
Optimum Strategies to Implement 

Genomic Selection in Hybrid Breeding 

Dissertation to obtain the doctoral degree 

of Agricultural Sciences (Dr. sc. agr.) 

Faculty of Agricultural Sciences  

University of Hohenheim 

Institute of Plant Breeding, Seed Science 

and Population Genetics 

Submitted by 

José Joaquín Marulanda Martínez 

from Bogotá, Colombia 

2022 



ii 

Die vorliegende Doktorarbeit wurde am 22-08-2022 von der Fakultät Agrarwissenschaften
der Universität Hohenheim als “Dissertation zur Erlangung des Grades eines Doktors der 
Agrarwissenschaften (Dr. sc. agr.)” angenommen.

Tag der mündlichen Prüfung: 25-10-2022

Vorsitzender der Prüfungskommission: 
1. Prodekan:  
Berichterstatter, 1. Prüfer:   
Mitberichterstatter, 2. Prüfer:  
3. Prüfer

Prof. Dr. Jörn Bennewitz
Prof. Dr. Albrecht Melchinger 
Prof. Dr. Matthias Frisch 
Prof. Dr. Friedrich Longin



iii 

Contents 

1 General Introduction ………………………………………………………………. 1 

2 Genomic selection in biparental populations: assessment of parameters for 

optimum estimation set design 1...……………………………………………….…. 12 

3 Optimum breeding strategies using genomic selection for hybrid breeding in 

wheat, maize, rye, barley, rice and triticale 2………………………………………. 14 

4 Optimum breeding strategies using genomic and phenotypic selection for the 

simultaneous improvement of two traits 3…...………………………………….…. 16 

5 General Discussion …………………………………………………………………. 18 

6 Summary ……………………………………………………………………………. 32 

7 Zusammenfassung ………………………………………………………………….. 34 

References …………………………………………………………………………... 37 

Acknowledgments …………………………………………………………………... 47 

1 Marulanda JJ, Melchinger AE, Würschum T (2015) Genomic selection in biparental populations: assessment of 

parameters for optimum estimation set design. Plant Breed 134:623–630 

2 Marulanda JJ, Mi X, Melchinger AE, Xu JL, Würschum T, Longin CFH (2016) Optimum breeding strategies 

using genomic selection for hybrid breeding in wheat, maize, rye, barley, rice, and triticale. Theor Appl Genet 
129:1901–1913   

3 Marulanda JJ, Mi X, Utz F, Melchinger AE, Würschum T, Longin CFH (2021) Optimum breeding strategies 

using genomic and phenotypic selection for the simultaneous improvement of two traits. Theor Appl Genet 

134:4025-4042 



iv 



v 

Abbreviations 

DH Doubled haploid 

𝛼 Selected fraction after nursery assessment 

GCA General combining ability of DH lines 

SCA Specific combining ability of DH lines 

GS Genomic selection 

PS Phenotypic selection 

Nj, Tj, Lj Number of DH lines, testers, and locations in stage j  

Nf Number of finally selected lines after 1 - 3 selection stages 

∆𝐺, ∆𝐺  Expected selection gain and annual expected selection gain 

PSstandard Strategy with two-stage phenotypic selection 

PSrapid Strategy with only one-stage phenotypic selection 

GSstandard Strategy with GS followed by two-stage phenotypic selection 

GSrapid Strategy with GS followed by one-stage phenotypic selection 

GSonly Strategy with genomic selection only 

𝜌  Genetic correlation between traits 



vi 



Chapter 1 

General Introduction 

Agriculture is facing a rising demand for efficient and sustaible food production. By 

2050, it is required a reduction in yield gaps of at least 75% and remarkable increments in the 

efficiency of fertilizer and water use (Willett et al. 2019). To meet the challenge, a boost in the 

selection gain (ΔG) of traits such as grain yield, fertilizer use efficiency, drought tolerance and 

yield stability has to be rapidly achieved. Hybrid breeding had contributed to a notable increase 

in yield performance and ΔG for numerous allogamous species, e.g., maize, rye, sorghum, 

sunflower, and sugar beet (Coors 1999). The reasons to explain this success include (i) 

exploitation of heterosis, (ii) increased yield stability of hybrids, (iii) efficiency for grouping 

several dominant major genes in one genotype, and (iv) incentives to breeding programs by 

larger returns on investment due to the built-in variety protection caused by segregation and 

inbreeding depression (Hallauer et al. 2010; Acquaah 2012; Longin et al. 2012). On this basis, 

hybrid breeding has been proposed as a way to match the increased demand for autogamous 

cereals such as wheat (Longin et al. 2012). Encouraged by the success of hybrid breeding in 

rice (Normile, 2008; Yuan, 2014), numerous initiatives have been launched towards the 

implementation of hybrid breeding in further autogamous cereals (Longin et al. 2013; Langer 

et al. 2014; Boeven et al. 2016b; Thorwarth et al. 2018). 

Genomic selection (GS) was proposed as a tool in animal breeding  (Meuwissen et al. 

2001) and can meanwhile be regarded as an established method in plant breeding with high 

potential to improve quantitative traits such as grain yield (He et al. 2016). In GS, the merit of 

an individual is calculated from its molecular information. However, it goes beyond traditional 

marker-assisted selection (MAS) by simultaneously accounting for the effects of hundreds to 
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thousands of DNA markers (Massman et al. 2013). In GS, a group of phenotyped and genotyped 

individuals, i.e., the estimation set (ES), is used to estimate the effect of all markers 

simultaneously. Then, genomic estimated breeding values (GEBVs) of genotyped but non-

phenotyped individuals, i.e., the prediction set, can be calculated by adding the corresponding 

estimated marker effects. By fitting all markers simultaneously, statistical problems such as 

multiple testing, the bias in the estimation of marker effects, and omission of the markers with 

small effects are eliminated (Jia and Jannink 2012). While initially the application of GS was 

hindered by the high cost of genotyping, technological advances in high-throughput genotyping 

platforms have enabled their use not only for research but also for commercial purposes (Jonas 

and de Koning 2013). The accuracy of genomic prediction has been used as a criterion to assess 

the success of GS and therefore has been a major focus of research (Lorenzana and Bernardo 

2009; Albrecht et al. 2011, 2014; Technow et al. 2012; Lehermeier et al. 2014). While it has 

been defined as the correlation between the true breeding values (TBV) and the GEBV, the 

TBV are only known in simulation studies. For this reason, the accuracy of genomic prediction 

in empirical data has been frequently estimated by means of cross-validation approaches, where 

a proportion of phenotyped individuals is randomly assigned to the prediction set. Then, the 

pearson correlation between the best linear unbiased estimates (BLUE) and the GEBV of 

individuals in the prediction set is divided by the squared root of heritability to obtain the 

prediction accuracy (Dekkers 2007; Zhao et al. 2013).  

