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Abstract

Key message Deterministic formulas accurately fore-
cast the decline in predictive ability of genomic predic-
tion with changing testers, target environments or traits
and truncation selection.

Abstract Genomic prediction of testcross performance
(TP) was found to be a promising selection tool in hybrid
breeding as long as the same tester and environments are
used in the training and prediction set. In practice, how-
ever, selection targets often change in terms of testers, tar-
get environments or traits leading to a reduced predictive
ability. Hence, it would be desirable to estimate for given
training data the expected decline in the predictive ability
of genomic prediction under such settings by deterministic
formulas that require only quantitative genetic parameters
available from the breeding program. Here, we derived
formulas for forecasting the predictive ability under differ-
ent selection targets in the training and prediction set and
applied these to predict the TP of lines based on line per se
or testcross evaluations. On the basis of two experiments
with maize, we validated our approach in four scenarios
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characterized by different selection targets. Forecasted and
empirically observed predictive abilities obtained by cross-
validation generally agreed well, with deviations between
—0.06 and 0.01 only. Applying the prediction model to a
different tester and/or year reduced the predictive ability by
not more than 18 %. Accounting additionally for truncation
selection in our formulas indicated a substantial reduction
in predictive ability in the prediction set, amounting, e.g.,
to 53 % for a selected fraction « = 10 %. In conclusion,
our deterministic formulas enable forecasting the predictive
abilities of new selection targets with sufficient precision
and could be used to calculate parameters required for opti-
mizing the allocation of resources in multi-stage genomic
selection.

Introduction

Hybrid breeding involves (1) production of new candidates
within each heterotic pool, (2) evaluation of their line per
se performance (LP) especially for characters related to
hybrid seed production and (3) evaluation of their test-
cross performance (TP) in combination with genotypes
from the opposite heterotic pool (Hallauer 1990). With
the widespread adoption of the double haploid (DH) tech-
nology in major crops such as maize, the number of new
lines produced every year in the public and private sector
has tremendously increased during the past decade. Hence,
highly effective selection schemes are required to identify
the most promising lines and hybrid combinations as early
and as efficiently as possible (Technow et al. 2014). While
maturity and many resistance and quality traits of hybrids
can be predicted fairly accurately from the performance of
their parents, the correlation between LP and TP for grain
yield and other heterotic traits is generally weak (Smith
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1986; Hallauer 1990; Mihaljevic et al. 2005a). Therefore,
breeders are still searching for alternatives to predict the
TP of new untested lines. Marker-assisted selection for TP
proved unsatisfactory for most quantitative traits (Bernardo
2008; Heffner et al. 2009), because QTL mapping studies
with sample sizes affordable in practical breeding programs
warrant detection of only few significant marker—trait asso-
ciations that explain merely a small to moderate proportion
of the genotypic variance for TP (Melchinger et al. 1998;
Schon et al. 2004; Mihaljevic et al. 2005a).

A more recent statistical approach for the prediction
of genotypic values, termed genomic selection or predic-
tion (Meuwissen et al. 2001), uses genome-wide, dense
marker data for fitting models that simultaneously exploit
the information provided by all markers. This property
enables explaining a substantially larger proportion of the
genetic variance of complex traits than with methods that
preselect markers based on arbitrary significance thresh-
olds (Meuwissen et al. 2001). Originally developed in
the context of animal breeding, many studies found high
potential for the use of genomic prediction in plant breed-
ing (e.g., Bernardo and Yu 2007; Heffner et al. 2009; Rie-
delsheimer et al. 2012; Technow et al. 2014), particularly
for prediction of TP (Albrecht et al. 2011; Zhao et al. 2012;
Lehermeier et al. 2014). However, integration of genomic
prediction into multi-stage selection generally practiced
in hybrid breeding warrants further research for balancing
the number of candidates evaluated in each breeding stage
(Riedelsheimer and Melchinger 2013). To date, only few
experimental studies investigated the influence of differ-
ent testers or environments on genomic prediction of TP
(Windhausen et al. 2012; Albrecht et al. 2014). Theoretical
approaches for forecasting the predictive ability of genomic
prediction based on available training data (i.e., phenotypic
and genotypic data for a set of candidates) when altering
the selection target by changing the tester, target environ-
ments or even target traits are to the best of our knowledge
not available.

Dekkers (2007) derived formulas for calculating the
response to selection of multiple traits on the basis of phe-
notypic information as well as genomic estimated breeding
values (GEBVs). In contrast to single markers associated
with a trait of interest, use of high-density genotypes and
GEBVs derived from these data satisfies the assumption
of multivariate normality necessary to derive deterministic
predictions of response to selection (Lande and Thompson
1990). In hybrid breeding, LP and TP with different test-
ers can be regarded as different selection targets of the
candidates (Falconer and Mackay 1996) and, thus, be pre-
dicted on the basis of their marker genotypes. The same
idea applies likewise to the performance of a candidate in
different sets of environments. Exploiting these principles
using Dekkers’ (2007) theoretical framework motivated

@ Springer

us to develop formulas for forecasting the performance
of genomic prediction based on preexisting training data
and quantitative genetic parameters of the population of
interest.

Little attention has also been paid to the influence of
truncation selection in the prediction set on the accuracy of
the GEBVs. In view of the large number of DH lines pro-
duced every year anew, the selection intensity is high and
only the genotypes with the highest GEBVs are promoted
to the next stage of testing in hybrid breeding. Thus, if the
prediction set represents a selected fraction, this must prop-
erly be taken into account, because truncation selection
alone was found to reduce prediction accuracy (Muir 2007,
Jannink 2010; Bastiaansen et al. 2012). As demonstrated
here, theoretical results provided by Cochran (1950) can be
used to obtain an analytical solution to this problem.

Our objectives were to (1) develop formulas for calcu-
lating the predictive ability of genomic prediction based
on preexisting training data under altered selection tar-
gets in the training and prediction set using a selection
index approach, (2) demonstrate the use of these formulas
for forecasting the predictive ability of genomic predic-
tion for TP on the basis of LP or TP across different years
and/or testers, (3) compare for these scenarios the fore-
casted and respective empirically observed predictive abil-
ity determined by cross-validation based on phenotypic
and genomic data from an experiment with maize and (4)
assess the influence of different testers and/or years as well
as truncation selection on the prediction accuracy in the
selected candidates.

