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PREFACE 
 

PREFACE 

This postdoctoral thesis gives an overview over the results of several simulation studies which 

were performed to study implementation issues of strategies to utilize molecular genetic 

information for selection in horse and dog breeding. The work is based on seven scientific 

papers, five of which have already been published; the last two manuscripts have been 

submitted. 

A short introduction into the use of genetic markers in animal breeding is given in Chapter 1. 

Focus is on the utilization strategies which were studied in detail through simulation: marker 

assisted selection (MAS), and genomic selection. 

It follows a list of the publications which are parts of this work (Chapter 2).  

The results of the individual studies are summarized and discussed as a whole in Chapter 3. 

Detailed description und discussion of results is, together with methodical details, included in 

the original manuscripts which can be found in the Appendix. 

A brief description of the main issues of this work are given in the form of an abstract in 

English in Chapter 4 and with some more details in German in Chapter 5. 

Own contributions to the scientific work are characterized in Chapter 6. 
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1 INTRODUCTION 

1.1 Use of molecular genetic markers in animal breeding 

The concept of using markers for investigating the genetic factors which influence 

quantitative traits was first formulated in 1923 (Sax 1923). With technical advances in 

molecular genetics knowledge about such markers and therewith understanding of the 

architecture of quantitative traits increased. Furthermore, the threshold concept allowed 

transferring the findings regarding quantitative traits to categorical traits, as it postulated an 

underlying continuous variable termed liability (Dempster and Lerner 1950). Since 1975, the 

term quantitative trait locus (QTL) is used for chromosome segments the constellation of 

which relates to the differential expression of traits (Geldermann 1975). At the same time, the 

idea emerged that it may in the future be possible to practically use QTL information in 

animal breeding (Geldermann 1975).  

1.1.1 Marker assisted selection (MAS)  

Over the years, QTL have been identified for many quantitative and qualitative traits 

including parameters of growth, reproduction and productivity as well as diseases (for a 

review see Dekkers 2004). Strategies have been developed to utilize genotype information 

when selecting breeding animals, i.e. to perform marker assisted selection (MAS). In a two 

step approach, selection decisions may be first made on the basis of conventional breeding 

values, followed by within family selection on the basis of QTL information. Alternatively, 

QTL information may be used for early pre-selection of selection candidates, followed by 

phenotype-based final selection decisions (Lande and Thompson 1990). Opportunities for 

cost reduction in commercial breeding programs represent a major advantage of this two step 

MAS approach, which has been successfully implemented in existing multi-stage breeding 

schemes of cattle (Kashi et al. 1990, Meuwissen and van Arendonk 1992, Schaeffer 2006, 

Schrooten et al. 2004).  

A second, more demanding MAS strategy is to use QTL information when predicting 

breeding values and therewith to increase accuracy of genetic evaluation (Fernando and 

Grossman 1989). Availability of more accurate breeding values can substantially increase the 

selection response, and diverse studies have shown the positive effects of supporting 

phenotype and pedigree based prediction of breeding values by inclusion of marker 

information (Li et al. 2007, Abdel-Azim and Freeman 2002a,b). However, the predicted extra 

genetic gain in the order of 8 to 38 percent (Meuwissen and Goddard 1996) was hardly ever 

achieved in the real breeding programs. 
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Described influences on the success and superiority of MAS when compared to 

conventional breeding strategies included heritability, phenotype availability and QTL size. 

Efficiency of MAS is expected to be largest for traits of low heritability, traits with 

demanding phenotype assessment (sex-limited traits, phenotypes becoming available late in 

life of an animal) and traits the variance of which is for a large part explained by the 

considered QTL (Lande and Thompson 1990, Davis and DeNise 1998, Meuwissen and 

Goddard 1996). Another positive aspect of using marker information rather than conventional 

polygenic breeding values refers to the selection effects on population structure. With 

combined optimization of contributions of selection candidates and relative emphasis on the 

QTL over generations it should be possible to achieve substantial increases in genetic gain at 

a fixed rate of inbreeding (Villanueva et al. 2004). Increased emphasis on own rather than 

family information, without neglecting the later, may help to avoid the conflict between short- 

and long-term responses in MAS, with fast and large initial selection response related to the 

QTL, decreasing superiority of MAS with diminishing QTL variance and possible 

unfavorable long-term effects due to decreased selection pressure on the polygenic effects 

(Dekkers and Chakraborty 2001). 

1.1.2 Genomic selection 

Given the simulation results supporting that both multi-stage selection and selection based 

on breeding values from best linear unbiased prediction (BLUP) may already benefit from 

information on a single QTL of moderate size (Ruane and Colleau 1995, Schrooten et al. 