Integrating hybrid breeding and GS 

Hybrid breeding programs can be divided into two complementary parts: identifying 

promising inbreds for subsequent breeding cycles and identifying outstanding hybrid 

combinations of new inbreds to develop marketable products. Current research foresees the 

potential of applying GS in the inbred line development component by allowing rapid cycles of 
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recurrent GS (Gaynor et al. 2017) and also in the product development component by the 

accurate prediction of hybrid performance (Technow et al. 2014, Zhao et al. 2015). For both 

parts of a hybrid breeding program, the computation of GEBV can take place in the following 

three scenarios: (T0) Parents of the hybrids in the prediction set are not involved as parents of 

hybrids in the ES; (T1) only one parent of the hybrids in the prediction set is used in hybrid 

combinations in the ES, and (T2) the two parents of a hybrid to be predicted are involved in 

hybrid combinations in the ES (Technow et al. 2012). The T0 scenario is the more frequent in 

the inbred line development part of the breeding program, where the prediction of new inbred 

lines is made using an ES composed of inbreds from previous selection cycles (Longin et al. 

2015). Prediction accuracies for grain yield ranging from 0.2 to 0.4 have been reported for the 

T0 scenario in hybrid breeding for wheat, maize, rice, and rye (Zhao et al. 2013; Xu et al. 2014; 

Bernal-Vasquez et al. 2014; Albrecht et al. 2014). 

The need for optimization before implementing GS in hybrid breeding 

In the inbred line development component of hybrid breeding programs, groups of new 

inbred lines are developed from paired crosses of best-performing inbreds in the current 

generation, a method know as “second cycle” breeding. These groups, known as biparental 

families, are produced every year anew, and the genetic variance among them, but most 

importantly within them, is exploited through selection. Success in developing superior lines 

strongly relies on the selection intensity, which depends on the number of genotypes that can 

be tested and the number of genotypes finally selected (Bernardo 2010). This number, though, 

is limited by financial and logistic constraints. In this frame, GS emerges as an alternative to 

optimize the use of economic resources, increasing the number of assessed genotypes and then 

maximizing the selection intensity within and among biparental families. 
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The prediction accuracy of GS is determined by numerous factors including, but not 

limited to: the number of markers used to genotype the population, linkage disequilibrium in 

the populations under study, size of the ES, the relationship between training and prediction 

sets, the heritability of the target trait(s), and the statistical model used for predictions (Heffner 

et al. 2009; Jannink et al. 2010; Heslot et al. 2012). Most of the research on GS for plant 

breeding uses cross-validation approaches, where numerous randomly build ES serve to 

estimate the expected prediction accuracy, i.e., averaging the prediction accuracies obtained in 

each round of cross-validation. Several studies have reported a strong variance in the expected 

prediction accuracy when ES are built by selecting genotypes randomly from a population 

(Albrecht et al. 2011; Würschum et al. 2013; Lehermeier et al. 2014; Schopp et al. 2017). This 

variance could hinder the adoption of GS, as breeders might not implement this tool if there is 

a high risk of building ES, which yield low prediction accuracy in the PS. However, the variance 

also opens the possibility to optimize the composition of the ES for achieving maximum values 

of prediction accuracy. Therefore, strategies for optimization of ES composition to warrant high 

levels of prediction accuracy while minimizing phenotyping cost are of primary importance in 

plant breeding. 

While the success of GS depends on the prediction accuracy achieved, the optimum 

implementation of GS in hybrid breeding strategies goes beyond high prediction accuracies. 

The optimum breeding strategy of a program results from the interplay of (i) breeding goals, 

(ii) the available budget, (iii) cost of seed production, field testing, and genotyping, (iv) variance

components for relevant traits, and (v) breeding cycle length (Utz 1969; Wricke and Weber 

1986). The implementation of GS would impact factors two to five, leading to large changes in 

the expected selection gain (∆𝐺) and rearrangements of the optimum allocation of resources 

(Longin et al. 2015). Moreover, the large variation in budgets, costs, and variance components 

occurring across programs and crops may lead to different optimization strategies for each 

combination of factors. General directives about critical factors for optimization and 
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computational tools for practitioners aiming to optimize their specific scenario would be of 

great value for the breeding community.  

The first factor, i.e., the breeding goals, reflects the importance of defining the economic 

merit of a genotype considering the values observed for several traits, rather than only one 

(Bernardo 2010). Index selection, a linear function of the traits representing the breeding goals, 

helps to summarize several sources of information into a single value, i.e., the net merit (Baker 

1986). Recent results about the improvement in prediction accuracy when using correlated traits 

in multiple-trait GS highlight the potential benefits of selection indices in modern plant 

breeding (Jia and Jannink 2012; Guo et al. 2014; Thorwarth et al. 2018). Despite these 

promising results, there are to my knowledge few advances in the development of GS indices 

and the estimation of the response to selection (Dekkers 2007; Ceron-Rojas et al. 2015). 

Furthermore, I found no reports about the calculation of the expected ∆𝐺 when implementing 

selection indices in GS-based strategies nor directives about the allocation of resources to 

maximize the response to selection. Such optimizations are of special importance when the 

breeding goal includes negatively correlated traits. (Bernardo 2010). Examples of the 

difficulties faced when pursuing the improvement of negatively correlated traits include grain 

yield and protein content in bread and durum wheat, sugar content and biomass in sugar beet 

and sugar cane, and dry matter yield and dry matter content in maize (Grieder et al. 2012; Laidig 

et al. 2016; Silva et al. 2017; Hoffmann and Kenter 2018). The development of a methodology 

and the computation software to estimate the expected ∆𝐺 and optimum allocation of resources 

when breeding for multiple traits would streamline the implementation of GS in hybrid breeding. 
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Towards optimization: recent advances in estimation set design and model 

calculations 

Recent reports showed that the composition of the ES is crucial for obtaining high 

prediction accuracies and established the concept of ES design (Rincent et al. 2012). The 

exploitation of population structure through sampling based on molecular markers and the 

generalized coefficient of determination (CDmean) were successful approaches to optimizing 

the composition of the ES (Isidro et al. 2015; Bustos-Korts et al. 2016). However, further 

studies revealed that optimum ES producing high prediction accuracies could be expected only 

under specific scenarios (Lorenz and Smith 2015; Schopp et al. 2017). Currently, little is known 

about the potential of the ES design in unstructured populations, as in the case of GS within 

biparental populations. In this scenario, the ES design has been treated from a perspective of 

optimum allocation of resources rather than of the composition of the ES. (Riedelsheimer and 

Melchinger 2013; Endelman et al. 2014). A practical approach would be to generate a large 

progeny in the most promising biparental family and genotype all members. Using the 

molecular data, a small and optimized group of inbreds could be selected as the ES and therefore 

subjected to phenotyping. Finally, the GEBV for the remaining lines (prediction set) will be 

computed and used for selection. The advantage of this approach comes from the exploitation 

of increased selection intensity as the reduction in the costs of seed production and field 

assessment would allow increasing the number of inbreds developed from the promising 

biparental family. Hence, further studies are required to identify the factors characterizing ES 

with the highest prediction accuracies in unstructured populations.  

Model calculations have been a well-known approach to compare the efficiency of 

breeding strategies (Utz 1969; Borchardt 1995; Bouchez and Gallais 2000; Longin et al. 2006; 

Gordillo and Geiger 2008). Breeders can specify a certain allocation of resources and determine 

the corresponding ∆𝐺  using genetic parameters, especially variance and covariance 

components if assumptions from quantitative genetics are met. Calculation of the expected ∆𝐺 
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in multi-stage selection is founded on the analyses of Cochran (1951) and Utz (1969), and 

requires estimates of trait heritability and also the computation of the probabilities associated 

with the truncation points in a multivariate normal cumulative distribution function (Utz 1969; 

Tomerius et al. 2008; Mi et al. 2015). The optimization consists of testing numerous possible 

allocations of economic and logistic resources, e.g., through a grid search, to find the allocation 

maximizing ∆𝐺. Since several parameters (number of testers, locations, replicates, candidates, 

and years) must be allocated, the number of scenarios to be tested for finding the optimum 

grows rapidly. Thus, the task of optimization becomes a highly demanding computational 

process.  