Theory

Dekkers (2007) used classical selection index theory to
derive for multiple traits the correlations between pheno-
typic values and GEBVs that are required for calculating
the selection gain under direct and indirect phenotypic and
genomic selection. Adopting his notation, the theory pre-
sented here is based on the following linear model, where
the index i refers to the selection target of the candidate,
which, for example, might represent a trait or a tester in a
specific year

Pi=Gi+E=Qi+R+E=0+e+R+E. (1)

where P; is the phenotypic value of the candidate, G; the
genotypic value of the candidate, E; the random environ-
mental noise in the phenotypic value of the candidate, Q;
the component of G; in the candidate associated with mark-
ers according to the specification of the prediction model,
R; the part of G; not associated with markers, Q,- the GEBV
for Q; and e; the prediction error in estimation of Q; by Q,-.
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For two selection targets i and j, we can express the cor-
relations of the variables P, G; and QJ- with variables Q;,
P;, G; and Qi as a function of various quantitative genetic
parameters (Supplementary Table S1). Unlike the herit-
abilities hl2 and hf for selection target i and j, respectively,
many parameters in this table such as ¢; = r(G;, Q;) and
q; = r(Gj, Q)), as well as r(Qj, Q;), cannot be estimated
directly from experimental data. The formula given in Sup-
plementary Table S1
V(Pj,Qi) = @@r(Pi,Qi)r(Qj,Qi) 2)

hi g
can be simplified under certain assumptions. If g; and g; are
large, then r(Q;, Q;) approaches r(Gj, G;). Moreover, if the
ratios /;:h; and g;:q; are close to 1, we obtain from Eq. (2)

1
the following approximation

(P 0i) ~ r(Pi01)7(G1. i), 3)

One goal of our study is to adopt and apply Eq. (3) to the
problem of predicting TP of lines based on training set (TS)
data evaluated with a tester or in a year different from the pre-
diction set (PS). In the following part, we demonstrate how
preexisting training data and quantitative genetic parameters
can be used to forecast the predictive ability in a PS with an
altered selection target prior to obtaining the corresponding
phenotypes required to fit its own prediction model. For this
purpose, we established four scenarios (Fig. 1) in which the
TS and PS included the same or different tester(s) and were
evaluated in the same or different year(s). Further, depending
on whether one or both tester(s) [or year(s)] were included

in the TS data, we specified four sub-scenarios a—d (Fig. 1).
In detail, we predicted TP (with tester T1 or T2 or the mean
across both testers) in the PS with GEBVs obtained from (1)
TS data for TP with the same or different tester(s) evaluated
in the same or different year(s) (Scenarios 1-4 in Fig. 1) or
(2) TS data on LP evaluated in the same or different year(s)
(Scenarios 1*—4* in Fig. 1).

Let Py, denote the LP or TP of a candidate with tester(s)
j (where j=1,2 for TP with tester T1 and T2, respec-
tively, j = 3 for the mean TP across both testers and j = 4
for LP) averaged over locations in year(s) u (where u = 1,2
for year Y1 and Y2, respectively, and u = 3 for the mean
across both years). Likewise, let Q,'S denote the GEBV of a
candidate based on LP or TP with tester(s) i (wherei = 1,2
for TP with tester T1 and T2, i = 3 for the mean TP across
both testers and i = 4 for LP) and over locations in year(s) s
(where s = 1,2 for year Y1 and Y2, respectively, and s = 3
for the mean over both years).

For Scenarios 14, the genetic trait correlation r(Gj, G;)
in Eq. (3) must be replaced by the corresponding correla-
tion 7(Gju, Gis) between the selection targets, i.e., the cor-
relation between TP in the TS data (where i = 1,2,3 and
s = 1,2, 3 as defined above) and TP in the PS data (where
j=1,2,3and u = 1,2, 3 as defined above) given by
07 + 8505 /T + 850y /Y + 81,8505, | TY

r(Giy, Gis) =
(G Gis) U§+a§,/T+a§y/Y+a§W/TY

“

where crgz is the genotypic (i.e., general combining abil-

ity) variance among candidates, 0g2, the genotype x tester
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(i.e., specific combining ability) interaction variance, agz‘
the genotype x year interaction variance, cr;ty the geno-
type X tester x year interaction variance, T the number of
testers (T = 1 or 2), Y the number of years (Y =1 or 2),
Sfj = 1 in Scenarios 1_ and 2_ [same tester(s) (i =j) in TS
and PS] and = O in Scenarios 3_ and 4_ [different test-
ers (i #j) in TS and PS], 8%, = 1 in Scenarios 1_ and 3_
[TS and PS evaluated in the same year(s) (s = u)] and =0
in Scenarios 2_ and 4_ [TS and PS evaluated in different
years (s # u)], where the underscores represent letters a—d
used in Fig. 1 for characterizing the various sub-scenarios.

For Scenarios 1* and 2%, r(Gjy, Gjs) is the correlation
between LP in the TS data (wherei =4 and s = 1,2,3 as
defined above) and LP in the PS data (where j =4 and
u = 1,2, 3 as defined above) given by

2% Y 2%
o+ SSMGgy /Y

r(Giu Gis) = = 32y )
oyt tog /Y
where agz* is the genotypic variance among candidates and

ogy* the genotype x year interaction variance. The asterisk
distinguishes the genotypic variance for LP from the gen-
eral combining ability variance for TP (no asterisk).

For Scenarios 3* and 4%, r(Gjy, Gjs) is the correlation
between LP in the TS data (wherei =4 and s = 1,2,3 as
defined above) and TP in the PS data (where j =3 and
u = 1,2,3, as defined above) given by

y COng’gy*
€OV + Osu—y™

r(Gju, Gis) =

T

2 o

2 2 2
24 %t %% %y 2 oy*
\/Ug+T+Y+TY O + —y

where covg g+ is the genotypic covariance between GCA
and LP among the candidates, cov,y ¢+ the genotype x year
covariance between GCA and LP, and all other terms are as
defined above.

