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implemented and evaluated for plant breeding, because it has remarkable superiority in
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enhancing genetic gain, reducing breeding time and expenditure, and accelerating the breeding
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process. In this study the factors affecting prediction accuracy (rMG) in GS were evaluated
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systematically, using six agronomic traits (plant height, ear height, ear length, ear diameter,
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grain yield per plant and hundred-kernel weight) evaluated in one natural and two biparental
populations. The factors examined included marker density, population size, heritability,
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and testing sets, the last being revealed by resampling individuals in different proportions from
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a population. Prediction accuracy continuously increased as marker density and population size
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increased and was positively correlated with heritability; rMG showed a slight gain when the
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training set increased to three times as large as the testing set. Low predictive performance
between unrelated populations could be attributed to different allele frequencies, and predictive
ability and prediction accuracy could be improved by including more related lines in the training
population. Among the seven statistical models examined, including ridge regression best
linear unbiased prediction (RR-BLUP), genomic BLUP (GBLUP), BayesA, BayesB, BayesC, Bayesian
least absolute shrinkage and selection operator (Bayesian LASSO), and reproducing kernel
Hilbert space (RKHS), the RKHS and additive-dominance model (Add + Dom model) showed
credible ability for capturing non-additive effects, particularly for complex traits with low
heritability. Empirical evidence generated in this study for GS-relevant factors will help plant
breeders to develop GS-assisted breeding strategies for more efficient development of varieties.
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1. Introduction
Genomic selection (GS), or genome-wide selection, has
become increasingly important in the field of molecular
plant breeding with development of high-throughput, costeffective genotyping technology [1–3]. The GS strategy based
on genome-wide polymorphic markers was initially proposed
in 2001 with several publications of statistical models [4]. GS
can be applied in improving preselection accuracies for
complex agronomic traits based on genomic information.
The hypothesis of GS primarily depends on the fact that
chromosome segments contributing to phenotypic variation
are in high linkage disequilibrium (LD) with a minimum of one
marker locus within the genome [4]. The GS procedure, it
usually utilizes both phenotypic and genotypic data from a
training population (TP) to train a statistical model, which can
be used to estimate genomic-estimated breeding values
(GEBVs) for precise selection of each individual from a
candidate (breeding) population that is genotyped without
phenotyping [5]. The GS strategy obviously has advantages in
comparison with previous molecular breeding technologies
such as marker-assisted selection (MAS) and marker-assisted
recurrent selection (MARS), which depend on identified
significant markers, tagged genes or mapped quantitative
trait loci (QTL). Moreover, MAS or MARS has some shortcomings because the search for significant marker-QTL associations has low power in capturing genes with minor effects
[6,7]. GS removes the requirement to unearth QTL, and can
directly estimate all marker effects in whole genome and
capture genetic loci with minor effects for complex traits [8,9].
Beyond that, GS can substantially enhance the rate of annual
genetic gain by accelerating breeding cycles and by reducing
time and cost because selection of the candidate population
depends only on genotypes of individuals without need for
phenotypic records [10,11].
GS has long been practiced in livestock and animal
breeding [12–14]. For plant breeding, simulation analysis and
empirical evaluation of prediction accuracy of GS had been
accomplished by using cross-validation method in the experimental populations of Arabidopsis [15], rice [16,17], wheat
[18,19], barley [20,21], maize [3,22–24], and forest trees [25–27].
Prediction accuracy (rMG) is regarded as a vital parameter to
evaluate the performance of GS in breeding programs. It is
usually defined as Pearson's correlation (r) between the true
breeding value and the GEBVs of candidate individuals. The
factors affecting the estimate accuracy of GEBV will have an
influence on prediction ability of GS. These key factors are
more or less interrelated in a comprehensive manner. They
generally include model performances, relationship between
training and breeding populations (BP), heritability of target
trait, population size of both TP and BP, population structure,
and marker density. rMG varies with particular GS statistical
models that depend on prior assumptions and treatment of
marker effects [28–31]. Several statistical models have been
applied in genomic prediction, including ridge regression best
linear unbiased prediction (RR-BLUP) [32,33], genomic best
linear unbiased prediction (GBLUP) [3,31,34,35], Bayesian
models [4,28,30,36,37], and machine learning models [38–42].
Moreover, developing optimum models with consideration of