Longin et al. (2015) studied the potential of breeding strategies using GS for line and 

hybrid wheat breeding. They explored the optimum allocation of resources and ∆𝐺  when 

selection was performed in multiple stages assuming only one set of budget, costs, and variance 

components. The comparison between traditional phenotypic selection (PS) and GS-based 

strategies, revealed a high potential for two-stage breeding strategies using GS (one stage of 

GS followed by one of PS) despite the moderate prediction accuracy assumed. To generalize 

these results, the assumptions of the model need to be refined.  

Besides testing the effect of variations in the budget, costs, and variance components, 

the refinement of the assumptions for model calculations requires the assessment of common 

practices such as per se selection in nurseries and selection for multiple traits simultaneously. 

Per se selection in observational nurseries is a standard practice in hybrid breeding and consists 

of small trials with few plots and locations where selection on highly heritable traits is 

performed (Cooper et al. 2014; Bassi et al. 2015). After data are generated, a large proportion 

of genotypes is discarded, leading to a drastic drop in selection intensity. This could potentially 

reduce  ΔG in strategies exploiting an initially large number of genotypes, as is the case of GS-

based strategies. In conclusion, the complexity generated by the interplay of budget, costs, 

variance components, the proportion of lines selected in nurseries, correlation between the traits 
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to be improved and their economic importance, create difficulties to predict the success of GS 

and require detailed investigation.  

Approach for identifying optimum estimation sets in one biparental 

population 

In an extensive literature review, I identified 21 relevant parameters for the 

characterization and design of ES. These parameters can be categorized into 7 groups: (i) 

collinearity among markers estimated as the UniRec index (Jannink 2005), (ii) spurious linkage 

disequilibrium among markers resulting from the sampling procedure to build the ES, (iii) 

correlation in the allele frequencies between training and prediction sets, (iv) genetic 

relationships among lines included in the ES, (v) genetic relationship between training and 

prediction set, (vi) mixed model parameters such as REML estimated genetic variance, and (vii) 

phenotypic variance of the ES. In Chapter 2, the usefulness of these parameters was evaluated. 

Possible strategies to implement GS in hybrid breeding 

Several breeding strategies for inbred line development using traditional PS and recently 

implemented GS have been proposed (Longin et al. 2015). These strategies vary in the 

following steps:  

1. Production of a large number of DH lines from several bi-parental crosses

2. Nursery selection for per se performance on highly heritable traits.

3. In silico selection of the lines selected in the last step through GS for general

combining ability (GCA)

4. First round of field assessment of lines selected in the last step through test-cross

performance with several testers in several locations.
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5. Second round multilocation trials of test-cross performance of lines selected in the

last step.

Research on line and hybrid wheat aimed to identify the most efficient breeding 

strategies combining the above mentioned steps (Longin et al. 2015). GSrapid, a breeding 

strategy including steps 1, 3 and 4, resulted in superior annual expected selection gain ∆𝐺𝑎, i.e., 

the total ΔG as a ratio of the breeding cycle length in years, compared to strategies combining 

steps 1, 3, 4 and 5 (GSstandard) or 1, 4 and 5 (PSstandard). Longin et al. (2015) explained the 

advantage of GSrapid by a reduction of  the breeding cycle length and the increase in the 

number of candidates entering the GS stage. A common practice in plant breeding is per se 

selection in nurseries (step 2), which was not investigated in this research. As preselection in 

nurseries reduces drastically the number of lines entering the GS stage (step 3), it is expected 

to have a major impact in the annual  ∆𝐺𝑎 and the total ΔG. The impact of this reduction was 

assessed in Chapter 3. 

Optimization of multiple-trait breeding strategies using GS indices 

In modern plant breeding, selection indices are recognized as valuable tools allowing to 

synthesize multiple sources of information, improving the consistency of selection decisions in 

the long term (Akdemir et al. 2019). Three of the most studied indices are the Smith-Hazel index, 

the base index, and the restricted index (Baker 1986). These three approaches differ in the 

importance and the weights assigned to each trait. In the Smith-Hazel index, the weights are 

derived from the genotypic covariances and the economic importance of each trait. Some 

authors refer to this index as the “optimum index” because, if the covariances are known without 

error, it is the most efficient way to improve several traits simultaneously (Acquaah 2012). The 

base index only uses the economic importance of each trait as the weight. While is has the 

advantage of being simple, the drawback is that it can lead to suboptimal results. However, it 
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is commonly used amongst plant breeders as it overcomes the complications imposed by 

estimates of variance components (Bernardo 2010). Finally, when the breeder aims to improve 

only one trait while keeping the other at the current level, the restricted index simplifies the 

process by assigning weights using phenotypic and genotypic variances and the economic 

importance of both traits (Baker 1986). 

Based on the approaches of Utz (1969) for multistage selection of one trait, Wricke and 

Weber (1986) for multistage selection of multiple traits, and Dekkers (2007) for selection 

indices in marker-assisted selection, a method to deterministically calculate the ∆𝐺  and 

optimize the allocation of resources can be developed. Assuming that 𝑚  traits are 

phenotypically measured, the data of these traits can be noted as 𝑥𝑗 ; where 𝑗 = 1, … , 𝑚 . 

Additionally, a second group of 𝑛  traits to be indirectly improved by selection on the m 

phenotypically assessed traits can be assumed. This second group could take values as 𝑦𝑖; with 

𝑖 = 1, … , 𝑛. On this basis, one selection index can be built for each group. The first index could 

be defined as 𝐼 = ∑ 𝑏𝑗𝑥𝑗
𝑚
𝑗=1  and correspond to the phenotypic index as it uses the values of the 

m variables. The second index 𝐻 = ∑ 𝑎𝑖𝑦𝑖
𝑛
𝑖=1  is a genotypic index and deals with the n 

variables that need to be improved through selection on the m variables. 𝑎𝑖 corresponds to the 

economic importance of each trait and 𝑏𝑗 is the phenotypic weight calculated to maximize the 

∆𝐺 for the net merit (𝐻) when selection decisions are based on the phenotypic traits. Finally, 

the selection gain ∆𝐺 for the net merit H can be estimated by 𝑖
𝑐𝑜𝑣(𝐼,𝐻) 

𝜎𝐼
 where 𝑖 is the selection

intensity in one or multi-stage selection. 

Objectives 

The main goal of this thesis was to examine strategies for optimum implementation of 

GS in hybrid breeding. Specifically, the goals were to: 
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1. Provide new insights for the optimum design of estimation sets to maximize the

prediction accuracy within bi-parental populations.

2. Investigate the effect of nursery selection on the annual expected selection gain (∆𝐺𝑎)

of strategies using GS in hybrid breeding.

3. Examine the impact of budget, costs, and variance components on ∆𝐺𝑎 and the optimum

allocation of resources of breeding programs to improve one trait.