Following Dekkers (2007), prediction
cies r(Gjy, Qis) were obtained from predictive abilities
r(Pjy, Qis) by multiplying the latter with 1/h;,, where hj2u is
the heritability on a progeny-mean basis of a genotype in
the PS over T testers and Y years calculated as

accura-

ol +02/T+0l /Y +0lk /TY

gty
2 2 2 ’

o2 + rrg% n Ug,+ag,,/T + 0;V+Ug2,}./T +agl,y/T + ‘752 (7)

8 T L Y LY TLYR

2 __
1, =

2
n Oy

where all variance components are defined as above and in
addition ‘751 is the genotype x location interaction variance,
0211 the genotype x tester x location interaction variance,
O gty the genotype x tester x location X year interaction
variance, 082 the residual error variance, L the number of
locations (L =3 in our experimental example), and R
the number of replications in each location (R = 2 in our
experimental example).
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The heritabilities for LP were calculated analogously.
In subsequent sections, all values estimated directly from
experimental data are labeled with a hat [e.g., 7(Pjy, Qis) for
the empirically determined predictive ability], whereas val-
ues forecasted by deterministic formulas are labeled with a
tilde [e.g., 7(Pju, Qis) for the forecasted predictive ability].

Materials and methods
Genetic materials, phenotyping and genotyping

The data for our study were taken from two experiments
with maize for biogas production described in detail by
Grieder et al. (2012a, b) and Riedelsheimer et al. (2012).
These experiments were re-analyzed with new objectives
for the present study. Both experiments were based on a
diversity panel of 285 inbred lines from the dent heterotic
pool (including European dent, US Corn Belt dent, tropical
germplasm) covering a broad range of variation for matu-
rity and other agronomic traits. Based on prior information
about their flowering date, the inbred lines were divided
into three maturity groups, each comprising 95 genotypes.

In Experiment 1, 570 testcrosses were developed by
crossing all 3 x 95 lines with two single-cross flint test-
ers (T1 and T2). Together with five common check hybrids,
the six groups of 95 testcrosses were evaluated in separate
but adjacent trials laid out as 20 x 5 alpha designs with
two replications. In Experiment 2, the three groups of 95
inbred lines together with 5 common check inbred lines
were evaluated for their LP in adjacent trials also laid out
as 20 x 5 alpha designs with two replications. All trials
were conducted with two row plots in 2008 (Y1) and 2009
(Y2) at three locations in Germany with diverse agro-eco-
logical conditions. Details on the experimental procedures
including plant densities and data recording were described
by Grieder et al. (2012a, b). Here, we concentrated on the
traits dry matter yield (DMY, in t ha~!) and dry matter con-
centration (DMC, in %) at silage harvest.

Genotyping of all 285 inbred lines was performed using
the Illumina SNP chip MaizeSNP50 containing 56,110
SNPs (Ganal et al. 2011). Quality control and preprocess-
ing of the genotypic data were performed as described in
detail by Riedelsheimer et al. (2012). A total of 35,564
SNPs with a minor allele frequency (MAF) >5 % remained
after filtering and were used for further analyses.

Statistical analyses
Phenotypic analysis

Phenotypic data were analyzed in multiple steps as detailed
by Riedelsheimer et al. (2012). First, a lattice analysis of
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each individual trial (corresponding to a combination of
group of candidates, location, year and type of evaluation)
was conducted to calculate adjusted-entry means of all 100
entries in each group and effective error mean squares using
software PLABSTAT (Utz 2005). Second, we calculated a
combined ANOVA jointly across both testcross series (i.e.,
across all trials for both testers and both years) to estimate
variance components (8?, 6;, 6gzy etc.), treating genotypes
and all other effects as random. Importantly, we followed
the standard procedure in the analysis of testcross series
and assumed homogeneous variances for locations, testers
and years. This allowed us to insert the same estimates of
variance components into Eqgs. (4)—(7), irrespective of the
tester and year used in each scenario. Analogously, variance
components were calculated for LP. Third, we calculated a
multivariate ANOVA with the data of both TP and LP to
obtain estimates of their covariances. The last two steps
were conducted with ASREML (Gilmour et al. 2009) and
results are shown in Table 1. For fitting the genomic predic-
tion models in the second step of the two-stage approach,
we followed, e.g., Zhao et al. (2012), and calculated best
linear unbiased estimates (BLUEs) of the entries by treat-
ing genotypes as fixed effects, while the assumptions for all
other model terms remained unchanged.

Genomic analyses

Linkage disequilibrium (LD) between markers in the diver-
sity panel was calculated as the squared correlation (%)
between alleles at two loci (Hill and Robertson 1968).
For graphical representation of LD, we grouped pairs of
SNPs in consecutive bins of 0.05 mega base pairs (Mbp)
width and calculated the average LD across all pairs within
each bin. LD between adjacent SNPs was determined

additionally. For all LD statistics, we used the preprocessed
marker data described above.

Genomic prediction model and cross-validation schemes

Genomic prediction was performed using genomic best lin-
ear unbiased prediction (GBLUP) for each scenario shown
in Fig. 1. The GBLUP model can be written as

y=1lp+Za+e, 8

where y is the vector of BLUEs of entries, u the overall
mean, Z an incidence matrix allocating adjusted entry
means to breeding values, a the vector of breeding val-
ues and e the vector of residuals. Vectors of random
variables @ and e are assumed to be normally distrib-
uted as N(0,Ko?) and N(0,I0?2), respectively, where
K =WW /4 Z%:l pimn(1 — pp) is the genomic relationship
matrix (Habier et al. 2007; VanRaden 2008), W the cen-
tered version of the genotype matrix X coded as {—1,0,1},
Pm the sample frequency of the minor allele at marker locus
m, 0112 the additive genetic variance, I an identity matrix and
(782 the residual error variance. To account for the variance
of fully homozygous inbred lines, the original denominator
221(‘;[1: 1y Pm(l — pm) of K (Habier et al. 2007) was mul-
tiplied by two. Restricted maximum-likelihood estimates
of variance components as well as mixed model solutions
a were calculated using the mixed.solve function imple-
mented in the R-package r¥BLUP (Endelman 2011). Note
that breeding values a and GEBVs a correspond to Q and 0,
respectively, as used in the theory section.