2004), initial expectations regarding the implementation of MAS were high. It was early 

envisioned that molecular genetic information may some day replace BLUP breeding values 

(Goddard 1998), with high density markers allowing to move from selection based on a 

combination of infinitesimal effects plus individual loci to effective total genomic selection 

(Haley and Visscher 1998). In 2001, the idea of genomic selection was picked up and 

concretized with the publication of a comprehensive description of how to select on genetic 

values predicted from markers (Meuwissen et al. 2001). With increase of marker density, the 

probability of inclusion of markers in linkage disequilibrium (LD) with QTL increases, but 

data and pedigree structure may interfere with QTL identification and reliable effect 

estimation. Direct use of all available marker information for deriving breeding values was 

proposed as a method to circumvent these problems (Meuwissen et al. 2001). Simulations 

predicted substantial increase of the rate of genetic gain through using effect estimates from 

the whole genome, especially when combined with reproductive techniques to shorten the 

generation interval. Advantages of using molecular genetic information, which were already 
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expressed in connection with MAS, were considered to be even more obvious with regard to 

genomic selection: On the one hand, long-term reduction of costs of animal breeding 

programs, because of possible shortening of generation interval, increase of accuracy of 

selection at young age with eventual replacement of traditional testing of progeny and sibs as 

practiced in cattle and pigs (Schaeffer 2006); on the other hand, increase of genetic gain while 

at the same time increasing differentiation between sibs, reducing between family variance, 

reweighing of emphasis of EBV of individuals towards the Mendelian sampling term, 

reducing co-selection of sibs and therewith reducing the rate of inbreeding when compared 

with sib and BLUP selection (Daetwyler et al. 2007). However, to capture the promised long-

term benefits of genomic selection, justification of set-up costs will for the short-term require 

knowledge on how to optimize the implementation conditions.  

Comparison of results from simulated and real data have shown clearly that successful 

application of MAS requires a comprehensive approach with continued emphasis on 

phenotypic recording to enable QTL detection, estimation and confirmation of QTL effects, 

and use of estimates in selection (Dekkers 2004). Similarly, success of genomic selection will 

be affected by definition of the reference population, because accuracy of haplotype breeding 

values depends on the phenotype information linked to the haplotypes (Calus and Veerkamp 

2007). Recent simulations have documented the considerable impact of ignoring pedigree 

structure and polygenic effects on the accuracy of genomic breeding values and subsequent 

selection response (Calus and Veerkamp 2007, Habier et al. 2008). Joint modeling of 

haplotype and polygenic breeding value at the very beginning of genomic selection (Haley 

and Visscher 1998) was followed by model adjustments to cope with the increasing 

complexity of effect estimation for dense whole genome marker sets (Meuwissen et al. 2001, 

Long et al. 2007). Definition of optimum size and structure of the reference population is 

likely to vary between traits and populations, but will nevertheless be decisive for the gain of 

replacing pedigree based genetic evaluation by prediction of breeding values based on genetic 

marker information. Thorough collection of phenotypes must be ensured, and consideration of 

polygenic effects may be obligatory to maximize accuracy of selection as long as markers do 

not capture genetic information from the whole genome. Ignorance of any genetic variance 

not explained by markers will necessarily lead to underestimation of the total genetic variance 

and reduction of accuracy of selection (Calus and Veerkamp 2007). Microarray technology 

was suggested to revolutionize selective breeding (Beuzen et al. 2000), but up to now marker 

sets of highest density are still far from explaining 100 percents of the genetic variance. 

Furthermore, there is still no unambiguous answer to the question how to best handle the 
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imbalance between the relatively small amount of phenotype information and the large and 

with higher SNP densities further increasing amount of marker information. Although 

avoidance of genome-wide significance testing has early been pointed out as an important 

advantage of genomic selection (Meuwissen et al. 2001), use of all available markers may 

interfere with predictive performance of the model used. A two-step approach with definition 

of a subset of relevant markers in the first step and use of only these markers for estimating 

genomic breeding values in the second step may have advantages when implementing 

genomic selection (Hoh et al. 2000, Hoh and Ott 2003, Long et al. 2007). Distinction between 

true and false positives, i.e. exclusion of zero-effect markers for which non-zero effects have 

been estimated due to certain data structures, may be challenging, but will probably be 

important for the future success of selection based on genomic breeding values. 

1.2 Research issues regarding the use of genetic markers in animal breeding 

Strategies have been developed how molecular genetic information on individuals may be 

used for selection in animal breeding. Main challenge for breeding organizations is now to 

find the optimum breeding program with regard to additional genetic progress and additional 

or reduced costs (Schrooten et al. 2004). It has been stated that successful adoption of 

emerging technology will require long-term political and financial support of the breeding 

industry (Beuzen et al. 2000). To get this necessary support, understanding of characteristics 

and advantages of the new as opposed to the traditional selection strategies must be 

established. Furthermore, acceptance of innovations by the individual breeder is likely to be 

beneficial especially in the implementation phase, when for example re-organization of 

phenotype collection may require logistical cooperation with the breeding companies. 

Scientists are therefore now in charge to provide the figures illustrating benefits and 

shortcomings of alternative selection strategies in a manner that facilitates deciding on 

revisions of existing breeding programs. 

Previous work has enlightened issues that needed to be addressed in subsequent research. 

Given the large differences between species and between populations within species with 

respect to breeding aims and applicable reproduction and selection methods to achieve these 

breeding aims, open questions required studies which accounted for specific implementation 

conditions of selection strategies. Despite the large and increasing importance of genetic 

research in horses and dogs, available literature on MAS and genomic selection mainly refers 

to real and simulated data analyses in cattle and pigs. The present work, which was based on 
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realistic simulations, focused on methodical and practical issues of implementing MAS and 

genomic selection in horses and dog populations.   
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3 SUMMARY OF RESULTS AND GENERAL DISCUSSION 

With increasing ease and decreasing costs of large scale genotyping, use of molecular 

genetic markers in animal breeding is getting more and more important. Identification of 

quantitative trait loci (QTL) has initiated considerations of implementing marker assisted 

selection (MAS) in horses and dogs as it has been already done in cattle and pigs. With the 

recent expansion of microarray technology, genomic selection has become an option for non-

commercial breeds, too. Issues which need to be addressed when implementing the genotype-

based selection strategies were studied by means of simulation under consideration of trait 

and population specific selection conditions. The simulation approach was chosen in order to 

be able to ascertain and quantify effects of analytical method, data and selection strategy of 

otherwise unknown parameters like true heritability of some trait or true polygenic breeding 

value of an individual. Selection for radiographic health of the limbs in the Warmblood horse 

severed as a model for possible implementation of MAS, and selection against canine hip 

dysplasia in the German shepherd dog served as a model for possible implementation of 

genomic selection. 