4. Investigate the effect of correlation between traits, economic weights, and variance

components on ∆𝐺𝑎 and the optimum allocation of resources in breeding programs to

improve multiple traits simultaneously.

5. Determine the consequences of choosing specific selection indices on breeding

strategies including genomic and phenotypic selection.

6. Give specific recommendations for the optimum implementation of GS in recently

established hybrid wheat breeding programs.
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Abstract 

Complex interactions of interrelated factors including trait heritability, estimation set size, LD, 

population structure, and phenotypic variance affect the prediction accuracy in GS. Bi-parental 

populations have been extensively used for empirical and simulation-based studies. However, 

little attention has been paid to the highly variable prediction accuracies produced by cross-

validation. The correlation among the variability of above mentioned factors and prediction 

accuracy could provide new insights for ES design. Here we provide evidence based on 

simulations for ES phenotypic variance as the major factor correlated with prediction accuracy 

in unstructured populations. In the other hand, our results suggest that marker data could not be 

an efficient source of information for ES design in biparental populations. In small ES, a large 

phenotypic variance increased the chances of capturing most QTL alleles and allowed a better 

estimation of marker effects.  This information is of major importance for practitioners, who 

could profit from low performing genotypes and early stage phenotypic assessment in order to 

maximize prediction accuracy while reducing ES size in biparental populations. 
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Abstract 

The success of genomic selection (GS) in plant breeding requires the integration of broadly 

used breeding practices for the design of breeding strategies and the optimum allocation of 

resources. Furthermore, generalization about if and how to implement GS in plant breeding is 

difficult because budgets, costs and variance components may vary largely across breeding 

programs and especially across crops. Aiming to elucidate effective strategies for hybrid 

breeding in cereals, we compared five previously proposed strategies in scenarios differing in 

budget, costs, and variance components for grain yield. Additionally, we included nursery 

selection, which is a widely used practice in breeding programs with potential negative impacts 

for GS. We found one breeding strategy, GSrapid, obtaining larger annual selection gain for 

grain yield across a wide range of scenarios tested in our study. The success of the strategy 

relays on coupling reduction of breeding cycle length with large increments in selection 

intensity. Our results suggest the obtainment of higher annual selection gain while saving in 

parallel 2/3 of the budget when moving from traditional to breeding strategies using GS. 

Importantly, the exploitation of GS highly depended on the availability of a large number of 

test candidates entering the stage of nursery selection and the breeding cycle. We discuss the 

impact of nursery selection and the optimum allocation of resources for hybrid breeding 

strategies, including GS in cereal breeding programs. Research priorities to maximize annual 

selection gain in hybrid breeding programs adopting GS are presented. 
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Abstract 

Multiple-trait genomic selection (GS) has shown big potential for breeding programs aiming to 

improve traits with low prediction accuracy. Despite the possible increments in prediction 

accuracy, the ΔG should be used as the criteria to predict the success of GS. We studied two 

previously proposed strategies and thee selection indices to determine the ΔG in response to 

variations in the levels of correlation between traits, the prediction accuracy, the variance 

components, and the economic weights assigned to each trait. One strategy, GSrapid, with 

moderate nursery selection, one stage GS and one stage of phenotypic selection, is expected to 

reach the highest selection gain with optimum, base, and restricted indices. The success of the 

strategy lays on the reduction of breeding cycle length and the increment in selection intensity. 

Despite the expected ΔG for the net merit using base or optimum indices was nearly equal, we 

found considerable differences for the ΔG of single traits. The role of the economic weights 

assigned to each trait was determinant, as small variations of only 15% led to an unexpected 

genetic loss in one of the traits. We used hybrid wheat as a model to explore the ΔG and 

optimum allocation of resources in negatively correlated traits when using index selection for 

the simultaneous improvement of multiple traits. 
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Chapter 5 

General Discussion 

While hybrid breeding is a success story in crops such as maize, sorghum, and sugarbeet, 

the implementation of hybrid breeding is considered to hold high potential to increase ΔG in 

small grain cereals (Longin et al. 2012, 2014b). Likewise, GS is a versatile tool for the 

improvement of highly polygenic traits such as grain yield (Michel et al. 2016; He et al. 2016; 

Rapp et al. 2018). Although a vast proportion of the studies of GS in plant breeding has focused 

on prediction models and prediction accuracies, the implementation of GS in hybrid breeding 

requires the design of breeding strategies where GS maximizes ΔG and optimizes the allocation 

of resources. 

Breeding cycle length and the principle of factor sparsity 

Four parameters determine ΔG: (i) selection intensity, (ii) squared root of heritability, 

(iii) squared root of genetic variance, and (iv) length of the breeding cycle (Cochran, 1951, Utz

1969). For single trait improvement, the strategy GSrapid (nursery per se selection, followed 

by one stage GS and one stage PS) always yields the highest ΔG despite variations in costs 

(genotyping, phenotyping, and seed production), variance components, and prediction accuracy 

of GS (Chapter 3). For multiple trait improvement, GSrapid also obtained the highest ΔG 

despite the selection index chosen, the economic weights assigned to several traits, and the 

prediction accuracy of GS for two traits (Chapter 4). GSrapid focuses on the two principal 

factors proposed in previous reports as responsible for the success of GS in plant breeding, 

namely, increased selection intensity and reduction of breeding cycle length. (Heffner et al. 
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2009; Jannink et al. 2010; Jonas and de Koning 2013; Heslot et al. 2015). GSrapid includes, on 

average, 38% more DH lines in the breeding process compared to PSstandard and reduces by 

30% the breeding cycle length in comparison to PSstandard and GSstandard. In Chapter 3, the 

effects of increasing selection intensity and reducing breeding cycle length were tested 

separately, by comparing GSstandard vs. PSstandard and GSrapid vs. GSstandard respectively. 

While major operational efforts to increase by 37% the number of tested DH lines resulted in 

only 2.5% additional ΔG, reducing the breeding cycle length by 30% increased ΔG by 29.6%. 

In this sense, the maximization of ΔG behaves according to the principle of factor sparsity: “80% 

of the results are associated with about 20% of the variables” (Box and Meyer 1986). In our 

case, breeding cycle length was the principal factor maximizing the ΔG and explaining the 

success of GSrapid. This observation is supported by previous studies on model calculations 

for optimizing breeding strategies of sugar beet (Borchardt 1995), hybrid rye (Tomerius et al. 

2008), and for the optimum implementation of DH technology in maize breeding (Longin et al. 

2007; Gordillo and Geiger 2008). Breeding cycle length has been also recently proposed as the 

most underutilized and most urgent target for improvements in public-sector plant breeding 

programs (Cobb et al. 2019). Taking together the results presented in Chapters 3 and 4 for single 

and multiple trait improvement, GS-based strategies have the potential to overcome traditional 

phenotypic selection strategies when breeding cycle length is the principal parameter to be 

optimized. Consequently, future research efforts should keep the emphasis on methods and 

strategies to shorten the time needed to complete the breeding cycle. 

