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I ntroduction

The prediction of phenotypes by genetic meanstraditional research area in animal and
plant breeding which has received increasing attenwith the feasibility of genotyping a
massive number of molecular markers. The topicnisaetive area of research in other
contexts such as pharmacogenomics and individubfirdicine.

Genomic prediction of phenotypes relies on the iktgbof marker (SNP) effects on
phenotypes along time and across the populatiomeyprediction is to be performed. In the
context of farm animal genetics, one major factidfecas the reliability of prediction: the
changes in the association between markers ancopip&s along generations and across
structures created by directional selection.

A multi-generation experiment, using dense SNP<bipa species with sequenced genome,
short generation interval and low maintenance céstg., mice, rabbit) would provide
unique data and results that are urgently neededh imternational context where published
results on multi-generation genomic predictionetested animal populations are scarce and
mainly based on simulated data. The observed ckanfjdinkage disequilibrium (LD)
patterns under carefully monitored selection wotigtn be compared to theoretical
expectations, and the existence of theoreticaldigimas, such as the '‘Bulmer effect’, might be
verified empirically.

Animal models, instead of simulated genomes, haenlalready used to test genetic models
for prediction of phenotypes. As an example, redadit results of simulation studies by
Meuwissen et al (2001) were somewhat misinterpreted they generated a vague of
optimism about the possibility to estimate markéfleets in a sample of a population
(training) and to use those estimates to selecbtgpad individuals in another sample
(target) of the same population. Using real mictadzegarra et al. (2008) showed that
reliability of prediction, when animals in the Itveng' and ‘target' populations were related,
was higher than that observed in independent sanjrl@ecent articles, Meuwissen (2009)
and de Ross et al. (2009) confirmed by simulatibe tmice results and proposed
approximated deterministic formulae for computimgjabilities of prediction for unrelated
animals. This illustrates the value of model spedier farm animals: results on true
biological data can be used to verify or not thdl wecepted paradigms, and results can be
general enough for extrapolation to other farm &®ec Selection experiments are
complementary to simulations as well as to detaiteck done on commercial populations.
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Experiments on prediction of phenotypes

The new genomic tools available for animals allovahswer well known genetic questions,
from the very general perspective on natural seleanodels (stabilizing, pleiotropic,... as
reviewed by Johnson and Barton, 2005) or the 'tdjje€ selection (additivity, environment,
partial epistasis...as reviewed by Hill, 2010) torendetailed aspects of artificial selection
which we discuss here. For 'prediction’ under iaidif selection, several questions appear:
what are the consequences, at the genomic levekle€tion on phenotypes vs selection on
markers? What decay of linkage disequilibrium undgeated cycles of artificial selection?
What is the stability of marker effects along geiens and across structures created by
directional selection? What is the decay of religbof prediction when genomic selection is
performed without repeated phenotyping?

Some of these questions are being addressed fitlysimulated data (e.g., Solberg et al.
2009) and partially with genomic data on commerpigpulations (e.g., Du et al., 2007 in
pig; Wade et al., 2009 in horses; Abasht et alQ92ih chicken; Gibbs and Taylor, 2009,
Villa-Angulo et al., 2009 in cattle). From commeicpopulations, we are getting a general
picture of genomes of breeds or strains underi@atifselection: effective population size

ranges from several hundreds to less than 30 Abasht et al., 2009, in chicken lines) and
most significant linkage disequilibrium is withincdM or within 5 cM according to authors

who worked with varying marker densities and défarmeasures of LD between markers.
Associations between non syntenic markers were @ported (e.g. Farnir et al., 2000;
Lipkin et al., 2009).

The question is whether or not experimental apgresccan make complementary
contributions to the original and useful resultsamimal genomes cited above. Three major
features provided by experimental selection arghé control lines, ii) the possibility of
designing simple selection schemes in order telgetr cut results, and iii) the control of key
factors affecting genome architecture. As an examgbnsider the question on stability of
marker effects along generations and its conse@seoa reliability of prediction. The
experiment would have the following characteristics

- Selection lines. Two lines might be compared énms of LD decay and phenotype
changes: no selection (control) vs. selection leyshm of marker effects, estimated before
experimental selection starts. Complete data (ptypee and genotypes) would be collected
in both lines. The control line should give infotma on the combined effects of
uncontrolled factors affecting the variability ofeasures, namely, recombination rate
(overall and local), mutation, drift and naturaestion.