genotype × environment interaction can significantly improve the predictive ability in multi-environment trials
[43–46]. Designing the composition of the TP with reference
to BP is an important factor for maintaining a high degree of
prediction accuracy in GS breeding programs [47–49]. Agronomic traits with high heritability are regulated by majoreffect genes and are rarely affected by environment, and thus
they will be positively correlated with higher rMG with good
selection response [50,51]. High marker density can improve
the proportion of genetic variation explained by molecular
markers such as single nucleotide polymorphisms (SNPs), and
thus result in high prediction accuracy, the latter being used
as a selection criterion to assist plant breeders to select target
traits with precision [51,52]. Population structure, as a specific
factor affecting GEBV prediction, can give rise to biased
estimates in GS [53–55]. Hence, taking all GS-relevant factors
into account can be deemed a rational strategy that will be
more helpful for plant breeders in making selections based on
the superiority of breeding individuals rather than their
phenotypic data alone.
In this research article, we focus on better understanding
GS-relevant factors to seek a few available measures to
instruct plant breeders in reasonably designing GS breeding
programs for enhancing genetic gain per unit time while
reducing cost. The major challenge in GS is how to integrate
empirical results into plant breeding practices to improve crop
yield and create more economic values. The datasets used in
the study contain genotypic data from the 55 K SNP array and
phenotypic data for six complex traits generated for one
natural and two biparental populations. The objectives of the
case study were to (1) evaluate the prediction accuracy of
different traits in three maize populations; (2) assess the
effects of six GS-relevant factors on prediction accuracy,
including population size, marker density, heritability, model
performance, relationship between TP and BP, and the
relative population size between the training and testing
sets; and (3) utilize the results to make recommendations for
plant breeders in implementing GS in commercial breeding
programs.

2. Materials and methods
2.1. Plant materials
The experiment started with one natural population (NAT)
and three biparental populations, including recombinant
inbred line (RIL), doubled haploid (DH) and F2:3 populations.
The natural population comprised 435 maize elite inbred lines
derived from temperate and tropical regions around the
world, so that it has rich genetic diversity. The three
biparental populations were derived from a widely grown
single-cross maize hybrid, Zhongdan 909, with elite Chinese
inbred lines Zheng 58 and HD568 as parents, and included 212
RILs, 79 DH lines, and 304 F2:3 families. As the RILs were
generated with many generations of selfing, and DH population had only a limited number of individuals, we combined
the RILs and DH lines as a single population, and named it the
RIL&DH population.
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2.2. Field trial and phenotyping
The natural population was evaluated in Henan province in
2014 and 2015. The other lines were grown at the same
location in 2015 and 2016. Two-row plots were grown and
harvested as grain trials. The experiment in each year was
performed in a randomized incomplete block design with two
replications. Phenotyping was done for six agronomic traits
related to yield: plant height (PH, cm), ear height (EH, cm), ear
length (EL, cm), ear diameter (ED, cm), grain yield per plant
(GYP, kg) and hundred-kernel weight (HKW, g). Phenotypic
values of GYP and HKW were adjusted to 14% grain moisture.

2.3. Phenotypic data analysis and heritability estimation
SAS 9.2 (SAS Institute Inc., Cary, NC) was used to evaluate
multi-year trials with best linear unbiased prediction (BLUP)
using the SAS PROC MIXED procedure with all factors as
random effects; the model followed was
yilj ¼ μ þ gi þ el þ geil þ b j þ εilj ;
where yilj is the phenotypic value, μ is overall mean, gi is the
effect of ith genotype, el is the effect of the lth environment,
geil is the effect of genotype × environment interaction, bj is
the effect of jth replication, and εilj is the model residuals.
Broad-sense heritability was estimated as the ratio of genetic
variance to total phenotypic variance:
h2 = σ2g/(σ2g + σ2ge/e + σ2ε /re),where σ2g, σ2ge, and σ2ε are genotypic, genotype × environment interaction and random error
variance components, respectively, and e and r are the
numbers of environments and replicates. Analyses of correlation and variance (ANOVA) were performed by SAS CORR
PROC and SAS GLM PROC procedures.

2.4. Genotypic data analysis
The newly developed maize 55 K SNP Array [56] was used to
genotype all inbred lines in the natural and RIL&DH populations
and F2 plants that were used for development of F2:3 population.
Markers with minor allele frequencies (MAF) less than 5% and
missing values greater than 10% were removed. Finally there
were 37,803 and 8271 SNP markers in the genotypic data set for
the natural population and biparental populations, respectively.
A total of 7861 SNP markers shared among different populations
were used as genotypic data to evaluate the effect of genetic
relationship on prediction accuracy.