ES design has been considered crucial to increase the prediction accuracy of GS 

(Rincent et al. 2012; Isidro et al. 2015; Bustos-Korts et al. 2016). Chapter 2 presents a study of 

21 genetic and phenotypic parameters for ES design to maximize the accuracy of GS within 

biparental populations. The results demonstrate that phenotypic rather than genetic parameters 

are useful for selecting genotypes of the ES to maximize prediction accuracy. Further 

investigations on the accuracy of GS within and across biparental families under different levels 
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of ancestral LD, ES size, and heritability of the target trait supported the results presented in 

Chapter 2 (Schopp et al. 2017). Furthermore, the conclusions of Chapter 2 were exploited by 

later studies using phenotypic variance as a criterion for ES design (Michel et al. 2016). Taken 

together, the results of Chapters 2, 3, and 4, however, pose major challenges for using estimates 

of the phenotypic variance to design ES. The principal constraint is the difficulty in reducing 

breeding cycle length because good estimates of the phenotypic variance of the new DH 

population require field phenotyping. Strategies to save the time required for phenotyping might 

include (i) computation of GEBV using models trained in former breeding cycles. (ii) using 

nurseries to phenotype not only secondary traits but especially the target trait, and (iii) 

predicting the performance of the target trait based on correlated traits assessed in nurseries. 

These approaches, however, might suffer from low prediction accuracy, low heritability on an 

entre-means basis, and overestimated correlation between traits. It should be noted that using 

the phenotypic variance as a criterion to build optimum ES in breeding programs improving 

several traits simultaneously forces practitioners to use a selection index as the phenotypic trait 

for ES design. In conclusion, ES design based on the phenotypic variance of the ES needs 

further study and should be applied on a case-by-case basis, aiming to implement strategies to 

reduce breeding cycle length.  

The need to estimate variance components 

The estimation of variances components is not a common practice in applied breeding 

programs. Out of six different applications listed by Bernardo (2010), only the optimization of 

resource allocation and estimation of ΔG seem to be valid justifications for practitioners to 

estimate variance components. Mating designs, such as diallels and intrapopulation factorials, 

are currently of rare use in hybrid breeding, as large expenditures in specific experiments, with 

the sole goal of estimating variance components, have to be made. However, interpopulation 
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factorials are closer to the routine of hybrid breeding programs using reciprocal recurrent 

selection cycles for inbred development. As the second-order statistics needed to optimize 

breeding strategies are precisely the interpopulation variance components, just minimal extra 

investment is needed in hybrid breeding programs aiming to optimize strategies and to assess 

the potential of GS. In the following sections, the impact of different ratios of variance 

components on ΔG for single and multiple trait improvement is discussed.  

Variance components for single trait improvement 

The variance components of recently established, long term hybrid wheat breeding 

programs depend not only on the available genetic diversity but also on the definition of the 

heterotic groups (Longin et al. 2013) and the design of parent pools to improve hybrid seed 

production systems (Longin et al. 2014b). Given the uncertainty about the specific variance 

components to be expected, three starting points for breeding programs could be envisioned: (i) 

estimates of variance currently reported for a general hybrid wheat study (Longin et al. 2013), 

(ii) assuming a larger proportion of genetic variance than the general study, or (iii) assuming a

larger proportion of non-genetic variance than the general study. Across all three scenarios, 

GSrapid was the most efficient strategy. When compared to PSrapid, which has the same 

breeding cycle length, GSrapid obtained between 8.2% and 11.6% greater ΔGa (Chapter 3). It 

reflects enormous advantages for breeding programs aiming to implement hybrid breeding in 

wheat. First, practitioners can rely on the GSrapid strategy to maximize the annual selection 

gain, independently of the genotypes used to establish the heterotic pools. Second, GSrapid 

would be a reliable strategy despite the large sampling errors that usually accompany second-

order statistics. Despite these advantages, practitioners aiming to implement GSrapid should be 

aware of the need to increase the number of locations and testers if the proportion of non-genetic 

variance to GCA variance is large (Longin et al. 2007). In Chapter 3, further support for this 
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hypothesis was given, as the number of testers increased from 3 to 5, when the proportion of 

non-genetic variance to GCA variance increased.  

Variance components in multiple trait improvement 

The Smith-Hazel index is considered the optimum index when phenotypic and genetic 

variances and covariances are known without error (Baker 1986). However, the practice of plant 

breeding is heavily affected by the interaction of environmental, management, and genetic 

factors, which, in addition to sampling errors, lead to suboptimal performance of this index. On 

this basis, Baker (1986) and Bernardo (2010) recommend the use of the base index (use only 

economic importance as the index weights) to reach equal or more effective long-term results 

than those obtained with the optimum index. The base index has the additional advantages of 

reducing the cost and complexity of estimating variance components. Chapter 4 presents only 

a slight increment in ΔG for net merit when using the optimum, rather than the base index. 

However, there were differences in ΔG of individual traits when applying the optimum or the 

base index. These differences intensified with increasing divergence between the variance 

components of the traits. While the optimum selection index tends to have less stable 

(sometimes erratic) results, the base index was more conservative, i.e., less ΔG for the trait with 

large genetic variance and less genetic loss for the trait with large non-genetic variances. The 

findings of Chapter 4 are supported by observations in alfalfa (Medicago sativa L.) where 

regrowth after cutting was more effectively improved when applying the base instead of the 

optimum index (Elgin et al. 1970). The authors claim the inconsistent estimates of index 

weights over the five selection cycles as the reason for the erratic ΔG obtained by the optimum 

index. In conclusion, the small differences in ΔG for net merit between the optimum and the 

base index and the erratic behavior of the optimum index for the improvement of single traits 

suggest the use of GS on the base index for consistent multiple trait improvement in the long 

term. 
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Refinement of the assumptions for model calculations 

Plant breeding programs are characterized by biological and reproductive features of the 

crop, population-specific parameters such as variance components, available budget, and the 

costs of phenotyping, genotyping, and seed production (Jonas and de Koning 2013; Heslot et 

al. 2015; Bassi et al. 2015). The optimization of breeding strategies to implement GS in hybrid 

breeding should consider variations in the above-mentioned factors and common practices such 

as per se selection in nurseries. In the following sections, directives about budget, costs, and 

preselection in nurseries are provided to help practitioners decide if, how, and when to 

implement GS according to their specific resources and objectives. 

Preselection in nurseries: the advantage of GSrapid over PSrapid 

As mentioned in Chapters 3 and 4, hybrid breeding programs using GS can maximize 

ΔGa when implementing breeding strategies with reduced field phenotyping. However, per se 

selection in nurseries to improve “must-have” traits like frost tolerance or disease resistance 

should be maintained (Longin et al. 2015). As preselection in nurseries is then fundamental for 

the success of the program, the effect of this practice on ΔGa was quantified in Chapter 3. 