Habier et al. (2010) showed that the accuracy of genomic
prediction is strongly correlated with the maximum additive
genetic relationship of each individual v in the PS with all
individuals in the TS. Analogously, we calculated for each
individual the maximum pairwise genomic kinship with all

Table 1 Estimates of variance and covariance components and their standard errors for TP and LP of the 285 maize inbred lines evaluated for

dry matter yield (DMY, in t ha~!) and dry matter content (DMC, in %)

Component® DMY DMC

Var(TP) Var(LP) Cov(TP.LP) Var(TP) Var(LP) Cov(TP, LP)
g 183.4 + 18.61 519.31 £51.81 206.47 £ 25.60 545+ 0.54 33.70 £ 3.24 11.254+1.20
gt 20.49 +£4.28 - - 0.33 +£0.05 - -
gy 8.92 £5.04 5771 £11.34 14.74 £ 5.65 0.00 2.64 £ 0.46 0.00
gty 11.99 £+ 4.37 - - 0.05 £0.05 - -
gl 0.00 75.24 £ 12.33 0.00 1.22 £0.16 6.72 £ 0.64 2.35+£0.26
gtl 0.00 - - 0.00 - -
gyl 52.53 £5.06 131.79 £ 12.07 19.14 + 7.37° 1.83+0.13 4.59 £+ 0.40 1.30 + 0.20°
gtyl 19.68 +5.34 - - 0.34 +0.07 - -
e 177.8 & 5.46 93.41 £ 4.47 - 221 £0.07 2.05 £ 0.09 -

* The meaning of the letters is detailed in “Materials and methods”

b Estimates refer to COVgy + cove /R, because residual errors in TP and LP were assumed to be uncorrelated
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other individuals in the population. For this purpose, we
calculated genetic similarity indices as § = ﬁXX’ +J
(Astle and Balding 2009), where X is defined as above, M
is the number of markers and J is a n x n matrix with all
elements being equal to 0.5. These values were then trans-
formed into genetic kinship coefficients following Eding
and Meuwissen (2001) as fi = (Syw — Swmin) /(1 — Spin)-
For each line v, we then selected the maximum of values
Sfow (for v # w) with all other lines, termed max(f; ), which
served as an indicator of the impact of genetic relationships
contributing to prediction accuracy in our population.

For each scenario and combination of tester(s) and
year(s), we applied fivefold cross-validation (CV) using
228 lines (80 %) of the 285 inbred lines as TS for cali-
brating the prediction model and 57 lines (20 %) as PS.
This procedure was repeated 200 times using differ-
ent random splits of the 285 genotypes, yielding a total
of 1000 replications per scenario and combination of
tester(s) and year(s). Using data from the PS, we esti-
mated the predictive ability r(Pjy, Qis) as the correlation
between GEBVs a and the observed phenotypic values y
in each CV run. Subsequently, we calculated means (7, ;)
and standard deviations (SDs) of these values over the
1000 replications and reciprocally equivalent scenarios
in terms of tester(s) and year(s). Accordingly, we calcu-
lated ?(qu, Ql-s), which represents the correlation among
GEBVs obtained using (a) the TS taken from the same
data set as the PS [i.e., same tester(s) and year(s)] and
(b) the TS corresponding to a different data set as the PS
depending on the scenario (e.g., different tester and year
in Scenario 4a).

Estimates of prediction accuracy 7,; = ?(Pju,Q,;Y) /fzju
were calculated for comparing the efficiency of genomic
prediction across different scenarios, where the heritability
in the PS differed between sub-scenarios (a—d) depending
on the number of years and testers used for evaluation. For
simplicity, we ignored the relatively small standard error
of herltablllty estimates in calculating the SD of 7,4 as

SDG(Pjus Qis))/hju.
Forecasting the predictive ability

For Scenarios 2—4 and 2*—4*, we calculated the forecasted
predictive abilities 7, ; based on Eq. (3). The correlation
r(Gj, G;) required in this formula reflects the expected
reduction in predictive ability compared with Scenario
1, i.e., if prediction of TP is based on data from a differ-
ent year and/or tester or LP instead of TP. Estimates of
r(Gj, Gy), denoted as #(Gj,, Gjs), were obtained by insert-
ing estimates of variance and covariance components
obtained from the combined ANOVA of TP and LP data
into Eqs. (4)—(6). For r(P;, Q,-), also required in Eq. (3), we
inserted the mean of the empirically observed predictive
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ability 7(P;q, Qis) obtained via CV for Scenario 1 using the
same number of years Y and testers 7" as the scenario to be
forecasted, i.e., we used the sub-scenario of Scenario 1 hav-
ing the same letter as the sub-scenario to be predicted. For
example, for calculating 7(Pj,, Qis) = r(Pjs, Qis)?(Gju, Gis)
in Scenario 3¢, we inserted for 7(Pj,, Qis) the observed pre-
dictive ability of Scenario le. The same approach was used
for forecasting the predictive ability in all sub-scenarios of
Scenarios 2—4 and 2*—4*,

Results
Linkage disequilibrium and genomic relationships

As already shown in Riedelsheimer et al. (2012), aver-
age LD (measured as r?) for markers on the same chro-
mosome showed a steep decline up to a physical distance
A of approximately 0.5 Mbp (Supplementary Fig. Sla).
For very short distances A < 0.05 Mbp, we observed
strong LD (r? > 0.40), while LD declined below
r> = 0.1 for A = 0.5 Mbp. The average long-range LD
(A > 5 Mbp) amounted to r2 = 0.02-0.04 for markers
on the same chromosome, slightly above the average of
r> = 0.01 among markers on different chromosomes. LD
between pairs of adjacent markers was generally high
with an average of r2 = 0.35. However, the values var-
ied strongly and showed a U-shaped distribution (Sup-
plementary Fig. S1b), with a considerable proportion
of adjacent markers being in weak LD (> < 0.1). The
max(f,) values showed substantial variation among lines
ranging from 0.351 to 0.997 with multiple peaks (Sup-
plementary Fig. S2).