2.5. GS-relevant factors and their settings
Prediction accuracy was investigated using different ranges of
genetic parameters. The effect of marker density was tested
using 12 to 15 levels (Nm) (each level containing 50 to 8271 or
37,803 markers depending on populations) (i.e., 50, 100, 200,
300, 400, 500, 750, 1000, 3000, 5000, 7000, 10,000, 20,000, 30,000,
and all SNPs). To understand the effect of population size, 5 to
7 training population sizes (N) (each with 100 to 400 lines) (i.e.,
100, 150, 200, 250, 300, 350, 400, and all lines in the RIL&DH
population) and 11 different ratios of the population size
allocated between training and testing sets (1/5 to 10/1) (i.e., 1/
5, 1/4, 1/3, 1/2, 1/1, 2/1, 3/1, 4/1, 5/1, 6/1, and 10/1) were
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examined. To evaluate the effect of ratio of population size
between the training and testing sets, we randomly divided
the experimental population into two portions with one as
training set to estimate the GEBVs for the other (testing set).
Population structure was assessed for the natural population
by the fastSTRUCTURE algorithm [57] with K values set as 1 to
10. The effect of population structure was studied by
classifying the natural population into temperate, tropical
and other germplasm groups based on clustering analysis.
The effect of genetic relationship on prediction accuracy was
then evaluated by pooling the natural and RIL&DH training
populations to predict F2:3 performance, and by pooling
temperate and tropical inbred lines as a training population
in different proportions to predict tropical line performance.
The natural population was used as a training population to
evaluate GEBVs for RIL&DH and F2:3 populations, whereas the
biparental populations were used to predict each other, and
temperate lines were used as a training population to predict
tropical lines. F-statistics (FST, a descriptive index of genetic
differentiation and distance) within and among natural and
biparental populations were evaluated by VCFtools [58].

2.6. Statistical models
Seven statistical models were examined in each experiment,
including ridge regression best linear unbiased prediction (RRBLUP), genomic BLUP (GBLUP), BayesA, BayesB, BayesC, Bayesian
least absolute shrinkage and selection operator (Bayesian LASSO,
BayesL), and reproducing kernel Hilbert space (RKHS).

2.6.1. RR-BLUP model
The RR-BLUP model was fitted using the R package rrBLUP
version 4.4 [33]; the mixed model is described as:
y ¼ 1n μ þ Zu þ ε
where y is the vector (n × 1) of observations, 1n is the vector
(n × 1) of ones and μ is the fixed effects, ε is the vector (n × 1) of
independently random residuals with assumed distribution N
(0, I σ2ε ), Z is the design matrix (n × m) for random effects, and u
is the vector of random effects with u ~ N (0, K σ2u), K being an
identity matrix in this case [33]. In addition, n is the number of
individuals, and m is the number of markers.

2.6.2. GBLUP model
The standard GBLUP model focusing on additive genetic
effects is described as:
y ¼ 1n μ þ Zu þ ε
where Z is the design matrix for random effects u with
u ~ N (0, G σ2u), and G is the genomic relationship matrix
calculated using marker information [35]. GBLUP was fitted
using the R package BGLR version 1.0.5 [59].

2.6.3. Extended GBLUP model for additive and dominance effects
(Add + Dom model)
The extended GBLUP model including additive and dominance effects can be described as:
y ¼ 1n μ þ Za ua þ Zd ud þ ε
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where ua is the vector of random effects for additive genetic
effects with ua ~ N (0, Ga σua2), ud is the vector of random effects
for dominance effects with ud ~ N (0, Gd σud2), Ga = Wa Wa′/
∑2pmqm, Wa is an n × m matrix with Wanm = Zanm − 2pm, Gd =
WdWd′/∑2pmqm (1–2pmqm), Wd is an n × m matrix with Wdnm =
Zdnm − 2pmqm, Za is a design matrix for ua composed of 0, 1, and
2 for genotype A1A1, A1A2, and A2A2, respectively, Zd is a design
matrix for ud which consists of 0 and 1 for homozygotes and
heterozygotes, respectively, pm is the frequency of allele 2 at
locus m, qm is the frequency of allele 1 at locus m [60]. The
Add + Dom model for additive and dominance effects was
fitted using the R package sommer version 3.0 [61].

cross-validation scheme that randomly partitions each population dataset into training and testing sets and calculated
the correlation between true breeding values and GEBVs
within the testing group. The cross-validation scheme was
implemented with 100 replications, and the average of
correlation coefficients was defined as the genome-wide
prediction accuracy (rMG). The GBLUP model was used to
evaluate the effects of GS-relevant factors.

