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training sets (TSs) were defined considering three diversity panels: the University of
Sao Paulo (USP—validation set (VS)) and the ASSO and USDA North Central Regional
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divided into four scenarios with different TS configurations. We showed that it is pos-
sible to use public datasets as a primary TS and that population structure can modify
the predictive abilities of GS. In the four scenarios proposed, very large or very small

sets did not provide predictive abilities over 0.53 for GS. However, OTSs composed
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of 250 individuals were sufficient to achieve predictive abilities over this limit.
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1 | INTRODUCTION

Koning, 2013). In the former, two population sets are used, the train-
ing set (TS) and the validation set (VS), in which the individuals are

Proposed at the beginning of the twenty-first century by Meuwissen,
Hayes, and Goddard (2001), genomic selection (GS) arose as a broad
methodology for using information from markers spread over the
entire genome to predict the performance of genotypes. With the
advent of genomic selection, it is possible to increase selection
gains per unit of time and reduce costs in breeding programmes
(Meuwissen et al., 2001;Wong & Bernardo, 2008). Two main
phases are required to apply GS: training and selection (Jonas & de

phenotyped and genotyped. In the TS, the effects of the markers
are estimated through prediction models, whereas in the VS, these
effects are tested to verify the accuracies of the prediction models.
In the former phase, the genomic estimated breeding values (GEBVs)
of the genotypes are predicted from the marker effects estimated
based on the TS (Bernardo, 2014; Newell & Jannink, 2014).
Therefore, the composition and size of the training sets are crit-

ical to obtaining high accuracies of prediction (Isidro et al., 2015).

Abbreviations: ASSO, Maize 282 Association Panel; BLUPs, best linear unbiased predictions; EH, ear height; GBS, genotyping by sequencing; GEBVs, estimated breeding values; GS,
genomic selection; hz, heritability; LRT, likelihood ratio test; NAM, nested association mapping population (inbred lines); NCRPIS, USDA North Central Regional Plant Introduction
Station maize collection (inbred lines); OTS, optimized training set; PC, principal components; PEV, prediction error variance; PH, plant height; RTS, randomized training set; SNP, single
nucleotide polymorphism; TS, training set; TSG1, training set group 1; TSG2, training set group 2; TSG3, training set group 3; TSG4, training set group 4; USP panel, Sdo Paulo University

panel (inbred lines); VS, validation set.
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Thus, it is necessary to include an adequate number of individuals
in the TS, making the GS feasible compared to phenotypic selec-
tion. Consequently, in breeding programmes with small TS size, the
incorporation of genomic and phenotypic data from public datasets
seems to be a straightforward solution. Hence, public and private
small-scale breeding programmes with limited budgets to establish a
base population for GS would be profitable. Several panels of maize
diversity, representing a broad sample of inbred lines and heterotic
groups, are available, for instance, the nested association mapping
(NAM) population (Hung et al., 2012;McMullen et al., 2009), the
Maize 282 Association Panel (Flint-Garcia et al., 2005), a collection
of the USDA North Central Regional Plant Introduction Station
(NCRPIS) (Romay et al., 2013) and the MAGIC population (Dell’Acqua
etal., 2015).

Another critical factor affecting the accuracy, or predictive
ability, in this case, is the genetic relationship between TS and VS
(Albrecht et al., 2011; Clark, Hickey, & Werf, 2011; Habier, Fernando,
& Dekkers, 2007; Hayes, Visscher, & Goddard, 2009; Pszczola,
Strabel, Mulder, & Calus, 2012). Recently, the development of al-
gorithms to assist in choosing individuals for the establishment of
optimized training sets (OTSs) has drawn the attention of animal
and plant breeders (Rincent et al., 2012). The reason for this is that
an increase in the predictive ability of the models tested is a cru-
cial point for efficiently allocating the resources of a breeding pro-
gramme and having the best balance between genetic variability,
cost and accuracy. This procedure has had significant outcomes in
the form of increased accuracy for GS in recent studies (Akdemir,
Sanchez, & Jannink, 2015; Isidro et al., 2015). Therefore, the aims of
this study were (a) to test the usefulness of using genomic and phe-
notypic information from public databases to predict tropical maize
inbred lines and (b) to identify how the population structure, the use
of optimized training sets (OTSs) and the amount of information orig-
inating from public databases affect the predictive ability of tropical

maize inbred lines.

