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Abstract: Recent advances in maize doubled haploid (DH) technology have enabled the development
of large numbers of DH lines quickly and efficiently. However, testing all possible hybrid crosses
among DH lines is a challenge. Phenotyping haploid progenitors created during the DH process could
accelerate the selection of DH lines. Based on phenotypic and genotypic data of a DH population and
its corresponding haploids, we compared phenotypes and estimated genetic correlations between the
two populations, compared genomic prediction accuracy of multi-trait models against conventional
univariate models within the DH population, and evaluated whether incorporating phenotypic
data from haploid lines into a multi-trait model could better predict performance of DH lines. We
found significant phenotypic differences between DH and haploid lines for nearly all traits; however,
their genetic correlations between populations were moderate to strong. Furthermore, a multi-
trait model taking into account genetic correlations between traits in the single-environment trial
or genetic covariances in multi-environment trials can significantly increase genomic prediction
accuracy. However, integrating information of haploid lines did not further improve our prediction.
Our findings highlight the superiority of multi-trait models in predicting performance of DH lines in
maize breeding, but do not support the routine phenotyping and selection on haploid progenitors of
DH lines.

Keywords: multi-trait model; genomic prediction; doubled haploid line; haploid line; genetic correlation;
DH-line-based hybrid breeding

1. Introduction

The doubled haploid (DH) technology based on in vivo haploid induction has become
one of the most important tools in maize breeding during the past two to three decades [1],
and it has been widely adapted in public and private maize breeding programs all over the
world [2]. The technology samples the segregating gametes of source germplasm, usually a
biparental cross, and produces completely homozygous lines within two growth seasons [3].
This greatly accelerates line development and reduces its cost, relative to the conventional
method of recurrent selfing of segregating materials for six to eight generations to reach the
desired level of homozygosity.

A typical DH-line-based hybrid breeding scheme includes a first stage of selection
among the DH lines per se followed by one or several stages of testcross hybrid selection [4].
Although the DH technology enables fast and efficient development of pure lines, generat-
ing large numbers of DH lines from two opposite heterotic pools results in a tremendous
number of possible hybrid combination crosses that need to be tested in multi-environment
field trials. This imposes great challenges in field testing with limited budgets and therefore
may counterbalance its potential in accelerating hybrid development. Genomic prediction
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using genome-wide DNA-based molecular markers can be used to predict the field perfor-
mance of DH lines per se or in hybrids without a need to grow them all in the field. This
enables plant breeders to pick a subset of the best candidate, target a limited number of the
best potential crosses to make, and finally evaluate them in multi-environment field trials.
In addition, since each DH line is derived from a haploid plant whose chromosomes can be
doubled spontaneously or by applying chemical treatment such as colchicine, the selection
of DH lines could be conducted when they are still haploids in the previous generation,
further speeding up breeding cycles. Geiger et al. [4] found moderate to strong performance
correlations between haploid and DH lines and that preselection at the haploid level could
potentially result in improved per se performance at the DH level or at the hybrid cross
level [4,5].

Empirical studies for predicting field performances of DH lines using genomic pre-
diction have been reported in maize [6-9]. These studies demonstrated the usefulness of
genomic prediction for preselection of DH lines in the early stage of a breeding pipeline.
However, most studies used a relatively small number of yield-related or agronomic
traits and predicted each trait separately using conventional univariate models. This ne-
glects any genetic correlations between traits or between haploid and DH lines (although
Wang et al. [8] also modeled the genotype by environment interaction, which is a special
case of the multi-trait model). The genetic correlation is a measure of association between
breeding values of individuals for a pair of quantitative traits [10]. The observed pheno-
typic covariance between a pair of quantitative traits can be partitioned into genetic and
environmental components. Thus, the genetic correlation provides a genetic basis for the
multi-trait genomic prediction. Breeders commonly collect phenotypic data on many traits
and in multiple environments. Multi-trait genomic prediction models can take into account
(1) the genetic correlation between traits, which enables prediction of traits that are difficult
to measure directly; (2) genetic correlations of the same trait across environments, which
can increase efficiency in multi-environment trials; and (3) genetic correlations between
DH and haploid lines, which can borrow information from the haploid level to predict DH
lines.

In this study, we analyzed phenotypic and genotypic data of a DH population derived
from a biparental cross, and phenotypic data of haploid lines created from the DH lines. In
both populations, a total of 35 traits, including 17 agronomic traits and 18 stalk quality traits,
were evaluated in four environments. Our objectives were to (1) characterize phenotypes of
the 35 traits in the DH and corresponding haploid populations; (2) estimate phenotypic and
genotypic correlations between the DH and haploid lines; (3) compare genomic prediction
accuracies of multi-trait models using agronomic traits to predict stalk quality traits in a
single-environment trial or across multi-environment trials against conventional univariate
models; and (4) evaluate whether including information of haploid lines for predicting DH
lines could further improve the prediction accuracy over using DH lines alone.

2. Results
2.1. Characterizing Phenotypes of 35 Traits in DH and Corresponding Haploid Populations

In both the DH and haploid populations (Figure S1), a total of 35 phenotypic traits were
evaluated in four environments: BJ2013, S]Z2013, BJ2014, and SJZ2014 (see Methods). These
include nine stalk quality traits (contents of acid detergent fiber (ADF), ash (ASH), cellulose,
crude protein (CP), crude fat (FAT), in vitro dry matter digestibility (IVDMD), lignin,
neutral detergent fiber (NDF), and water soluble carbohydrate (WSC)), nine agronomic
traits (rind penetrometer resistance measured at the middle of the internode (RPR), fresh
weight of the internode (FreshWeight), dry weight of the internode (DryWeight), internode
diameter, and internode length) measured from both the fourth internode above ground
(FI) and the internode under the primary ear (EI), and seven agronomic traits (dry weight,
ear height, fresh weight, leaf angle, leaf length, leaf width, and plant height) evaluated
from the whole plant (WP) (Table S1).
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Counts

We observed significant differences between means of the DH and haploid populations
for all traits except the content of ash (FI::ASH) and crude fat (FI::FAT) measured from the
fourth internode above the ground (Figure 1, Table S1). We further examined whether one
population has greater dispersion than the other population for those traits using coefficient
of variation, which measures the standard deviation normalized by the mean. We found
that the haploid population showed greater dispersions for 13 of the 17 agronomic traits
(p = 0.012, Figure S2) based on a t-test. The DH population showed larger dispersion for
11 of the 18 stalk quality traits; however, the mean difference was not significant (p = 0.11,
Figure 52).
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Figure 1. Phenotypic value distributions of the DH and haploid populations for each of the 35 traits.
For each trait, histograms of the two populations were plotted independently and based on all
phenotypic values across four environments. The t-test was applied to test the mean difference
between the two populations for each trait, for which *** = significant at p < 0.001, ** = significant at
p <0.01, * = significant at p < 0.05, and NS = not significant.