3. Results
3.1. Effects of marker density, population size and heritability

2.6.4. Bayesian models
The Bayesian models have different prior distributions
[30,36,37], and the general model can be represented as:
y ¼ 1n μ þ Zu þ ε
where y is the vector of observations, Z is the design matrix for
random effects, and u is the vector of random effects. The
hyperparameter settings of each Bayesian model were based on
default choices in the R package BGLR described in built-in rules of
the introduction [59]. These Bayesian models were fitted using R
package BGLR version 1.0.5 [59], and the Gibbs sampler was run for
15,000 iterations with the first 5000 samples discarded as burn in.

2.6.5. Reproducing kernel Hilbert space (RKHS) model
RKHS, as a semiparametric approach for GS [38,39,62,63],
could have the ability to capture nonadditive and epistatic
effects [64], and the RKHS model was implemented using R
package BGLR version 1.0.5 [59]. The multi-kernel method was
used and the model is depicted as:
y ¼ 1n μ þ u þ ε;
where u is a vector of random effects, and the assumed
distribution of u is normal distribution N (0, K σ2u ), where σ2u =
PL
PL
2
2 –2
l¼1 σul , K =
l¼1 Kl σul σu , and K is the weighted average of
multiple reproducing kernels (hence named kernel averaging),
Kl is the reproducing kernel that was evaluated at the lth value
of the bandwidth parameter [39,59]. In this model, bandwidth
parameters were set to values 1/5M, 1/M, and 5/M based on
the reference of the BGLR package [59], M is the median
squared Euclidean distance between lines.

2.7. Model comparisons
Prediction accuracies obtained from cross-validation were used
to perform a hierarchical clustering analysis to evaluate similarities between models. First, the prediction accuracies of all traits
and populations for each model were standardized to zero mean
and unit variance. A matrix of Euclidean distances between the
statistical models was then generated using the standardized
values and was averaged and used to perform a hierarchical
clustering based on Ward's criterion. The cluster dendrogram
was subsequently constructed using R version 3.3.3 [65].

The estimates of rMG continuously increased as marker density
and population size increased until they reached plateaux. For
example, in the natural population, only a non-significant
increase was obtained on rMG for yield-related traits, when the
number of SNPs increased from 7000 to 30,000, and the rMG
estimate based on 37,803 markers was similar to that from 7000
high-quality markers selected randomly (Fig. 1a, c). However,
only a slight gain in rMG was obtained when the number of
markers increased from 1000 to 8000 in the RIL&DH population,
showing that 1000 markers were enough to achieve a reasonable
accuracy in biparental populations (Fig. 1b, d). As the population
size increased, rMG increased, and a slight gain in rMG was
obtained when the population size reached 250 (Fig. 2). Generally,
targeted traits with high h2 showed high prediction accuracies.
The correlation coefficients between rMG and heritability among
traits were 0.83 (P = 0.04), 0.89 (P = 0.02) and 0.95 (P < 0.01) in
natural, RIL&DH and F2:3 populations, respectively (Table 1).
Further improvement on prediction accuracy could be achieved
with increased h2.

3.2. Balanced population sizes between training and testing
sets in GS
The effect of population size on rMG in genomic selection has
been evaluated based on population size per se rather than
the ratio of population sizes between training and testing sets.
In this study, we examined various ratios of population size
between training and testing sets. The prediction accuracy of
genome-wide prediction increased as more samples were
allocated to the training set. In the natural population, a slight
gain in rMG was observed when the ratio of population size
increased from 3 to 10 times (Fig. 3). A similar result was
observed in other types of populations, where a relatively
higher estimate of rMG was obtained when the training set was
three times as large as the testing set, indicating that the
training set should be three times larger than the testing set
when the total population size is smaller than 400. A larger
population size is required in further research for verifying
whether the threefold ratio of population size of training:
testing sets is enough to achieve the best performance of GS.

2.8. Cross-validation

3.3. Effects of genetic relationship between training and
breeding populations

To assess the effect for each factor, such as marker density,
population size, and statistical models, we used a 10-fold

To evaluate the effects of genetic relationship on prediction
accuracy, the natural population was used as a training
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Fig. 1 – Effects of marker density on prediction accuracy determined by natural and RIL&DH populations. (a) and (c) Effect of
marker density: natural population (N = 435) with 50 to 37,803 (ALL) markers; (b) and (d) RIL&DH population (N = 291) with 50 to
8271 (ALL) markers; NAT, natural population; RIL&DH, a population containing RILs and DH lines; the GBLUP model with a 10fold cross-validation scheme was implemented.