Variance components and correlations

For both TP and LP, estimates of the genotypic vari-
ance, ag and ag , respectively, were highly signiﬁcant
(P < 0.01) for both traits (Table 1). Compared with a
for TP, 02* for LP was 2.8 times higher for DMY and
6.2 tlmes higher for DMC. For TP, the magnitude of
individual interaction variances was much smaller than

Ag for both traits. Noteworthy interaction variances for

DMY were 05,,0 p and & gtyl, which reached 11 28 and
11 % of 6 a respectlvely For DMC, 62 ol and 6 U ) reached

22 and 34 % of a respectlvely For LP we found 51m11ar
results with a and agyl ranglng from 14 to 25 % of 0
for both tralts The size of ¢ o and a * relative to ag and
g2*, respectively, was about twice as large for DMY com-
pared with DMC.
The analysis of covariance revealed medium to high
estimates of the genetic correlations between LP and TP

for DMY (0.67) and DMC (0.83) (Table 1). For interaction
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effects, we found estimated correlations among TP and LP
of 0.65 for genotype x year (DMY) and 0.82 for geno-
type x location (DMC) interactions, while the two remain-
ing correlations were set to zero, because the respective
variance components of the TP data were estimated as zero
(Table 1).

Observed and forecasted predictive abilities

Forecasted predictive abilities 7y ; = F(Pju,Qis) using TP
(Scenarios 2—4) or LP (Scenarios 2*—4%*) in the TS were
always in the range of the empirically observed predic-
tive abilities 7y ; = 7(Pj, Q,-s) and their SDs (Tables 2, 3).
In general, the magnitude of 7,5 was similar or slightly
smaller than 7, ;. In the majorlty of scenarios, the correla-
tion #(Gju, G,S) shghtly exceeded r(qu, Q,s) but the differ-
ences were generally small.

Prediction accuracies

Estimates of prediction accuracies of GEBVs calculated on
the basis of TP in the TS ranged from 0.59 (Scenarios 2a
and 4a) to 0.71 (Scenario 4a) for DMY and from 0.73 (Sce-
nario 4a) to 0.76 (Scenarios 1b and 1d) for DMC (Fig. 2a).
Differences among scenarios were larger for DMY com-
pared with DMC. Prediction accuracies increased slightly
(0.02-0.07) from Scenario 1a-1d as a result of more reli-
able phenotypic information underlying genomic predic-
tion by averaging data over testers (1b) or years (l¢) or

Table 2 Estimates” (and SD) of observed and forecasted predictive
ability 7 Fya= 7(Pjy, Q,,) and 7 rya = r(Pju, Q,S) respectively, as well
as correlations among GEBVs 7, = 7(Qju, Q,g) for prediction of TP

both (1d). Similar trends and arguments applied to the vari-
ous sub-scenarios of Scenarios 2 and 3. Using training data
from a different tester (Scenario 2) or a different year (Sce-
nario 3) or both (Scenario 4) for fitting the models reduced
Fo4 in the PS for DMY only to a small extent (<0.05). In
contrast, 7, ; for DMC hardly varied and ranged from 0.74
to 0.76 for all scenarios.

Prediction accuracy for LP evaluated in the TS and PS
(Scenarios 1*a and 2*a) amounted to about 0.61 for DMY
and 0.80 for DMC (Fig. 2b). Thus, these values were
slightly lower for DMY and slightly higher for DMC com-
pared with the corresponding values of Scenarios la and
2a. However, when TP was predicted from LP in the TS
(Scenarios 3* and 4%), the reduction in 7,; amounted to
0.19 for DMY and 0.08 for DMC (Scenario 1*a vs. 4*a)
compared with the ;”g,a values for Scenarios 1* and 2%,
respectively.

Prediction accuracy h of the phenotypic data, calcu-
lated as the square root of heritability h2 in the PS, dis-
played almost identical trends for TP and LP. Values
ranged from 0.89 to 0.96 for both traits and all scenar-
ios (Fig. 2), where scenarios that used data of two years
instead of one year (and/or testers) always showed
slightly higher values. In Scenarios 1-4, h exceeded Fod
by 0.24-0.31 for DMY and 0.14-0.19 for DMC. For Sce-
narios 1* and 2%, i was superior to 7, 5 by 0.34-0.37 for
DMY and 0.16-0.19 for DMC, while larger differences
were observed for Scenarios 3* and 4*, amounting to 0.53
for DMY and 0.22 for DMC.

from data of TP (Scenarios 14, see Fig. 1) for DMY and DMC. The
estimated genotypic correlation 7, = ?(Gju, G,-s) for each scenario is
also given

Description of scenarios Dry matter yield (DMY) Dry matter content (DMC)
Characterization of the prediction set 8; 8, T Y 85T &Y TysESD Fa Ta Fq Fya £SD Fya  Ta Fq
Scenario 1

lau=1v2;j=1v2 1 1 1 1 1;1 0.57 £0.10 - - - 0.67 £0.08 - - -

Ib:u=1v2;j=3 1 1 2 1 251 0.63+0.09 - - - 0.69 £0.07 - - -

lecu=3;j=1v2 1 1 1 2 1;2 0.63 £0.07 - - - 0.69 £0.08 - - -

ld:u=3;j=3 1 1 2 2 2,2 0.68 £0.06 - - - 0.71 £0.06 - - -
Scenario 2

aau=1v2;j=1v2 1 0 1 1 1,0 0.53+£0.09 052 080 091 0.66=£0.08 0.66 095 0.9

2b:u=1v2;j=3 1 0 2 1 2,0 0.59+£0.08 058 085 093 0.68£0.07 0.69 0.96 1.00
Scenario 3

Baau=1v2j=1v2 0 1 1 1 01 0.54+0.11 049 082 086 0.66+£0.08 0.62 097 0.94

3ccu=3;j=1v2 0 1 1 2 02 0.61 £0.08 055 088 0.88 0.69+£0.07 0.65 098 0.94
Scenario 4

4aru=1v2;j=1v2 0 o0 1 1 0;0 0.53+0.09 047 077 082 0.65£0.08 0.62 097 0.94

# Estimates refer to the mean of individual estimates across equivalent combinations of i, j; s, u, where i,j = 1,2, 3 refer to the TP with tester T1,
T2 and their mean, respectively, and s, u = 1,2, 3 refer to the mean over locations in year Y1, Y2 and across both years, respectively. The math-

ematical operator V represents a “logical or”
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Discussion