2 | MATERIALS AND METHODS
2.1 | Genotype group and field experiments

We used three panels composed of maize inbred lines: (a) Sao Paulo
University (USP) validation set (VS), (b) the nested association map-
ping (NAM) population (Hung et al., 2012; McMullen et al., 2009) and
the Maize 282 Association Panel (Flint-Garcia et al., 2005) (the com-
bination of both is referred to as the associative panel, ASSO) and (c)
Department of Agriculture—Agricultural Research Service (USDA-
ARS), North Central Regional Plant Introduction Station (NCRPIS)
(Romay et al., 2013).

The USP dataset was composed of 64 tropical lines. The ex-
perimental trial used a simplex lattice design (8 x 8) with two
replications. Trials were carried out in Anhembi (22°50'51"S,
48°01'06"W, 466 m) and Piracicaba (22°42'23"S, 47°38'14"W,

535 m), Sao Paulo State, Brazil, during the second growing season

of 2014 and 2015. The plots consisted of a 4-m-long row (2014)
and a 5-m-long row (2015), with a spacing of 0.85 m between rows
and 0.20 m between plants, under conventional fertilization, weed
and pest control.

The NAM dataset and Maize 282 Association Panel were evalu-
ated in ten environments in the United States (US) under a conven-
tional tillage system. The environments were Aurora, NY; Clayton,
NC; Columbia, MO; and Urbana, IL in the 2006 and 2007 crop years;
Aurora, NY, in the 2008 crop year; and Columbia, MO, in the 2009
crop year.

The NCRPIS dataset was evaluated in 2010 in plots of a single
row in three environments in the US: Aurora, NY; Clayton, NC; and
Columbia, MO. In Aurora, the rows were planted in plots of 12 plants
in the Muskgrave Research Station. In Clayton, the experiment was
set up at the Central Crops Research Station, and in Columbia, ex-
periments were conducted at the South Farm, with 15 plants per
plot. In these experiments, the NCRPIS set was stratified into nine
maturity groups, and the lines were randomly designed in incom-
plete blocks of 19 lines, with the lines B73, IL14H, KI11, P39, SA24
and TX303 as controls.

2.2 | Phenotypic traits

In the three panels, the traits evaluated were plant height (PH, cm)
and ear height (EH, cm). PH was measured from soil surface to the

flag leaf collar and EH from soil to the primary node of the ear.

2.3 | Predicted genetic values by REML/
BLUP modelling

The best linear unbiased predictions (BLUPs) of NAM, Maize 282
and NCRPIS datasets were obtained by Peiffer et al. (2014). It means
the BLUPs were accessed freely. However, for this study, we had to
use a linear mixed model to calculate the BLUPs of USP inbred lines
following the model below:

y=Jb+29+Vs+Tf+e (1)

where y is the line's adjusted mean of the traits evaluated; b is the
block-effect vector within the replication, considered fixed; g is the
genotype-effect vector (lines), considered random, in which g~ N (0, G)
andG= Iagz and ng is genetic variance; s is the environment-effect vec-
tor, considered fixed; f is the genotype x environment interaction-ef-
fect vector, considered random, in which f ~ N (0, F) and F = Iafz; and
¢ is the error vector, in which e ~ N (0, €) and € = Iagz. Note that I is the
identity matrix, and J, Z, V and T are incidence matrices that relate the
effects of the independent vectors of each matrix to the dependent
vectory.

Variance components and entry-mean-based heritability (h?)
were obtained for PH and EH for the USP dataset. The significance

of the random effects of genotypes was assessed by the likelihood
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ratio test (LRT) at 5% probability using ASRemlI-R (Gilmour, Gogel, &
Cullis, 2015).

2.4 | Genotypic data

The genotyping of the 64 tropical inbred lines was performed by an
Affymetrix® Axiom® Maize Genotyping Array (Unterseer etal., 2014)
containing approximately 614,000 SNPs. The genotyping informa-
tion for the panels ASSO and NCRPIS were obtained using genotyp-
ing by sequencing (GBS) in ZeaGBS v2.7 (Glaubitz et al., 2014). This
dataset, including the two panels, contained 17,280 thousand public
lines, genotyped with 955,690 SNPs (available at www.panzea.org in
a version partially imputed in file HDF5).

In the USP panel, markers with a low call rate (<90%) and minor
allele frequency (<0.05) were removed, as were individuals with
more than 10% heterozygous loci. A total of 409,000 high-quality
polymorphic SNPs were obtained for the USP panel, and 359,000
SNPs and 12,149 inbred lines were obtained for the public dataset.

