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ABSTRACT. We examined the usefulness of the best linear unbiased
prediction associated with molecular markers for prediction of untested
maize double-cross hybrids. Ten single-cross hybrids from different
commercial backgrounds were crossed using a complete diallel design.
These 10 single-cross hybrids were genotyped with 20 microsatellite
markers. The best linear unbiased prediction associated with microsatellite
information gave relatively good prediction ability of the double-cross
hybrid performance, with correlations between observed phenotypic values
and genotypic prediction values varying from 0.27 to 0.54. Taking into
account the predictions of specific combing ability, the correlation between
observed and predicted specific combining ability varied from 0.50 to 0.88.
Based on these results, we infer that it is feasible to predict maize double-
cross hybrids with different unbalance degrees without including any prior
information about parental inbreed lines or single-cross hybrid performance.

Key words: BLUP; Similarity-by-descent; Specific combing ability;
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INTRODUCTION

Double-cross hybrids can be considered the first commercial maize hybrid cultivar
available to farmers. This fact was possible due to work developed by Jones in the early part
of 20th century (Troyer, 2009). In Brazil, current studies indicate that roughly 20% of the seed
market involves double-cross hybrid cultivars (Cruz and Pereira Filho, 2008). Various seed
companies maintain this kind of cultivar in order to exploit the heterosis that exists among
pairs of single-cross hybrids, mainly those with low heterosis per se (Jenkins, 1934).

Synthesis of double-cross hybrids depends on the number of single-cross hybrids in-
volved in the crosses; it can become unfeasible due to an increase in the number of single-
cross hybrids used as genitors. For instance, starting from 10 inbreed lines the breeder might
obtain 630 double-cross hybrids. Evaluation of all of them becomes impracticable; the cost of
evaluation increases greatly when there are more hybrids. It is more efficient to evaluate only
some genotypes and predict the other crosses.

In order to predict maize double-cross hybrid grain yields, Jenkins (1934) suggested
four prediction models called Jenkins’ methods A, B, C, and D. They can be used to predict
performance of double-cross hybrids based on non-parental single-cross hybrids performance
in order to evaluate only high-performance double-cross hybrids.

Although the prediction methods proposed by Jenkins are widely used, they have an
important limitation, the need to evaluate all possible single-cross hybrids in diallel crosses.
However, this situation might not occur, since the breeders regularly make use of incomplete
diallel crosses; therefore, the number of single-crosses could be reduced for double-cross pre-
diction, making the Jenkins method ineffective. An alternative could be to predict double-
cross hybrids based on pedigree information; if it is possible to determine covariance measures
or genetic similarity among double-cross hybrids, the information on inbred lines or parental
single-cross performance is no longer necessary.

Bernardo (1994) proposed a method for maize single-cross prediction taking into account
the genealogy estimated by molecular markers plus the best linear unbiased prediction (BLUP).
He considered that, starting from a number of evaluated hybrids and prior genealogy information
concerning these hybrids, it is possible to make measures of covariance among tested and untested
hybrids based on probability of alleles inherited from common genitors (similarity-by-descent).

The efficiency of this approach has been demonstrated in several studies of maize
(Bernardo, 1994, 1995, 1996; Schrag et al., 2009; Balestre et al., 2010). In all these studies,
a relatively good correlation between phenotypic means and predicted means was observed,
demonstrating acceptable accuracy. The prediction accuracy is dependent on the heritability
of traits in the tested hybrids, adequate estimates of variance components, accurate approxi-
mation of relationship coefficients by molecular markers (Balestre et al., 2009), and num-
ber of predictor parentals in the analysis (Vuylsteke et al., 2000; Schrag et al., 2006). Some
authors suggest the use of molecular marker information associated with similarity-by-state
coefficients for genotypic value prediction (Bauer et al., 2006; Balestre et al., 2008). However,
Balestre et al. (2009, 2010) observed problems with using similarity-by-state coefficients for
prediction of genotypic values, mainly because information concerning unrelated genotypes is
included in the relationship matrix, causing bias in the prediction of genotypic values.

As an alternative, Balestre et al. (2009, 2010) suggest the use of Lynch and Ritland’s
(1999) coefficient, which is a coefficient of similarity-by-descent obtained by multiallelic mo-
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lecular markers. The advantage of this coefficient is its flexibility, as it can be used in diallel
or complex pedigrees when genealogical data are unavailable.