population to predict the estimated breeding value using the
RIL&DH and F2:3 populations as breeding populations. The
RIL&DH population was also used to predict the F2:3 population. When the natural population was used to predict
biparental populations, the prediction accuracy was either
negative or very low for almost all traits. Outperformance
results were obtained when the two biparental populations
were used to predict each other. Taking plant height as an
example, using the natural population to predict the F2:3 and
RIL&DH populations resulted in negative rMG (−0.15 and −0.14,
respectively), whereas rMG estimates were up to 0.68 and 0.61
when the two biparental populations were used to predict
each other (Table 2). To further examine genetic relationship,
we constructed mixed natural and biparental populations in
different modes. In the first mode, the mixed populations
comprised 300 inbred lines that were randomly selected from
the natural and RIL&DH populations. In the second mode, the
mixed populations were composed of all inbred lines from the
natural population but different proportions of inbred lines
from RIL&DH population. For all traits, prediction accuracies
increased with more related individuals included in the
training population. For plant height, rMG increased from 0.53
to 0.66 in the first mixed mode and from 0.36 to 0.65 in the
second (Table 2). A similar analysis was implemented in the
natural population that was classified into temperate, tropical
and mixed group by the fastSTRUCTURE algorithm. rMG was

−0.04 for plant height when the temperate group was used as
the training population to predict the tropical group, but it
increased from 0.30 to 0.38 when more tropical inbred lines
were added to the training population (Table 2). Similar
tendencies were observed for other traits.
As a descriptive statistics index of genetic differentiation,
FST can be used to show the genetic distance and relationship
between populations, and also indicate the variance in allele
frequencies of genomic regions between populations. FST
values between natural and biparental populations, and
between RIL&DH and F2:3, were 0.1002 and 0.1013, respectively, which were significantly large in comparison with that
between the two biparental populations, RIL&DH and F2:3
(0.0006, Table 3). The FST value between temperate and
tropical groups was relatively high (0.0982, Table 3).

3.4. Comparative results from different statistical models
Compared with other models, RKHS had slightly higher
prediction accuracies for most traits in the F2:3 population,
which contains heterozygous individuals. As for plant height,
the accuracies obtained by using RR-BLUP, GBLUP, BayesA,
BayesB, BayesC, and BayesL models were similar for all the
natural, RIL&DH and F2:3 populations, yet a higher rMG was
observed by using the RKHS model with the F2:3 population
(Fig. 4a, b). Prediction accuracy was significantly higher for
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Fig. 2 – Effects of population size on prediction accuracy as determined by three tested populations. (a) to (f) Effect of population
size: natural population (Nm = 37,803) with 100 to 400 lines; RIL&DH population (Nm = 8271) with 100 to 291 lines; F2:3
population (Nm = 8271) with 100 to 300 families; NAT, natural population; RIL&DH, a population containing RILs and DH lines;
F2:3, F3 families derived from F2 plants; the GBLUP model with a 10-fold cross-validation scheme was implemented.

GYP with the RKHS model and prediction with the F2:3
population was markedly better than those with other
populations (Fig. 4b). Moreover, prediction accuracy for GYP
in the F2:3 population was 0.54 with the additive and
dominance model, which is significantly better than 0.36
using the additive model alone (P < 0.01), although no similar
estimates between these two models were obtained for other
traits (Fig. 4c). A dendrogram was constructed with hierarchical clustering using prediction accuracies from different
statistical models, traits and populations, indicating that the
RKHS model was distinctly different from others and was
branched out. The BayesA and BayesB models were clustered
into one group, while RR-BLUP, GBLUP, BayesC, and BayesL
models were clustered together (Fig. 4d).

4. Discussion
Marker density and population size are important factors that
affect prediction accuracy. Many reports indicate that the
accuracy of genome-wide prediction increases as marker
density and population size increase separately [50–52,66].
However, the number of markers required for rMG to plateau
varies from population to population [2,67]. This phenomenon
can be attributed to the complexity of genetic structure
between groups within a population and different levels of
diversity among populations. More specifically, natural populations, including the one used in this study, usually have
significant genetic structure and high LD levels between
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Table 1 – Heritability (h2) and prediction accuracy (rMG)
estimated for agronomic traits, and their Pearson's
correlation in natural (NAT), RL&DH, and F2:3 populations.
Traits a