3.1 Simulation studies referring to marker assisted selection (MAS) 

3.1.1 Basics of the MAS simulation approach 

Extensive population genetic studies on the radiographic health of the limbs of young 

Hanoverian Warmblood horses had identified four alterations with prevalences in the order of 

10 to 25 percent and heritabilities in the range of 0.10 to 0.25. Given the significant and not 

exclusively favorable additive genetic correlations between these four radiographic health 

traits, multiple-trait selection had been recommended as the most promising selection strategy 

(Stock and Distl 2005a,b). Extension of the four to a five trait scenario was based on the 

significant additive genetic correlation between the binary coded radiographic health traits 

and the continuously recorded withers height and known advantages of joint analysis of 

categorical and continuous traits (Janss and Foulley 1993, Jensen 1994, Varona et al. 1999). 

Successful QTL search for one of the radiographic health traits (Dierks et al. 2007) raised the 

questions, whether and under which conditions inclusion of molecular genetic information on 

only one trait will be beneficial in the given multiple-trait selection scenario. To answer these 

questions, a horse population was simulated including seven generations with 40,000 

individuals per generation. Pedigree and data structure resembled the given situation in the 
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German Warmblood horse, assuming two QTL with two flanking markers each for one of the 

binary traits.  

Because of the proposed higher accuracy of Bayesian methods when compared to standard 

procedures based on residual maximum likelihood (REML) and BLUP (Mejering and Gianola 

1985), genetic analyses were performed with Bayes approach using Gibbs sampling. 

Implementation of the Gibbs sampler requires specification of the amount of previous 

knowledge about the parameters to be estimated in the form of so-called priors. Uncertainty 

about the certain parameters, i.e. little previous knowledge, is expressed by choosing a flat 

prior or a proper prior with smallest possible shape parameter. To ensure reliability of results 

regarding inclusion versus ignorance of QTL information in the genetic analyses, initial 

studies compared Gibbs sampling results with flat and proper prior for the genetic 

(co)variance matrix.  

Using simulated data sets of different size and multivariate mixed linear-threshold animal 

models it was shown that the choice of a flat prior may result in unstable Gibbs chains and 

unreliable parameter estimates. Clear indications of such irregular behavior of the Gibbs 

chains was seen in more than 50 percent of the flat prior analyses, but in some cases not 

before 100,000 rounds of Gibbs sampling. When using Gibbs sampling, one may choose the 

approach to run a single long chain or to run several short chains. In the later, total chain 

lengths are often in the order of 10,000s rather than in the order of 100,000s of rounds, so 

convergence problems of the Gibbs chain as clear indicators of unreliable estimates may not 

become visible. Moreover, available tools to perform post-Gibbs analyses, i.e. to obtain 

quality measures for the individual Gibbs chains, were found to be insufficient in detecting 

estimation bias. Use of a proper prior for the genetic (co)variance matrix was proposed as the 

method of choice for genetic parameter estimation using Gibbs sampling. In all subsequent 

studies, the Gibbs sampler was implemented this way using the single long chain approach, 

with results being based on at least 100,000 rounds of Gibbs sampling. 

3.1.2 MAS simulations 

In the simulation study on the effects of amount and distribution of phenotype and genotype 

information on the accuracy of genetic parameter estimates different scenarios with respect to 

polymorphism information content of genetic markers and recombination rate between 

genetic markers and QTL were considered. Estimation of genetic parameters was based on 

phenotype or phenotype and genotype information on 5,000 or 10,000 individuals from one 

generation with or without additional availability of the same information on their parents.  
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Observed patterns of biases of heritabilities and additive genetic correlations indicated 

similar accuracy of heritability estimates for the continuous trait and the binary traits of 

moderate heritability, larger bias of heritability estimates for the binary traits of low 

heritability, overestimation of binary-binary additive genetic correlations, and 

underestimation of continuous-binary additive genetic correlations in case of low heritability 

of the binary traits. Consideration of genotype information for the trait with polygenic and 

QTL determinants (QTL trait) resulted in overestimation of its polygenic heritability, but 

increased accuracy of additive genetic correlations estimates. Use of information on two 

subsequent generations of animals increased effective sample size and reduced bias of 

parameter estimates more than mere increase of the number of informative animals from one 

generation. It was concluded that combined use of phenotype and genotype information on 

parents and offspring will be beneficial for identification of favorable and unfavorable genetic 

correlations between traits of interest, facilitating the design of successful multiple-trait 

selection schemes. 

Using the same design of the simulation study, influences on the accuracy of genetic 

evaluation and the selection response under single- and multiple-trait selection schemes were 

studied. The results were in line with those regarding estimation of heritabilities and additive 

genetic correlations. Accuracy of predicted breeding values was considerably higher for the 

continuous trait than for the binary traits. Combined use of genotype and phenotype 

information was found to be superior to the use of phenotype information alone. Under both, 

single-trait selection for the QTL trait and multiple-trait selection for all binary traits, 

selection response with respect to the QTL trait increased significantly when predicted 

polygenic breeding values were used in combination with information on marker genotypes 

used for selection of breeding animals.  

