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One objective of this study was to provide readers with a clear and unified understanding
of parametric statistical and kernel methods, used for genomic prediction, and to
compare some of these in the context of rice breeding for quantitative traits. Furthermore,
another objective was to provide a simple and user-friendly R package, named
KRMM, which allows users to perform RKHS regression with several kernels. After
introducing the concept of regularized empirical risk minimization, the connections
between well-known parametric and kernel methods such as Ridge regression [i.e.,
genomic best linear unbiased predictor (GBLUP)] and reproducing kernel Hilbert space
(RKHS) regression were reviewed. Ridge regression was then reformulated so as to show
and emphasize the advantage of the kernel “trick” concept, exploited by kernel methods
in the context of epistatic genetic architectures, over parametric frameworks used by
conventional methods. Some parametric and kernel methods; least absolute shrinkage
and selection operator (LASSO), GBLUP, support vector machine regression (SVR) and
RKHS regression were thereupon compared for their genomic predictive ability in the
context of rice breeding using three real data sets. Among the compared methods, RKHS
regression and SVR were often the most accurate methods for prediction followed by
GBLUP and LASSO. An R function which allows users to perform RR-BLUP of marker
effects, GBLUP and RKHS regression, with a Gaussian, Laplacian, polynomial or ANOVA
kernel, in a reasonable computation time has been developed. Moreover, a modified
version of this function, which allows users to tune kernels for RKHS regression, has
also been developed and parallelized for HPC Linux clusters. The corresponding KRMM
package and all scripts have been made publicly available.

Keywords: genomic prediction, parametric, semi-parametric, non-parametric, kernel “trick”, epistasis

1. INTRODUCTION

Since the seminal contribution of Meuwissen et al. (2001), genomic selection (GS) has become
a popular strategy for genetic improvement of livestock species and plants. Moreover numerous
methods from statistics and machine learning have been proposed for genomic prediction since,
due to the high modeling complexity associated to the large amount of markers available. For
instance, modeling the effects of thousands interacting genes (i.e., epistasis) associated to complex
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FIGURE 3 | Boxplots of RPA distributions associated to NR, DR, and RS for data set 2.
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FIGURE 5 | Boxplots of RPA distributions associated to NS, SY, and NP for data set 3.
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predictive performance, than conventional parametric methods,
for traits potentially having moderate to complex epistatic genetic
architectures. For example, the large RPA mean differences for
SY, between the studied parametric and kernel methods, is
probably due to an epistatic genetic architecture associated to
this trait as pointed out by Liu et al. (2006). The same reasoning
can be applied to AR for which epistatic mechanisms might
potentially be involved (Norton et al., 2010). In this study, SVR
and RKHS regression had similar predictive abilities. However,
one advantage of RKHS regression over SVR lies in the fewer
number of parameters to be estimated, which can be automated
quite easily. Thus, RKHS regression can be performed more easily
than SVR by low experienced users. Indeed, as pointed out by
Cherkassky and Ma (2004), SVR application studies are usually
performed by “practitioners,” who have a good understanding of
the SVM methodology, since the main issue in having good SVM
models lies in the proper setting of the meta-parameters.

4.2. Comparison and Connections Between
Kernel Methods and Other Methods in

Frequentist and Bayesian Frameworks

In comparison with Howard et al. (2014), we did not compare the
studied kernel methods to neural networks (NN). Nevertheless,
these authors showed that NN did not perform better than these
methods in their simulation study. As pointed out by Howard
et al. (2014), it is well-known that NN can be prone to over-
fitting which reduces predictive performance. Moreover, NN are
plagued with the problem of local minima in comparison to
support vector machines which are not (Smola and Schlkopf,
1998). Yet, connections between NN with a single layer of
hidden units (i.e., neurons) and kernel machines exist (Cho
and Saul, 2009). In our study we reviewed the equivalence
between well-known regularized, mixed and Bayesian linear
models. As a matter of fact, for parametric models where one can
specify likelihoods, inferences from frequentist (i.e., maximum
likelihood based approaches) and Bayesian procedures will be
practically the same if # (i.e., number of accessions) becomes
sufficiently large for a fixed p. This is a consequence of the so-
called Bernstein-von Mises theorem (Ghosal et al., 1995; Ghosal,
1997). Moreover, we showed in this study that many parametric
methods can be framed as kernel methods, with simple kernels,
due to their equivalent primal and dual formulations. For
instance, this was shown for Ridge regression, Bayesian Ridge
regression, RR-BLUP and GBLUP which are mathematically
equivalent methods for prediction.

Framing parametric methods as kernel machines with simple
kernels has important implications in the sense that many kernel
methods can be specified, and solved conveniently, in existing
classical frequentist (e.g., embedding kernels in mixed models)
and Bayesian frameworks. This was first pointed out by Gianola
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