NAT
2

PH
EH
EL
ED
GYP
HKW
Pearson's r b
P-value c

h

rMG

0.95
0.94
0.88
0.87
0.68
0.79
0.83
0.04

0.63
0.71
0.45
0.53
0.40
0.48

RIL&DH
d

2

F2:3
2

h

rMG

h

rMG

0.92
0.92
0.82
0.88
0.70
0.84
0.89
0.02

0.66
0.72
0.49
0.60
0.41
0.65

0.83
0.86
0.86
0.89
0.65
0.87
0.95
< 0.01

0.71
0.77
0.66
0.72
0.36
0.77

a

PH, plant height (cm); EH, ear height (cm); EL, ear length (cm); ED,
ear diameter (cm); GYP, grain yield per plant (kg); HKW, hundredkernel weight (g).
b
Pearson's correlation coefficient between h2 and rMG.
c
Numbers denote the P-values for significant test of correlation.
d
GBLUP model was implemented; NAT (N = 435, Nm = 37,803);
RIL&DH (N = 291, Nm = 8271); F2:3 (N = 304; Nm = 8271).

adjacent markers [68], and high-density markers will be
needed to ensure that at least one marker can be in LD with
trait-associated loci to achieve precise prediction [4]. However, biparental populations have a clear genetic structure,
and finite chromosome recombination events will be introduced in the course of development [69]. Thereby, a moderate
marker density will be enough to ensure that each generelated locus can be in linkage with at least one marker, and it
will most likely achieve a better prediction [15]. The results
from this study provide some instructive guidance for
molecular breeding programs with maize. For example, the
gains in rMG began to plateau once the number of markers
increased to 7000 and 1000 in the natural and biparental
populations, respectively. Additional markers become largely
redundant with no further improvement of predictive ability
when the rMG has reached a plateau. Hence, to determine how
many markers should be used in GS-assisted commercial
breeding, schemes based on the above-mentioned results can
be regarded as a reference to reduce breeding costs. With
regard to population size in GS, marker effects could be more
precisely estimated with increased population size [70,71].
However, more attention should be given to use of historical
data collected from multi-environment trials conducted for
several years. With such information GS performance is more
likely to improve and should accelerate breeding outcomes
with significantly enhanced genetic gain.
The ratio of population size between training and testing
sets was rarely taken into consideration in previous GS
studies that primarily focused on the effect of population
size on prediction accuracy. In this study, we revealed that rMG
generally increased as the ratio increased (with more samples
included in the training set). A slight gain in rMG was still
achieved even when the training set became three times as
large as testing set, compared to a previous study where a
slight gain of rMG was observed when the training set was
more than half of total population [2]. The reasons for this
difference are probably due to the population size and
targeted traits. However, both previous and current results
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could be used to provide some guidance to develop GSassisted breeding projects. Currently, identifying an optimized training population is one of the most important
challenges for plant breeders when they implement GS prior
to multi-environment trials. Large breeding companies, such
as the multinationals, which have adequate financial support,
could develop massive training populations to increase rMG.
Small companies could implement GS-assisted breeding by
having the training population three times larger than the
breeding population, as revealed by testing different ratios of
population size in training and testing sets in this study.
However, limited population sizes ranging from 300 to 400
were used in this study, and larger population sizes should be
considered in future GS studies and GS-assisted breeding.
This study also revealed that the increase in rMG with current
ratios largely depended on the population types and structures. For example, the gains in rMG for plant height were 0.11,
0.15, and 0.15 for natural, RIL&DH and F2:3 populations,
respectively, when the ratio increased from 0.2 to 3.0 times
(data not shown). The natural population showed a relatively
small increase of rMG compared to the other two populations.
This might be due to different levels of complexity in genetic
structure among populations and can result in biased and
inaccurate estimation of marker effects.
The effect of genetic relationship on prediction accuracy,
as one of the most important factors, has been extensively
evaluated in previous empirical studies, concluding that the
relationship between training and breeding populations has a
significant influence on prediction ability [52,72]. This study
revealed that the prediction accuracy could be improved
significantly with increasing genetic relationship, from distant populations to biparental populations. The rMG was
extremely low when the natural population was used as a
training population to predict biparental populations, indicating that such prediction has no significant potential in
practical breeding. However, rMG increased with more
RIL&DH lines added into the natural population for training.
With genetic relationships changing from less-related to
closely-related in this study prediction accuracies were
improved from a negative low level to positively higher levels.
In fact, candidate inbred lines in commercial seed companies
would continually accumulate in the process of selection and
breeding, and these will be added to improve the training set
based on the genetic background in reference and inference
groups. For example, historical data for candidate inbred lines
derived from the Iowa Stiff Stalk Synthetic population, a
famous heterotic maize group, can be used to estimate
breeding values, and thus alternative inbred lines could be
selected and included in the parental panel in the next-round
selection. However, one of the most important steps in
applying genetic relationship data in GS could be analysis of
the initial populations to understand their population structure and genetic background, and thus more precise prediction accuracy and virtually accelerated breeding progress can
be achieved. A few previous studies of genetic relationship
were performed by including related individuals in the
training population [73] or using half-sib populations to
investigate GS prediction accuracy [74], without taking allele
frequencies between training and breeding populations into
account.