Theoretical aspects on forecasting predictive ability
based on selection index theory

The first objective of our study was to derive determinis-
tic formulas that enable forecasting the predictive ability
of genomic prediction under altered selection targets in the
TS and PS using a selection index approach as employed
by Dekkers (2007). In the original publication, the author
provided a theoretical framework that allows incorporat-
ing GEBVs of multiple traits obtained by genomic predic-
tion into selection indices. For transferring this approach to
forecasting the predictive ability, we borrowed the basic idea
of Falconer and Mackay (1996) and treated in our applica-
tion LP and TP from different years and/or testers as differ-
ent selection targets of the candidates. The central parameter
required for forecasting the predictive ability is the correla-
tion r(Gj, G;) in Eq. (3), which, in the absence of selection,
corresponds to the correlation between the original and new
selection target in the TS and PS, respectively. For instance,
when forecasting the TP of lines based on a different tester,
the genotypic correlation among the testers has to be inserted
for r(Gj, G;) in Eq. (3) (Windhausen et al. 2012). Likewise,
forecasting TP with LP data requires an estimate of the gen-
otypic correlation between TP and LP for the trait of interest.
In conclusion, we provide formulas that enable the applica-
tion of Eq. (3) to three situations in plant breeding, namely
forecasting the predictive ability of (1) LP based on LP data,
(2) TP based on LP data and (3) TP based on TP data, where

Table 3 Estimates® (and SD) of observed and forecasted predictive
ability 7y 5 = 7(Pju, Ois) and Fya= 7£Pj,,,AQ,-S), respectively, as well as
correlations among GEBVs 7, = 7#(Qju, Qis) for prediction of (1) LP
(Scenarios 1* and 2%, see Fig. 1) or (2) mean TP over testers T1 and

the year(s) and/or tester(s) of the forecasted PS can be identi-
cal or different from that of the TS. Note that we exempla-
rily demonstrate the use of our formulas for two testers and
two years as different selection targets in the TS and PS, but
extensions to arbitrary numbers or alternative selection tar-
gets such as different traits or locations are straightforward.
Several assumptions must be made when applying the
theory of Dekkers (2007) to the situation considered in the
present study. First, the full equation for forecasting the
predictive ability [Eq. (2)] includes the correlation r(Q;, Q;)
between all QTL effects captured by markers under both
selection targets (e.g., TP and LP or TP in Y1 and TP in
Y2). Since r(Qj, Q;) is generally unknown, we substitute
it by the correlation r(Gj, G;), which can be directly esti-
mated from variance components [Eqs. (4)—(6)] for the
various scenarios investigated in detail. This approxima-
tion works well if the proportion of the total genotypic
variance explained by markers (ql.2 and q/.z) is close to 1
in both selection targets. The deviation of this proportion
from 1 has been termed the “still missing heritability” and
is partially caused by genetic variants not well tagged by
markers (Wray et al. 2013). By using a high marker den-
sity, the “still missing heritability” found for complex
traits in breeding populations with small effective popu-
lation size was indeed close to zero (Jensen et al. 2012).
Moreover, deviations of qr,-2 and qu from 1 can be caused by
insufficient specification of the prediction model, e.g., by
ignoring dominance and epistatic effects contributing to
the genotypic value of an individual when modeling breed-
ing values only [Eq. (8)]. Since the lines in our study were

T2 (Scenarios 3* and 4%, see Fig. 1) from data of LP for DMY and
DMC. The estimated genotypic correlation 7, = 7(Gjy, Gjs) for each
scenario is also given

Description of scenarios Dry matter yield (DMY) Dry matter content (DMC)
Characterization of the prediction set S Y 8,Y FyiESD Fa  Ta Fq Fya£SD Fa  Ta Fq
Scenario 1*

I*aru=1v2;j=4 1 0.55+0.08 - - - 0.74 £0.06 - - -

1*b:u=3;j=4 1 2 2 0.59 £0.08 - - - 0.76 £0.05 - - -
Scenario 2*

2*aiu=1v2;j=4 0 1 0 0.53+£0.09 049 0.87 090 0.72+0.06 0.69 0.94 093
Scenario 3*

3fau=1v2;j=3 1 0.39+0.11 035 061 064 064+£007 058 0.88 0.78

3*b:u=3;j=3 1 2 2 041 +0.11 038 061 064 066+£007 061 0.88 0.80
Scenario 4*

d¥aru=1v2;j=3 0 1 0 0.38+0.10 033 056 0.60 0.634+007 058 0.86 0.78
* Estimates refer to the mean of individual estimates across equivalent combinations of s and u, where s,u = 1,2, 3 refer to the mean over loca-

tions in year Y1, Y2 and across both years, respectively; j = 4 refers to LP and j = 3 to the mean TP with testers T1 and T2. The mathematical

operator V represents a “logical or”
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Fig. 2 Estimates of prediction accuracy, 7z, of GEBVs in the pre-
diction set (PS), calculated as 7(Pjy, Qjs)/hju, with their SDs for pre-
diction of testcross performance (TP) for dry matter yield (DMY) and
dry matter content (DMC) from a TP (Scenarios 1-4) or b line per

nearly homozygous and epistasis is generally assumed
to have a small influence on the total genotypic value of
complex traits in maize (Lamkey et al. 1995; Mihaljevic
et al. 2005b), the substitution of r(Q;, Q;) by r(G;, G;) is
expected to provide a good approximation in the present
context as also i{ldice.ted by the high similarity between
7(Gju, Gis) and 7(Qju, Ois) (Tables 2, 3).

