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Abstract

Key message The implementation of genomic selection
in breeding programs can be recommended for hybrid
and line breeding in wheat.

Abstract High prediction accuracies from genomic selec-
tion (GS) were reported for grain yield in wheat asking for
the elaboration of efficient breeding strategies applying GS.
Our objectives were therefore, (1) to optimize the num-
ber of lines, locations and testers in different multi-stage
breeding strategies with and without GS, (2) to elaborate
the most efficient breeding strategy based on the selection
gain and its standard deviation, and (3) to investigate the
potential of GS to improve the relative efficiency of hybrid
versus line breeding in wheat. We used the open source
software package ‘“‘selectiongain” to optimize the alloca-
tion of resources in different breeding strategies by predict-
ing the expected selection gain for a fixed budget. Classi-
cal two-stage phenotypic selection was compared with
three GS breeding strategies for line and hybrid breeding
in wheat. The ranking of the alternative breeding strategies
varied largely in dependence of the GS prediction accuracy.
Fast-track breeding strategies based solely on GS were
only advantageous for high GS prediction accuracies that is
>0.50 and >0.65 for hybrid and line breeding, respectively.
However, a GS prediction accuracy across breeding cycles
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of 0.3 or even less must be assumed as realistic for grain
yield in wheat. For this low GS prediction accuracy, the
use of GS is advantageous for line but especially for hybrid
breeding in wheat. Furthermore, the use of GS in hybrid
wheat breeding increased the relative efficiency of hybrid
versus line breeding and, thus, might be an important pillar
for the establishment of hybrid wheat.

Introduction

Genomic selection (GS) is a promising approach to
improve complex traits like grain yield with genome-wide
molecular markers. Intensive work has been performed
to elaborate appropriate statistical models maximizing
the prediction accuracy of GS in animal and plant breed-
ing. Although these models differ considerably in basic
assumptions, most of them yielded similar prediction accu-
racies (for wheat, cf. Heslot et al. 2012; Zhao et al. 2013;
Storlie and Charmet 2013; Heslot et al. 2015). For grain
yield in wheat, GS prediction accuracies ranging from
0.36 to 0.64 were reported in the literature (cf. Heslot et al.
2012). In contrast to line breeding, different prediction sce-
narios must be distinguished in hybrid wheat breeding: pre-
diction of hybrids for which no (T0), one (T1), or both par-
ents (T2) have already been phenotyped for their general
combining ability (GCA) in other hybrid combinations. For
grain yield, only one study is available in the literature thus
far, reporting a GS prediction accuracy ranging from 0.28
in the TO to 0.63 in the T2 scenario (Zhao et al. 2013 as
reported in Zhao et al. 2014).

While further research is required to validate these find-
ings, these prediction accuracies suggest that the inclusion
of GS in breeding programs bears the potential to maximize
the selection gain per unit time (Heffner et al. 2010). First
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model calculations have been performed investigating the
optimal size of training and estimation sets compared to
the intensity of phenotyping. Except very large budgets are
available, it seems to be beneficial to increase the number of
genotyped individuals and to phenotype all of them, but at a
reduced number of locations or replications (Riedelsheimer
and Melchinger 2013; Lorenz 2013; Endelman et al. 2015).
However, only one-stage selection was considered in these
studies but classical breeding programs are based on multi-
stage selection (cf. Gordillo and Geiger 2008).

Heffner et al. (2010) compared multi-stage phenotypic
selection including a couple of informative marker with a
one-stage GS breeding scheme for line breeding in wheat.
The authors clearly showed the high potential of GS by
speeding up the breeding process. However, the allocation
of resources was not optimized and hybrid wheat breeding
was not considered. To the best of our knowledge, no study
is available for wheat where different multi-stage breeding
strategies with and without GS are compared at their respec-
tive optimum allocation of resources for a fixed budget for
either line or hybrid breeding. Therefore, we used the open
source software package “selectiongain” (Mi et al. 2014) to
compare two-stage phenotypic selection with different multi-
stage GS breeding strategies based on the expected selection
gain for line and hybrid breeding in wheat. Our objectives
were to (1) determine the optimum number of lines, loca-
tions and testers in each breeding strategy, (2) elaborate the
most efficient breeding strategy for line and hybrid breeding,
and (3) investigate the potential of GS to improve the relative
efficiency of hybrid versus line breeding in wheat.