In an attempt to refine this methodology, we evaluated the efficiency of the BLUP
with molecular markers in order to obtain estimates of prediction of untested double-cross
maize hybrids.

MATERIAL AND METHODS

Ten single-cross hybrids from different backgrounds were used. Starting with these
hybrids, a complete diallel was performed to obtain 45 double-cross hybrids, which were as-
sessed in a randomized complete block design with three repetitions. The treatments were as-
sessed in 15 environments distributed in the States of Minas Gerais, Bahia, and Goias, which
correspond to the Southeast, Northeast and Center-West areas of Brazil. The plots consisted of
two 4-m rows, with a population density of 55,000 plants per hectare.

Each single-cross hybrid was genotyped with 20 microsatellite markers, with nine
linked to quantitative trait loci for components of grain yield in tropical maize (Balestre et al.,
2008). Starting from the plots dataset, diallel analysis was conducted using the IV method,
proposed by Griffing (1956). Analyses were performed using the SAS® System Software, IML
Module (SAS Institute, 2000). Estimates of fixed effects and BLUPs for general combining
ability (GCA) and specific combining ability (SCA) were obtained in a manner similar to that
proposed by Bernardo (1995) for partial diallels.

The linear model considered was the following:

Yy=XprZgtZs+ZEi+Zo+0 (Equation 1)

where y is the vector of the plot means of the hybrid combinations; f is the vector of fixed
effects (block within sites, general and local mean); g is the vector of effects of GCA of the
single-cross hybrids; s is the vector of SCA of the hybrids, and X, Z, and Z, are the incidence
matrices of the effects 5, g and s, respectively. The residues vector can be decomposed into
e=¢+ 0+ n, where &, 6 and 7 are the interaction effects of GCA by environments, SCA by
environments and experimental error, respectively.

The joint solution for fixed and random effects was obtained by the following system
of equations, conforming to Henderson (1984):
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where 4, is the matrix of additive genetic similarity among the partial inbred lines.
The additive relationship matrix was obtained according to Lynch and Ritland (1999)
by the following expression.
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5 =pa(55,c—.5'ﬁ}—pb(5x _Ss:')_ 4p,p, (Equation 3)
Wl (1+SasXp,+ p,)+2p,p, q

where 7 is the additive relationship estimate between individual X (taken as a reference)
with alleles a and b and individual Y with alleles ¢ and d in locus k; S ,: assigned 1 if a and
b are identical and 0 otherwise; S : assigned 1 if @ and ¢ are identical and 0 otherwise; S

assigned 1 if @ and d are identical and 0 otherwise; S, : assigned 1 if b and ¢ are identical

and 0 otherwise; S, : assigned 1 if b and d are identical and 0 otherwise; p, and p,
are the frequencies of alleles a and b along the lines for a given locus .

This coefficient was derived from Lynch and Ritland (1999) in order to obtain pair-
wise relatedness between two individuals considering molecular markers with two alleles
per locus. This is a common condition in single-cross hybrids derived from inbred lines, as
employed in this study.

Considering that the relationship estimates are obtained for many loci, the use of
weights for the estimates is suggested in order to reduce sample variance that can arise from
differences in reference genotypes and in levels of variation (Lynch and Ritland, 1999). In ad-
dition, these authors propose reciprocal estimation of 7, that is, initially the individual X is
taken as a reference and then the individual Y is used (Lynch and Ritland, 1999).

The multilocus expression, taking into account all loci, the weights attributed to each
locus, and reciprocal relationship estimates, is given by:

L
Z“’r 20 e (8 + 2 Wr b it
1

.'-"'}‘T . (Equation 4)
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(1 ) (+8:Xp+p,)-48.2,
Wy wpy = | I= — - (Equation 5)
| Va ”'v.p:.i}l," 1p.p;

where w_and w_are the weights for the k™ locus of the estimate of 7 and reciprocal

estimates E(Ikl)ld W, aI(lk()l W, oy the sum of the weights attributed to all loci. o

The dominance relationship matrix (A,) was constructed according to Henderson
(1984) and Van Vleck (1993). The estimates of variance components were obtained by re-
stricted maximum likelihood by expectancy maximization algorithm (EM-REML).

