There are questions that remain to be addressed, such as:
• Where applying GS in a breeding scheme: should we incorporate GS into an existing pedigree
selection without any other change, or should we develop new, accelerated breeding cycles
based solely on GS, or a mix between these two extremes (Figure 4)?
• Wheat improvement must consider a lot of traits, some are true quantitative (yield, protein
content), other are binary (resistant/susceptible) or ordinal (e.g. quality classes with fuzzy
limits). Multi-traits GS prediction should then consider traits with various genetic architecture,
which is less trivial than classical index selection.

A new way to use molecular
markers to facilitate breeding:
the Genomic Selection

May
2016

Genomic selection has been proposed in 2001 as an alternative to “marker assisted selection”
(MAS), when available molecular markers are enough to densely cover the genome of the
animal or plant species.
In its principle, it no longer requires to perform a two-step process of 1) detecting markers
associated to chromosomal regions influencing a trait of interest and 2) building a prediction
model for this trait using those markers. In Genomic Selection (GS), all markers are fitted
together in a single step prediction model. Since the number of predictor variables (markers)
usually exceeds the number of observations (a trait measured on different genotypes), the usual
linear model framework is not applicable and specific statistical models adapted to the “big
data” problem must be used.
The objectives in BreedWheat (WP4) were to 1) assemble various statistical tools in a friendlyto-use R package for breeders (BWGS), 2) apply GS in a real breeding programme conducted by
INRA-Agri-Obtentions (AO) partners, and 3) develop simulation tools to forecast the interest of
GS in an applied wheat breeding programme from both technical and economic points of view.

How does Genomic Selection work?

Figure 4 : a proposal for short recurrent selection cycles based
on GS, “branched” onto a classical pedigree breeding schemes.
Numbers are typical figures of plant or family numbers at the
different generations of selfing.
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Figure 1: the workflow of BWGS, illustrating the two steps of GS:
1) training and choosing the best model using both phenotypic
and genotypic data, 2) applying the model to the target
population using only genotypic data

To “train” the prediction model, we need a “training” or reference population, with both
genotyping (markers) and phenotyping (observations) data (Figure 1). When the number of
observations is limited, it may be useful to reduce the number of markers and the risk of “over
parametrization”. Then missing data must be “imputed” and finally several statistical models can be
fitted and compared using cross-validation techniques. Once an “optimal model” is selected, it can
be applied to a target population of candidates with only genotype data. By replacing a long (and
possibly costly) phenotypic evaluation of complex traits by their genomic prediction, if genotyping
is cheaper, one should be able to 1) screen more candidates, thus increasing selection intensity,
enlarge diversity and 2) select at early stages in the breeding schemes, thus accelerating selection
cycles and therefore improving time-related efficiency.

These accuracies are encouraging for an efficient use of GS in real breeding programmes.
Moreover, accuracy is only one parameter in the expression of genetic gain (Figure 2).

Does Genomic Selection work?
From historical trials carried out by INRA and Agri-Obtentions (AO) organisations, we constructed a
reference population of 760 breeding lines that were genotyped with TaBW420K SNP chip (see BW
booklet #2). Phenotypic traits were pre-processed by appropriate statistical models to correct for
fixed effects (e.g. year, location…). BWGS was then used to evaluate prediction accuracy of
adjusted phenotypes with 12 statistical models, using different numbers and types of SNP
molecular markers. Results show that 5 000 to 10 000 randomly sampled markers are enough to
achieve good accuracy with all methods (Table 1).

Figure 2: parameters related to the genetic gain (ΔG)
as a function of the genetic variability (σG).
GS could enable breeders to screen larger candidate populations (thus increasing selection
intensity while saving more diversity) and/or make selection at earlier stages (e.g. young
generation), and finally accelerating breeding cycles.

And now ?
The efficiency of genomic (GS) vs phenotypic (PS) selection can also be addressed through
simulations. In BreedWheat, we developed simulation tools in R to compare different
strategies for selecting parental lines and designing crosses. Figure 3 illustrates an example of
5 cycles of virtual selection.

Table 1: heritability, training population size and accuracy
(correlation between Genomic Estimate of Breeding Value GEBV and adjusted phenotype)
for different traits important for wheat improvement.

Figure 3: five cycles of virtual
selection for grain yield, starting
from the INRA-AO reference
population: 50 parents are selected
on their phenotypes (blue lines) or
their GEBV (red-green), then 100
crosses are made either randomly
(blue-green) or according to the
optimization rules (red) to produce
200 doubled-haploid progenies per
cross. Full lines are the mean GEBV
of the population at each cycle and
dashed lines are the average GEBV
of the selected parents.