Materials and methods
Breeding strategies

We investigated line and hybrid breeding separately, that
is the full budget is either used for line or hybrid breeding
(Fig. 1). For all breeding strategies, we assumed the produc-
tion of N; DH lines from numerous line crosses entering the
first test and the final selection of the five best lines, which
will proceed to further field evaluation in (pre)registration
trials. The selection criterion was grain yield. In all strate-
gies, the first selection was based on GS. For the breeding
strategies Lineg,,, and Hybridg,,,, no further phenotypic
selection is performed representing a one-stage selection
based only on markers which is the most rapid breeding
strategy possible with GS. In contrast, for the other strate-
gies, this genomic selection was followed by one-stage
(breeding strategies Linegg,qy or Hybridgg,,,) or two-
stage phenotypic selection (breeding strategies Line g ndard
or Hybrid;gyaniara)- TO compare the use of GS with breed-
ing strategies based only on phenotypic data, we used the
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line and hybrid breeding strategy “GS standard” simply
without genomic selection in test stage one, i.e., two-stage
phenotypic selection (breeding strategies Linepg ndards
Hybridpggamaaa)- These two strategies represent the status
quo in Central European wheat breeding and were consid-
ered in our treatise as the standard for all comparisons.

Hybrid and line breeding strategies differ only in the
need of hybrid seed production stages elongating the hybrid
strategies. We assumed the use of a chemical hybridization
agent (CHA) for hybrid seed production, which is the cur-
rent common practice in wheat. In phenotypic selection,
the line per se performance was evaluated at L; locations
in selection stage two and three for line breeding (j = 2, 3).
Similarly for phenotypic selection in hybrid breeding, the
testcross performance was evaluated at L; locations with
Tj testers in selection stage two and three (j = 2, 3). We
assumed the use of inbred line testers. Without restrictions
on L;, the selection gain (AG) is maximized for one repli-
cation per location (cf. Melchinger et al. 2005). Thus, we
set the number of replications equal to one for all calcula-
tions. An overview of the abbreviations used throughout the
manuscript is given in Table 1.

Calculation of selection gain

Calculation of AG is based on the well-known formula
of Cochran (1951) with multivariate normal integrals for
selected fractions and heritabilities. In contrast to stochastic
simulations requiring several thousand of simulation runs,
these numerical calculations deliver with “one run” the
expected result. The four investigated breeding strategies
differ up to 2 years regarding their cycle length (Fig. 1). To
account for this difference, we also determined the annual
selection gain AG,, which is the absolute AG divided by
the number of years required in the respective breeding
strategy. For all our calculations, we used the open source
R (R Development Core Team 2012) package “selection
gain”. For details, the reader is referred to Mi et al. (2014)
and the package manual (http://cran.r-project.org/web/
packages/selectiongain/selectiongain.pdf).

Calculation of the standard deviation of the selection
gain

The standard deviation of the selection gain (SD,;) in one-
stage selection is defined as

2

SD g = \/(1 — 2, (1 — v]))%z (Burrows 1975), (1)
f

where 012 is the variance of the target variable, i.e., geno-
typic variance of lines or the variance due to GCA, p_ ,, the
correlation between test and target criteria, i.e., prediction
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Year 1 P1 x P2
Year 2 DH production
N, DH lines - multiplication
Year 3 ; i
- Genomic selection ;
HybrldGSonly% N, ? Line,,,
Year 4 Hybrid seed prod. Hybrid seed prod. Field test Field test
N,x T, N,x T, N,x L, N,x L,
Year 5 Field test Field test Field test
N,xT,xL, N,x T,xL, N,x L,
Year 6 Hybrid seed prod.
N, x T,
Year 7 Field test
N, x Ty xL,
Hy b"dGSstandard Hy b”dGSrapid L’neGSstandard L'neGSrapid
(Hy b”dPSstandard) (Hy b"dPSrapid) (L'nePSstandard) (L’nePSrapid)

Fig. 1 Wheat breeding strategies with production of an initial num-
ber of N; DH lines from numerous line crosses, first selection based
on GS followed by four different ways to evaluate their grain yield
performance in the field with their respective allocation of test
resources. In hybrid breeding, phenotypic selection is based on GCA,
while in line breeding phenotypic selection is based on the line per
se performance. Selection in stage 2 and 3 was performed after the
respective field trials, which are indicated by the black boxes. In
breeding strategies “rapid”, the second field test is omitted speed-

accuracy for GS, and N, is the number of finally selected
lines. In Eq. (1), v, is determined as

vi=1—i1G) — k) + (1 —ap) (i — k)2, 2)

where «; is the selected fraction = N,/N,, i the selection
intensity and k, the truncation point of the selected fraction
in the normal distribution. In the software R, the latter two
variables can be calculated based on the quantile (qnorm)
and density (dnorm) function of the normal distribution,
respectively, as

ki = gqnorm(l — ¢y, 0, 1) (3)

i1 = dnorm(ky, 0, 1)/o 4)

To our knowledge, for two and more stages of selection,
no formula exists in the literature to estimate the SD,.
However, Longin (2007) showed by computer simulations,

ing up the breeding process. In breeding strategies “GS only”, only
genomic selection is performed without any further field tests mini-
mizing the breeding cycle length. In all breeding strategies, the final
number of five lines was selected for internal preregistration trials.
For comparison, the standard line and hybrid breeding strategy is also
optimized without genomic selection, i.e., phenotypic selection with
N, = N,. (N, L, T = number of DH lines, test locations and tester in
selection stage one, two and three, respectively)

that SD ,; for two-stage selection can be roughly approxi-
mated with

2

g,
(1= P2, (1 —v2)) "=

SDag = I\Zc , &)

where v, is calculated by applying formulas (2), (3) and (4)
simply adjusting their values to the second selection stage.