After this quality control, two pairing processes were carried out:
(a) pairing of information from the set of markers obtained via GBS
and Affymetrix, considering for this purpose the reference number
of the chromosome and the exact physical position of the marker (bp)
and (b) pairing of the set of lines genotyped via GBS with the lines of
the dataset of Peiffer et al. (2014) (NCRPIS = 2,815, NAM = 4,982,
Maize 282 = 282). Consequently, 28,260 SNPs were found to be
common between the two sets of genotyping and 2,685 paired
lines. Among these genotypes, 2,237 lines belonged to the NCRPIS
Panel, and 448 belonged to ASSO (NAM = 166, Maize 282 = 282).
Thus, when added to the 63 lines of the USP panel, the final data-
setincluded 2,748 individuals genotyped for the same 28,260 SNPs.
There was no common line or duplicate between the USP panel and
other panels. These panels only had common SNP markers.

The entire process was carried out using TASSEL for Quality
Control (Bradbury et al., 2007) and R software (R Core Team, 2017)
for data pairing.

2.5 | Kinship and population structure

The genomic relationship matrix (GRM) was estimated using the
VanRaden (2008) calculation methodology. Principal component
analysis (PCA) was used to detect population structure, and follow-
ing Romay et al. (2013), who used NCRPIS inbred lines, the number
of groups was 5 (K = 5). For both analyses, the arrangement of 28,260
SNPs and 2,748 lines was considered. Thus, the clusters of tropical,

popcorn, nonstiff stalk, stiff stalk and sweet corn were defined.

2.6 | Training set (TS) and validation set (VS)

A total of 29 training set groups (TSG) were defined, divided into

four scenarios (Table 1).

TABLE 1 Groups of training sets (TS) and validation sets
(VS) and their respective population size, N and N,, used for the
scenarios of training set groups TSG1, TSG2, TSG3 and TSG4

Group TS N, VS N,
TSG1 usp 10 usp 53
20 43

30 33

TSG2 NCRPIS + ASSO + USP 2,465 USP 32
NCRPIS + ASSO 2,434 32

NCRPIS 2,046 32

ASSO 388 32

NCRPIS sp crusten) 512 32

ASSO sp clusten) 136 32

TSG3 OTS1 - RTS1 50 usp 32
OTS2 - RTS2 250 32

OTS3 - RTS3 500 32

OTS4 - RTS4 1,000 32

OTS5 - RTS5 1,500 32

TSG4 OTS6 - RTS6 81 usp 32
OTS7 - RTS7 281 32

OTS8 - RTS8 531 32

OTS9 - RTS9 1,031 32

OTS10 - RTS10 1,531 32

Abbreviations: ASSO, Association panel; NCRPIS, US USDA-ARS panel;
N,, number of inbred lines in the training; N,, number of inbred lines in
the validation set; OTS, optimized training set; RTS, randomized training
set; USP Cluster, genotypes associated with USP dataset in PCA; USP,
Sao Paulo University panel.

2.6.1 | TSGi1—training set group 1—built only by
private lines

We used all of the USP panel to establish this TS. This scenario
sought to infer the predictive ability of the panel by itself, without
any addition of outside information. Therefore, the TS was defined
by three training groups (k = 3), each one considering different pro-
portions of TS and VS within the USP panel. Hence, in the first, sec-
ond and third groups, 10, 20 and 30 individuals were placed in the
TS, respectively, and the VS had 53, 43 and 33 individuals to be pre-
dicted. The designation of the lines included in the TS was defined at
random, later incorporating the remaining lines in the VS.

2.6.2 | TSG2—training set group 2—constituted
by public database or public database and some
private lines

The USP, NCRPIS and ASSO panels were used to establish the TS.
However, the population structure information was used to define
it. In this scenario and the others described below, a situation often
found in plant breeding was considered, in which the environment

used to phenotype the TS differs from the environments used for
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the VS. Additionally, the lines to be predicted had a weak relationship
with the training group (Windhausen et al., 2012), just like the exist-
ence of a population structure. Therefore, three different TSs (sce-
narios) were considered: (a) individual panel (NCRPIS or ASSO); (b)
combination of panels (NCRPIS + ASSO + USP or NCRPIS + ASSO);
and (c) selection of lines belonging to the panels NCRPIS or ASSO
that were allocated to the same cluster of the USP lines via PCA, in
such a way that these selected lines had a greater genetic relation-
ship with the USP panel (VS).

Specifically, in the second TS (NCRPIS + ASSO + USP), the VS
was composed of 32 lines taken at random from the USP panel; the
other lines (31) were then incorporated into the TS, together with
the lines from the NCRPIS and ASSO panels.