2.2. Phenotypic and Genetic Correlations between DH and Haploid Lines

To estimate phenotypic and genetic correlations between DH lines and their corre-
sponding haploids, we performed a bivariate analysis for each of the 35 traits in BJ2014
and SJZ2014, which were the two environments with the most complete datasets (see
Methods). In BJ2014, phenotypic and genetic correlations of the 35 traits ranged from 0.06
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to 0.63 (median = 0.38) and 0.21 to 0.89 (median = 0.71), respectively (Table 1). In SJZ2014,
phenotypic and genetic correlations ranged from 0.06 to 0.64 (median = 0.34) and 0.14 to
0.91 (median = 0.71), respectively.

Table 1. Phenotypic (rp ) and genotypic (rg ) correlations between DH and corresponding haploid
populations for the 35 traits evaluated from the internode under the primary ear (EI), the fourth
internode above the ground (FI), and the whole plant (WP) in BJ2014 and SJZ2014. h%) and h%i
represent narrow-sense heritability of DH and haploid populations, respectively.

BJ2014 SJZ2014
Trait 12 2 rp rG 2 hZ rp rG
Agronomic Traits
EL:DryWeight 0.37 0.32 0.35 0.72 0.39 0.28 0.42 0.72
EIL:FreshWeight 0.45 0.38 0.40 0.77 0.53 0.39 0.48 0.82
El::InternodeDiameter 0.26 0.26 0.31 0.62 0.46 0.37 0.42 0.80
El:InternodeLength 0.37 0.37 0.38 0.77 0.48 0.47 0.48 0.79
EL:mRPR 0.21 0.20 0.09 0.21 0.56 0.53 0.51 0.88
FI::DryWeight 0.29 0.22 0.24 0.57 0.47 0.42 0.44 0.78
FI::FreshWeight 0.36 0.25 0.34 0.63 0.54 0.45 0.51 0.83
Fl::InternodeDiameter 0.25 0.32 0.27 0.62 0.45 0.45 0.41 0.80
FI::InternodeLength 0.54 0.32 0.38 0.73 0.41 0.27 0.32 0.57
FI::mRPR 0.39 0.44 0.40 0.79 0.61 0.44 0.50 0.86
WP::DryWeight 0.36 0.44 0.44 0.78 0.54 0.51 0.59 0.88
WP::EarHeight 0.64 0.47 0.55 0.83 0.52 0.59 0.59 0.83
WP::FreshWeight 0.44 0.41 0.46 0.78 0.62 0.51 0.61 0.89
WP::LeafAngle 0.60 0.61 0.48 0.85 0.70 0.51 0.42 0.76
WP::LeafLength 0.66 0.56 0.63 0.89 0.58 0.64 0.64 0.91
WP::LeafWidth 0.36 0.36 0.46 0.79 0.30 0.41 0.34 0.66
WP::PlantHeight 0.53 0.43 0.52 0.82 0.49 0.57 0.54 0.80
Stalk quality traits
EI::ADF 0.32 0.32 0.41 0.71 0.37 0.39 0.37 0.64
EL::ASH 0.22 0.25 0.22 0.53 0.33 0.26 0.33 0.59
EL:Cellulose 0.14 0.20 0.14 0.30 0.26 0.27 0.30 0.52
EL:CP 0.31 0.29 0.36 0.72 0.32 0.24 0.28 0.52
EL::FAT 0.21 0.20 0.19 0.43 0.24 0.16 0.15 0.32
EL::IVDMD 0.30 0.27 0.42 0.71 0.34 0.31 0.31 0.53
ElL:Lignin 0.26 0.24 0.34 0.59 0.35 0.26 0.23 0.55
EL:NDF 041 0.36 0.53 0.79 0.37 0.29 0.34 0.62
EL::WSC 0.29 0.28 0.38 0.67 0.27 0.21 0.27 0.45
FI::ADFE 0.39 0.40 0.49 0.81 0.36 0.31 0.29 0.59
FI::ASH 0.17 0.24 0.21 0.46 0.23 0.26 0.19 0.37
FI::Cellulose 0.22 0.30 0.30 0.64 0.29 0.30 0.30 0.53
FI.:CP 0.28 0.28 0.27 0.56 0.32 0.28 0.23 0.49
FI.:FAT 0.17 0.22 0.06 0.26 0.19 0.15 0.06 0.14
FI..IVDMD 0.39 0.34 0.50 0.80 0.40 0.34 0.29 0.60
FI::Lignin 0.20 0.20 0.25 0.47 0.38 0.29 0.22 0.47
FI.:NDF 0.40 0.35 0.51 0.79 0.39 0.29 0.31 0.63
FI.:WSC 0.24 0.27 0.34 0.65 0.32 0.28 0.32 0.62

We further compared genetic correlations within tissues (i.e., EL, FI, and WP) in each
environment and found generally higher genetic correlations for agronomic traits than for
stalk quality traits in SJZ2014 across all tissues (Figure S3). In BJ2014, however, agronomic
and stalk quality traits showed similar genetic correlations between DH and haploid lines,
except for agronomic traits measured from WP that were much higher than those from EI
or FL.

In BJ2014, narrow-sense heritability (hereafter heritability) of the 35 traits ranged
from 0.14 to 0.66 and from 0.20 to 0.61 in the DH and corresponding haploid populations,
respectively (Table 1). In S5]Z2014, the heritability of the 35 traits ranged from 0.19 to 0.70
and from 0.15 to 0.64 in the DH and haploid populations, respectively. There was no
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significant difference in heritability between DH and corresponding haploid population
for agronomic traits (p = 0.13) or for stalk quality traits across environments (p = 0.19).
However, we observed that agronomic traits generally had higher heritability than stalk
quality traits in both environments (Figure 54).

2.3. Characterization of Genomic Segment Composition of DH Lines

To visualize the genetic composition of DH lines in terms of parental haplotypes, we
reconstructed and characterized recombination events on each chromosome of DH lines
using the maizeSNP3K chip, which is a subset of the Illumina MaizeSNP50 BeadChip [11].
We found that very long genomic segments with hundreds of millions of base pairs in
length or even entire chromosomes were transmitted from parental lines to DH lines
(Figure 2a). Median recombination events per chromosome across DH lines ranged from
two to four for eight chromosomes; however, chromosomes 1 and 5 showed median value
of six recombination events (Figure 2b). Some lines even had zero recombination on
some chromosomes. However, maximum number of observed recombination events per
chromosome ranged from 33 to 77 across 10 chromosomes, likely in the unknown number
of DH lines developed from individuals that experienced larger numbers of generations of
recurrent selfing.
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Figure 2. Characterization of genomic segment composition of DH lines: (a) reconstructed recombi-
nation events in DH lines on each chromosome. The red color marks genotypes of DH lines identical
to the parental line Chang7-2, whereas the blue color marks genotypes identical to the other parent,
Zheng58. Black bars at the bottom of each chromosome plot indicate the physical positions of SNP
markers. (b) Number of inferred recombination per chromosome events across all DH lines.