The prediction of the genotypic values and the SCA of the unanalyzed crosses were made
based on simulated unbalance or cross-validation. Thus, of a total of 45 double-cross hybrids
analyzed, six situations were simulated considering random unbalance of 5, 10, 15, 20, 25, and 30
hybrids. For each situation, unrestricted unbalance was used, repeating each process 2000 times;
i.e., in some cases all 10 genitors could be among the predictor hybrids, in others cases only six.

Since the information on parental inbred lines of the 10 single-cross hybrids is un-
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known for use in double-cross predictions, it becomes necessary to develop a mathematical
function minimizing the sum square of unobserved genotypic values and future genotypic val-
ues that can be predicted.

For the joint probability vector (6,y), where ¢ is the unobserved genotypic values
of untested hybrids and y is the genotypic values of the evaluated double-cross hybrids cor-
rected by fixed effects, given by y = (Z 'RIZY' Z'R'(y-XP), the function 1(y,) that minimizes
the sum square deviations E[6 - t()?p)]2 is given by:

E[6-1(3,)1 =[[l6-1(3,)1 2. 3,) dbds, (Equation 6)

E[6-1(3,)]" = [[l6-1(3,)1" (6|3, W3 ,)d6d5,  (EquationT)

Isolating the marginal function h()?p) and deriving in relation to t()?p), we obtain:

2[ W3, XE®| §,)~1(3 N, =0 (Equation 8)

Thus, this function will give the minor sum square if #(y ) = £(0 | y ). Considering that
the genotypic values of evaluate hybrids presented a multivariate normal distribution with unob-
served genotypic values of unevaluated hybrids, it might be assumed that £(¢ |y ) is a linear function
of y . Therefore, the function of () minimizing £[6 - z‘()?p)]2 can be given by:

£ [J:'p} =5, +f81.-il_p (Equation 9)

Deriving E[0 - B, + S l)9’7)]2 in relation to f, and 8, and making it equal to zero one has:

-1

By=#,-Cy, Vyp Uy, (Equation 10)
B,=C,, V;: (Equation 11)

which can be written as: #y ) =u, + C, | V;pl 0, - -

Since the expectations of , and y, are equal to zero because the corrected means of
genotypic values are taking as deviates from fixed effects, the BLUP of genotypic values of
untested hybrids is given by:

V™ Coyp Vilﬁp (Equation 12)

Yp

in which y is the vector of the hybrid grain yield with simulated loss; C,_ is the matrix of
genetic covariance between the crosses with simulated loss and the analyzed crosses, and
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V;] is the inverted matrix of phenotypic covariance between the analyzed crosses.
’ Similarly, the SCA values of the crosses with simulated loss were predicted using the
following expression:

dy= SF_IEP (Equation 13)

in which d , is the vector of the SCA of the crosses with simulated loss; S is the matrix of ge-
netic covariance between the crosses with simulated loss and the analyzed crosses; V*/ is the
inverted matrix of genetic variance and covariance between the analyzed crosses, and § is the
vector of the SCA of the analyzed hybrids.

The efficiency of BLUP for predicting the values of SCA and the genotypic values was
assessed by the magnitude of the correlation values. In addition, selection efficiency of Hamblin
and Zimmermann (1986) was also applied, comparing the nine largest predicted values of SCA and
genotypic values, with the nine largest values of SCA and observed yield. Means of all genotypic
values of the untested hybrids were considered in all combinations and conditions of unbalance.

RESULTS

The estimates of similarity-by-descent shown in Table 1 demonstrate that the 10 sin-
gle-cross hybrids used as genitors probably came from different backgrounds; i.e., the single-
cross hybrids genotyped by microsatellite markers presented only 10 pairs of relationship
measures of 45 possible estimates. Furthermore, SCA variance was roughly five times greater
than GCA variance. The heritability in the wide sense was high, reflecting good accuracy of
genotypic values of the hybrids (Table 1).

Table 1. Similarity-by-descent estimates obtained among 10 commercial single-cross hybrids by microsatellite
markers.