Independently of the fraction of lines selected in nurseries (), the ranking of the breeding 

strategies according to ΔGa for prediction accuracies between 0.1 and 0.5 was constant: 

GSrapid > PSrapid > GSstandard > PSstandard > GSonly. Assuming greater prediction 

accuracies only led to major increments in ΔGa for GSonly. The large values of ΔGa observed 

when applying the strategy GSrapid were surprising owing to the dramatic reduction in the 

number of new DH lines entering the GS stage. For instance, when assuming a budget of 10.000 

plot equivalents, 1,443 DH lines entered the GS stage, when no nursery selection was applied, 

compared to only 344 DH lines when  = 0.1. On the other hand, the number of DH lines 

entering the testcross selection stage was similar for different levels of  and decreased only 
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from 135 to 115 when  =  or 0.1, respectively. For the strategy PSrapid, a marked reduction 

in the number of DH lines entering the first testcross evaluation stage was observed, decreasing 

from 344 without nursery selection to 181 when  = 0.1. This result also highlights the potential 

of GS to facilitate breeding logistics. In strategies using GS, phenotypic assessment during the 

first testcross evaluation involved between 37% and 61% fewer candidates. Then, budget 

savings made from less testcross seed production and evaluation are used to increase the number 

of lines entering the breeding cycle, resulting in additional ΔGa through increments in the 

selection intensity and explaining the advantage of GSrapid over PSrapid. 

Response curves for maximum annual selection gain as a function of the fraction of 

lines selected in nurseries display rapidly diminishing marginal returns when the selected 

fraction approached 0.3 (Chapter 3). For instance, 95% of the ΔGa obtained without nursery 

selection was already achieved when  = 0.3 under the strategy GSrapid and assuming GS 

prediction accuracy ranging from 0.2 to 0.4. For all breeding strategies, the decrease in the slope 

was associated with steadiness in the number of lines entering the phenotypic stages of the 

breeding cycle. Minor increments in ΔGa, when  > 0.3, can be explained by a greater number 

of lines entering the breeding cycle. Consequently, to maximize selection gain, the number of 

lines selected in nurseries should correspond with an optimum number of lines entering the 

phenotypic stage N2. While our model calculations did not reflect a negative effect of applying 

weak selection pressure in nurseries, it is undesirable in practical terms, because large efforts 

have to be made to produce testcross progenies of DH lines that should have been discarded, 

given their poor performance in “must-have” traits. On the other hand, applying strong selection 

pressure ( < 0.25) caused important losses in ΔGa. Hence, breeders need to consider if their 

specific scenario requires a selected fraction smaller than 0.25. 
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Budget 

The budget has been reported as a determinant factor of the ΔG in maize through a strong 

influence on the number of lines entering the breeding cycle (Longin et al. 2006) and also in 

the selected fractions after each testcross evaluation stage (Longin et al. 2007). As the 

effectiveness of GSrapid highly depends on the number of genotypes entering nursery selection 

(Nini) and GS (N1), variations in the budget were expected to have large impacts on the ranking 

of breeding strategies. Surprisingly, GSrapid overcame PSrapid (second in rank) in all budget 

scenarios, obtaining between 7.6% and 8.9% higher ΔGa (Chapter 3). The ranking of the 

strategies was constant across budgets. Average ΔGa increments of 23.7% were found when 

increasing the budget from 3,000 to 10,000 plot equivalents. Further increments in the budget 

(from 10,000 to 30,000) might be questionable as only a 16% ΔGa increment was observed. In 

any case, hybrid wheat breeding programs should employ GSrapid regardless of the available 

budget. Moreover, budget increments are more effective in the strategies using GS, as 1% to 

2 % more annual selection gain is expected in comparison with strategies based only on PS. 

The results presented in Chapter 3 strongly discourage hybrid breeding programs using the 

reference strategy PSstandard, as GSrapid obtained 7.6% more annual ΔG when investing just 

1/3 of the budget. The budgets studied in Chapter 3 can be considered as the resources available 

for evaluating the progenies of a complete breeding program assuming equal means and 

segregation variances for progenies of different crosses. However, former reports indicated 

large variations in ΔG of maize when population parameters were used to determine the 

optimum number and size of crosses (Wegenast et al. 2008). Further research on the size and 

number of crosses in breeding strategies involving GS and nursery selection for hybrid wheat 

is needed to refine the practical implications of the model calculations. 
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Costs 

GSrapid remained the most efficient strategy despite increments in the cost of DH line 

production or reductions in testcross seed cost (Chapter 3). The ranking of strategies was 

uninfluenced by cost variations and PSrapid was the second most efficient strategy obtaining 

between 5% and 8% less ΔGa than GSrapid. Strategies based only on phenotyping and without 

selection in nurseries profited to a greater extent from reductions in the cost of testcross seed 

production. These findings follow previous model calculations for hybrid wheat strategies 

without GS and nursery selection (Longin et al. 2014a). The introduction of nursery selection 

and genomic selection pose a challenge to breeders as the production cost of DH lines gains 

importance in comparison to the cost of testcross seed (Chapter 3). Summarizing, our results 

suggest a change from PS to GS-based strategies accompanied by budget reallocation to 

research on efficient DH line production systems, to fully exploit the potential of GS in hybrid 

breeding. 

The usefulness of restricted selection indices 

Restricted indices aim to achieve ΔG in specific traits at the cost of reducing the response 

to selection on net merit (Baker 1986). In Chapter 4, the restricted index was implemented to 

improve one trait while maintaining the second at its current level in the population. The 

restricted index was never found to be more efficient than optimum or base indices to improve 

net merit. However, we deduce specific applications where the use of the restricted index could 

be advisable, e.g., in breeding programs, where a relatively low genetic correlation between 

traits is observed together with dominant economic importance of one trait, or when breeding 

for one trait that is positively correlated with a second trait not to be improved. Dolan et al. 

(1996) proposed a further application for negatively correlated traits in oat. In their study, a 

restricted index was the best method to improve disease resistance while preventing unwanted 

changes in grain yield. To validate the application of a restricted index for specific scenarios 
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before embarking on long term efforts, Chapter 4 presents a novel version of the R package 

selectiongain to assist practitioners in the calculation of ΔG 

Future challenges for implementing GS in hybrid breeding programs 

Double haploid technology and speed breeding 

The availability of a large budget was determinant for an increased number of genotypes 

assessed in the first stages of the breeding strategies. For instance, in hybrid wheat and maize, 

with budgets of 30,000 plot equivalents, more than 7,500 DH lines is the optimum number to 

enter the nursery stage. Although the number of genotypes might seem to be large, this value 

matches the reality of applied maize breeding programs (Cooper et al. 2014). Hence, recent 

efforts to improve the efficiency of DH line production, are of major importance for a successful 

implementation of GS in hybrid breeding (Würschum et al. 2012, 2015, Melchinger et al. 2014, 

2016a, b; Chaikam et al. 2016; Molenaar et al. 2019). In light of this, breeding for improved 

haploid inducers, more efficient techniques for chromosome doubling, and new phenotypic 

markers for fast discard of non-DH plantlets are critical to exploiting the reduction of breeding 

cycle length and increasing the selection intensity.  

The production of DH plants, nevertheless, is still a cumbersome and costly technology 

for some species. The lethal effects of inbreeding depression and the reduced impact on 

breeding cycle length in crops as hybrid rye have hampered the implementation of DH 

technology (Tomerius 2001; Tenhola-Roininen et al. 2006). These bottlenecks, however, are 

are expected to be absent in autogamous species. In this scenario, speed breeding emerges as 

an alternative to reduce breeding cycle length, completing up to six generations per year 

(Watson et al. 2018; Jähne et al . 2020). This technology accelerates the rate of plant 

development, reduces the time to harvest, and permits the germination of immature seed by 

using controlled environments with extended photoperiod in spring wheat, durum wheat, barley, 
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chickpea, pea, and canola. Speed breeding not only permits the obtention of new inbreds but 

also the selection of the best partially inbred lines based on the phenotypes of mature plants, 

which is not possible in the double haploid generation. According to the protocols proposed to 

apply speed breeding, an integration of this technology and GS through strategies such as 

GSrapid can be anticipated (Li et al. 2018). In this regard, the results presented in Chapters 3 

and 4 could serve as a first attempt to estimate the increment in ΔGa of breeding programs using 

speed breeding and GS for the improvement of single or multiple traits. Refined calculations 

using the cost of inbred development through speed breeding are required to assess the impact 

of this technology in the optimum allocation of resources. 