2.4. Genomic Prediction of Stalk Quality Traits Evaluated in the DH Population
2.4.1. Single-Environment Prediction in the DH Population

To simulate the case in which a breeding program can afford only one location, we
performed genomic prediction in each individual environment, leaving out the possible in-
formation available from other environments. We compared univariate models taking each
trait individually (fitting with GBLUP and BayesB models) to multi-trait models that consid-
ered all traits at once (fitting with MegaLMM method). For multi-trait genomic prediction,
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we considered the “trait-assisted” scenario where the key “focal” traits were measured
for a subset of DH lines, but some “secondary” traits were measured for all DH lines.
We considered stalk quality traits as focal traits and agronomic traits as secondary traits,
because all the agronomic traits in our study can be directly measured in the field, while
stalk quality traits require complex chemical experiments in the laboratory or calibration of
near-infrared spectroscopy (NIRS) models. We applied CV2-style cross-validation [12] to
evaluate model accuracy: all agronomic traits of all DH lines and stalk quality traits of a
subset of DH lines were used for model training, and stalk quality traits of the remaining
DH lines were predicted and used for model validation. Since the focal and secondary
traits were measured on the same plots and therefore shared the same nongenetic sources
of variation, the prediction accuracy of each model was estimated as the genetic correlation
(cor (a, a)) between observed and predicted genotypic values multiplied by square root
of estimated heritability [13], instead of the more traditional Pearson’s correlation (cor(y,
a)/ sqrt(hZ)). Estimated prediction accuracies of multi-trait models fit with MegaLMM were
significantly higher than both univariates model for 11 (BJ2013), 6 (BJ2014), 7 (S5]J22013), and
15 (SJ22014) stalk quality traits in the four environments (Figure 3) based on the corrected
resampled f-test [14]. Between the two univariate models, BayesB showed no significant
difference in prediction accuracy compared to GBLUP.
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Figure 3. Distribution of prediction accuracies of the 18 stalk quality traits in the DH population
across 20 resampling runs of cross-validation. The corrected resampled t-test was applied to test
differences in prediction accuracy between the GBLUP, BayesB, and MegaLMM (multi-trait) models.
Significance levels are indicated above each box, with *** significant at p < 0.001, ** significant at
p <0.01, and * significant at p < 0.05.

2.4.2. Multi-Environment Prediction in the DH Population

To take advantage of information available from other environments and to simulate
the case of multi-environment evaluation of DH lines in breeding practice, we applied
multi-trait prediction models to predict each of the stalk quality traits in the DH population.
Four different multi-trait linear mixed models (D-D, D-UN, UN-D, and UN-UN) were used
in our study. For each model, the uppercase letters before and after the hyphen represent
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genetic and residual covariance structures, with D = diagonal and UN = unstructured.
The diagonal model (D-D) assumes no genetic and residual covariance among locations,
and therefore it is equivalent to a single-environment model. In addition, we also fitted
the multi-trait model using MegaLMM, which fits a factor-analytic covariance structure
for both genetic and residual covariances but uses a novel prior structure for the factor
loadings to increase efficiency and power.

We compared prediction accuracies of different multi-trait models using the prediction
accuracy from GBLUP in the single-environment model (D-D) as a baseline. Here, we
estimated prediction accuracy as cor (y, &), because the phenotypes of stalk quality traits of
the same genotypes were collected from individuals grown in different environments [13].
We found that there was no significant difference between the D-UN and D-D models for all
traits in all environments (Figure 4), and almost all other multi-trait models outperformed
their counterpart single-environment models (i.e., D-D) in at least three environments for
all traits, except for crude fat (EL::FAT and FI::FAT) and lignin (EI:lignin).
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Figure 4. Distribution of prediction accuracies of the 18 stalk quality traits in the DH population
across 20 resampling runs estimated by multi-trait models. For each model, the uppercase letters
before and after the hyphen represent genetic and residual covariance structures: D = diagonal
and UN = unstructured. The corrected resampled t-test was applied to test difference in prediction
accuracy between the diagonal (D-D) and other multi-trait model, and significance levels are indicated
above each box, with *** significant at p < 0.001, ** significant at p < 0.01, and * significant at p < 0.05.

2.4.3. Prediction of DH Phenotypes with Both DHs and Haploids in a
Single-Environment Trial

Since each DH line is derived from one haploid plant, Geiger et al. [4] suggested
that preselection of haploid plants could result in improved per se performance at the
DH level. The question that we explored was whether adding the possible information
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available from haploid lines could improve the prediction accuracy of DH lines compared
to using DH data alone. To this aim, we compared prediction accuracies of stalk quality
traits of DH lines estimated from agronomic traits of DH lines and all traits of haploid lines
(DH + Hap-based analysis) with those estimated from agronomic traits of DH lines only
(DH-based analysis) in the context of a single-environment trial.

For DH + Hap-based genomic prediction, in each environment, we treated the 18 stalk
quality traits of the DH population as focal traits and agronomic traits of DH and all traits
of haploid populations as secondary traits, fitted the multi-trait model with MegaLMM,
and used the CV2-style cross-validation procedure as described before. We found that no
trait showed significant difference in prediction accuracy between DH + Hap-based and
DH-based predictions (Figure 5).
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Figure 5. Distribution of prediction accuracies of the 18 stalk quality traits of the DH population across
20 resampling runs estimated by multi-trait models with MegaLMM in single-environment trials.
The corrected resampled t-test was applied to test difference in prediction accuracy between DH-
population-based (DH-based) and DH and haploid populations-based (DH + Hap-based) genomic
predictions.

2.4.4. Prediction of DH Phenotypes with Both DHs and Haploids in
Multi-Environment Trials

The availability of phenotypic data of both DH and haploid lines in different envi-
ronments enabled us to further explore whether DH + Hap-based analysis could improve
prediction accuracy of DH lines compared to DH-based analysis in the context of multi-
environment trials. In the DH + Hap-based analysis, for predicting each stalk quality trait
of DH lines, different environments were treated as different traits and various genetic and
residual covariance structures were considered in multi-trait models. Both DH and haploid
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lines data were used for model training; however, only the DH lines were used for model
validation. Since the UN-UN (unstructured genetic and residual covariance structures)
model was difficult to converge due to increased numbers of parameters compared to
fitting DH data alone, we used the factor-analytic method to model genetic covariance
structures (i.e., FA-D and FA-UN). We used cor (y, &) to estimate prediction accuracy since
each experiment unit was phenotyped from different individuals, and the prediction ac-
curacy was calculated across environments. We found that only one stalk quality trait
(FI::Lignin) showed significantly improved prediction accuracy in the DH + Hap-based
analysis compared to the DH-based analysis (Figure 6).
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Figure 6. Distribution of prediction accuracies of the 18 stalk quality traits in the DH population
across 20 resampling runs estimated by multi-trait models in multi-environment trials. For each
multi-trait model, the uppercase letters before and after the hyphen represent genetic and residual
covariance structures: D = diagonal, UN = unstructured and FA = factor-analytic. The corrected
resampled t-test test was applied to test difference in prediction accuracy between DH-population-
based (DH-based) and DH and haploid populations-based (DH + Hap-based) genomic predictions
across environments. Significance levels are indicated above each box, with * significant at p < 0.05.