HI H2 H3 H4 H5 H6 H7 H8 H9 HI10
HI 1.000  0.000 0.000 0.136 0.000 0.000  0.000 0.000 0.000  0.009
H2 1.000 0.000 0.005 0.000 0.000  0.000 0.000 0.000  0.000
H3 1.000 0.000 0.023 0.000  0.000 0.000 0.000  0.000
H4 1.000 0.000 0.000  0.000 0.000 0.000  0.056
HS 1.000 0.000  0.000 0.000 0.081 0.000
H6 1000 0.000 0.054 0.083 0.000
H7 symmetric 1.000 0.000 0.000  0.036
H8 1.000 0.004  0.000
HY 1000 0.000
HI10 1.000
oy 0.049

oy, 0.223

o 0.816

n 0.937

Numbers in bold mean non-zero similarity-by-decent estimates.

The mean of the correlations between observed phenotypic values and predicted values
was low independent of unbalance degree, varying from 0.30 to 0.38 (Table 2). Identical infer-
ences can be made considering the median of the correlation probability distribution obtained
with 2000 cycles of cross-validation; it varied from 0.30 to 0.39. Furthermore, it was observed
that the standard deviation was smaller when there was a low degree of unbalance degree.
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Table 2. Parameters related to correlation values between observed and predicted performance of double-
cross hybrids obtained along 2000 simulations under different unbalance levels.

Number of unbalanced hybrids

Grain yield

Parameters 5 10 15 20 25 30
Mean 0.38 0.36 0.36 0.34 0.32 0.30
Median 0.39 0.39 0.37 0.35 0.33 0.30
Standard deviation 0.39 0.24 0.18 0.18 0.18 0.17
Skewness -0.87 -0.55 -0.51 -0.21 -0.16 -0.06
Mode 0.54 0.46 0.39 0.40 0.36 0.27

Specific combining ability

Parameters 5 10 15 20 25 30
Mean 0.54 0.56 0.54 0.51 0.45 0.39
Median 0.63 0.60 0.57 0.53 0.49 0.44
Standard deviation 0.37 0.23 0.18 0.15 0.16 0.18
Skewness -1.15 -0.84 -0.84 -0.75 -1.07 -0.85
Mode 0.88 0.71 0.61 0.55 0.52 0.50

During the cross-validation process, high skewness of the probability distribution or sam-
pling (normality rejected by the Shapiro-Wilk test) was observed, suggesting that the mean and me-
dian might not be a good measure of position, since the most plausible values are away from these
estimators; i.e., the mean and median might not reflect the values of maximum probability when a
high degree of skewness occurs in the distribution due to outliers. Wright et al. (2000) argued that
under these circumstances the mode is the most recommended measure of position when the aim
of the researcher is to seek the most probable values in the frequency distribution. The sampling
densities and the mode of the distributions were determined in order to obtain the most probable
values of correlation during the cross-validation process. Taking into account the mode of the dis-
tributions, the correlations between untested and tested hybrids ranged from 0.27 to 0.54 (Figure 1).
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Figure 1. Probability distribution of correlation values between observed phenotypic means and predicted means
obtained along 2000 simulations in maize double-cross hybrids.
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The empirical correlations between predicted and observed values for SCA can
be considered high (r = 0.88) when using five unbalanced hybrids (Table 2). A high de-
gree of skewness of the sampling probability distribution obtained during cross-validation
process for SCA prediction was observed (Figure 2); consequently, the mean and median
might not describe the most probable values obtained from 2000 simulations. The cor-
relation values for SCA predictions varied from 0.50 to 0.88. In addition, the correlation
magnitude varied according to the level of unbalance. The mean and median for SCA pre-
dictions ranged from 0.39 to 0.54 and 0.44 to 0.63, respectively, within 2000 simulations.
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Figure 2. Probability distribution of correlation values between observed specific combining ability and predicted
specific combining ability obtained along 2000 simulations in maize double-cross hybrids.

