Genomewide Selection in Maize, Down the Road
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Maize (Zea mays L.) was domesticated in Central America and Mexico around 10,000
years ago from teosinte (Doebley et al., 2006). Since its domestication, maize has been
widely cultivated and has been under continuous selection during this time. Half of the
world’s maize is produced in the Americas (FAOSTAT, 2016), and most of the U.S.
production occurs in the Midwest “Corn Belt.” In Minnesota, mean grain yields have
increased from around 118 bushels per acre in 1995 to 175 bushels per acre in 2005 (Ye,
2008), and to 188 bushels acre is 2015. Maize in the U.S. is used mainly for feed and for fuel
ethanol (USDA, 2016). With a growing need for maize, breeders are looking for ways to
increase efficiency in their programs.
Maize breeding usually involves crossing two inbreds (A and B) and evaluating the
testcross performance of the progeny from the A/B cross (Hallauer, 1990). Recent advances
in genotyping (Davey et al., 2011) have allowed genomewide selection for important traits in
maize. Genomewide selection involves the use of training populations. These are populations
for which both phenotypic and genotypic data exist and which can be used to predict the
phenotypic performance of test populations using only their genotypic data (Meuwissen et
al., 2001). Genomewide selection can reduce the amount of phenotyping needed and increase
the genetic gain per unit time (Heffner et al., 2010).
Previous studies have shown that genomewide selection is most effective when the
training population is representative of the test population (Schulz-Streeck et al., 2012;
Riedelsheimer et al., 2013; Jacobson et al., 2014). The General Combining Ability (GCA)
model, where an A/* cross (* being a parent from the same heterotic group as A) and an */B
cross are used as training populations to predict an A/B cross, was found to be useful in elite
germplasm in maize. On average, genomewide selection led to around 85% of the gains that
eventually would have been obtained with phenotypic selection (Jacobson et al., 2014). In
addition, the predictions from the GCA model were improved by using imputed Single
Nucleotide Polymorphism (SNP) in maize (Jacobson et al., 2015).
Performing routine genomewide selection within a breeding program will lead to two
main consequences. First, only a subset of the lines in a biparental cross will be later
phenotyped. If that cross is used as part of the training population for predicting the
performance of lines in a future cross with either of the parents, the training population would
be a selected subset of lines. Second, introducing new lines into the breeding program will
lead to having information on only one parent (either A or B) to predict an A/B cross, or
having information on related lines from the same heterotic group but on neither parent
(Same Background model, */*). Furthermore, breeders have mostly used genomewide
selection models that consider the additive effects of individual alleles but not the interactions
among them (epistasis), with few exceptions (Jarquín et al., 2014; Jiang and Reif, 2015).
These two consequences plus epistasis in the model could affect the accuracy of the
predictions.
Routine genomewide selection could also affect the rate of loss of genetic diversity in a
breeding program. Genetic diversity is needed to maintain long-term gains in breeding
programs (Condón et al., 2009), particularly when faced with increased biotic or abiotic
stresses and the effects of climate change (Gepts et al., 2006; Gutiérrez et al., 2009).
However, studies on the effects of routine genomewide selection on genetic diversity are
limited.
This research considers genomewide selection in 969 maize biparental crosses. Monsanto
provided phenotypic and marker data for these populations, which were evaluated for grain
yield (Mg ha-1), moisture (g H2O kg-1), and test weight (kg hL-1) in multiple locations from

2001 to 2008. We selected 27 F2 populations as the test populations, based on having at least
four A/* and */B crosses, a minimum population size of 50 lines, and an entry-mean
heritability significantly greater than zero for each trait. The parents of the populations were
genotyped with 2911 single nucleotide polymorphism (SNP) markers, whereas the progeny
were genotyped with fewer markers. The SNP data for the progeny were then imputed from
the parental SNP data. This research will focus on the effect of the following objectives on
prediction accuracy, selection response, and genetic diversity: (i) selection in the training
population; (ii) level of similarity between the training and test population; and (iii) epistasis
in the prediction model.
Preliminary results for the first objective showed that having phenotypic information on
only a selected fraction of the lines significantly reduced (p=0.05) the response to selection
and prediction accuracy. However, augmenting the training set with the five poorest lines
nearly restored the prediction performance. Prior selection in the training population did not
increase the genetic similarity of the best lines in the test population. Preliminary results for
the second objective showed that for predicting the performance of lines derived from an A/B
cross, a training population that included lines with A as one parent (A/*) and lines with B as
one parent (*/B) led to higher prediction accuracies and responses to selection. Using the
Same Background model significantly reduced the predictions performance even with an
increased number of training populations compared to the GCA model. Results on epistasis
in the prediction model are forthcoming.
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