3. Discussion

In maize, DH technology can develop pure lines quickly and efficiently from two
opposite heterotic pools, resulting in a tremendous number of possible hybrid crosses
to be tested in multi-environment field trials (e.g., given 100 DH lines from each of the
two opposite heterotic pools, 100 x 100 = 10,000 possible hybrid crosses). This imposes
great challenges in field testing with a limited budget and therefore may counterbalance its
potential in accelerating hybrid development. As a solution, plant breeders can select their
best candidate DH lines beforehand in order to make only a limited number of promising
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hybrid crosses and evaluate them intensively in multi-environment field trials. In this study,
we compared two possible strategies for selecting the best candidate DH lines, namely,
phenotypic selection at the haploid level and genomic prediction of unphenotyped DH
lines based on whole-genome molecular markers.

Genetic correlations between traits measured in DH and corresponding haploid lines
are indicators of achieving selection gain at the DH level from preselection at the haploid
level [4]. Geiger et al. [4] estimated genetic correlations between haploid and DH lines in
three material sets across four locations and found that estimated genetic correlations of
early vigor, silking, plant height, and stover weight per plant ranged between 0.57 and
0.89. In our study, we estimated genetic correlations between haploid and DH lines in
two locations (BJ2014 and S]Z2014) separately, and found that the genetic correlations of
agronomic traits ranged between 0.57 and 0.89 in BJ2014 (after excluding one possible
outlier of 0.21 for EI::RPR) and ranged between 0.57 and 0.91 in SJZ2014 (Table 1). The
genetic correlations between haploid and DH lines for agronomic traits were similar to
that estimated by Geiger et al. [4], although the stalk quality traits showed lower genetic
correlations between DHs and haploids in our study.

In the context of phenotypic selection, the expected selection gain in DH lines from in-
direct selection of haploid lines can be predicted from the formula Rp = inr 4(p,y)hH0A(D),
where i is selection intensity in the haploid population, i1y is the square root of narrow-
sense heritability in the haploid population, 04 (p) is standard deviation of additive effect
in the DH population, and r 4(p p) is additive genetic correlation between DH and haploid
populations. The expected selection gain in the DH population with direct selection can be
predicted from the formula Rp = iDhDUA(D)/ where ip, hp, and Ua(D) are selection inten-
sity, square root of narrow-sense heritability, and standard deviation of additive effect in
the DH population, respectively. Therefore, assuming the same selection intensity, indirect
selection would be more efficient than direct selection, when the secondary trait (haploid
population) is highly heritable and highly correlated to the primary trait (DH population),
e, 14D, H)h H > hp [15]. Since there was no significant difference in heritability between
DH and corresponding haploid populations for agronomic traits or for stalk quality traits
in our study, indirect selection of haploid lines would be less efficient than direct selection
of DH lines using phenotypic evaluations.

Genomic prediction based on whole-genome molecular markers is another strategy
for selecting the best DH line candidates without a need to phenotype all DH lines in
the field trials. Agronomic traits can be directly measured in the field and showed high
heritability. However, stalk quality traits take more effort to measure and showed lower
heritability in our study. In the scenario of a single-environment trial with the DH popula-
tion, we simulated the case where all DH lines are measured for agronomic traits but only
a subset of DH lines are measured for stalk quality traits. We found that when integrating
the agronomic traits in multi-trait models to predict unphenotyped stalk quality traits,
prediction accuracy was significantly increased in comparison with using stalk quality
traits alone with traditional univariate GBLUP or BayesB models. Further, in the genomic
prediction of multi-environment trials within the DH population, we found that accounting
for genetic covariance among locations (i.e., UN-D, UN-UN, and MegaLMM models in
Figure 4) could significantly improve prediction accuracy compared to predicting each
environment separately (i.e., D-D model); however, considering the residual covariance
among locations (i.e., UN-D model) showed no significant difference in prediction accuracy
compared to the single-environment prediction. Mathew et al. [16] reported that the UN-D
model had similar prediction accuracy to the UN-UN model in presence of strong genotype
by environment interaction. Recent genomic prediction studies [17-19] in different crop
species generally suggested that modeling unstructured genetic covariance (UN) improved
prediction accuracy compared to the models with diagonal homogeneous or heteroge-
neous genetic covariances. Overall, we concluded that considering genetic correlation
among traits in single-environment trials as well as genetic covariance among locations can
improve genomic prediction accuracy compared to traditional univariate models.
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When using agronomic traits assessed from all DH lines to predict stalk quality traits
evaluated only in a subset of DH lines, we borrowed the information from DH lines that
were phenotyped for agronomic traits but were not phenotyped for stalk quality traits.
Further, it is possible to borrow information from corresponding haploid plants/lines to
predict unphenotyped DH lines. Since each DH line is derived from a haploid plant, it
is reasonable to hypothesize that including the phenotypic information of the haploid
plants in genomic prediction could improve prediction accuracy of DH lines compared to
using DH lines alone. We used haploid lines created by crossing DH lines with a haploid
inducer to test this hypothesis. In the context of single-environment prediction, we added
agronomic and stalk quality traits of all haploid lines into the training model to predict stalk
quality traits of DH lines that were not phenotyped. In the multi-environment prediction,
for predicting stalk quality traits of DH lines, we treated phenotypes of both DH lines and
haploid lines in each of the four environments as different traits. However, we found very
limited improvement in prediction accuracy between the DH + Hap-based and DH-based
predictions in both single-environment and multi-environment analyses (Figures 5 and 6).
In addition, in the standard procedure of DH line production, each DH line is derived from
a single haploid plant, and therefore plant breeders can only phenotype one haploid plant,
rather than haploid lines, to predict corresponding DH lines, which would dramatically
decrease the heritability and accuracy of phenotypic evaluation of the haploid population.
In summary, preselection of haploid plants shows no benefits in phenotypic selection, and
adding haploid information shows very limited merits in genomic prediction of DH lines.
Nevertheless, according to Geiger et al. [4], haploid lines can more effectively uncover
susceptibility to diseases and environmental constraints compared to corresponding DH
lines or testcrosses. Plant breeders may create haploid versions of superior DH lines and
evaluate these haploid lines per se in specific stress-prone environments in the final testcross
selection stage.