348

TH E CR OP J OUR NA L 6 ( 2 0 18 ) 34 1 –3 5 2

Fig. 3 – Effects of ratio of population size between training and testing sets on prediction accuracy. (a) and (b) natural population
(N = 435) with 37,803 markers. (c) and (d) RIL&DH population (N = 291) with 8271 markers; (e) and (f) F2:3 population (N = 304)
with 8271 markers; NAT, natural population; RIL&DH, a population containing RILs and DH lines; F2:3, F3 families derived from
F2 plants; GBLUP model was implemented.

Prediction accuracy in GS largely depends on accurate
estimation of marker effects by statistical models. The
estimation of marker effects is affected by allele frequencies
at each locus in the whole genome and vary from population
to population. The FST value between natural and biparental
populations, which provides important insights into genetic
distance, was larger than that between the biparental, RIL&DH
and F2:3 populations. In this study, low rMG values were
obtained using the natural population to predict the biparental populations and using the temperate group as training set
to predict tropical lines. Such low rMG estimates can be largely
attributed to the remarkably different allele frequencies in
most genomic regions that probably give rise to biased

estimation of marker effects. With biased marker effects,
unreasonable breeding values for candidate individuals can
be generated by matrix multiplication, and therefore cannot
be applied in GS-assisted breeding programs. Hence, it could
be advisable to add some correlative inbred lines into the
training population in order to improve prediction accuracy as
proposed [48,75].
An optimal GS model should have maximum prediction
ability. The RR-BLUP and GBLUP models, which meet the
assumption that random effects had equal variance, had a
similar predictive ability in comparison with the other
Bayesian methods with different prior assumptions
[28,30,35]. Our results indicate that prediction accuracy was
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Table 2 – Evaluation of the effects of genetic relationship
on prediction accuracy.
Types
a

NAT - F2:3
NAT - RIL&DH
RIL&DH - F2:3
F2:3 - RIL&DH
50NAT + 250RIL&DH F2:3 b
100NAT + 200RIL&DH F2:3
150NAT + 150RIL&DH F2:3
200NAT + 100RIL&DH F2:3
250NAT + 50RIL&DH F2:3
435NAT + 50RIL&DH F2:3
435NAT + 100RIL&DH F2:3
435NAT + 150RIL&DH F2:3
435NAT + 200RIL&DH F2:3
435NAT + 250RIL&DH ‐
F2:3
TEM - TRO c
50TEM + 100TRO - TRO
100TEM + 50TRO - TRO
155TEM + 50TRO - TRO
155TEM + 100TRO - TRO

PH d

EH

EL

ED

−0.15
−0.15
0.68
0.61
0.66

−0.19
−0.22
0.76
0.70
0.73

−0.02
0.06
0.54
0.47
0.53

−0.29
−0.09
0.60
0.52
0.59

−0.09
−0.20
0.28
0.23
0.27

−0.10
−0.18
0.71
0.63
0.70

0.63

0.71

0.51

0.57

0.26

0.68

0.59

0.67

0.49

0.54

0.23

0.65

0.53

0.61

0.45

0.48

0.19

0.61

0.35

0.41

0.37

0.37

0.15

0.46

0.36

0.39

0.34

0.34

0.14

0.43

0.52

0.58

0.43

0.48

0.20

0.59

0.59

0.66

0.48

0.53

0.24

0.64

0.63

0.70

0.51

0.57

0.27

0.67

0.65

0.72

0.52

0.59

0.27

0.69

−0.04
0.38
0.32
0.31
0.37

0.05
0.37
0.30
0.30
0.36

0.01
0.29
0.18
0.18
0.25

0.05
0.29
0.23
0.23
0.29

−0.05
0.24
0.16
0.15
0.23

−0.10
0.39
0.29
0.26
0.36

GYP HKW

a

Training-breeding population set: training population is given at
the left of the hyphen “-”, the breeding population is included at
the right. The natural population (NAT) was used as the training
population to estimate GEBVs for the RIL&DH population. RIL&DH,
a population containing RILs and DH lines; F2:3, F3 families derived
from F2 plants; GBLUP model was implemented.
b
A mixed population that contains 50 lines from the natural
population and 250 lines from the RIL&DH population were used to
evaluate the GEBVs for the F2:3 population. The number is defined
as the number of lines selected randomly from the targeted
population.
c
TEM, temperate group; TRO, tropical group.
d
PH, plant height (cm); EH, ear height (cm); EL, ear length (cm); ED,
ear diameter (cm); GYP, grain yield per plant (kg); HKW, hundredkernel weight (g).