According to the simulation results, the most recommendable selection scheme in the given 

multiple-trait situation would involve double use of genotype information. Inclusion of a 

fixed genotype effect in the model for genetic evaluation will increase accuracy of predicted 

polygenic breeding values, combined use of these polygenic breeding values and the genotype 

information itself will then maximize the genetic gain. The advantage of this system of 

marker-assisted selection (MAS) is that it can be easily adjusted to imbalance between 

available phenotype and genotype information which is likely to occur in the horse as in other 

species. Given the established systems of phenotypic recording, phenotypes will probably be 

known for many more animals than marker genotypes. Necessary cost saving may for 

example limit obligatory genotyping to the male selection candidates, possibly supported by 
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optional genotyping of female selection candidates and animals not intended to be used for 

breeding. Extension of the used mixed linear-threshold animal model will allow profiting 

from joint availability of genotype and phenotype for a smaller part of the population whilst 

using all available phenotype information. This way it will be possible to achieve maximum 

increase of accuracy of genetic evaluation and as a consequence of selection response. 

Although advantages of Bayes methods like Gibbs sampling have been described, 

estimation of genetic parameters with REML and genetic evaluation via BLUP in linear 

animal models is still common. To justify the use of the computationally more demanding 

Gibbs sampling approach using mixed linear-threshold animal models, the two methods were 

compared in the same multiple-trait context of a simulated horse population. As opposed to 

the previous studies, availability of phenotype or phenotype and genotype data was assumed 

to be restricted to 10,000, 5,000 or 1,000 animals from one generation. The intention for 

including the smallest sample was to find out more about the behavior of Gibbs sampling on 

the one hand and REML and BLUP on the other hand in case of sparse information on the 

traits of interest.  

The simulation results indicated that one cannot expect getting accurate heritability and 

correlation estimates or breeding values when trait information confines to a single 

generation. Using sufficient amount of data, superiority of Gibbs sampling when compared to 

REML and BLUP was obvious, providing less biased heritability and correlation estimates 

and more accurate breeding values. Higher accuracy of breeding values and larger selection 

responses when using Bayes methodology than BLUP have been reported for prediction of 

breeding values based on phenotype information (Mejering and Gianola 1985) and genotype 

information (Meuwissen et al. 2001). Given the higher success of Gibbs sampling in 

identifying genetically inferior and superior animals, it was concluded that selection decisions 

regarding binary traits should preferably based on results from Gibbs sampling. 

Despite the risk of obtaining estimates of little accuracy when genetic analyses are based on 

low numbers of informative individuals, just after implementation of a new selection strategy 

the amount of available data is likely to be more in the order of hundreds than in the order 

thousands in most animal populations. However, initial selection response will be important 

for broad acceptance or non-acceptance and therewith for the decision for or against 

continued practice of a selection strategy. Influences of QTL size and structure on the initial 

responses to different selection schemes were studied using a modified multiple-trait selection 

scenario. The simulated population included four generations with 14,000 individuals per 

generation. Again, five genetically correlated traits were considered, one continuous trait and 
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four binary traits, with one of the binary traits being relevantly influenced by a QTL. 

Simulation parameters were kept constant for the continuous trait and three of the binary 

traits, but varied for the QTL trait with respect to heritability, proportion of genetic variance 

explained by the QTL and frequency of the favorable QTL allele. Given the previously shown 

positive effects of data availability across generations, phenotype, genotype or phenotype and 

genotype data were assumed to be known for 5 percent of a generation (700 individuals) plus 

their parents. This was supposed to be a realistic figure, keeping the balance between 

maximization of estimation accuracy and minimization of efforts for phenotype and genotype 

recording.  

Consideration of genotype information, either in combination with phenotypes or in 

combination with polygenic breeding values, resulted for the QTL trait in an up to eightfold 

increase of the selection response when compared to sole phenotype selection. Multiple-trait 

selection for all four binary traits was less efficient in reducing the prevalence of the QTL trait 

than single-trait selection for this trait, but the positive effect of combined use of phenotype 

and genotype information was still obvious. Maximum selection responses were again 

achieved through double use of genotype information, i.e. inclusion of a fixed genotype effect 

in the model for genetic evaluation to increase accuracy of predicted polygenic breeding 

values, followed by combined use of these polygenic breeding values and the genotype 

information. These simulation results supported the superiority of MAS even in a multiple-

trait selection scenario when just a single QTL of small size is known for one of the traits and 

under realistic conditions such as small numbers of animals with trait information, low 

heritability of the QTL trait, and low frequency of the favorable QTL allele.  

3.1.3 Interpretation of results of the MAS simulations 

MAS is known to be most beneficial under conditions interfering with reliable genetic 

evaluation, including low heritability of the trait of interest (Lande and Thompson 1990, 

Meuwissen and Goddard 1996). Furthermore, additional genetic gain through inclusion of 

information on a single QTL has been described (Ruane and Colleau 1995, Schrooten et al. 