The development of Inbred lines by recurrent selfing for hybrid breeding was first
reported by George Shull in 1908, and single-cross hybrids replaced the earlier double-
cross varieties in the U.S. in the 1960s [20]. The DH technology based on in vivo haploid
induction for line development has become one of the most important tools in maize
breeding in the last two to three decades [3]. Although DH lines are considered no different
from traditional inbred lines when used for making hybrid crosses, they do have different
genomic compositions of founder haplotypes and different homozygosity levels when
beginning to be used for testcrossing. Since DH lines are commonly developed from the F;
of two parents that have complementary favorable phenotypes, we observed that most of
the DH lines had very limited numbers of recombination events on each chromosome, and
very large genomic segments with hundreds of millions of base pairs in length or even entire
chromosomes were transmitted from parental lines to DH lines (Figure 2). In comparison,
inbred lines obtained with six to eight generations of selfing segregating materials have
many more recombinations per chromosome and therefore much smaller genomic segments
inherited from parental lines. Considering that linkage disequilibrium is an important
source of genetic correlation [21], inbred lines developed by selfing may have different
landscape of genetic correlations between traits or genetic correlations between lines and
testcross hybrids. In hybrid breeding schemes with conventional line development, plant
breeders can make testcrosses for selecting best lines as early as in the F,.3 generation,
and therefore the selected lines are still subject to segregation due to continuous selfing
before reaching the desired degree of homozygosity. In contrast, DH lines reach complete
homozygosity in one step. The speed and efficiency of DH technology for line development
are offset by great numbers of DH lines that are produced without any preselection. We
illustrated that preselection of haploid plants is less efficient than direct selection of DH lines
using the phenotypic selection. We also proved that taking into account genetic correlation
between traits in the single-environment trials or modeling genetic covariance in multi-
environment trials can significantly improve genetic prediction. However, integrating
additional information of haploid lines does not gain further improvement in accuracy. In
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the future, more advanced genomic prediction methods that could further take into account
the special properties of line development with the DH technology should be developed
for DH-line-based hybrid breeding.

4. Materials and Methods
4.1. Plant Materials and Field Experiments

Two elite maize inbred lines, Zheng58 and Chang?7-2, were used as parents for con-
structing a DH population with approximately 200 lines. Most of the lines of the DH
population were developed from the F; generation, but some DH lines were also devel-
oped from individuals from higher generations of recurrent selfing. However, the detailed
pedigree of these DH lines was not recorded. The DH population was crossed with a
haploid inducer line, CAUS5 [22], to generate a corresponding haploid population. The field
experiments were performed in four environments (i.e., 2 years x 2 locations), namely,
in 2013 and 2014 at Shangzhuang experimental station (Beijing, China; denoted BJ2013
and BJ2014) of China Agricultural University, and Shijiazhuang experimental station (Shi-
jlazhuang, China; denoted SJZ2013 and SJZ2014) of Hebei Academy of Agriculture and
Forestry Sciences. In each environment, the two populations were planted adjacently to
reduce the influence of field heterogeneity, and each population was arranged following a
randomized complete block design with two replications. In each block, plants were sown
in single rows, 3 m long, with a density of 60,000 plants/ha.

4.2. Phenotype Evaluation and Analysis

In each population, three randomly selected plants in each plot were used for phe-
notypic trait evaluation. A total of 35 phenotypic traits were measured in each field trial,
which included 9 stalk quality traits and 5 agronomic traits measured from both the fourth
internode above the ground (FI) and the internode under the primary ear (EI), and 7 agro-
nomic traits measured from the whole plant (WP). The 9 stalk quality traits included
contents of acid detergent fiber (ADF), ash (ASH), cellulose, crude protein (CP), crude
fat (FAT), in vitro dry matter digestibility (IVDMD), lignin, neutral detergent fiber (NDF),
and water soluble carbohydrate (WSC). The 5 agronomic traits measured from FI and EI
included rind penetrometer resistance measured at the middle of the internode (RPR), fresh
weight of the internode (FreshWeight), dry weight of the internode (DryWeight), internode
diameter, and internode length. The 7 agronomic traits measured from the WP included
dry weight, ear height, fresh weight, leaf angle, leaf length, leaf width, and plant height.
Details of phenotyping the stalk quality traits and agronomic traits were described by Hu
et al. [23] and Meng et al. [24], respectively.

Within each environment, for the DH population and haploid population separately, a
univariate linear mixed was fitted using the sommer package [25]:

yij:y+Gi+Bj+eij

where y;; is the plot mean of phenotypic value of genotype i in block j, y is the overall
mean, G; is the random effect of line [, B; is the fixed effect of block j, and € is the residual.
G;~N(0, cré), e;i~N(0, 02). After the model fitting, the random effects of genotypes (i.e., iid.
BLUPs) were extracted for downstream analysis.

4.3. Genotype Analysis

The DH population was genotyped with the maizeSNP3K chip (3072SNPs), which
is a subset of the Illumina MaizeSNP50 BeadChip [11]. The details of genotyping were
described by Meng et al. [24]. SNPs were selected using the following criteria: (i) minor
allele frequency (MAF) > 5%; (ii) maximum site missing rate < 20%; (iii) maximum site
heterozygosity rate < 10%; (iv) maximum individual missing rate < 20%; and (v) maximum
rate of individual heterozygous calls < 20%. A total of 1316 markers and 187 lines met these
criteria and were used for further analyses.



Int. . Mol. Sci. 2022, 23, 14558

13 of 17

4.4. Estimation of Phenotypic and Genotypic Correlations between Haploid and Doubled Haploid
(DH) Populations

We estimated phenotypic and genotypic correlation between haploid and DH popula-
tions for each of the 35 traits in BJ2014 and SJZ2014, respectively. The two environments
were selected because both populations have very complete phenotypic data. Numbers of
available genotypes ranged from 173-177 and 151-159 across traits in the DH and haploid,
respectively. We then used medians to substitute missing values for each trait in both
populations and ended up with 187 pairs of genotypes for genetic correlation analysis.

We fitted a bivariate linear mixed model with the BGLR package [26]:

ypo| _ (Xp 0 ||bp Zp 0 |lap €D

L/H} a { 0 XH} [bH} i { 0 ZH} LH} i LH} @
where yp and yy are the column vectors of phenotypic data of DH and haploid populations
for a trait, and bp and by are the column vectors of fixed effects, ay are the column vectors of
random additive genetic effects, and ¢p and ey are the column vectors of residual terms of
DH and haploid population, respectively. Xp /Xy and Zp/Zy are design matrices relating
the fixed and random effects to each genotype. Vectors containing the random effects in
Equation (1) are assumed to follow a bivariate normal distribution, centered at zero, and
with covariance structure Cov(a, a’) = Gy®A, Cov(, ¢') = I®R(, and Cov(g, ¢’) = 0, where
Gp is a2 x 2 genetic covariance matrix between DH and haploid lines, ® is the Kronecker
product, A is the additive genomic relationship matrix, I is an identity matrix, and Ry is a
2 x 2 residual covariance matrix for the DH and haploid populations.