2.6.3 | TSG3—training set group 3—formed by
candidates selected by the optimized training
set method or randomized training set from
public databases

For the determination of the TS in this scenario, we applied the opti-
mized training set (OTS) method proposed by Akdemir et al. (2015),
considering a predefined population size. In this method, the selec-
tion of lines requires only genotypic information on the individuals
present in a group of candidates (NCRPIS + ASSO) and in the group
to be predicted (USP). Subsequently, based on this information, a
genetic algorithm approximates the prediction error variance (PEV)
with the principal components, via the marker matrix, and selects
determined lines that will establish the OTS. In this scenario, five
groups with different sizes of OTS (50, 250, 500, 1,000 and 1,500)
were determined. The algorithm for the establishment of OTS was
implemented via the STPGA package (Akdemir, 2017) using R soft-
ware (R Core Team, 2017).

To make inferences and comparisons regarding the efficacy of
the proposed method, we defined a second group determined at
random, consisting of one of five randomized training sets (RTS),
with the same sizes as the groups in the OTS. Thus, RTS with 50,
250, 500, 1,000 and 1,500 individuals were established via random
sampling within the group of candidates, without the criterion of
proportionality. The VS in TSG3 was composed of 32 lines taken at

random from the USP panel.

2.6.4 | TSG4—training set group 4—developed
by candidates selected by optimized training set
method or randomized training set from a public
database and some private lines

In this scenario, additional information from the USP panel was com-
bined with the TSG3 to establish the TS. The inclusion of some USP
lines in the TS attempted to simulate a condition in which the breeding
programme phenotypes part of the lines of the total group (previously

genotyped) and includes them with the external data for prediction of

the other lines. Therefore, ten groups of different sizes of TS were es-
tablished here, five via OTS and five via RTS (with 50, 250, 500, 1,000
and 1,500 individuals). The remaining lines of the USP panel (N = 31)
that were not used in the TS were considered the VS.

2.7 | Genomic prediction models

In all the scenarios described above, the performance of the USP
panel lines for PH and EH was predicted via G-BLUP, following the
model:

y=Xu+Zg+e (2)

where y is the vector of genotypic values obtained via REML/BLUP, u is
the fixed-effect vector (mean of the population), g is the random-effect
vector of the genomic values, and € is the residual vector. The variance
of the random effects of g is var (g) = Kagz, in which K is the genomic
relationship matrix (kinship) and agz represents genetic variation. The
residual variance is given by var (€) = Iaez. Lastly, Zis an incidence matrix
that relates to the effects of the independent vector to the dependent
vector y, X is an n x 1 column matrix, and I is the identity matrix. We
used rrBLUP-R (Endelman, 2011) to run the model.

The predictive ability (ry,z) was obtained by the Pearson cor-
relation coefficient (r) between the predicted genetic value and
the GEBV in the validation set. For each of the different scenarios
tested, 50 replications were performed (preceded by loops). The ac-
curacies obtained from the various scenarios were transformed into
variables and subjected to analysis of variance to compare the effect

of training set composition:

Yi=u+Ti+e; (3)

Yi=u+T+N(T) +g; 4)

inwhichj=1,...,ri=1,..,k Yi is the j-th observation of the level i of
the treatment factor; u is the overall mean; T, is the treatment effect
(training set); N is the number of individuals within the TS; and €;is the
residual value. The model in Equation 3 refers to scenarios TSG1 and
TSG2. Equation 4 designates scenarios TSG3 and TSG4. From these
data, standard deviations () were also estimated and the mean val-
ues compared by the Tukey test with a = 0.05. Before performing the
analysis of variance, predictive abilities were assessed for normality
assumption. All the procedures were carried out via R software.

3 | RESULTS
3.1 | Variance components and heritabilities
With the likelihood ratio test, we found significant differences be-

tween USP inbred lines for PH (126.84", chi-square test at 1%) and
EH (78.74"", chi-square test at 1%). The heritability estimates were
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considered moderate to high: ASSO panel (0.93 for PH and 0.94 for
EH); NCRIPS (0.87 for PH and 0.86 for EH)—Heritabilities of ASSO
and NCRIPS were obtained in Peiffer et al. (2014); and USP panel
(0.71 for PH and 0.60 for EH).

3.2 | Population structure

Principal component analysis revealed a structure compatible with
the accessed and paired data published by Romay et al. (2013). Thus,
cluster analysis acted in such a way that all the groups could be sepa-
rated in the first two axes of principal components (PC), showing
estimates of 4.9% and 3.3% of the genetic variance, respectively
(Figure 1). These results are consistent with previous studies on
maize (Guo et al., 2013).

Considering the USP, ASSO and NCRPIS panels (Figure 1), the
number of lines allocated in the clusters obtained was distributed

as follows:

Tropical = USP (63), ASSO (136) and NCRPIS (512);
Popcorn = ASSO (60) and NCRPIS (91);

Nonstiff stalk = ASSO (207) and NCRPIS (1,272);

Stiff stalk = ASSO (15) and NCRPIS (150);

Sweet corn = ASSO (30) and NCRPIS (112).