2004). However, given the complex scenario with several genetically correlated traits and 

possibly unfavorable amount and structure of data, it was hard to predict whether positive 

effects of considering versus ignoring QTL effects would be verifiable. Previously reported 

lower than expected selection responses of MAS (Dekkers 2004) may at least in parts relate to 

methodical deficiencies, for example analysis of sparse categorical data in linear models with 

BLUP. Use of simulated data enabled methodical validation and characterization of Gibbs 
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sampling analyses in mixed linear-threshold models as an appropriate approach, able to cope 

with unfavorable data constellations as they may be encountered in practice. In conclusion, 

the simulation results should encourage Warmblood horse breeding organizations, willing to 

select for radiographic health of the limbs, to make use of QTL information becoming 

available. Even if knowledge of favorable and unfavorable genotypes initially confines to 

single traits, breeding progress will increase, justifying the efforts which may be related to 

revision of the existing and implementation of the new selection strategies. 

3.2 Simulation studies referring to genomic selection 

3.2.1 Basics of the simulation approach to study genomic selection 

As opposed to the German Warmblood horse population, in which aspects of the 

radiographic health of the limbs have had marginal impact on selection decisions in the last 

decades, established breeding measures against canine hip dyplasia (CHD) in the German 

shepherd dog include phenotypic selection and genetic evaluation with mating restrictions 

according to the CHD breeding values of sires and dams. Nonetheless CHD has not yet got 

under control (Hamann et al. 2003; Janutta et al. 2008), motivating intense research into 

possible reasons of unsatisfactory selection responses and search for more efficient selection 

strategies. Success of molecular genetic studies has now envisioned genomic selection as an 

efficient tool to reduce CHD (Marschall et al. 2008a). Accordingly, simulation studies in the 

dog focused on issues of genomic selection when compared to selection strategies that do not 

utilize genotype information. 

To be able to study short-term and long-term responses to different selection strategies, the 

simulated dog population included 50 generations with a constant generation size of 20,000 

individuals. Simulation parameters regarding pedigree and data structure resembled the 

situation seen in the German population of German shepherd dogs. Assumptions regarding 

the number and size of QTL for CHD were based on the results of a large association study 

which had been recently performed in this population (Marschall et al. 2008b). 

3.2.1 Simulations referring to genomic selection 

Short-term selection responses were studied by comparing distributions of CHD 

phenotypes, genotypes and additive genetic effects in two subsequent generations in absence 

and presence of sire selection. Because pre-selection of offspring phenotypes made available 

for genetic evaluation was surmised as the most likely reason for the limited success of 

selection based on BLUP breeding values for CHD, three pre-selection scenarios were 

considered.  
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Simulation results indicated any phenotypic pre-selection of offspring in advance of genetic 

evaluation will have considerable impact on the accuracy of the breeding values and therewith 

on the response to selection based on these breeding values. Despite ignorance of the 

polygenic component of CHD, selection on the basis of genomic breeding values was 

significantly more efficient than selection based on the biased breeding values, i.e. the 

breeding values predicted in presence of pre-selected samples of offspring data. Bias of 

breeding values due to non-randomness of phenotype data available for genetic evaluation 

may be the main reason for the unsatisfactory selection responses in the real population. 

Opportunities to ensure that phenotype information on random samples of offspring is made 

available for genetic evaluation seem to be very limited in the breeding practice. Accuracy of 

genomic breeding values depends on sound definition of the reference population for 

obtaining the additive and dominance effect estimates of the QTL, but is completely 

independent from amount and distribution of available phenotype information on relatives. 

Implementation of genomic selection is therefore expected to result in a fast and considerable 

increase of breeding progress. 

Before implementing a new selection strategy, both short- and long-term effects should be 

assessed to enable careful consideration of costs and benefits. Trait- and population-specific 

simulation allowed tracing the effects of prolonged selection against CHD under different 

selection schemes. Selection responses were studied over 50 generations on phenotype and 

genotype level. Genomic selection was found to be clearly superior to all alternative selection 

strategies studied. Efficient elimination of unfavorable QTL alleles resulted in an increase of 

the proportion of dogs without signs of CHD from 61 to more than 99 percent within only 

five generations. Limitations of selection based on CHD phenotype of the parents became 

obvious, with the proportion of dogs without signs of CHD increasing to maximally 89 

percent within the whole study period when accepting sires and dams with CHD grades A to 

C as it is currently practiced. Complete elimination of cases of CHD was only possible by 

using true polygenic or true total breeding values for selection, but selecting on the basis of 

molecular genetic information ensured that no severe cases and very few slight or moderate 

cases occurred after seven generations of selection. True breeding values are never known for 

any individual, but may only be approximated by genetic evaluation. Limited accuracy and 

possible bias of predicted breeding values will reduce the observed or realizable selection 

response when compared to the theoretical maximum which was considered here by selecting 

on the basis of true breeding values. Given the limited options to guarantee randomness of 

phenotype data made available for genetic evaluation and the independence of genomic 
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breeding values from quality and quantity of available phenotype data, once genomic 

selection has been established, these results suggest that replacement of the currently 

practiced selection strategy by genomic selection can considerably promote selection against 

CHD. 