The effect of moving from breeding for one trait to breeding for multiple traits. 

The model calculations for multiple trait improvement presented in Chapter 4, revealed 

that selection index-based breeding strategies pay the cost of improving several traits 

simultaneously though producing less ΔGa for the individual traits than strategies improving 

only one trait. This result was constant despite scenarios assuming positive, negative, or 

uncorrelated traits. Cole and VanRaden (2017) highlight the practical advantage of involving 

many traits into a single selection objective instead of performing single trait selection, even 

though selecting for multiple traits will always produce less ΔGa for individual traits than 

selecting for just that one trait. When assuming equal economic weights and variance 

components for two traits, a direct relationship between the genetic correlation of the traits and  

ΔGa for the net merit and the individual traits was found (Chapter 4). This association, however, 

is lost when one trait receives greater economic weight or displays greater heritability. Rapp et 

al. (2018) presented practical evidence regarding the reduced ΔGa when using the grain protein 

deviation as net merit to simultaneously improve two negatively correlated traits in durum 

wheat. The strong emphasis placed on protein content leads to the undesired selection of 

genotypes with low grain yield. However, Chapter 4 identified scenarios where the 
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implementation of index selection using GSrapid could result in larger ΔGa than single trait 

improvement via PSstandard, e.g., when the genetic correlation between traits was positive or 

when the correlation between traits was negative but the second trait was only used as an 

auxiliary trait with no economic importance. In these scenarios, moving from PS to GS-based 

strategies leads to larger ΔGa for both traits or larger ΔGa for the target trait, respectively. 

Estimation set design 

Phenotyping a defined set of progenies to maximize the phenotypic variance means 

important investments in phenotyping individuals with extremely low performances, which 

undoubtedly will be discarded after the field season. Jannink et al. (2010) foresaw this 

complication and emphasized that in GS, phenotyping is a tool to train models, and selection is 

practiced at the allele rather than at the individual level. Bidirectional selection was proposed 

as a strategy to reduce genotyping costs (Zhao et al. 2012). Following the same principles, 

Chapter 2 explored approaches to reduce the number of low-performing inbreds to be included 

in the ES. Two scenarios warranting large phenotypic variance in the ES are‘50-50’ meaning 

an ES including equal proportions of high and low-performance genotypes and ‘15-85’ where 

the number of low-performing genotypes is reduced to only 15%. The results indicate that a 

small ES produces high average and low variance prediction accuracy when low and high 

performing inbreds are equally represented in comparison to the ‘15-85’ or ES built with 

randomly sampled genotypes. Combining the ideas of Jannink et al. (2010) and the results 

presented in Chapter 4, a drastic change in the purpose of phenotyping in applied breeding 

programs could be foreseen as GS moves from the “routinely implemented” tool to a “must-

have” technology status.  
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Hybrid seed production 

Not only the presence of heterosis but also an efficient method for hybrid seed 

production is required for the establishment of hybrid breeding in autogamous species (Kempe 

and Gils 2011). Additionally, the efficiency of GS in hybrid breeding could be enlarged if fewer 

resources were dedicated to testcross seed production and could be reallocated to increase 

selection intensity. Currently, the production of testcross seed for hybrid wheat requires up to 

4 times more budget than for hybrid maize. It is expected that current approaches for hybrid 

seed production in wheat using chemical hybridization agents will be replaced in the short term 

by cytoplasmic male sterility (CMS) (Longin et al. 2012). The implementation of CMS in 

hybrid wheat, however, requires the formation of a genetically distinct male parent pool 

composed of genotypes with ideal phenotypic characteristics such as good anther extrusion and 

long anthers and filaments (Boeven et al. 2016a, b). Once (i) the male parent pool has been 

defined, (ii) genotyping of the founder lines is completed, and (iii) good phenotypic data are 

available, the estimation of  ΔG for the male parent pool can be performed using the current 

version of the R package selectiongain for single and multiple trait improvement. The 

optimization of strategies in the female parent pool using the CMS system would require further 

investigations reflecting costs and breeding strategy for this pool.  

Estimation of economic weights 

An important but often difficult task when developing multiple trait selection is the 

estimation of realistic economic weights to construct selection indices (Baker 1986; Wricke and 

Weber 1986; Bernardo 2010). The difficulties arise not only from the rapidly changing market 

dynamics but also from bias in the methods for economic weight estimation (Mistele et al. 

1994). Moreover, a hidden genetic loss for some traits composing the selection index can arise 

from an inaccurate weight assignment. In our calculations, a minimal 15% increment in the 

economic weight for trait 2, resulted in almost no ΔG for trait 1. Moreover, breeding for a 
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secondary trait with almost no economic weight resulted in large genetic losses, which got 

worse as prediction accuracy increased. Recent studies demonstrate the benefit of indirect 

weight assignment using linear regression models to reach ΔG for multiple traits (Rapp et al. 

2018; Thorwarth et al. 2018). However, the authors highlight a reduction in ΔG for the main 

trait, and for the case of durum wheat, they recommend that breeders focus on the economically 

most important trait while keeping the others at a level acceptable to the market (Rapp et al. 

2018). In conclusion, the establishment of economic weights for multiple-trait breeding 

strategies using GS should be understood as a task to maximize the farmer's marginal benefit. 

However, plant breeders should be aware that economic weight assignment will impact their 

breeding programs on aspects such as selection of genotypes and allocation of economic 

resources. In the case of hybrid wheat, a detailed investigation of the calculation of the 

economic weights assigned for each market quality segment would be of high value for newly 

established hybrid wheat breeding programs. 
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Chapter 6 

Summary 

To satisfy the rising demand for more agricultural production, a boost in the annual 

expected selection gain (ΔGa) of traits such as grain yield and especially yield stability has to 

be rapidly achieved. Hybrid breeding has contributed to a notable increment in performance for 

numerous allogamous species and has been proposed as a way to match the increased demand 

for autogamous cereals such as rice, wheat, and barley. An additional tool to increase the rate 

of annual selection gain is genomic selection (GS), a method to assess the merit of an individual 

by simultaneously accounting for the effects associated with hundreds to thousands of DNA 

markers. Successful integration of GS and hybrid breeding should go beyond the study of GS 

prediction accuracy and focus on the design of breeding strategies, for which GS maximizes 

ΔGa and optimizes the allocation of resources. The main goal of this thesis was to examine 

strategies for optimum implementation of GS in hybrid breeding with emphasis on estimation 

set design to perform GS within biparental populations and on the optimization of hybrid 

breeding strategies through model calculations. 