Furthermore azfz is approximated after Cochran (1951) as

2

o7 = GZZ(I — pixly),

(©)

where y = i;(i; — k;) as well as p.  after Dickerson and
Hazel (1944) with

Pzxy — Pz.x1 Pxix0V
VA= 02,00 = 03 7

/
pz,Xz -

(N
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Table 1 Abbreviations used in

th . DH Doubled haploid line
e manuscript
GCA General combining ability of DH lines
SCA Specific combining ability of DH lines
GS Genomic selection
PS Phenotypic selection
Nj, T, L_,- Allocation of test resources, i.e., number of DH lines, testers and locations in stage j of
performance trials
Ny Number of lines finally selected after 1-3 selection stages
AG, AG, Selection gain and annual selection gain

NG

Hy br idPSstandard
Hy br idPSmpid

Standard deviation of AG after the last selection stage
Hybrid breeding strategy with two-stage phenotypic selection
Hybrid breeding strategy with one-stage phenotypic selection

Hybrid ;,mq0ra  Hybrid breeding strategy with GS followed by two-stage phenotypic selection

Hybrid g,qpia
HybridGSanly
LinePS.s‘tundard
LinePSrapid
LineGSstandard
LineGSrupid
Lin eGSon[}\'

Hybrid breeding strategy with GS followed by one-stage phenotypic selection
Hybrid breeding strategy only with GS

Line breeding strategy with two-stage phenotypic selection

Line breeding strategy with one-stage phenotypic selection

Line breeding strategy with GS followed by two-stage phenotypic selection
Line breeding strategy with GS followed by one-stage phenotypic selection
Line breeding strategy only with GS

where p; y, is the square root of the heritability for phe-
notypic selection at the second selection stage and
Px1xa = Pzx, Pzxo- The extension to three stages is straight-
forward and analogous to the two-stage extension (Utz
1984).

Optimum allocation of resources

The allocation of resources refers in selection stage one to
the number of produced and genotyped DH lines (V). In
stage two and three, it refers to a number of lines N]», tested
at L; locations with 7j testers (for hybrids only). A vector
[NV, Ni’ Lj, (Ti)] is denoted as optimum allocation if it maxi-
mizes AG in the respective breeding strategy for a given
GS prediction accuracy. The optimum allocation was deter-
mined by a grid search across all possible allocations for
the scenario under consideration (for details see Mi et al.
2014). In applied wheat breeding, a maximum number of
L, =5 and L, = 10 are normally available (E. Ebmeyer,
V. Lein, pers. comm.), which consequently were used as
upper boundaries in our calculations.

Economic frame and quantitative genetic parameters

We assumed a fixed total budget for producing seed of
the DH lines and hybrids, genotyping and evaluating their
line per se or testcross performance in field trials in field
plot equivalents. A total budget available for line or hybrid
breeding of 10,000 field plots was assumed, reflecting the
current basis of Central European breeders (Longin et al.
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2014b). As an example, the budget for the breeding strategy
Hybrid ;g4 maara 15 11lustrated with:

B = Ny (Costpy + COStGenotyping) + NZTZCOStHybridseed
+ N2 Ta Ly + N3T3Costyypridseed + N3T3L3,

where Costpy, CoStgenpnping AN COStyypigseeq TETET 1O
the cost of producing, genotyping and hybrid seed
production of one DH line, respectively. Thus, the term
Ny TyCoStyypigseea TEPTESENLS the costs for hybrid seed
production in test stage two, i.e., the costs for producing
hybrids from N, DH lines crossed with T, testers. Simi-
larly, the term N,T,L, represents the costs for phenotyping
these hybrids. Based on discussions with different breeders
and service providers for genotyping, we assume the fol-
lowing scenario as currently realistic in wheat: Costpy = 1
field plot, Costgepnping = 2 field plots and Costyy,igseea
= 4 field plots (Longin et al. 2014a, b). We further
assumed that one hybrid seed production delivers enough
seeds for 2-year phenotyping. For instance, in two-stage
phenotyping, the tester used in the first stage is normally
also used in the second stage with additional new testers.
Thus, only for the additional testers, new hybrid seeds
have to be produced. For line breeding, harvested kernels
of the field plots of phenotypic selection can serve as seeds
for the next generation, thereby minimizing seed produc-
tion costs in this breeding method. We assumed for vari-
ous general maintenance effort costs of 0.1 field plots per
line and selection stage. For a reduced number of selection
stages or line breeding, respective variables in the budget
formula above were set to zero.
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Before routinely using GS, calibration experiments are 4.0 Breeding strategies:

required to develop the prediction models. Furthermore, . ° — P i

recalibrations of the models need to be done regularly in % 3.0 ° i:ﬁ:g““‘"“""’

the breeding program. We assumed, however, that these g o« o 8 « o ° N Hybm::f

GS calibrations were already developed outside the breed- & 20__;_ _;_ _;_ o —e — —Q —R - 8  ire

ing programs. Furthermore, we assumed that recalibrations § ‘ o N 0 Lo

of the prediction models were done based on the avail- E 2 4 A A 4 A o Line,,,

able data from the routine breeding, thus without requiring =04 _§ & 2R A & & & Al eime,,

additional budget. The choice of the prediction models is g 4

for our context here not important, and, thus, the reader is 0.0

referred to the literature on this topic (cf. Zhao et al. 2014). 0[_1 o',g 0',3 0',4 0],5 01‘6 0',7 0',8 0',9