3.1.3 Interpretation of results of the simulations referring to genomic selection 

Use of dense markers was suggested to be decisive for the success of genomic selection 

(Meuwissen et al. 2001, Dekkers 2007), but given knowledge on markers in linkage 

disequilibrium with relevant QTL, genotypes of small numbers of markers may be sufficient 

to explain large proportions of the phenotypic variance of the trait of interest. In a study on 

mortality in broilers, 17 biallelic markers (single nucleotide polymorphisms, SNP) which 

together explained 31 percent of the phenotypic variance were considered for genomic 

selection (Long et al. 2007). In the association study on CHD in the German shepherd dog, 

which provided the basis of the simulations, the same number of SNP together explained 35 

percent of the phenotypic variance (Marschall et al. 2008b), so the genomic breeding value 

was calculated as the sum of additive and dominance effects estimated on the basis of the 

genotypes of these 17 SNP. Considerable increase and speed-up of the genetic gain, 

accompanied by fast phenotypic improvement were the most obvious benefits of genomic 

selection. Available literature on expected responses to different selection schemes refers to 

allelic changes, changes of genetic variance and accuracy of breeding values (Dekkers 2004, 

2007, Li et al. 2007, Muir 2007, Goddard 2008, Solberg et al. 2008), but does not contain 

statements on expected phenotypic changes. Nevertheless, visible improvement of the trait 

phenotype is likely to be more relevant for broad acceptance of a breeding program than 

supposed genetic improvement which may become visible in the long term. Knowledge on 

expected speed of phenotypically assessable breeding success which can be acquired by 

specific simulation may therefore be important for those people who are responsible and have 

to account for revision of applied and implementation of new breeding strategies. Illustration 

of the benefits of genomic selection and of the limitations of alternative selection strategies 

using phenotype development is straightforward and clear for every breeder and should help 

to justify the necessary genotyping efforts. 

Another advantage of practical importance is the early availability of genomic breeding 

values of equal accuracy for all animals, regardless of their relation to individuals with 

available phenotype information and randomness or non-randomness of available phenotype 

information on relatives. Marker genotypes may be determined early in the life of a dog, 

possibly assisting dog breeders in making decisions about which dogs to keep and raise as 
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breeding candidates. On the other hand, knowledge on CHD disposition may allow 

optimizing the raising and keeping conditions of dogs with respect to skeletal development.  

Although only one trait, CHD, was considered in the simulation studies on dogs, other 

health traits as well as traits like confirmation, behavior and working performance are relevant 

for selection. Until more is known about the genetic make-up of further traits, genomic 

selection against CHD may be practiced in the context of a multiple-stage selection scheme, 

using genomic breeding values for pre-selection and phenotypes and possibly traditional 

polygenic breeding values for definite selection of breeding animals.  

3.3 General conclusions regarding the use of genotype information for selection 

Prolonged genomic selection rapidly increases the fixation rate of alleles under selection 

pressure, which may have favorable or unfavorable yet unknown side effects on genotype or 

phenotype level. This equally applies to continued practice of MAS because a smaller number 

of alleles under fixation does not necessarily mean smaller effects, at least in the long-term. 

Continuation of thorough phenotypic monitoring will ensure that necessary adjustments 

regarding the selection traits and the markers or marker sets used for MAS or genomic 

selection are made in time to make further breeding progress. Reliable phenotype information 

will remain essential, but future horse and dog breeding is expected to substantially benefit 

from utilization of molecular genetic information for selection. 
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ABSTRACT 
 

4 ABSTRACT 

Advances in molecular genetics have facilitated large scale genotyping and therewith 

utilization of molecular genetic information for selection in many species, including horses 

and dogs. Genotype-based selection strategies have been developed, but implementation 

conditions need to be studied in a trait- and population-specific manner. In this work a 

simulation approach was chosen to investigate implementation issues of marker-assisted 

selection (MAS), using the example of radiographic health of the limbs in the Warmblood 

horse, and genomic selection, using the example of canine hip dysplasia (CHD) in the 

German shepherd dog. Simulation parameters were chosen according to the results of 

previous population and molecular genetic studies to resemble specific data and pedigree 

structures as close as possible.  

For the horse, a multi-generation pedigree was simulated under the assumption of a 

multiple-trait scenario including one continuous trait and four genetically correlated binary 

traits. Quantitative trait locus (QTL) information referred to one of the binary traits. Genetic 

analyses were performed on the basis of phenotype or phenotype and genotype information 

on population samples of different size using Bayesian methods via Gibbs sampling. 

Implementation of the Gibbs sampler with a proper prior for the genetic relationship matrix 

was based on comparison of flat and proper prior analyses which revealed that reliable results 

can only be obtained under a proper prior. Comparison of results from analyses with and 

without consideration of genotype information showed that estimation of genetic parameters 

based on phenotypes and genotypes resulted in overestimation of the polygenic heritability of 

the binary trait with polygenic and QTL determinants (QTL trait), but increased accuracy of 

additive genetic correlation estimates. Use of information on two subsequent generations of 

animals was more efficient in increasing effective sample size and reducing bias of parameter 

estimates than mere increase of the number of informative animals from one generation. 

Combined use of phenotype and genotype information on parents and offspring will therefore 

be beneficial for identification of favorable and unfavorable genetic correlations between 

traits of interest, facilitating the design of successful multiple-trait selection schemes. 

Selection response with respect to a QTL trait can be maximized by increasing accuracy of 

genetic evaluation through combined use of phenotype and genotype information and 

selecting on the basis of polygenic breeding values and genotypes. Comparison of the applied 

Gibbs sampling approach with the standard methods, BLUP and REML, indicated superiority 
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of estimating genetic parameters and predicting breeding values in mixed linear-threshold 

models using Gibbs sampling. Higher success in identifying genetically inferior and superior 

animals justifies the use of this computationally more demanding approach. Comparison of 

different selection schemes under realistic conditions such as small numbers of animals with 

trait information, low heritability of the QTL trait, and low frequency of the favorable QTL 

allele showed clear superiority of MAS even in a multiple-trait selection scenario with just a 

single QTL of small size being known for one of the traits. According to the simulation 

results, horse breeding should benefit from utilizing molecular genetic information by 

implementing MAS.  

