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Maize (Zea mays L.) is the most produced grain in the world and is grown in more than 160
countries. The United States produces close to half of the world’s harvest, while other top
producing counties include China, Brazil, France and South Africa. Maize contains about 72%
starch, 10% protein and 4% oil, provides many B vitamins and serves as a good source of fiber.
These attributes have made maize a staple food in many regions of the world, constituting about
one-third of the calorie intake in Latin America, the Caribbean and sub-Saharan part of Africa. In
most developed counties like the United States, maize is mostly used as feed for livestock, and a
large proportion is also used for industrial purposes such as syrup and ethanol production (Ranum
et. al., 2014)
In a typical maize breeding program, many breeding populations are developed each year. Most
of the breeding populations are discarded after preliminary evaluations. A metric that can predict
the potential of a population, before the population is made, would increase the efficiency of
breeding programs. The usefulness criterion, Up, was proposed by Schnell and Utz (1975), as a
guide to identifying promising crosses. The Up, which is the expected genotypic mean of superior
progenies within a cross is a function of the mean and genetic variance of that population. The Up
increases when the mean or genetic variance is increased or both the mean and genetic variance
increased.
For Up to be predicted before the breeding population is made, the mean and genetic variance
needs to be predicted first. Predicting the population mean is straightforward; quantitative genetics
theory and empirical results have shown that the mean of a breeding population can be predicted
from the mean performance of the parents used to form the population (Melchinger et al., 1998,
Utz et al., 2001,). Breeders have found this to be the method of choice as phenotypic data needed
to make the predictions are available from previous tests.
While the mean is easily predicted, predicting the genetic variance in a breeding population is
much more difficult. Several approaches have been used to predict genetic variance, including
coefficient of coancestry and marker-based genetic distance between the two parents used to
develop the breeding population (Melchinger et al., 1998, Bohn et. al., 1999, Utz et al., 2001, Hung
et al., 2012). Overall, these criteria have been ineffective for predicting the genetic variance. A key
limitation of these methods is that the prediction applies to all traits meaning that the pair of parents
with the largest coefficient of Coancestry or the highest genetic distance are predicted to have the
largest genetic variance for multiple traits such as yield, maturity, flowering date, etc. Breeders
know from experience that a given cross does not necessarily show the largest genetic variance for
all the traits.
A procedure effective for predicting the genetic variance in each cross would likely require
modeling the segregation of progenies within each cross. Bernardo, (2014); proposed that if single
nucleotide polymorphism (SNP) data as well as the phenotypic data of the parents are available, it

is possible to (i) estimate the trait effects associated with each marker, (ii) create virtual populations
that correspond to simulated progenies within a cross, (iii) and estimate Up of each cross from the
virtual populations. To date, however, the usefulness of virtual populations for estimating Up has
not been validated from controlled studies.
Objective: My M.S. thesis research aims to determine if the mean, genetic variance and Up
predicted from genomewide marker effects correlates with empirical mean, genetic variance and
Up estimated from field data.
Experimental procedure: A subset of eight crosses were selected from the historical Minnesota
and non-Minnesota inbreds studied by Schaefer and Bernardo (2013). The training population,
used to obtain the genomewide marker effects in the Schaefer and Bernardo (2013) study,
comprised 284 lines that were genotyped at 28,626 SNP markers. Marker effects were estimated
for all markers by ridge regression – best linear unbiased prediction in the rrBLUP package in R.
The predicted mean, genetic variance and Up for the eight selected crosses were obtained
beforehand from the analysis done by Schaefer and Bernardo (2013). The eight populations were
chosen so that the mean and genetic variance differed among the populations for different traits.
In 2017, the eight populations were evaluated for plant and ear height, and growing degree days
to silking at St Paul, Waseca and Lamberton. Six out of the eight populations consisted of 144 F3
lines while the remaining two populations consisted of 120 F3 lines, for a total of 1104 F3 lines.
The lines were evaluated in a randomized complete block design with replications at each location.
Due to the large number, the 1104 lines were divided into 24 sets, each set comprising six lines
from the six populations that contained 144 lines and five lines from the two populations that
contained 120 lines. This resulted in each set having a balanced representation of lines from each
of the eight populations and elimination of confounded differences between blocks and
populations. The plots were 4m long and 0.76m apart. The plant density was 66,790 plants ha-1.
Preliminary results: The correlation between the predicted mean (from virtual populations) and
the observed mean (from field data) was 0.91 for plant height, 0.85 for ear height and 0.80 for
silking date. For plant height, the range of values was 50.0m in the shortest population to 68.3m
in the tallest population. This indicated differences in genetic variance among the eight
populations. Detailed analysis of the genetic variance and Up will be conducted in the upcoming
months. If the approach for predicting genetic variance and Up is successful, breeders will be able
to concentrate their limited resources on the most promising populations and improve efficiency
of breeding programs.
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