The double-cross hybrids with the greatest predicted means obtained throughout the
cross-validation process were coincident with the superior observed hybrids considering a selec-
tion intensity of 20% (Figure 3); i.e., among nine predicted hybrid candidates for selection, four
were coincident with the nine best hybrids, including the first and second most productive hy-
brids (36 and 5). This finding supports Bernardo’s (1996) argument about magnitude of correla-
tion in the prediction process and probability of selection of the best genotype. The best hybrids
in this case would be selected, even with 31% of selection efficiency, according to Hamblim and
Zimmermann’s (1986) coefficient. In addition, it was noted that among the selected hybrids,
the observed phenotypic means were outside of the confidence interval, considering a 5% prob-
ability. An exception was noted for hybrid 14; the predicted mean was identical to the observed
mean, demonstrating that it is possible to obtain predictions very close to the true values.
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Figure 3. Probability distribution of the predicted values for the unbalanced double-cross hybrids obtained along
2000 simulations and coincident with the nine larger values of grain yield and specific combining ability (SCA)
considering 20% selection intensity.

The hybrids with the greatest predicted SCA obtained during the cross-validation
process and that were coincident with the highest observed SCA are shown in Figure 3.
Although the selection efficiency was 44% for these hybrids, the highest SCA was not ob-
served among them; the SCA between single-crosses SC6 and SC7, which gave rise to
double-cross 36, was not among the selected hybrids. However, the second most productive
hybrid (DC5) was included among the hybrid candidates for evaluation. Two of five hybrids
had observed SCAs outside the predicted confidence interval.

DISCUSSION

Schrag et al. (2009) using several prediction methods, including what we used here,
observed that predictions explained from 16 to 46% of the genetic variance. We also found
that taking into account the genetic variance, the predictions explained from 8 to 31% of the
genetic variance; in some cases, the R? was larger than that obtained by Schrag et al. (2009),
using BLUP + pedigree + phenotypic values (R* = 24%)).

High prediction efficiency for SCA was observed mainly when a low level of unbal-
ance was applied (R? = 77.4%). Consequently, the prediction method proposed by Bernardo
(1994) could be also applied to double-cross maize hybrids even if there is no prior informa-
tion about inbred lines or single-cross hybrid performance. This method presented satisfac-
tory prediction ability based merely on the double-cross hybrid performance and measures of
similarity-by-descent obtained with microsatellite markers.

In the prediction process, the breeder seeks prediction values with maximum likeli-
hood of future values, namely, those with the greatest probability of occurrence. The prob-
ability distribution of futures values can be obtained through a cross-validation process, as we
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demonstrated here. Throughout this process, we observed that the expected values were not
coincident with the most probable future values due to skewness of the probability distribu-
tion. In these cases, some authors have proposed the use of medians or modes of the frequency
distribution. According to Dalenius (1965) the mode is applied in some situations, such as the
measure of position in asymmetric distributions, in order to express the most probable value of
a probability distribution, especially when the goal of the inference is related to the prediction
of future values. Likewise, Bickel (2002, 2003) argues that the mode is more robust than the
mean and the median in cases of asymmetric probability distributions. Since in hybrid predic-
tion, one of the breeder’s objectives is to suggest genotype candidates for future evaluations,
the use of the mode for a one-modal frequency distribution might be more reliable.

When we look at the number of parental predictors, neither restriction was applied
during the cross-validation process; in some situations the whole set of 10 single-cross hybrids
was used as a parental predictor and in others only six single-cross hybrids were used as pre-
dictors, mainly when 30 double-cross hybrids were unbalanced. This kind of simulation could
reflect real situations of random unbalance obtained in field crosses. Nonetheless, some recent
papers have proposed using more predictor parentals in the cross-validation process in order
to increase the prediction efficiency (Vuylsteke et al., 2000; Schrag et al., 2006). Although this
procedure increases the prediction efficiency, it does not resolve the breeder’s need to predict
non-evaluated crosses even when their genitors are not among the set of appraised hybrids.
Schrag et al. (2009) observed that the predicted difference between considering all inbred lines
or not in the cross-validation process was marginal.

In our study, the correlation between predicted and observed means was similar to
that reported by Jenkins (1934) (r = 0.61-0.76). However, the simulation was more restrictive
than that used by Jenkins. We utilized a set of disconnected commercial single-cross hybrids
derived from different backgrounds and employed with an unbalanced level of up to 67%.
Even under these circumstances, the method proposed by Bernardo (1994) was robust in the
prediction of double-cross hybrids mainly for specific combining ability predictions. We con-
clude that it is possible to predict double-cross hybrids performance under different levels of
unbalance without any prior information about parental inbreed lines or single-cross hybrid
performance.
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