For the dog, a multi-generation pedigree was simulated under realistic distributions of CHD 

phenotypes and biallelic markers for CHD. Results of an association study with regard to 

additive and dominance effects were used to derive genomic breeding values. Short-term 

responses to different strategies of sire selection were studied with special focus on the 

possible impact of random versus non-random availability of offspring phenotypes for genetic 

evaluation of sires. Pre-selection of phenotypes interfered with accurate prediction of 

breeding values. Response to selection based on the biased breeding values was significantly 

smaller than genomic selection. Given the equal accuracy of genomic breeding values for all 

individuals and its independence from amount and distribution of phenotype information on 

relatives, implementation of genomic selection is expected to result in a fast and considerable 

increase of breeding progress. Comparative study of long-term selection responses illustrated 

the limitations of phenotypic selection and the advantages of genomic selection. Use of 

genomic breeding values for parent selection resulted in large genetic gain due to efficient 

elimination of unfavorable marker alleles, accompanied by fast phenotypic improvement. In 

the simulation rigid single-trait selection against CHD on the basis of genomic breeding 

increased the proportion of dogs free of signs of CHD from initial 61 percent to more than 99 

percent within less than ten generations. Although these figures may not be achieved in 

practical breeding in absence of the idealized selection conditions assumed here, they 

illustrate the great potential of genomic selection in speeding-up the breeding progress. 

Together with continued phenotypic monitoring, simulation figures allow definition of time 

periods after which decline of selection response may require using additional or new 

markers. Trait- and population-specific simulations were presented as valuable tools to 

quantify expected benefits from revision of existing breeding programs and introduction of 

utilization of molecular genetic information in horse and dog breeding. 
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5 ZUSAMMENFASSUNG 

Fortschritte auf dem Bereich der Molekulargenetik haben es ermöglicht, über 

Genotypisierung großer Tierzahlen molekulargenetische Informationen für die Selektion zu 

nutzen. Zu den Spezies, bei denen dies möglich und sinnvoll erscheint, zählen auch Pferd und 

Hund. Genotyp-basierte Selektionsstrategien kommen bereits in Zuchtprogrammen von Rind 

und Schwein zum Einsatz, doch hat die Erfahrung gelehrt, dass ihre Anwendung ein 

merkmals- und populationsspezifisches Vorgehen erfordert. In der vorliegenden Arbeit 

wurden daher über einen Simulationsansatz die Bedingungen untersucht, die bei der 

Einführung von Genotyp-basierten Selektionsverfahren zu beachten sind. Hinsichtlich der 

markergestützten Selektion (marker-assisted selection, MAS) erfolgten die Untersuchungen 

am Beispiel der röntgenologischen Gliedmaßengesundheit beim Warmblutpferd, hinsichtlich 

der genomischen Selektion am Beispiel der Hüftgelenkdysplasie (HD) beim Deutschen 

Schäferhund. Die Wahl der Simulationsparameter erfolgte in Anlehnung an Ergebnisse 

vorangehender populations- und molekulargenetischer Studien, um spezifische Daten- und 

Pedigreestrukturen so umfassend wie möglich widerzuspiegeln.  

Für das Pferd wurde ein mehrere Generationen umfassendes Pedigree unter Annahme eines 

Mehrmerkmalsszenarios simuliert. Dieses umfasste neben einem kontinuierlichen Merkmal 

vier genetisch korrelierte binäre Merkmale, wobei für eines dieser binären Merkmale durch 

flankierende Marker definierte merkmalsbeeinflussende Genombereiche (Quantitative trait 

loci, QTL) angenommen wurden. Genetische Analysen wurden auf der Grundlage von 

Phänotyp-Informationen oder Phänotyp- und Genotyp-Informationen zu unterschiedlich 

großen Stichproben aus der Population mittels der Bayes-Methode Gibbs Sampling 

durchgeführt. Hierbei ist durch sogenannte Priors festzulegen, in welchem Umfang auf 

Vorwissen bezüglich der zu erwartenden Ergebnisse zurückgegriffen werden kann. 

Vergleichende Untersuchungen zur Implementierung des Gibbs Sampler unter Verwendung 

verschiedener geringes Vorwissen ausdrückender Prior ergaben, dass nur die Verwendung 

eines "proper prior", nicht jedoch die eines "flat prior" für die genetische 

Verwandtschaftsmatrix zuverlässig zu verlässlichen Ergebnissen führt. Für alle folgenden 

Gibbs Sampling Analysen wurde daher ein "proper prior" verwendet. Bei der Schätzung 

genetischer Parameter auf der Grundlage von Phänotyp-Informationen oder Phänotyp- und 

Genotyp-Informationen zeigte sich, dass die Einbeziehung von Genotyp-Daten zur 

Überschätzung der polygenen Heritabilität desjenigen Merkmals führte, dessen genetische 
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Grundlage auf polygenen Faktoren und QTL beruhte (QTL-Merkmal). Gleichzeitig stieg 

jedoch die Genauigkeit der Schätzung der additiv-genetischen Korrelationen. Die Nutzung 

von generationsübergreifenden Phänotyp-Informationen, d.h. die zusätzliche Einbeziehung 

von Eltern-Phänotypen, erwies sich als vorteilhafter im Hinblick auf eine Erhöhung der 