One strategy, GSrapid, with moderate nursery selection, one stage of GS, and one stage 

of phenotypic selection, reached the greatest ΔGa for single trait selection regardless of the 

budget, costs, variance components, and accuracy of genomic prediction. GSrapid was also the 

most efficient strategy for the simultaneous improvement of two traits regardless of the 

correlation between traits, selection index chosen, and economic weights assigned to each trait. 

The success of this strategy relies principally on the reduction of breeding cycle length and 

marginally on the increase in selection intensity.  
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Moving from traditional breeding strategies based on phenotypic selection to strategies 

using GS for single trait improvement in hybrid breeding could lead not only to increments in 

ΔGa but also to large savings in the budget. The implementation of nursery selection in breeding 

strategies boosted the importance of efficient systems for inbred generation accompanied by 

improvements in the methods of hybrid seed production for experimental tests. When it comes 

to multiple trait improvement, the choice between optimum and base selection indices had 

minor impact on  the net merit. However, considerable differences for ΔGa of single traits were 

observed when applying optimum or base indices if the variance components of the traits to be 

improved differed. The role of the economic weights assigned to each trait was determinant and 

small variations in the weights led to a remarkable genetic loss in one of the traits. 

The optimum design of estimation sets to perform GS within biparental populations 

should be based on phenotypic data, rather than molecular marker data. This finding poses 

major challenges for GS-based strategies aiming to select the best new inbreds within second 

cycle breeding populations, as breeding cycle length might not be reduced. Then, the ES design 

to optimize GS within biparental populations would have a defined application on the 

exploitation of within-family variation by increasing selection intensity in biparental 

populations with the largest potential of producing high-performing inbreds.  

Based on the results of this thesis, future challenges for the optimum implementation of 

GS in hybrid breeding strategies include (i) reductions in breeding cycle length and increments 

in selection intensity by refinements of DH technology or implementation of speed breeding, 

(ii) improvements in the methods for hybrid seed production, facilitating the reallocation of

resources to the production of more candidates tested during the breeding cycle, and (iii) precise 

estimation of economic weights, reflecting the importance of the traits for breeding programs 

and farmers, and maximizing long term ΔGa for the most relevant traits.  

Summary 33



Chapter 7 

Zusammenfassung 

Um den wachsenden Bedarf an Agrarprodukten zu befriedigen, muss eine deutliche 

Erhöhung der Selektionsgewinns pro Jahr (ΔGa) für Ertrag und insbesondere Ertragsstabilität 

erreicht werden. Die Einführung der Hybridzüchtung führte zu einer deutlichen Zunahme von 

ΔGa bei verschiedenen allogamen Kulturpflanzenarten und es wird davon ausgegangen, dass 

dies auch bei  autogamen Getreidearten wie z.B. Reis, Weizen und Gerste erfolgreich sein wird. 

Eine weitere Möglichkeit, um ΔGa zu steigern, besteht in der Implementierung der genomischen 

Selektion (GS), einer Methode, bei der die Leistung einer individuellen Linie simultan anhand 

von hunderten oder tausenden von DNA Markern vorhergesagt wird. Die erfolgreiche 

Implementierung von GS in der Hybridzüchtung sollte über die Untersuchung der 

Vorhersagegenauigkeit von GS-Modellen hinausgehen und den Fokus auf das Design von 

Züchtungsstrategien richten, in denen der Wert von ΔGa maximiert und die verfügbaren

Ressourcen optimal eingesetzt werden. Demnach war das Hauptziel dieser Arbeit, die 

Implementierung von GS in neuen Strategien für die Hybridzüchtung zu untersuchen. Der 

Schwerpunkt lag hierbei auf dem Design von Trainingsets (estimation set oder ES), um GS in 

biparentalen Populationen durchzuführen und Züchtungsstrategien durch Modellrechnungen zu 

optimieren.  

Eine als GSrapid bezeichnete Strategie mit moderater Populationsselektion, die 

zunächst in einer Phase GS und in einer späteren Phase phänotypische Selektion einsetzt, 

erreichte den höchsten jährlichen erwarteten Selektionserfolg für die Selektion einzelner 

Merkmale, ungeachtet von dem zugrunde gelegten Budget, den Varianzkomponenten  und der 

Vorhersagegenauigkeit von GS. GSrapid war auch die effizienteste Strategie für die simultane

Verbesserung mehrerer Merkmale, unabhängig von der Korrelation zwischen diesen, dem 
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gewählten Selektionsindex oder dem ökonomischen Gewicht jedes Merkmals. Der Erfolg 

dieser Strategie basiert vornehmlich auf der Verkürzung des Zuchtzyklus und zu geringerem 

Anteil einer Erhöhung der Selektionsintensität.  

Der Wechsel von traditionellen Zuchtstrategien, die auf phänotypischer Selektion 

basieren, hin zur GS für die Verbesserung einzelner Merkmale kann nicht nur zur Erhöhung 

des jährlichen Zuchterfolges führen, sondern auch zu starken Kostensenkungen. Die 

Implementierung dieser Methoden unterstreicht die Wichtigkeit effizienter Systeme zur 

Generierung von Inzuchtlinien und einer verbesserten Produktion von Hybridsaatgut für 

Leistungsprüfungen. In Bezug auf die simultane Verbesserung mehrerer Merkmale zeigte sich 

kein deutlicher Unterschied zwischen der Verwendung des Optimum- und Basis- 

Selektionsindexes.  Allerdings führt der Einsatz dieser beiden Selectionsindizes bei einzelnen 

Merkmalen zu deutlichen Unterschieden in ΔGa, wenn die Varianzkomponenten der Merkmale 

variieren. Die ökonomische Gewichtung der Merkmale hatte ebenfalls einen starken Einfluss 

und selbst kleine Änderungen in den Gewichten führten zu Einbußen im Leistungsniveau für 

eines der Merkmale.  

Um GS mit biparentalen Populationen durchzuführen, sollte das optimale Design des

ES auf phänotypischen Daten basieren, anstatt auf Daten von molekularen Markern. Dies 

stellt eine Herausforderung für GS-basierte Strategien dar, welche darauf abzielen, die jeweils

besten Inzuchtlininen innerhalb der Populationen eines neuen Zuchtzyklus zu selektieren, da 

die Länge des Züchtungszyklus sich meist verlängert, wenn zunächst die Ergebnisse einer 

Phänotypisierung abgewartet werden müssen. GS kann spezifisch für die Selektion innerhalb 

biparentaler Familien angewendet werden, um durch eine Erhöhung der Selektionsintensität die 

Chancen für die Identifizierung leistungsstarker Linien zu erhöhen.  

Nach den Ergebnissen dieser Arbeit stellen sich  für die optimale Implementierung 

von GS in der Hybridzüchtung folgende Herausforderungen: (i) Eine Verkürzung

des Züchtungszyklus und Erhöhung der Selektionsintensität durch Verbesserung   
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der Doppelhaploiden-Methode oder die Etablierung von „speed breeding“ Ansätzen, (ii)

Verbesserungen in der Produktion von Hybridsaatgut für Testzwecke, um eine möglichst

große Anzahl von Kandidaten evaluieren zu können, und (iii) die genaue Bestimmung der 

ökonomischen Gewichte entsprechend der Bedeutung der verschiedenen Merkmale für das 

Zuchtprogramm und die Landwirtschaft, um längerfristig den Selektionsfortschritt ΔGa für die 

relevanten Merkmale zu maximieren.  
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