Variance components were taken from a vast experi-
mental study comprising 1604 hybrids and their 135 paren-
tal lines phenotyped for grain yield in eleven German
locations (cf., Longin et al. 2013). In particular, we used
0bca=5.7,0%ca 1 = 519,030, = 1.88,0204,; = 2.94,
0lor = 24.37, ofp = 14.06, ofp,; = 22.27, where 0gca,
0%cas Ot p refer to the variances of GCA, specific combining
ability (SCA) and line per se performance, respectively, and
oéc A xL? 052C Ax L ULZPX 1 to the variances of the interaction
of these factors with locations, respectively, and o2, to the
variance of the plot error. Using only one inbred tester and
one test locations, these variance components led to a 0.79
for lines and 0.73 for hybrids, respectively. With increasing
number of locations and/or testers, this single plot-based
heritability is increased (cf. Longin et al. 2007).

Results

For hybrid and line breeding, the investigated alternative
breeding strategies differed considerably in the number
of years required to finish one breeding cycle (Fig. 1). To
account for these differences, we concentrate in the follow-
ing on the annual selection gain AG,. For hybrid and line
breeding, the ranking of the alternative breeding strategies
largely depended on the GS prediction accuracy (Fig. 2).
The breeding strategy with first-stage GS followed by
only one-stage phenotypic selection (Hybridgg,qpia
Linegg,,;) Was superior to the classical two-stage phe-
notypic selection (Hybridpsyuniaras LiN€pssiandara) fOr the
whole range of theoretically possible GS prediction accu-
racies. In contrast, breeding strategies based solely on
one-stage GS selection (Hybridgg,,,, Linegs,,,) were
only advantageous for high GS prediciion accuracies. For
instance, in hybrid breeding with prediction accuracies
<0.5, the annual selection gain AG, was maximized using
the breeding strategy Hybridg,,,;,, While for higher pre-
diction accuracies, AG, was maximized using the breed-
ing strategy Hybridgs,,,. For line breeding, a similar
trend was observed, but the breeding strategy Line g,
was only better than the breeding strategy Line gy, for
prediction accuracies >0.65.

Prediction accuracy from GS

Fig. 2 Maximum annual selection gain (AG,) in dependence of an
increasing prediction accuracy from genomic selection (GS) for (1) line
breeding without GS (Linepg,,44rq; dashed line), with GS in the stand-
ard breeding strategy (Lineggypaaras OPen circle), the rapid line breed-
ing strategy (Linegg,,,is; filled circle) and selection based only on GS
(Linegg,,y,; circles filled by red color) as well as for (2) hybrid breed-
ing without GS (Hybridpg,,gua: Plack line), with GS in the standard
breeding strategy (Hybrid;gg,piaa; 0PEN triangle), the rapid breeding
strategy (Hybridg,qyq; filled triangle) and selection based only on GS
(Hybrid g, triangles filled with red color). For details regarding the
breeding strategies, see Fig. 1 (color figure online)

According to recent literature, we assume that the GS
prediction accuracy across different breeding cycles is
rather low. Assuming a prediction accuracy of 0.3, we
observed different rankings of the alternative breeding strat-
egies in hybrid and line breeding according to the annual
selection gain AG, (Fig. 2). For hybrid breeding, the rank-
ing was Hybridgs,,, < Hybridpgy.gara < HYPTidGsgandara
< Hybridg,,,iq While for line breeding it was Linegg,,,
< LineGSstandard < LinePSstandard < LineGSmpid'

The optimum allocation of test resources for hybrid and
line breeding also depended on the GS prediction accura-
cies (Tables 2, 3). With decreasing GS prediction accu-
racy, the optimum number of N, was reduced in favor of
an increased number of N,. That is, the lower the GS pre-
diction accuracy, the more GS becomes the character of a
pre-test with reduced selection intensity. This effect was
especially pronounced for line breeding.