RAEESEE I

As described above, the 151 lines belonging to the popcorn clus-
ter did not factor into the establishment of the training sets in any

proposed scenario.
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3.3 | Methods of establishing the training set and
prediction accuracies

331 | TSG1

In this first scenario, the prediction accuracies ranged from 0.16 to
0.20 for PH and from 0.02 to 0.05 for EH (Table 2). Therefore, al-
though this panel exhibited genetic variability among the lines for
the traits considered, the number of individuals included in the TS

was a limiting factor regarding the predictive ability of GS.

3.3.2 | TSG2

For this scenario, where different panels were used to build the TS
and VS, the predictive abilities obtained indicated that the addition
of USP lines into the TS increased the predictive abilities of traits,
though this increase in plant height was not significant (Table 3).
Moreover, the panels NCRPIS and ASSO predicted USP panel with
predictive abilities between 0.08 and 0.29 for PH and 0.09 and 0.44

for EH, regardless of whether they were combined.

3.3.3 | TSG3

The results obtained for TSG3 indicate that higher values of predic-
tive ability were reached for plant height when optimized training
sets (OTSs) were used with an N, of 250, 500 or 1,000 individuals.
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FIGURE 1 Population structure via principal component analysis (PCA), with k = 5 clusters, using 28,260 SNPs and 2,748 maize lines.

Each solid circle represents a line
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TABLE 2 Mean and standard deviation of predictive ability (r(;,g)
) of the genomic predictions obtained in TSG1 for different sizes of
training sets (N,) and validation sets (Nv) in the traits of plant height
(PH) and ear height (EH)

Traits N, N, F9.9)

PH 10 53 0.16 £ 0.20°
20 43 0.20+0.13°
30 33 0.22+0.15°

EH 10 53 0.02 +0.11*
20 43 0.03 + 0.09°
30 33 0.05 +0.10°

#Mean values followed by the same letter in the column do not differ by
the Tukey test at 5%; coefficient of variation: PH = 0.85, EH = 3.09.

TABLE 3 Mean and standard deviation of predictive ability (r(;,g)
) obtained in TSG2 for different sizes of the training set (N,) and
accordance with the panels USP, NCRPIS and ASSO for the traits of
plant height (PH) and ear height (EH)

Trait TS panel N, F9.9)

PH USP + NCRPIS + ASSO 2,465 0.29 +0.13?
NCRPIS + ASSO 2,434 0.20 +0.13?
NCRPIS 2,046 0.24 +0.11°
ASSO 388 0.08 +0.17°
NCRPIS (tropical) 512 0.21 +0.11°
ASSO (tropical) 136 0.20 +0.13?

EH USP + NCRPIS + ASSO 2,465 0.44 +0.11°
NCRPIS + ASSO 2,434 0.15+0.11
NCRPIS 2,046 0.18 +0.10°
ASSO 388 0.11 £0.15
NCRPIS (tropical) 512 0.09 + 0.09¢
ASSO (tropical) 136 0.30+0.11°

Note: Validation set (VS): 32 lines (USP panel) determined at random;
coefficient of variation: PH = 0.67, EH = 0.55. Mean values followed by
the same letter in the column do not differ by the Tukey test at 5%.

The values observed ranged from 0.31 to 0.32 (Table 4), without
significant differences among them. Furthermore, for EH, high esti-
mates of predictive ability were obtained using OTSs with N, = 250
individuals (Table 4).

Therefore, OTSs consisting of 250 individuals may be used,
without the risk of penalizing the estimate of predictive ability, as
long as they are chosen by the method tested here. As proof of
the effectiveness of the method, the results indicated that in the
groups of RTS, predictive ability increased following the addition
of individuals in the training set. Nevertheless, this increase did
not have a practical or statistical effect. That was because the vari-
ation observed was insufficient to generate differences between
the predictive abilities (Table 4). Additionally, the values observed
(RTS) were lower than those obtained when using an OTS com-

posed of 250 individuals. Indeed, the best or clear comparison

TABLE 4 Mean and standard deviation of predictive ability (rg)
of the genomic predictions obtained in TSG3 for different sizes of
the optimized training set (N,) obtained via panel NCRPIS and ASSO
for the traits of plant height (PH) and ear height (EH)

Trait Nt r(;,)g)
- - oTS RTS
PH 50 0.17 +0.14%8 0.14 +0.16"8
250 0.32 +0.10* 0.17 + 0.19"®
500 0.31+0.19*A 0.18 + 0.19"®
1,000 0.31 +0.10* 0.22 +0.18P"B
1,500 0.18 +0.15"8 0.20 + 0.11°A8
EH 50 0.15 + 0.14%8¢ 0.06 + 0.19*®8
250 0.32+0.11* 0.07 + 0.16°8
500 0.22 +0.11%8 0.12 + 0.18A8
1,000 0.06 +0.123°P 0.16 + 0.16*A
1,500 0.03 +0.12°° 0.12 + 0.11*48

Note: Validation set (VS): 32 lines (USP panel) determined at random;
coefficient of variation: PH = 0.68, EH = 1.12. Mean values followed
by the same lowercase letter in the same row and the same uppercase
letter in the same column do not differ by the Tukey test at 5%.