The genotypic correlation was estimated as follows:

UG(D,H
"6(DH) = ~T5 ( )2 )
76(p)\/ 76(H)

For each trait, the phenotypic correlation between the haploid population and the DH
population was estimated as the ratio of the phenotypic covariance to the product of the
square root of the phenotypic variances for the two populations [27]:

(o + 0,
oo = G(D,H) T U¢(D,H) 3)

V%m+@mW@m+@m

where 0 (p ) is genotypic covariance, o, (p ) is residual environmental covariance, and

O'é (D)’ (Té (H)” (782( D)’ and 082( by are genotypic or environmental variances for traits of DH

and haploid, respectively. Since DH lines and haploid lines were planted in different blocks
and they were randomly arranged within each block, residual environmental covariance
between the DH and haploid population for each trait is zero, i.e., 0¢(p p) = 0.

4.5. Graphical Genotypes

Based on the filtered genotypic data (1316 markers across 187 lines), SNP markers
were sorted on each chromosome according to physical positions, marker genotypes were
translated to 0 if identical to Chang7-2 (male parent) and to 1 if identical to Zheng58 (female
parent), and a small proportion of heterozygous genotypes were set as NA (missing)
because these are likely genotyping errors. After the pretreatments, graphical genotypes of
each chromosome were plotted with the geom_rect function implemented in ggplot2 [28],
and the box width was proportional to the physical distance between markers. Marker
genotypes were colored red if identical to the genotype of Chang7-2 and colored blue if
identical to the genotype of Zheng58, and DH lines were sorted according to genotypic
similarity to parental lines. Finally, the physical positions of SNP markers were indicated
at the bottom of the plot of each chromosome. The number of recombinant events on each
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chromosome were also estimated by comparing marker genotypes of each DH line and
those of parental lines.

4.6. Genomic Prediction
4.6.1. Single-Environment Prediction in the DH Population

The objective of single-environment prediction is to simulate the case in which the
breeding program can afford field trials in only one environment. Since the phenotypes of
the DH population were evaluated in four environments, we analyzed each environment
separately, leaving out available information from other environments. To this aim, we
calculated additive genomic relationships with the A.mat function implemented in the
rrBLUP package [29], and then we fitted GBLUP with rrBLUP and the BayesB model with
the BGLR package [26].

To take advantage of available information of all other phenotypes (secondary traits)
to predict the phenotype of interest (focal trait), we fitted a multi-trait model using the
MegalLMM package [30] and used a CV2-style [12] prediction method where secondary
traits of all DH lines were measured but focal traits of some DH lines were not measured.
We considered agronomic traits as secondary traits and stalk quality traits as focal traits
because all the agronomic traits in our study can be directly measured in the field; how-
ever, measurement of the stalk quality traits needs complex chemical experiments in the
laboratory or needs near-infrared spectroscopy (NIRS) calibration models to be built based
on these chemical values. We simulated the case where all DH lines were measured for
agronomic traits but only a subset of DH lines were measured for stalk quality traits.

The prediction accuracy was estimated as cor(a, @) = corq(1,y)+/h2, as described by
Runcie and Cheng [13], and used a 50:50 training: testing partition for cross-validation for
all the three methods. The cross-validation procedure was repeated 20 times with different
random partitions. The corrected resampled t-test [14] was applied to test mean difference
of prediction accuracy between other methods and GBLUP in all genomic prediction
analyses.

4.6.2. Multi-Environment Prediction in the DH Population

The DH population was evaluated in four environments for the 35 traits described
above. For each of these traits, multi-trait models were fitted, treating phenotypes measured
in all environments as different traits. A standard multi-trait linear mixed model was fitted:

y=Xb+Zu+e¢ 4)

where y = (y1', y2/, y3', y4'), u = (ul’, u2’, ud', u4’y, and e = (el’, €2/, v3', e4’y. y1, y2, y3,
and y4 are the column vectors of phenotypic data in each environment; u1, u2, u3, and u4
are the column vectors of random genetic effects in each environment; €1, €2, €3, and ¢4 are
the column vectors of random error terms associated with each environment. X and Z are
design matrices relating the fixed and random effects to each genotype. Vectors containing
the random effects in Equation (4) are assumed to follow a multivariate normal distribution,
centered at zero, and with covariance structure Cov(u, 1') = Gy®K, Cou(e, €') = IQRy, and
Cov(g, ') =0, where Gy is a 4 x 4 genetic covariance matrix, ® is the Kronecker product, K is
the additive genomic relationship matrix, I is an identity matrix, and Rg is a 4 x 4 residual
covariance for the three locations.

Four different multi-trait linear mixed models (D-D, D-UN, UN-D, and UN-UN) were
used in our study, in which Gy and Ry were assumed to have different covariance struc-
tures [12]. For each model, the uppercase letters before and after the hyphen represent
genetic (Gp) and residual (Rg) covariance structures, where D = diagonal and UN = unstruc-
tured. The diagonal model (D-D) assumes no genetic (Gg) and residual (Ry) covariance
among locations, and therefore it is equivalent to predict each environment separately. All
these multi-trait models were implemented using BGLR with parameters of burnln = 5000
and nlter = 20,000. In addition, we also fitted the multi-trait model using the MegaLMM
package [30].
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For all the multi-trait models, we also used the CV2-style cross-validation, which
represents a scheme of prediction of lines that have been evaluated in some but not all
target environments [12]. To mimic the CV2-style cross-validation, we randomly masked
20% of data in each environment for validation and used the remaining 80% of data for
model training. This cross-validation procedure was used to simulate the case in plant
breeding where some genotypes have missing phenotypes in some environments but are
available in other environments. The cross-validation was repeated 20 times with different
random partitions, and the same training and testing data were applied to all the multi-
trait models. The prediction accuracy was estimated as cor(y, 4), where 4 is the estimated
additive genotypic effect.

4.6.3. Use Both DH and Haploid Lines to Predict DH Lines in a Single-Environment Trial

Based on phenotypic data of DH and haploid populations collected in each environ-
ment, we explored a scientific question: whether adding the available haploid information
could improve prediction accuracy of DH lines compared to using DH lines alone. To
answer to this question, we compared prediction accuracies of stalk quality traits of DH
lines estimated from agronomic traits of DH lines and all traits of haploid lines (DH + Hap)
with those estimated from agronomic traits of DH lines only (DH).

We treated phenotypes of agronomic traits of DH lines and all traits of haploid lines
as secondary traits and used 80% of stalk quality traits as focal traits in a multi-trait model
for model training, and the remaining 20% of stalk quality traits of DH lines were used for
cross-validation. The software MegaLMM 0.1.0. was used for model fitting, and prediction
accuracy was calculated in the same way as described above in the single-environment
prediction in the DH population.

4.6.4. Use Both DH and Haploid Lines to Predict DH Lines in Multi-Environment Trials

Availability of phenotypes of both DH and haploid lines evaluated in multiple envi-
ronments allowed us to explore whether using information of both DH and haploid lines
could improve prediction accuracy of DH lines compared to using DH lines alone.