For hybrid breeding without GS (Hybridpgg,pdara)> the
selection gain was maximized by testing the testcross per-
formance of N, = 680 DH lines at L, = 5 locations with
T, = 1 inbred tester and selecting the best N; = 40 DH lines
for a final testcross evaluation with 75 = 6 inbred testers at
L; = 10 locations (Table 2). For breeding strategies apply-
iIlg GS (HybridGSstandard’ HybridGSrapid’ HybridGSonly)’ the
optimum number of test locations and testers was similar
to that in classical phenotypic selection (Hybridpg,niara)-
However, the number of DH lines evaluated in the field (N,,
N;) was considerably smaller than in the classical breeding
strategy (Hybridpgy.ndarg)- Thus the available budget was
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Table2 Optimum al}ogaFion Breeding strategy ~ Accuracy  Optimum allocation of test resources AG SD,; AG,
of test resources maximizing
selection gain (AG) under N, N, N; L, Ly T, T
alternative hybrid breeding
strategies for varying prediction Hybridpgganaara NA N, 680 40 5 10 1 6 576  0.65 0.82
accuracies from genomic Hybridpg,qiq NA N, 344 - 10 - 2 - 495 074 099
Zilcelfrt;‘zg’_f";lireg;‘"’tg‘;‘l‘omic Hybridggymiaa 02 1198 4276 387 5 10 1 5 58 066 083
selection is perfjormed’ ie., Hybrid sy umaard 0.3 1444 3282 339 5 10 1 6 599 065 0.86
classical phenotypic selection Hybrid ;sgmdara 0.4 1682 24877 339 5 10 1 6 617 0.64 0.88
(N, L, T = number of DH Hybridgsypia 02 962 1693 - 10 - 3 - 527 075 105
lines, test locations and tester A 6 5
in selection stage one, two, Hybrid ,pia 0.3 1519 1296 - o - 3 - 54075 1.11
and three, respectively; HybridGSrapid 0.4 1797 109.7 - 10 - 3 - 581 0.74 1.16
SD g = standard deviation Hybrid g, 0.2 33333 - - - - - - 155 105 052
of the selection gain; Hybridgs,, 0.3 33333 - -~ -~ 233 103 078
AG, = annual selection gain) ;
Hybridg,,, 0.4 33333 - - - - - = 311 09 1.04
Table 3 Optimum al.loc.aFion Breeding strategy Accuracy Optimum allocation of test resources AG SD g AG,
of test resources maximizing
selection gain (AG) under N, N, N, L, L
alternative line breeding
strategies for varying prediction Linepgndara NA N, 3521 292.7 1 10 1034 0.57 2.07
accuracies from genomic Linepg,apia NA N, 909 - 0 - 930  1.05 2.32
Zilcf;c:;‘c’;’_fogireg;cgg:omm Linepsyupia NA N, 2000 - 4 861 124 215
selection is performed, ie., Line ggsandard 0.2 1934 13616 1325 2 10 9.90 1.0l 1.98
classical phenotypic selection Line g undard 0.3 2217 1003.9 1227 2 10 1000 1.01 2.00
(N, L = number of DH lines Line gssandard 04 2422 6453 725 3 10 1015 098  2.03
and test locations in selection .
stage one, two and three Line Gyapia 0.2 1492 546.8 - 100 - 9.38  1.06 2.35
respectively; SDAG — standard Linecsmpid 0.3 1826 4474 - 10 - 9.63 1.05 2.41
deviation of the selection gain; Line ggapia 0.3 2395 685.9 - 48 - 8.66 123 2.17
AG, = annual selection gain) Linegsyupia 0.4 2061 3481 - 10 - 988 104 247
Line gy 0.2 33333 - - - - 244 1.65 0.81
Line gy 0.3 33333 - - - - 3.66 1.61 1.22
Lineggopy 0.4 33333 - - - - 488 1.55 1.63

$ Amount of seed, which is available for each line at this stage limits the number of test locations to 4

invested to evaluate a large number of N; DH lines by GS.
Consequently, a considerably higher number of DH lines
can be tested in the breeding strategies applying GS than
in breeding schemes based solely on phenotypic selection.
Similar trends were observed for line breeding (Table 3).
Besides the selection gain, the standard deviation of
the selection gain SD,; was also largely influenced by
the choice of the breeding strategy. For hybrid breeding,
we determined a SD,,; = 0.65 for Hybridpg,,g.ra and
similar values for Hybrid;gyamaaq (Table 2). Higher values
of SD ,; were determined for breeding strategy Hybrid g4
(SDp; = 0.75) and especially for breeding strategy
Hybrid g,y (SD o = 1.03). For line breeding without mark-
ers (Linepgymaara)» W Observed SD,; = 0.57 (Table 3) but
all other breeding strategies resulted in much higher values of
SD ;. Compared with Linepgg,,4..» N€arly doubled values
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of SD,¢ were determined for Lineggyangara a0d Linegg,qiq
as well as a tripled value of SD s for Lineg,,,-

Discussion

The implementation of genomic selection (GS) in breeding
programs is currently intensively discussed in the scientific
literature as well as in breeding companies (cf. Zhao et al.
2014; Heslot et al. 2015). To our knowledge, this discus-
sion is mainly driven by estimating prediction accuracies
and speculating about future marker costs but not based on
evaluating possible breeding schemes under given budgets
and logistical constraints. Furthermore, the allocation of test
resources, that is the number of lines to be genotyped and
phenotyped as well as the number of locations and testers
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to be used, is completely disregarded. In wheat, the breed-
ing companies currently consider shifting from the classical
line towards hybrid breeding. It is therefore of high interest,
whether GS could improve the efficiency of hybrid com-
pared to line breeding. This motivated us to evaluate the effi-
ciency of three breeding strategies for line and hybrid wheat
breeding with GS regarding the expected selection gain and
its standard deviation. These breeding strategies were com-
pared with a strategy based on two-stage phenotypic selec-
tion without GS (Hybridpg,niarar Lin€psgandara)> Which is
common practice in Central European wheat breeding.

