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solve this problem, even for quantitative traits (Zhao et al.,
2015b). In genome-wide prediction, many markers are used,
and their effects are estimated in populations that have been
genotyped and phenotyped. The estimated marker effects are
then applied to predict the performance of non-phenotyped
hybrids based on their molecular marker profiles.

The potential of genome-wide prediction was investigated
in rapeseed with a focus on general combining ability (GCA)
effects as the additive component of the hybrid performance
(Jan et al., 2016). The study was based on two testcross series of
475 spring-type lines and revealed moderate-to-high prediction
accuracies for a number of important agronomic traits. The
potential of genome-wide prediction of hybrid performance,
i.e., additive/general and non-additive/specific combining ability
(SCA) effects, has not been examined in rapeseed. Simulation
studies revealed that the prediction accuracy of the hybrid
performance can be increased by modeling dominance as one
type of non-additive effect, but the magnitude of improvement
strongly depended on the relevance of the variance of specific
vs. combining ability effects (Technow et al., 2012). Analyses of
experimental data in maize (Bernardo, 1994), rice (Wang et al.,
2017), wheat (Zhao et al., 2015a), triticale (Gowda et al., 2013),
and sunflower (Reif et al., 2013) corroborated this finding, with
hybrid prediction accuracies being either similar or higher when
fitting additive and dominance effects.

Genome-wide prediction approaches of the hybrid
performance can also accommodate epistasis, i.e., interaction
effects between genes (Xu et al., 2014). In particular,
semiparametric reproducing kernel Hilbert space (RKHS)
regression models or extended genomic best linear unbiased
predictions (EG-BLUP) are computational efficient approaches
to capture epistasis in genome-wide predictions (Jiang and
Reif, 2015). Experimental studies in rice (
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