In this analysis, for each trait, multi-trait models were fitted treating phenotypes
measured from both DH and haploid lines in all environments as different traits for model
training, and only masked phenotypic values of 20% DH lines in each environment for
cross-validation. To avoid the issues of nonconvergence for solving mixed-model equations,
we used the factor-analytic (FA) method to model genetic covariance structures to reduce
the numbers of parameters to be estimated. Four regular multi-trait linear mixed models
(D-D, D-UN, FA-D, and FA-UN) and MegaLMM were used for model fitting. The prediction
accuracy was calculated in the same way as described above in the multi-environment
prediction in the DH population.
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population; Figure S2: Comparison of coefficients of variation between DH and haploid population for
agronomic traits and stalk quality traits; Figure S3: Boxplot of phenotypic and genotypic correlation
between DH and haploid populations within tissues for agronomic and stalk quality traits in BJ2014
and SJZ2014; Figure S4: Distributions of narrow-sense heritability of the 35 traits measured in BJ2014
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Author Contributions: D.E.R. and H.H. conceived the research, analyzed the data, and wrote the
manuscript. S.C., W.L. and Y.M. designed the experiments. Y.M. performed the experiments. All
authors were involved in editing the manuscript. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by the National Institute of Food and Agriculture (NIFA)’s
Agriculture and Food Research Initiative (AFRI) competitive grant, grant number 2020-67013-30904.


https://www.mdpi.com/article/10.3390/ijms232314558/s1
https://www.mdpi.com/article/10.3390/ijms232314558/s1

Int. . Mol. Sci. 2022, 23, 14558 16 of 17

The experimental data used in this study were from a project funded by China 87 Agriculture
Research System (CARS02-05).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data and custom scripts utilized in this paper are documented in
the following GitHub repository: https://github.com/hh622/Maize_DH_lines_Multitrait_Prediction
(accessed on 18 November 2022).

Acknowledgments: The authors thank Sen Han from KWS SAAT SE & Co. KGaA and Hongwu
Wang from Chinese Academy of Agricultural Sciences for their valuable advice on data analysis
and editing the manuscript; Haochuan Li and Penghao Wu from China Agricultural University for
providing the DH population. The authors also thank Junhui Li, Jianju Liu, and Wei Li at the China
Agricultural University for helping with phenotypic data collection.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

References

1.  Melchinger, A.E.; Schipprack, W.; Wiirschum, T.; Chen, S.; Technow, F. Rapid and Accurate Identification of in Vivo-Induced
Haploid Seeds Based on Oil Content in Maize. Sci. Rep. 2013, 3, 2129. [CrossRef] [PubMed]

2. Chaikam, V.; Nair, S.K.; Martinez, L.; Lopez, L.A.; Utz, H.F.; Melchinger, A.E.; Boddupalli, PM. Marker-Assisted Breeding of
Improved Maternal Haploid Inducers in Maize for the Tropical /Subtropical Regions. Front. Plant Sci. 2018, 871, 1-14. [CrossRef]
[PubMed]

3. Chaikam, V.; Molenaar, W.; Melchinger, A.E.; Boddupalli, PM. Doubled Haploid Technology for Line Development in Maize:
Technical Advances and Prospects. Theor. Appl. Genet. 2019, 132, 3227-3243. [CrossRef]

4. Geiger, HH.; Gordillo, G.A.; Koch, S. Genetic Correlations among Haploids, Doubled Haploids, and Testcrosses in Maize. Crop
Sci. 2013, 53, 2313-2320. [CrossRef]

5. Valeriu, R. Selection and Breeding Experiments at the Haploid Level in Maize (Zea Mays L.). J. Plant Breed. Crop Sci. 2012, 4, 72-79.
[CrossRef]

6. Brauner, P.C.; Miiller, D.; Schopp, P.; Bohm, J.; Bauer, E.; Schon, C.C.; Melchinger, A.E. Genomic Prediction within and among
Doubled-Haploid Libraries from Maize Landraces. Genetics 2018, 210, 1185-1196. [CrossRef] [PubMed]

7. Li, J.; Cheng, D.; Guo, S.; Yang, Z.; Chen, M.; Chen, C,; Jiao, Y,; Li, W,; Liu, C.; Zhong, Y.; et al. Genomic Selection to Optimize
Doubled Haploid-Based Hybrid Breeding in Maize. bioRxiv 2020. [CrossRef]

8.  Wang, N.; Wang, H.; Zhang, A.; Liu, Y; Yu, D.; Hao, Z.; Ilut, D.; Glaubitz, ].C.; Gao, Y.; Jones, E.; et al. Genomic Prediction across
Years in a Maize Doubled Haploid Breeding Program to Accelerate Early-Stage Testcross Testing. Theor. Appl. Genet. 2020, 133,
2869-2879. [CrossRef] [PubMed]

9. Beyene, Y.; Gowda, M.; Pérez-Rodriguez, P.; Olsen, M.; Robbins, K.R.; Burguefio, J.; Prasanna, B.M.; Crossa, J. Application of
Genomic Selection at the Early Stage of Breeding Pipeline in Tropical Maize. Front. Plant Sci. 2021, 12, 685488. [CrossRef]

10. Hill, W.G. Genetic correlation. In Brenner’s Encyclopedia of Genetics; Elsevier: Amsterdam, The Netherlands, 2013; pp. 237-239.
[CrossRef]

11.  Ganal, M.W,; Durstewitz, G.; Polley, A.; Bérard, A.; Buckler, E.S.; Charcosset, A.; Clarke, ].D.; Graner, E.M.; Hansen, M.; Joets, J.;
et al. A Large Maize (Zea Mays L.) SNP Genotyping Array: Development and Germplasm Genotyping, and Genetic Mapping to
Compare with the B73 Reference Genome. PLoS ONE 2011, 6, €28334. [CrossRef]

12.  Burgueiio, J.; de los Campos, G.; Weigel, K.; Crossa, J. Genomic Prediction of Breeding Values When Modeling Genotype x Envi-
ronment Interaction Using Pedigree and Dense Molecular Markers. Crop Sci. 2012, 52, 707-719. [CrossRef]

13. Runcie, D.; Cheng, H. Pitfalls and Remedies for Cross Validation with Multi-Trait Genomic Prediction Methods. G3 Genes Genomes
Genet. 2019, 9, 3727-3741. [CrossRef]

14. Bouckaert, R.R; Frank, E. Evaluating the replicability of significance tests for comparing learning algorithms. In Advances in
Knowledge Discovery and Data Mining. PAKDD 2004; Lecture Notes in Computer; Springer: Berlin/Heidelberg, Germany, 2004;
Volume 3056, pp. 3-12. [CrossRef]

15.  Xu, S. Quantitative Genetics; Springer Nature Switzerland AG: Cham, Switzerland, 2022; ISBN 9783030839390.

16. Mathew, B.; Léon, J.; Sillanp&d, M.J. Impact of Residual Covariance Structures on Genomic Prediction Ability in Multienvironment
Trials. PLoS ONE 2018, 13, €0201181. [CrossRef]