The GS prediction accuracy largely influences the
ranking of the breeding strategies

With increasing GS prediction accuracy, the selection gain
increased linearly in all breeding strategies except those
applying only phenotypic selection (Fig. 2). Furthermore, the
ranking of the alternative breeding strategies changed with
increasing GS prediction accuracy. This can be explained
by the different weight put on GS in the alternative breed-
ing strategies. For instance, in breeding strategies using GS
followed by two-stage phenotypic selection (Hybrid ;s andards
Line gggmaaa). the impact of the GS prediction accuracy
on the total selection gain is balanced across three selec-
tion stages. In contrast, breeding strategies Hybrid,,,;, and
Line g, are based solely on one-stage GS. Thus, all weight
is put on GS leading to a strong dependency of the selection
gain on the GS prediction accuracy.

This reduction of three to one-stage selection largely
reduced the absolute selection gain. However, the use of
Hybrid g, and Linegg,,, enables a reduction in breed-
ing cycle length of up to 4 years (Fig. 1) which counter-
balances the lower absolute selection gain to a large extent.
For instance, for hybrid breeding, the highest annual selec-
tion gain was observed for breeding strategy Hybridg,,,,
as long as the GS prediction accuracy was higher than
0.5 (Fig. 2). For lower prediction accuracies, however,
the breeding strategy Hybridg,,,; should be chosen as
it maximized the annual selection gain across all comp-
ared strategies. Similar trends were observed for line breed-
ing with the exception that the fast-track breeding strategy
Linegg,,, was only better than Linegg,,,, for a GS pre-
diction accuracy higher than 0.65 (Fig. 2). Summarizing,
breeders should base their choice of the breeding strategy
carefully, taking the expected GS prediction accuracies for
their traits of interest in their germplasm into account.

GS increases annual selection gain in line and hybrid
wheat breeding

For line breeding in wheat, the few published GS predic-
tion accuracies for grain yield differed largely, ranging

from 0.36 to 0.64 (cf. Heslot et al. 2012). These prediction
accuracies were observed for estimation and prediction of
lines in the same population, i.e., in the same cycle of selec-
tion. However, in breeding programs, the newly developed
lines must be predicted based on calibrations from previous
cycles of selection which largely reduces the GS prediction
accuracy (Hofheinz et al. 2012; Storlie and Charmet 2013).
In hybrid wheat breeding, three prediction scenarios must
be distinguished: prediction of hybrids for which no (TO0),
one (T1), or both parents (T2) have already been pheno-
typed for GCA in other hybrid combinations. Thereby, TO
reflects the situation where lines in the training and predic-
tion set are unrelated as it is the case for prediction in a
breeding program where new lines must be predicted based
on calibrations developed in previous cycles of selection.
For grain yield of hybrid wheat, only one study is available
in the literature reporting a GS prediction accuracy for TO
of 0.28 (Zhao et al. 2013). Consequently, we assume for
line and hybrid breeding a GS prediction accuracy across
breeding cycles of 0.3 as realistic for wheat grain yield
and focus our following considerations on this assump-
tion. Nevertheless, intensive research is needed in wheat
especially to quantify the prediction accuracy across breed-
ing cycles for grain yield and further traits of economic
importance.

For a GS prediction accuracy of 0.3, breeding strategies
Hybrid g,y and Linegg,,,;, yielded the highest annual
selection gain AG, of all compared breeding strategies
(Fig. 2; Tables 2, 3). For hybrid breeding, the use of breed-
ing strategy Hybridg,,,;, increased the annual selection
gain AG, by more than 35 % relative to a breeding scheme
based only on phenotypic selection (Hybridpg,,iua)-
For line breeding, this advantage was less pronounced
but still 16 %. This is surprisingly high taking the low GS
prediction accuracy into account. This increase in annual
selection gain AG, can have two reasons: the incorpora-
tion of GS or the reduction in cycle length. To distinguish
between these two confounded parameters, we addition-
ally calculated the annual selection gain for breeding strat-
egies which also had only one stage of phenotypic selec-
tion but without GS (Hybridpg, ;g Linepg,q,iq» Fig. 1). For
hybrid and line breeding, the breeding strategies “PSrapid”’
yielded a higher annual selection gain than the stand-
ard phenotypic two-stage selection strategies “PSstand-
ard” (Tables 2, 3). However, the annual selection gain of
the breeding strategies Hybridpg,,,,, and Linepg,,,,; Was
still lower than the annual selection gain of the GS breed-
ing strategies Hybridg,,,; and Lineg,,,;,- This illustrates
that GS can increase AG, and consequently, the use of GS
appears interesting for line and hybrid breeding even with
low prediction accuracies.