Table 3 – FST values estimated between pairwise
comparisons among three tested populations and
among two inbred line groups.
Population
a

NAT
RIL&DH
F2:3
TEM
TRO
a

NAT

RIL&DH

0
0.1002
0.1013

0.1002
0
0.0006

F2:3

TEM

TRO

0
0.0982

0.0982
0

0.1013
0.0006
0

NAT, natural population; RIL&DH, a population containing RILs
and DH lines; F2:3, F3 families derived from F2 plants; TEM,
temperate group; TRO, tropical group.
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not significantly influenced by Bayesian models, although
they have different assumptions of priori distributions for
marker effects. Several previous studies reported similar
results for different traits and populations [31,36,50]. However, the RKHS model had a slight superiority over other
models especially when the population was comprised of
heterozygous individuals, indicating that the RKHS model is
capable of evaluating marker effects for heterozygous genotypes as revealed in previous studies [62,76]. More specifically,
the RKHS model as a semiparametric and nonlinear dimensionality reduction approach can efficiently capture nonadditive effects and improve the prediction accuracy for
heterozygous populations [62,63]. In this study, the higher
prediction accuracy was also observed for GYP when the
additive-dominance model was used to evaluate breeding
values. The additive-dominance model efficiently captures
non-additive effects when traits have low heritability. The
RKHS model showed a similar prediction accuracy to the
additive-dominance model in cross-validation of GYP, indicating that both models have equal predictive ability and
better performance in evaluating non-additive effects and in
estimating breeding values for low heritability traits. Thus,
implementing optimum models into heterozygous populations, which is more likely to improve breeding efficiency, is
important when GS is used in practical breeding.

5. Conclusions
Plant breeding as a scientific and aesthetic procedure should
be implemented by considering not only the grain yield of
hybrids created from elite inbred lines but also the genetic
gain achieved in the course of breeding cycles. Genetic gain
may be regarded as the yield improvement achieved by
artificial selection, and can be enhanced through refining the
field management, enlarging the experimental scale, shortening the breeding cycle, heightening the selection intensity,
and balancing costs-benefits. GS, which does not involve a
procedure for QTL detection or marker selection, has advantages of accelerating the breeding cycle, reducing breeding
costs, and improving breeding efficiency, and also can be
combined with other strategies to augment genetic gain.
Hence, any ways to improve GS can enhance genetic gain.
Using six yield-related traits and three populations in this
study a few suggestions for plant breeding were proposed
based on evaluation of several important factors that affect
prediction accuracy in GS. Increased prediction accuracy
occurs with increases in marker density and population size
until rMG comes a plateau. Then a moderate marker density
and an appropriate population size can ensure adequate
predictive performance of GS and subsequently optimize
costs in developing candidate lines and potential hybrids.
The effects of genetic relationship on rMG should be taken into
account in the breeding process to determine whether
targeted lines can be selected successfully and whether
superior hybrids can be created. Plant breeders aiming at
better predictability should carefully consider the choice of
inbred lines for inclusion in the training population. Further
studies on statistical models will be required to develop
improved models that can efficiently capture non-additive
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Fig. 4 – Effects of GS statistical models on prediction accuracy and statistical model dendrogram. (a) and (b) Prediction ability of
different GS models. NAT, natural population (N = 435; Nm = 37,803); RIL&DH, a population containing RILs and DH lines (N =
291; Nm = 8271); F2:3, F3 families derived from F2 plants (N = 304; Nm = 8271). (c) Prediction accuracies of GBLUP model with
additive (Add model) and additive-dominance (Add + Dom model) effects in the F2:3 population (N = 304) with 8271 markers.
PH, plant height (cm); EH, ear height (cm); EL, ear length (cm); ED, ear diameter (cm); GYP, grain yield per plant (kg); HKW,
hundred-kernel weight (g). ⁎⁎P < 0.001. (d) Hierarchical clustering of prediction models; height on the x axis is defined as the
distance between clusters; The GBLUP model with 10-fold cross-validation scheme was implemented.

and epistatic effects in order to predict hybrid performance in
breeding hybrid crops.
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