- Selected trait. To simplify matters, univariatdifecial directional selection might be
performed on a single quantitative trait of modeaéritability, not subjected to maternal or
imprinted effects. Genome regions governing thé traght be identified before and after
selection. The behavior of selected and unselectgibns would be compared along
generations, and models for hitchhiking effectg.(8tephan et al., 2006) would be tested.

- Genotyping. A high marker density might be useddescribe LD finely. Density is
particularly critical to study persistence of aamy of prediction along generations.
Simulations suggest that marker densities shouldhigd, up to 10*Ne/M (effective



population size per Morgan) when individuals fairaation of marker effects are not related
to individuals whose phenotypes are being predi@eliwissen, 2009).

- Demography. The size of the experiment may bdithiéing factor, as usual. Population
size is determinant of the noise due to drift. Roce or rabbit, 100 to 200 parents per
generation with many progeny providing phenotypey tme selected during 4/5 generations
in 2/3 years. Also, in genomic prediction, it iscassary to warrant a minimum of
phenotypes for estimating marker effects (e.g.Jeast 2000 phenotyped individuals in
Meuwissen et al., 2001, to estimate 10000 markects).

- Selection. In some commercial data selectionsrate not well monitored but they can be
fully controlled in an experiment. In particulagwing complete data on both sexes allows to
explore different selection rates for each sex giveé a more realistic picture of gametic
phase disequilibrium along selection generationsekection scheme with non-overlapping
generations would simplify matters and this camlse governed in an experiment.

- Mating. For the questions cited above and forpéicity, mating should be at random.
However, in other complementary experiments, mamgstions about mating would have
immediate practical interest, e.g., inbreeding @ssuor consequences of assortative vs.
complementary mating (as simulated for major gdayelslanfredi et al., 1998).

- Time and costs. The choice of a small experiniesgiacies includes gains in time (due to
short generation interval) and reductions of cgdtee to experimental facilities for small
animals). But, genotyping remains an expensive aijmr specially when sample size must
be kept high. Costs can seriously limit the po$ids to replicate these experiments.

Discussion - Conclusion

New genomic tools are progressing rapidly (e.g.dfidl., 2008) and they can be regarded as
modern "microscopes” in descriptive approachesntprove our statistical models for
prediction and applied selection. A risk of a dggore approach is the potential noise and
high variance of observed trends together withdifficulties to warrant replicates of these
expensive experiments. But these risks are evehehig the description of commercial
populations. Further, in most simulation researoigthods are compared under the
assumption that the genetic model is known.

Besides evident practical implications of experitaémnesults on LD decay under selection
as commented above, the proposed studies may mgight on the adequacy of statistical
models to capture genetic variation in farm anipapulations. In particular, Population
Association, which models the dependency of pheyestyon markers in a population in a
simple and appealing way, influenced two importéietds in genetics: the search of
mutations responsible for phenotypic variation ¢(Risand Merikangas, 1996) and the
prediction of phenotypes and genetic values (Mesmviset al.,, 2001). Both articles
generated new possibilities of research and sultdessplications in human genetics (e.g.
Klein et al., 2005) and in animal breeding (e.canRaden et al., 2009). However, results in
both articles rely on simulated data where the@aton between phenotypes and genotypes
is neat and probably simpler than in real life. otiisappointing results such as the poor
explanation of polygenic variance of human heigtst feviewed by Visscher, 2008) suggest
that true polygenic effects are governing the traitt also that simple marker-phenotype
statistical models are unable to capture genetimti@n of complex traits. Gianola et al.



(2009) discussed how elusive the relationships éetvwmarker variance and additive genetic
variance can be. Experiments suggested above eaningight on the pertinence of our
statistical models to improve the representatiogaietic effects using genomic data. One
might think that when the objective is predictidnpbenotypes (and genetic evaluation), the
need for a realistic representation of underlyiranagic effects is less urgent, since the
objective is to obtain good predictions as oppdsebiological understanding. However, in
genetic evaluation, the choice of the model (andhef statistical method) determines the
ultimate scientific result: the selection rule, wlhishould be robust along generations and
across subpopulations of an animal population uaddicial selection.
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