Abbreviations: OTS, optimized training set; RTS, randomized training
set.

between RTS and OTS was when the differences in predictive
abilities with N, = 250 were analysed. In this group, the OTS had
estimates 88.2% and 457% higher than RTS for PH and EH, respec-
tively (Table 4).

3.34 | TSG4

The addition of lines belonging to the USP panel in the OTS and
RTS groups led to an increase in the estimates of predictive ability
for all the N, tested (Table 5). The mean increase concerning the
TSG3 was 0.55x greater for OTS and 1.08x greater for RTS in PH.
For EH, these values were 2.21 and 4.03x greater in OTS and RTS,
respectively. Both training set tested (OTS and RTS) reached esti-
mates of predictive ability up to 0.59 (Table 5), in the model tested
and for the population of interest. However, as shown above, very
small groups were not effective in predictions. Thus, if the scenario
had a VS greater than that tested here (32 < N, < 63), the size of
N, would decrease (50 < N, < 81; 250 < N, < 281). It seems that
N, near 50 individuals reduces the predictive ability. However, N,
near 250 individuals would tend to maintain high levels of the es-
timates of abilities because it was the most robust group size in

other scenarios.

4 | DISCUSSION

The moderate to high heritability estimates that we found are rel-

evant to the analysis. It is because heritability affects the predictive
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ability due to a positive tendency between them, with a significant
response in the selection of traits with high heritability (Cavalcanti,
Resende, Santos, & Pinheiro, 2012; Muranty et al., 2015).

TABLE 5 Mean and standard deviation f predictive ability (ry)
of the genomic predictions obtained in TSG4 for different sizes of
the optimized training set (N,) obtained via the USP, NCRPIS and

ASSO panels for the traits of plant height (PH) and ear height (EH)

Traits Nt r(;,,g)

- - OoTS RTS

PH 81 0.43 +0.10** 0.41+0.13*
281 0.44 +0.08% 0.40 +0.13%A
531 0.41 + 0.09** 0.37 £ 0.14**
1,031 0.40 + 0.09** 0.39 +0.11**
1,531 0.33+0.10%® 0.33+0.11%8

EH 81 0.57 + 0.09%A 0.58 + 0.09**
281 0.59 +0.10* 0.55 +0.13**
531 0.51 + 0.14%8 0.53 + 0.13%/8
1,031 0.42 +0.15°¢ 0.53 + 0.122/8
1,531 0.42 +0.14°¢ 0.48 +0.11%8

Note: Validation set (VS): 32 lines (USP panel) determined at random;
coefficient of variation: PH = 0.27, EH = 0.23. Mean values followed
by the same lowercase letter in the same row and the same uppercase
letter in the same column do not differ by the Tukey test at 5%.

Abbreviations: OTS, optimized training set; RTS, randomized training set.

tropical |

(32)

Regarding the TSG1 process, predictions within very small
groups limit the predictive ability of the model and do not signifi-
cantly change its estimates, even if the size of the training set (N,) is
increased. The mean coefficient of the relationship (rxy), via the ge-
nomic relationship matrix, was 0.19 (Figure S1) in this panel, which is
high, because it is near the half-sib mean. Thus, the need for includ-
ing more significant genetic variability for carrying out GS is evident.

Concerning TSG2, analysing its inference (Table 3) and taking
into consideration the differences in the sizes of the training set be-
tween the panels (NCRPIS = 512 and ASSO = 136), it seems that
even with a smaller proportion of the training set, the ASSO panel
can predict better than NCRPIS regarding USP panel. This result in-
dicates a significant relationship between ASSO lines and USP lines.
However, the NCRPIS and ASSO panels have an Ty of 0.02 and 0.017
with the USP, respectively. Another result of this study is the clear
structure of the tropical cluster within the panels NCRPIS and ASSO
(Figure 2A1,B1). Considering only this cluster and relating it to the
USP panel (Figure 2A2,B2; Figure S2), the values of r,, are greater
than those described above, namely 0.071 for NCRPIS and 0.08 for
ASSO, with maximum values of 0.263 and 0.184 for each panel, re-
spectively. In this context, the tropical group inside ASSO (ASSO -
tropical) panel provides higher predictive abilities when used as a
training group than the whole ASSO panel (Table 3). The same ten-
dency was not observed for the NCRPIS panel. In this case, the trend
was a decline in predictive ability for EH. Thus, it might be expected
that the strong genetic relationship between USP and ASSO was