17.  Malosetti, M.; Bustos-Korts, D.; Boer, M.P.; Van Eeuwijk, F.A. Predicting Responses in Multiple Environments: Issues in Relation
to Genotype x Environment Interactions. Crop Sci. 2016, 56, 2210-2222. [CrossRef]

18.  Montesinos-Lépez, O.A.; Montesinos-Lopez, A.; Crossa, ].; Toledo, EH.; Pérez-Hernandez, O.; Eskridge, K.M.; Rutkoski, J. A

Genomic Bayesian Multi-Trait and Multi-Environment Model. G3 Genes Genomes Genet. 2016, 6, 2725-2774. [CrossRef]


https://github.com/hh622/Maize_DH_lines_Multitrait_Prediction
http://doi.org/10.1038/srep02129
http://www.ncbi.nlm.nih.gov/pubmed/23820577
http://doi.org/10.3389/fpls.2018.01527
http://www.ncbi.nlm.nih.gov/pubmed/30405665
http://doi.org/10.1007/s00122-019-03433-x
http://doi.org/10.2135/cropsci2013.03.0163
http://doi.org/10.5897/jpbcs11.089
http://doi.org/10.1534/genetics.118.301286
http://www.ncbi.nlm.nih.gov/pubmed/30257934
http://doi.org/10.1101/2020.09.08.287672
http://doi.org/10.1007/s00122-020-03638-5
http://www.ncbi.nlm.nih.gov/pubmed/32607592
http://doi.org/10.3389/fpls.2021.685488
http://doi.org/10.1016/B978-0-12-374984-0.00611-2
http://doi.org/10.1371/journal.pone.0028334
http://doi.org/10.2135/cropsci2011.06.0299
http://doi.org/10.1534/g3.119.400598
http://doi.org/10.1007/978-3-540-24775-3_3
http://doi.org/10.1371/journal.pone.0201181
http://doi.org/10.2135/cropsci2015.05.0311
http://doi.org/10.1534/g3.116.032359

Int. . Mol. Sci. 2022, 23, 14558 17 of 17

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.
29.

30.

Hu, H.; Campbell, M.T; Yeats, T.H.; Zheng, X.; Runcie, D.E.; Covarrubias-Pazaran, G.; Broeckling, C.; Yao, L.; Caffe-Treml, M.;
Gutiérrez, L.; et al. Multi-Omics Prediction of Oat Agronomic and Seed Nutritional Traits across Environments and in Distantly
Related Populations. Theor. Appl. Genet. 2021, 134, 4043-4054. [CrossRef] [PubMed]

James Crow 90 Years Ago: The Beginning of Hybrid Maize. Genetics 1998, 148, 923-928. [CrossRef] [PubMed]

Caballero, A. Quantitative Genetics; Cambridge University Press: Cambridge, UK, 2020; Volume 15, ISBN 2013206534.

Xu, X.; Li, L.; Dong, X.; Jin, W.; Melchinger, A.E.; Chen, S. Gametophytic and Zygotic Selection Leads to Segregation Distortion
through in Vivo Induction of a Maternal Haploid in Maize. ]. Exp. Bot. 2013, 64, 1083-1096. [CrossRef]

Hu, H.; Meng, Y.; Wang, H.; Liu, H.; Chen, S. Identifying Quantitative Trait Loci and Determining Closely Related Stalk Traits for
Rind Penetrometer Resistance in a High-Oil Maize Population. Theor. Appl. Genet. 2012, 124, 1439-1447. [CrossRef]

Meng, Y.; Li, J; Liu, J.; Hu, H.; Li, W.; Liu, W.; Chen, S. Ploidy Effect and Genetic Architecture Exploration of Stalk Traits Using
DH and Its Corresponding Haploid Populations in Maize. BMC Plant Biol. 2016, 16, 50. [CrossRef]

Covarrubias-Pazaran, G. Genome-Assisted Prediction of Quantitative Traits Using the r Package Sommer. PLoS ONE 2016,
11, e0156744. [CrossRef]

Pérez, P.; De Los Campos, G. Genome-Wide Regression and Prediction with the BGLR Statistical Package. Genetics 2014,
198, 483-495. [CrossRef] [PubMed]

Isik, F; Holland, J.; Maltecca, C. Genetic Data Analysis for Plant and Animal Breeding; Springer: Cham, Switzerland, 2017;
ISBN 9783319551753.

Wickham, H. Ggplot2: Elegant Graphics for Data Analysis; Springer Nature: Berlin, Germany, 2016; ISBN 978-0-387-98140-6.
Endelman, J.B. Ridge Regression and Other Kernels for Genomic Selection with R Package rrBLUP. Plant Genome 2011, 4, 250-255.
[CrossRef]

Runcie, D.E.;; Qu, J.; Cheng, H.; Crawford, L. MegaLMM: Mega-Scale Linear Mixed Models for Genomic Predictions with
Thousands of Traits. Genome Biol. 2021, 22, 213. [CrossRef]


http://doi.org/10.1007/s00122-021-03946-4
http://www.ncbi.nlm.nih.gov/pubmed/34643760
http://doi.org/10.1093/genetics/148.3.923
http://www.ncbi.nlm.nih.gov/pubmed/9539413
http://doi.org/10.1093/jxb/ers393
http://doi.org/10.1007/s00122-012-1799-5
http://doi.org/10.1186/s12870-016-0742-3
http://doi.org/10.1371/journal.pone.0156744
http://doi.org/10.1534/genetics.114.164442
http://www.ncbi.nlm.nih.gov/pubmed/25009151
http://doi.org/10.3835/plantgenome2011.08.0024
http://doi.org/10.1186/s13059-021-02416-w

	Introduction 
	Results 
	Characterizing Phenotypes of 35 Traits in DH and Corresponding Haploid Populations 
	Phenotypic and Genetic Correlations between DH and Haploid Lines 
	Characterization of Genomic Segment Composition of DH Lines 
	Genomic Prediction of Stalk Quality Traits Evaluated in the DH Population 
	Single-Environment Prediction in the DH Population 
	Multi-Environment Prediction in the DH Population 
	Prediction of DH Phenotypes with Both DHs and Haploids in a Single-Environment Trial 
	Prediction of DH Phenotypes with Both DHs and Haploids in Multi-Environment Trials 


	Discussion 
	Materials and Methods 
	Plant Materials and Field Experiments 
	Phenotype Evaluation and Analysis 
	Genotype Analysis 
	Estimation of Phenotypic and Genotypic Correlations between Haploid and Doubled Haploid (DH) Populations 
	Graphical Genotypes 
	Genomic Prediction 
	Single-Environment Prediction in the DH Population 
	Multi-Environment Prediction in the DH Population 
	Use Both DH and Haploid Lines to Predict DH Lines in a Single-Environment Trial 
	Use Both DH and Haploid Lines to Predict DH Lines in Multi-Environment Trials 


	References