Besides a high selection gain, a low standard devia-
tion of selection gain is desired for an optimum breeding
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strategy, because this standard deviation can be interpreted
as a measure for the risk to realize the predicted selection
gain. Compared to the breeding strategies, Hybridpg..ndard
and Linepg,,.4qar0 the standard deviation of selection gain
SD ¢ was larger for breeding strategies Hybrid gy, and
Linegg,piq (Tables 2, 3). While this increase was only
moderate for hybrid breeding, the use of breeding strategy
Lineg,,iq 1ed to a doubled SD 5 ; compared to Line pgyanar
(Table 3). Thus, the risk of selecting the wrong lines is con-
siderably increased in line breeding using GS.

Furthermore, the optimum allocation of test resources
of breeding strategy Lineg,,,q requires the use of 10 test
locations in selection stage two (L,). To our knowledge
on current DH technology in wheat, it seems unrealistic
to obtain enough seeds for yield trials at 10 locations with
only one DH multiplication step (Fig. 1). For instance, an
average of about 20-40 kernels can be expected per gen-
erated DH line. With 1 year of seed multiplication, this
cannot be increased to more than approximately 1000 g of
seeds. Thus, in practice a maximum of four yield plots can
be realized in the breeding strategy Lineg,,,q- TWO options
appear feasible to get around the impossible requirement
of 10 test locations in the breeding strategy Linegg,,piq-
First, a further seed multiplication can be done before yield
tests which, however, prolongs the breeding strategy to the
same length as Linepgyingara OF Lin€gssandara Fig. 1). The
latter two strategies realize both three instead of two test
and selection stages, thus making this approach not appeal-
ing. Alternatively, the number of test locations in breeding
strategy Linegg,,,;, can be reduced to four. This adjustment
reduced the annual selection gain in the breeding strat-
egy Linegg,,;y from 2.41 to 2.17 (Table 3). Nevertheless,
also with this large limitation, the annual selection gain of
the breeding strategy Lineg,,,,; Was still 5 % higher than
in the standard two-stage phenotypic selection strategy
LinePSsrundard'

Further drawbacks from the use of breeding schemes
with a reduced number of phenotyping stages concern both
line and hybrid breeding. For instance, grain yield is influ-
enced by large genotype-by-year interactions. In addition,
other traits like frost or severe disease epidemics like yel-
low rust in 2014 occur irregularly across years and must be
taken into account. Thus, the use of multi-year phenotypic
selection before expensive (pre) registration trials maxi-
mizes the chance of selecting genotypes well adapted to
these events. Furthermore, additional traits with fully dif-
ferent genetic architecture, i.e., with high heritability and
cheap to phenotype, like disease resistance, plant height,
or traits very expensive to phenotype like bread-making
quality, are of high importance in wheat breeding. Their
incorporation into the optimization might result in other
optimum breeding strategies but requires further research
especially on index selection.
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Our results are in contrast to studies in wheat (cf. Heffner
et al. 2010, Heslot et al. 2015) and maize (cf. Bernardo and
Yu 2007) proposing the use of several cycles of GS before
entering phenotyping. In our study, the use of Hybridgg,,,
and Linegg,,, was only advantageous for unrealistically
high GS prediction accuracies but also largely increased
the standard deviation of selection gain and can thus not
be recommended. The difference to the previous studies in
the literature is that to our opinion they rely partly on unre-
alistic breeding scenarios, did not optimize the allocation of
resources and in addition, oftentimes did not assume a fixed
budget. Thus, GS for several cycles can be done in the same
time as phenotypic selection but consuming a by far larger
budget. Summarizing, for a GS prediction accuracy around
0.3, we propose for hybrid breeding, the use of breeding
strategy Hybrid g, For line breeding, the use of breed-
ing strategy Line gy, increased the annual selection gain by
5 % compared with breeding strategy Linepg,,.q-0 bUt at the
expense of a nearly doubled standard deviation of the selec-
tion gain. Thus, the choice among breeding strategies in line
breeding is not as clear as in hybrid breeding.