(b2

FIGURE 2 Heat map of the genomic relationship matrix (GRM), using 28,260 SNP markers, for the direct relationship between the panels
USP and NCRPIS (A1), USP and ASSO (B1), USP and NCRPIS within the tropical cluster (A2) and USP and ASSO within the tropical cluster

(B2)
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determinant for the predictive abilities observed. Nevertheless, the
high dispersion of NCRPIS lines seems to play a role in the absence
of high prediction accuracies of USP lines. It has already been es-

tablished that the population structure is a critical factor affecting
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FIGURE 3 Population structure of the
lines selected to compose the optimized
training set (OTS) following their size (N,)
in the TSG3 scenario
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the predictions in GS (Guo et al., 2013). Therefore, it is necessary to
consider it in the establishment of the TS or definition of the models,
to avoid unrealistic and spurious estimates of predictive abilities and
accuracies (Riedelsheimer et al., 2013; Wray et al., 2013). Confirming



PINHO MORAIS ET AL.

the results we found, Albrecht et al. (2011) and Guo et al. (2013)
observed that TS and VS groups established from the same cluster
could improve predictive ability. On the other hand, when TS and VS
diverge or when the genotypes come from different crosses or fam-
ilies, the predictive abilities and accuracies of the models of genomic
selection tend to decrease.

In the TSG3 scenario, the superiority of OTSs is due to the opti-
mization method used. It is based on a derivation of a computational
method published by Akdemir et al. (2015). This process makes an
efficient approximation of the prediction error variance (PEV), based
on the principal components, via markers in the candidate and tested
lines. The PEV was estimated in the test group (USP panel) instead of
the candidate group (NCRPIS + ASSO). Consequently, the selection
of lines for the optimized group occurs following those that minimize
the PEV in the USP panel. This tendency can be observed for smaller
groups, N, = 50 and 250, in which the selection of lines to build the
OTS is, in most cases, from the tropical group (Figure 3). In contrast,
as the size of the selected group increases, lines that are divergent
and lack any relationship with the USP panel tend to be included in
the training set (Figure 3). Thus, there is a decrease in predictive abil-
ity, N, = 1,500 and 500, for PH and EH, respectively (Table 4). These
results show that the structure of the population plays a vital role in
optimizing the training sets because when the population effect is
smaller, the OTSs can more accurately predict the lines of the USP
panel. Moreover, under strong population structuring, the OTS is
less accurate. Nevertheless, small population sizes, such as N, = 50,
also limit predictions because they do not include sufficient genetic
variability. Hence, not only should the effective size of the popula-
tion be taken into consideration, but its degree of relationship with
the population to be predicted should as well.

For TSG4, another important point is that the establishment of
the groups via RTS depends on a random sampling of the lines. Thus,
lines belonging to a single subpopulation and that are highly related
should be selected, which results in a loss of diversity in the breed-
ing programme, just as in the predictive ability of the GS models.
On the other hand, the OTS follows a pattern to select individuals
that will compose it, through which kinship and genetic variability of
the chosen materials are controlled (Figure 3). Optimization within
only one group with kinship does not improve the correlation of the
GEBVs with the nonphenotyped lines. However, the association of
this information with the genetic distance can lead to a selection of
a stable and genetically representative sample of lines to be pheno-
typed (Schmidt et al., 2016), thus optimizing the process of establish-
ing the training set.

Windhausen et al. (2012) indicate that when 50% of the gen-
otypes in the validation group are included in the training group,
the predictive ability increases for all the traits and the most
significant improvements are for those with high heritability.
Additionally, the results obtained via TSG3 and TSG4 indicate
that predictive ability can be improved if the lines that compose
the training group are correctly selected by efficient methods,
such as that proposed by Akdemir et al. (2015), making satisfac-

tory results feasible mainly through smaller groups of individuals.
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Simulations also suggest that small training groups may be as
precise as large ones (Habier, Fernando, & Dekkers, 2009). This
prediction has been confirmed in real breeding populations (Isidro
et al., 2015; Wong & Bernardo, 2008) and this study. In general,
large TSs are recommended for traits controlled by a large number
of genes of small effect and with a large influence of the environ-
ment on phenotype (Goddard & Hayes, 2009). Nevertheless, the
traits used in this study are not so complex as grain yield (Multani
et al., 2003) and are highly heritable (Peiffer et al., 2014), which
allowed us to use small training sets.