Second, simplification of Egs. (2)-(3) rests on
the assumption that both the ratios h:h; and g;q; are

4*a

1b 1c 1d 2a 2b  3a 3c 4a
*b 2*a 3*a 3*b 4*a

1*a 1
Scenario

se performance (LP) in the training set data (Scenarios 1*—4%*) (see
Fig. 1 for details). The red diamonds represent the accuracy of phe-
notypic selection, calculated as the square root of heritability hjzu in
the PS

approximately 1. In our study, these assumptions were
closely met, because for most scenarios to be predicted
(e.g., Scenarios 2-4) the corresponding Scenario 1 had
exactly the same heritability (Fig. 2) according to Eq. (7).
Exceptions were Scenarios 3* and 4*, where LP and TP
data had slightly different heritabilities (Fig. 2b), but the
ratios /;:h; were still close to 1. In practice, however, cau-
tion must be exercised, because heritabilities between
the TS and the PS can differ depending on the stage of a
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breeding program. For example, the heritability in an early
stage (corresponding to evaluation of the TS) is likely to be
different from later stages (corresponding to evaluation of
the PS). If prior knowledge about 4; and 4; is available at
each stage and one assumes that both ‘152 and q/.2 approach 1,
then different heritabilities in TS and PS can be accounted
for in Eq. (3) as

F(P,-,Q,-) ~ %F(Pi,éi)r(Gj’Gi)’ ®)

Additional errors in forecasting might be introduced by
violation of the assumptions made in the statistical analyses
of the phenotypic data. Here, we assumed homogeneous
interaction variances of genotypes with testers and years as
well as homogeneous error variances. However, depending
on the trait, testers and individual target environments, this
assumption might be violated in practice. If so, an over-
or underestimation of the forecasted predictive ability 7,
can occur, because (1) the precision of #(Gj,, Gis) might be
affected and (2) the true ratios h;:h; and g;:q; might devi-
ate from 1. A typical example in which this might happen
are disease-related traits such as resistance against Fusar-
ium head blight, where breeders make use of both weak
and strong testers to screen the material for resistance and
general combining ability, respectively. Similar arguments
apply to years differing strongly in climatic conditions.
Further research is warranted to investigate the effect of
such possible violations on the accuracy of forecasted pre-
dictive abilities using data with more heterogeneous inter-
action and error variances.

Empirical results on forecasting predictive ability

We compared the forecasted predictive abilities 7, ; with
the empirically observed predictive abilities 7, ; obtained
by CV to determine the precision of the forecasts (Tables 2,
3). With few exceptions, we obtained values of ?W that
were within the range of 7, ; and its SD, suggesting that
Eq. (3) is suitable for forecasting the predictive ability from
preexisting TS data. Generally, 7,; tended to be smaller
than ;,y’& (e.g., Table 2, Scenario 3 and DMY). Since CV
yields unbiased estimates, smaller values of 7, ; compared
with 7, ; are most likely attributable to an overestimation
of the interaction variances or underestimation of the geno-
typic variance entering Eqgs. (4)—(6). For example in Sce-
nario 3, overestimation of 6§y and/or 8[30, might have caused
an underestimation of 7(Gj,, Gjs), which would explain the
trend of stronger underestimation of 7, ; when predicting
across years instead of across testers (Table 2).

As with most deterministic predictions, the successful
application of our theory in practice depends on the pre-
cision of the quantitative genetic parameters required in
our formulas. Accurate knowledge about these parameters,

@ Springer

such as variance components and genetic correlations
among different testers, TP and LP or different target loca-
tions are usually available in large-scale breeding pro-
grams. In the case of different years, however, accurate
estimates of the required genotype by year interaction
are only obtainable if the candidates were phenotyped in
the target year too. Thus, one must rely on a priori avail-
able estimates from previous years, which are likely to be
less accurate and therefore decrease the efficiency of our
approach under such situations. Moreover, estimates of
genetic correlations between LP and TP as well as variance
components are available in the literature for many agro-
nomically important traits and could be employed in the
absence of germplasm-specific estimates.

A specific property of our data are the generally high
values of 7(Gjy, Gis), which for most scenarios were above
0.80 (Tables 2, 3). Thus, the expected differences between
?(Pju,Q,-s) in Scenarios 2—4 (or 2*-4%*, respectively) and
?(P,-S,Qis) in Scenario 1 (or 1%, respectively) were small.
Nevertheless, this reflects the situation usually faced in
practice, where high correlations among TP with different
testers are to be expected in hybrid breeding with geneti-
cally distant heterotic groups owing to the low importance
of specific combining ability effects under this setting (Reif
et al. 2007; Technow et al. 2014). Albrecht et al. (2014)
reported a strong decline in 7, ; when prediction was per-
formed across testers. However, in their study this effect
was confounded with the effect of two different groups
of lines crossed to each tester as generally encountered in
practice. Here, we crossed the very same set of DH lines
to each tester, which enabled us to (1) estimate genetic
correlations not available in the aforementioned study and
(2) assess the effect of specific combining ability on the
decline of predictive ability across testers. The good agree-
ment of observed and forecasted predictive abilities in our
study suggests that the strong decline found by Albrecht
et al. (2014) was indeed caused by the different genetic
groups as conjectured by the authors.

The impact of genotype x year interaction variances can
be more severe than in the present study, leading to smaller
values of 7(Gj,, Gjs) and a stronger decline in 7y ;. A simi-
lar situation compared with ours was observed by Wind-
hausen et al. (2012), who found a minor influence of dif-
ferent locations for TS and PS on the prediction accuracy.
In principle, this finding holds also true for the situation of
different years (Albrecht et al. 2014). In conclusion, it will
be necessary to validate our approach with data displaying
larger genotype x year (or tester) interactions, preferably
from several years and testers. A first indication for suc-
cessful application of the formulas with smaller values of
#(Gju, Gis) is in Scenarios 3* and 4* (e.g., 0.60 for DMY
in Scenario 4*a), where the forecasted predictive abilities
were still fairly accurate.
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Including the effect of selection in forecasting the
predictive ability

Let 7, ; be the forecasted predictive ability in one of the
scenarios described above and suppose we practice trunca-
tion selection on the basis of GEBVs a and retain only a
fraction « of the candidates in the PS for further evaluation.
Then, using Eq. (10) in Cochran (1950), the expected pre-
dictive ability ?;’& in this subset can be calculated as

N e ] o
2 =TT Gt — o) {10

where i is the selection intensity and z the standardized
truncation point corresponding to «.. For example, Scenario
4a had a forecasted predictive ability 7, ; = 0.47 for DMY
in the absence of selection based on TS data evaluated
with a different tester in a different year. This corresponds
to an expected reduction of the predictive ability of 18 %
compared with a PS evaluated with the same tester in the
same year (7, ; = 0.57 in Scenario 1a). Assuming that only
a = 10 % of all lines in the PS are selected, the expected
7';,& calculated with the aid of Eq. (10) equals 0.21, and the
total reduction of predictive ability amounts to 63 %. Thus,
for o values commonly employed in breeding practice (e.g.,
o < 20 %), truncation selection reduces the predictive abil-
ity in the PS to a much larger extent than using a different
tester or year (Muir 2007; Jannink 2010; Bastiaansen et al.
2012).