GS improves the efficiency of hybrid compared to line
breeding in wheat

The use of breeding strategies Hybrid g,,,iq and Line gg,q,iq
increased the annual selection gain by 35 and 5 % compared
to two-stage phenotypic selection for hybrid (Hybridpgyandard)
and line breeding (Linepgyumaaq). respectively (Fig. 2;
Tables 2, 3). This large difference is mainly due to two rea-
sons. First, the production of hybrid seed in wheat is very
expensive compared to the production of inbred seed which
largely hampers successful hybrid breeding. The use of GS
in hybrid wheat breeding enables to considerably increase
the number of tested DH lines. For instance, for a GS pre-
diction accuracy of 0.3, N, = 1444 DH lines can be tested
in the breeding strategy Hybridgg,,,; compared to only
N, = 680 DH lines in the breeding strategy Hybridpgyndard
(Tables 2). Furthermore, for largely reduced hybrid seed
production costs, the advantage in selection gain using GS
was considerably reduced (data not shown) confirming the
impact of the hybrid seed production costs on the efficiency
difference between hybrid and line breeding using GS.

Second, the higher genetic variance available in line
(0L2P = 14.06) compared to hybrid breeding (a(z;CA =5.7)
also affected the different efficiencies of applying GS
in hybrid and line breeding. For a doubled GCA vari-
ance, the advantage in selection gain using GS in hybrid
breeding was more than halved (data not shown). How-
ever, unrealistically large changes of hybrid seed pro-
duction costs or of the GCA variance are necessary to
nullify the large superiority of the breeding strategy
Hybrid ;s,qpig-
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The fact, that the use of GS at a prediction accuracy
of 0.3 improves the relative annual selection gain more in
hybrid than in line breeding also affects the efficiency of
hybrid versus line breeding, which is intensively debated
in the wheat community (cf. Longin et al. 2014a). Longin
et al. (2014a) showed that for phenotypic selection based
on the current situation regarding available budgets, hybrid
seed production costs and variance components, the selec-
tion gain in hybrid breeding was around 33 % relative to
that in line breeding. We determined a similar difference
of line and hybrid breeding for the phenotypic breeding
strategies Hybridpggindara @04 Linepggnaara (Tables 2, 3).
However, using breeding strategy Hybridg,,,s the rela-
tive efficiency versus line breeding using the breeding strat-
egy Linegg,,q limited to four test locations was improved
to 51 %. This improvement in efficiency is larger than the
improvements achieved by either reducing the hybrid seed
production costs to a quarter or by reducing the length of
the phenotypic breeding cycle (Table 2, cf. Longin et al.
2014a) highlighting the potential of GS in hybrid wheat
breeding.

Nevertheless, the advantage in annual selection gain of
line compared to hybrid breeding is still large. However, an
economic comparison of hybrid versus line breeding must
also take the yield advantage of hybrids due to the exploi-
tation of heterosis into account. Current estimates on het-
erosis for wheat grain yield are around 10 % (Longin et al.
2013). It has been shown in maize, however, that hetero-
sis was higher under stress than under normal conditions
(Duvick et al. 2004). Furthermore, hybrids are currently
assumed to be more stress tolerant and in addition may
possess a higher yield stability (Miihleisen et al. 2014).
The effects of the predicted climate change as well as the
expansion of wheat to less optimal growing areas may
therefore further increase the yield advantage of hybrids
compared to lines. In addition, with hybrid breeding, the
stacking of major genes is facilitated and higher budgets
than for line breeding are likely available due to a reduc-
tion of farm-saved seeds, thus further increasing the rela-
tive efficiency of hybrid versus line breeding (Longin et al.
2014a). Whether these increases are high enough to justify
the shift from line to hybrid breeding must be decided on
a case-by-case basis for each breeding company. However,
if hybrid breeding is chosen, our results clearly recom-
mend the use of genomic selection in the breeding strategy
Hybrid g, qpig-

Optimum allocation of test resources

The GS prediction accuracy largely influenced the optimum
number of lines used in hybrid and line breeding. With
decreasing GS prediction accuracy, the optimum number
N, decreased in favor of an increased optimum number

N, in hybrid (Table 2) and in line breeding (Table 3). This
effect was especially apparent in the line breeding scheme.
Thus, with decreasing prediction accuracy, GS gets the
character of a pre-test with very low selection intensity, i.e.,
removing only the worst lines. This phenomenon was less
pronounced in hybrid breeding which might be explained
by the high hybrid seed production costs requiring a strong
reduction of DH lines before hybrid seed production. Inter-
estingly, the use of GS rarely altered the optimum number
of testers and locations determined for phenotypic selec-
tion (Tables 2, 3; cf. Longin et al. 2014b, 2006). Thus, it
seems sufficient to adjust the number of lines across the
different selection stages when including GS in the breed-
ing logistics.

Conclusions

The GS prediction accuracy largely influenced the choice
of the best breeding strategy. Based on very few experi-
mental data in wheat, we assume a GS prediction accuracy
for grain yield across breeding cycles of 0.3 as status quo.
Based on this assumption, the use of a breeding strategy
with one-stage genomic selection followed by one-stage
phenotypic selection yielded the highest annual selection
gain for hybrid and line breeding. The use of GS in hybrid
wheat breeding largely improved the relative efficiency
compared to line breeding and can consequently be seen as
an important pillar for future hybrid wheat breeding. How-
ever, more research is necessary to investigate the influence
of varying budgets and variance components on the above-
discussed results.
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