The standard deviation estimates (s) were similar in most sce-
narios, except for TSG3 (Table 4), which showed the most significant
deviation for RTS. Knowledge of standard deviations of the predic-
tive ability is important for small training sets, mainly because some
individuals with rare alleles might have a considerable effect and

contribute to increasing the predictive ability (Schmidt et al., 2016).

4.1 | Application to plant breeding and perspectives

Taking into consideration the central theme of the problem pre-
sented, in which the resources used are limited, and there is the
possibility of using the genotypic information from the whole
programme population, the use of external panels to predict small
and nonrelated populations is possible. A similar procedure was
successfully used by Jarquin, Specht, and Lorenz (2016) in soy-
bean, achieving predictive abilities of up to 0.92 for oil and pro-
tein and 0.79 for yield. Those results and the results presented
here support the recommendation to breeders to access public
genomic and phenotypic databases and use them in their GS pro-
grammes. A large number of genotypes in the TSs established
are not necessary when optimization of the population is used.
However, it is a large group forming the initial data with wide ge-
netic variability. Based on that, the optimization process of the
TS can be effective.

Furthermore, it is recommended to combine the use of external
information and of some of the lines of the programme in establishing
the TS. This approach will lead to the selection of the best individu-
als in future phases, reducing the amount of material to be screened
in the field trials. Accordingly, costs will be reduced while increasing
gains by making the right selection. However, this is valid only for
traits with high heritability. Additional studies are necessary for traits
with lower heritabilities. It should be noted that other factors were not
studied in this work, such as the statistical models used (Heslot, Yang,
Sorrells, & Jannink, 2012), the number and type of markers (Chen
& Sullivan, 2003; Poland & Rife, 2012) and the imbalance of linkage
(Habier et al., 2007). These factors can influence the predictive ability
of GS and should be studied within the proposed panorama.

A prospect of how to apply this procedure in a breeding pipeline
is described below. Let us consider a framework with a TS of 480
individuals to predict new double haploid (DH) lines. In this context, a
VS may be defined with Nv = 48 (10% of the TS). The strategy in this

procedure is to genotype and phenotype only a part of the internal
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population in each cycle or each year and to use the other data from
public databases. Through the years, there should be a substitution of
the external lines for private lines from the programme. In this way,
the financial resources necessary to compose a TS will be reduced
through the years. This strategy can be summarized as follows: first
year: (a) genotyping and phenotyping 96 individuals. (b) Among the
96 individuals, 48 are established as the VS; the remaining ones will
make up part of the TS, together with lines from public databases.
Thus, 48 breeding lines and 432 lines from external panels are se-
lected based on the OTS. (c) Validation and prediction of the GEBVs.
Second year: (a) genotyping and phenotyping of 96 new individuals.
(b) The VS is established based only on internal lines. Thus, among
the 192 private lines (96 from the 1st year + 96 from the 2nd year),
48 will be part of the VS and 148 the TS. Consequently, 332 external
lines selected via optimization procedures are required. (c) Validation
and prediction of the GEBVs. This method is repeated up to the fifth
year, in which practically the entire TS will be substituted by internal
lines of the programme, considering the introduction of data from
96 lines annually. Additionally, as shown here, this procedure has the
potential to maintain the adequate predictive ability of the predictive
model.

Another advantage of our approach is the possibility of defin-
ing the best technical, operational and financial balance for each
programme according to the resources available over time and for
each crop. Furthermore, using this procedure, small investments
per year are necessary, amortizing the total value over time. Even
though the environment has a smaller effect on PH and EH than
on yield, for example, in terms of predictive ability, there is evi-
dence that the predictive ability decreases when the TS and VS
are evaluated under contrasting environments (Windhausen et al.,
2012). Moreover, the substitution of public lines by internal ones
should respect the technical and economic limitations of each
breeding programme. Thus, creating nets of collaboration, which
develop public databases of tropical corn, may help small breed-
ing programmes implement GS, especially in recently created pro-
grammes that have low genetic variability in their germplasm and
small budgets.

5 | CONCLUSIONS

Public databases of genomic and phenotypic information are valid
sources for creating training sets to implement genomic selection
in breeding programmes with limited resources. However, the natu-
ral population structure of these datasets may affect the predictive
ability. Thus, we recommend the use of optimization methods, as an
example Akdemir et al. (2015), to build the training sets. Moreover,
small groups of individuals (250) selected from public panels are suf-
ficient to achieve satisfactory, over 0.53, for predictive abilities of
genomic selection.
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