluation models on prediction accuracy and bias.

Material and methods

Data

Phenotype data were obtained from the Canadian Dairy Network (CDN, Guelph, ON, Canada).
The traits included in this study were days from first service to conception (FSTC), days from
calving to first insemination (CTFS), and gestation length (GL) measured as an interval from the
last insemination to the subsequent calving.

Data was available for 6,090 cows, which was divided into a training dataset (DATAtrain =
4,878) and validation dataset (DATAval = 1,212) by a cut off year of birth of 2012, born in the
month of July or later. DATAtrain had 364 cows who had a daughter in DATAval.

The pedigree consisted of 156,869 animals. Sire-by-dam combinations appearing more
than once gave 8,982 full-sib families with an average family size of 3 individuals. The pedigree
was pruned at 5 generations due to computational demands for estimating epistatic genetic
effects.

All cows with phenotypes were genotyped with either 50K chip or with a lower density
chip and imputed to 50K using FImpute software (Sargolzaei et al., 2014). Quality control was
performed using snp1101 (Sargolzaei, 2014), resulting in 40,874 SNPs for the analysis based on
the following criteria: minor allele frequency (MAF) less than 5% (3,558 SNPs removed), SNP
call rate lower than 95% (zero SNPs removed), animal call rate lower than 95% (zero animals
removed), Hard-Weinberg equilibrium (HWE) with p-value smaller than 0.00001 and
heterozygosity higher than expected by > 0.15 points (773 SNPs removed).

Statistical Analysis

Four scenarios were assessed for their ability to predict adjusted phenotypes (adjusted for all
known fixed and random environmental effects): 1) traditional pedigree-based best linear
unbiased prediction (PBLUP) with an additive genetic effect in the model (PA); 2) PBLUP with
additive and epistatic (additive by additive) genetic effects (PAE); 3) genomic BLUP (GBLUP)
with an additive genetic effect (GA); and 4) GBLUP with additive and epistatic genetic effects
(GAE). Estimated breeding values (EBVs) were obtained from PA and PAE, and direct genomic
breeding values (DGVs) were obtained from GA and GAE. These scenarios were chosen to
compare the use of traditional evaluations to the use of genomic information on cows, and to
determine whether fitting epistatic genetic effects would help to better predict the adjusted cow
phenotypes.

Additive and epistatic genetic relationship matrices were constructed from pedigree and
SNP markers by snp1101, and incorporated into the models in accordance with Su et al., (2012).
Fixed effects, random effects, and model assumptions mirrored the models from Jamrozik &
Kistemaker (2016). All models were fitted using ASReml 4.1 (Gilmour et al., 2015).

The accuracy of EBVs (DGVs) were derived for each validation population as the
Pearson product-moment correlation coefficient between EBVs (DGVs) and adjusted
phenotypes, divided by the square root of the total heritability (H2 = ratio of the sum of additive
and epistatic variances to the total phenotypic variance) estimated using the same dataset with
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the same fixed and random effects using ASReml 4.1 (Gilmour et al., 2015). Bias of prediction
(ie. regression coefficient) was calculated using a simple linear regression in R software (R Core
Team, 2015) of the adjusted phenotypes on the EBVs (DGVs).

Results and Discussion

Estimates of additive genetic variance and epistatic genetic variance differed among traits and
models. In general, the proportion of phenotypic variance (Vp) due to epistasis (i2) was larger
than the proportion of variance due to additive (a2) effects (Table 1). The estimated proportion of
total phenotypic variance due to additive genetic effects ranged from 0-2.7%, 1.3-4.9%, and 3.6-
13%, and epistatic genetic effects ranged by 0-2.6%, 7.6-10%, and 24-28% for FSTC, CTFS and
GL, respectively. Standard errors were often large when estimating epistatic effects, especially
when fitting pedigree-based relationship matrices.

Studies have confirmed that the additive variance can be overestimated in the additive-
only model, as the additive-only model captures some non-additive variation (Su et al., 2012;
Muñoz et al., 2014; Sun et al., 2014). Overestimation of additive variance is a problem in
breeding programs as it inflates the breeding value, resulting in exaggerated genetic gains. The
results from this study corroborate with these previous observations, as the inclusion of an
epistatic genetic effect resulted in a decrease in the additive genetic variance. Muñoz et al.
(2014) and Bouvet et al. (2016) showed that GBLUP models reduce the overestimation of
additive variance, and improve the estimation of epistatic effects by minimizing the downward
bias associated with the estimation of epistatic variance. Thus, it is suggested that the GAE
model might increase the accuracy of the estimates of variance components.

Evidence from other studies indicate that GBLUP with an epistatic effect would yield
more accurate predictions of breeding values and future phenotypes compared to its pedigree-
based counterpart (Su et al., 2012; Sun et al., 2014; Ober et al., 2015). However, in this study
the accuracies were only slightly higher for models fitting epistatic effects for CTFS and GL
(Table 1). Overall the accuracies observed were likely underestimated due to the low accuracy of
the adjusted cow phenotypes, impelled by the limited size of the cow training population used.

It was expected that the model which included genomic information and epistatic genetic
effects (GAE) would also reduce the prediction bias (Su et al., 2012; Ober et al., 2015). This
was the case when GAE was compared to pedigree-based counterpart (PAE) for GL, but not for
CTFS (Table 1). For CTFS and GL, a downward bias of the predicted breeding values was
observed for models that included epistatic effects, i.e. predictions were underestimated,
compared to the model without fitting epistatic effects, for which predictions were
overestimated.

Conclusions

Epistatic variance explained between 0-28% of the total phenotypic variance for the analyzed
fertility traits. Inclusion of epistatic effects, where they contribute to the phenotypic variance of
the trait, slightly increased the accuracy of predicted breeding values, but yielded a downward
bias in the predicted values, opposite to the upward bias observed when epistatic effects were not
fit in the models. These results suggest that epistatic genetic effects do contribute to the variance
of some reproduction and fertility traits, and their inclusion in genomic evaluation models may
yield an improvement in the prediction of breeding values and future phenotypes.
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Table 1. Estimates of phenotypic variance (Vp), variance ratios for additive (a2) and epistatic (i2)
effects, total heritability (H2), Pearson correlations (Corr), observed accuracies (Acc=Corr/),
and linear regression coefficients (b) for different traits and scenarios (Scen).
Trait Scen Vp a2 i2 H2 Corr Acc b
FSTC PA 2087.6 0.007 (0.01) 0.020 0.124 1.512

PAE 2082.3 0 0.026 (0.03) 0.026 0.020 0.124 1.137
GA 2090.2 0.027 (0.01) 0.032 0.195 0.589
GAE 2090.2 0.027 (0.01) 0 0.027 0.032 0.195 0.589

CTFS PA 446.1 0.049 (0.02) 0.076 0.243 0.629
PAE 442.4 0.022 (0.04) 0.076 (0.09) 0.098 0.079 0.252 1.432
GA 445.3 0.022 (0.01) 0.079 0.235 0.804
GAE 445.2 0.013 (0.01) 0.100 (0.06) 0.113 0.080 0.238 1.483

GL PA 40.1 0.130 (0.03) 0.100 0.190 0.779
PAE 39.1 0.036 (0.07) 0.240 (0.2) 0.276 0.103 0.196 2.762
GA 39.9 0.099 (0.02) 0.129 0.220 0.871
GAE 40.0 0.063 (0.02) 0.280 (0.09) 0.343 0.131 0.224 1.320
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