The accuracy of genomic predictions across scenarios
and comparison to phenotypic selection

Overall, we found medium to high values for prediction
accuracy 7, ;, which was surprising considering the diverse
collection of lines incorporated in the population. In view
of the latest findings on factors contributing to genomic
prediction accuracy (Habier et al. 2010, 2013), such high
values are unlikely if only population-wide linkage dis-
equilibrium (Supplementary Fig. Sla and b) among mark-
ers and QTL are exploited with the sample size available in
our study. Thus, the observed values most likely resulted
from hidden population structure caused by closely related
genetic subgroups incorporated in the diversity panel as
indicated by the wide distribution of the max(f,) values
(Supplementary Fig. S2) and the vast range of long-range
LD (Supplementary Fig. Sla) (Riedelsheimer et al. 2012).
Thus, for the majority of individuals in the PS, close rela-
tives with varying degrees of kinship were available in the
TS, which presumably represents the main cause of the
high 7, ; values observed here (Habier et al. 2010; Albrecht
et al. 2011; Windhausen et al. 2012).

The reasons for the relatively small impact of different
testers and/or years on TP and the resulting high values of
#(Gju, Gis) discussed in the previous section apply also to
the comparison of prediction accuracy 7, ; across the dif-
ferent scenarios. Generally, among the sub-scenarios within
each scenario (e.g., Scenario la—1d), a change in f"g,a can
be explained mostly by a change in heritability attributable
to incorporating data from more than one tester or year in
the TS. However, the absolute increase in accuracy was
only small as a result of the small magnitude of the inter-
action variances. Comparing 7, ; of Scenario 1 to the cor-
responding Scenarios 2—4, a stronger decline was observed
for DMY compared with DMC. This is most likely a result
of the more complex genetic architecture of DMY, even
though estimated heritabilities were similar for both traits
(Fig. 2a).

When we predicted LP with LP data (Scenarios 1*
and 2%), the values of ?g,a were of similar magnitude as
for the corresponding TP Scenarios 1 and 2. In conclu-
sion, genomic prediction seems promising to select for LP
among lines. However, further research is needed to deter-
mine whether the merit of genomic selection for seed or
pollen production traits commonly assessed during the LP
stage in hybrid breeding is as great as for DMY and DMC
investigated here. Moreover, in practice, hundreds to thou-
sands of DH lines generated anew every year are usually
tested less extensively than in our LP experiments, and the
genotypic variance of elite breeding material is likely to be
smaller than in the diversity set of the present study, which
might further impair the potential of genomic selection at
this stage.

Prediction accuracies dropped substantially when TP
was predicted based on data from LP for DMY, but not for
DMC (Fig. 2b). Again, this observation can be explained
most likely by the more complex genetic architecture of this
heterotic trait (Smith 1986). Thus, compared with DMC, the
genetic correlation among LP and TP is smaller (Table 3)
and the resulting drop in accuracy from Scenario 1* to Sce-
narios 3* and 4* is larger (Fig. 2b). Nevertheless, in compar-
ison with previous studies aiming at predicting TP based on
marker loci significantly associated with QTL (Melchinger
et al. 1998; Schon et al. 2004; Mihaljevic et al. 2005a), the
accuracies achievable with genomic prediction are encour-
aging. In harmony with our findings, Foiada et al. (2015)
predicted successfully TP of resistance against the European
corn borer in maize based on LP of the same lines.

For the diversity panel investigated here, the accuracy
of phenotypic selection (shown as izju in Fig. 2) exceeded
considerably that of genomic prediction. This devi-
ates from results of biparental and multi-cross popula-
tions, where the gap is generally much smaller for most
traits (Riedelsheimer et al. 2013; Lehermeier et al. 2014).

@ Springer



2200

Theor Appl Genet (2015) 128:2189-2201

Nevertheless, even with a considerable gap, genomic selec-
tion can be advantageous by reducing the generation inter-
val (e.g., by usage of an off-season nursery) and increasing
selection intensity, which becomes possible by increas-
ing entry numbers owing to the lower costs of genotyping
compared with phenotyping each candidate (Jannink et al.
2010; Riedelsheimer et al. 2013).

Conclusions

Numerous studies about the use of genomic prediction in
the various phases of hybrid breeding have been conducted
in recent years, including the prediction of LP (Technow
et al. 2013), TP (Albrecht et al. 2011; Riedelsheimer et al.
2012; Zhao et al. 2012; Lehermeier et al. 2014) and hybrid
performance (Technow et al. 2012, 2014; Massman et al.
2013). In agreement with the present investigation, the
general conclusion of these studies was that genomic pre-
diction holds great promise for the prediction of untested
genotypes at each selection stage as long as the selection
targets in the TS and PS are identical. However, in the
course of a hybrid breeding program, the selection target of
the candidates change due to the type of evaluation (LP vs.
TP) or the use of new testers and/or different test environ-
ments. Here, we presented formulas that allow forecasting
the predictive ability under such scenarios with information
available from the breeding program. Without such formu-
las, the predictive ability for the desired selection target can
only be assessed after phenotyping for the new selection
target in the PS. Application of the deterministic formulas
to experimental data from maize yielded close agreement
of the forecasted and empirically observed predictive abili-
ties, but further research is warranted to corroborate our
findings with other experimental data.

The results of our study provide the basis for address-
ing the optimization of multi-stage genomic selection
under a fixed budget and given costs for phenotyping and
genotyping. This task has not been addressed hitherto, in
spite of the longstanding history of multi-stage phenotypic
selection, where both theory (Cochran 1950; Utz 1969)
and software tools (Mi et al. 2014) have been developed
to calculate the selection response and determine the opti-
mum allocation of resources. With our formulas, breeders
can forecast the predictive abilities at each selection stage,
which allows them to apply these powerful tools also to
multi-stage genomic selection.
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