Schätzgenauigkeit als eine entsprechende Erweiterung des Umfangs genutzter 

Phänotypinformationen aus einer Generation. Für eine zuverlässige Schätzung genetischer 

Korrelationen empfiehlt sich daher die kombinierte Nutzung von Phänotyp- und Genotyp-

Informationen von Eltern und Nachkommen. Die Kenntnis günstiger und ungünstiger 

Korrelationen zwischen selektionsrelevanten Merkmalen wiederum erleichtert die 

Entwicklung erfolgreicher Mehrmerkmalsselektionsschemata. Ein weiterer Vorteil der 

kombinierten Nutzung von Phänotyp- und Genotyp-Informationen ergibt sich aus der 

gesteigerten Genauigkeit der Zuchtwertschätzung. So lässt sich der Selektionserfolg im 

Hinblick auf QTL-Merkmal maximieren, indem auf Phänotyp- und Genotyp-Basis geschätzte 

polygene Zuchtwerte und Marker-Genotypen zur Selektion herangezogen werden. Um die im 

gemischten Schwellenwert-Tiermodell mittels Gibbs Sampling ermittelten Ergebnisse besser 

mit Ergebnissen früherer Studien und aktuellen Zuchtwertschätzmethoden vergleichen zu 

können, erfolgte ein Vergleich mit den Standardmethoden, d.h. der Analyse im linearen 

Tiermodell mittels Best Linear Unbiased Prediction (BLUP) und Residual Maximum 

Likelihood (REML). Hierbei zeigte sich sowohl in Bezug auf die Schätzung genetischer 

Parameter als auch in Bezug auf die Zuchtwertschätzung eine deutliche Überlegenheit des 

Gibbs Sampling Ansatzes. Die sicherere Identifizierung von Tieren, deren züchterische 

Verwendung eine positive Wirkung auf den Zuchterfolg verspricht, rechtfertigt die 

Verwendung der rechentechnisch aufwändigeren Schätzmethode.  

Der Vergleich verschiedener Selektionsschemata erfolgte unter Bedingungen, die sich 

grundsätzlich eher ungünstig auf die Ergebnisse genetischer Analysen auswirken, in der 

Zuchtpraxis jedoch gerade in Bezug auf Gesundheitsmerkmale nicht selten anzutreffen sind. 

So wurde angenommen, dass nur für einen geringen Anteil der Population Phänotyp-

Informationen zur Verfügung stehen, das QTL-Merkmal eine niedrige Heritabilität aufweist 

und das vorteilhafte QTL-Allel mit geringer Frequenz in der Population verbreitet ist. Hierbei 

kamen die Vorteile der markergestützten Selektion selbst dann zum Tragen, wenn von einer 

Selektion auf mehrere Merkmale und Kenntnis eines einzigen, nur einen geringen Anteil der 

phänotypischen Varianz erklärenden QTL für eines der selektionsrelevanten Merkmale 

ausgegangen wurde. Den Ergebnissen der Simulationsstudien zufolge ist zu erwarten, dass die 

Nutzung molekulargenetischer Informationen in Form der markergestützten Selektion den 
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Zuchtfortschritt auch unter den in der Pferdezucht anzutreffenden Bedingungen merklich zu 

steigern vermag. 

Für den Hund wurde ein mehrere Generationen umfassendes Pedigree unter Annahme einer 

realistischen Verteilung von HD-Phänotypen und biallelen genetischen Markern für HD 

simuliert. Aufbauend auf den Ergebnissen einer umfangreichen Assoziationsstudie wurden 

die für die entsprechenden Marker geschätzten additiven und Dominanzeffekte genutzt, um 

für jedes Tier seinen genomischen Zuchtwert für HD zu ermitteln. Der Vergleich 

verschiedener Strategien der Zuchtrüdenselektion erfolgte anhand eines Vergleiches der 

Nachkommen der jeweils selektierten Rüden mit den Nachkommen aller Rüden sowohl auf 

Phänotyp- als auch auf Genotyp-Ebene. In den Vergleich wurden auch Zuchtwert-basierte 

Selektionsverfahren einbezogen, wobei insbesondere der Einfluss der Verteilung der für die 

Zuchtwertschätzung zur Verfügung stehenden Nachkommen-Phänotypen untersucht wurde. 

Unabhängig davon, ob für alle Rüden oder nur für nachkommenstarke Rüden angenommen 

wurde, dass phänotypisch vorselektierte Nachkommenstichproben zur Verfügung standen, 

führte die Vorselektion zu einer Verzerrung der geschätzten Zuchtwerte. Deren Aussagekraft 

und Nutzbarkeit zur Selektion war gegenüber den auf der Grundlage zufälliger Nachkommen-

Stichproben geschätzten Zuchtwerten signifikanten verringert. Die in diesem Zusammenhang 

bedeutsamen Vorteile genomischer Zuchtwerte bestehen in der für alle Individuen gleichen 

Genauigkeit, die vollständig unabhängig ist von der Menge und Verteilung verfügbarer 

Phänotyp-Informationen zu Nachkommen oder sonstigen Verwandten. Dies lässt auf kurze 

Sicht eine rasche und deutliche Steigerung des Zuchtfortschritts durch Einführung der 

genomischen Selektion erwarten. 

Für den Vergleich verschiedener Selektionsschemata im Hinblick auf langfristige 

Selektionserfolge wurde ein Zeitraum von 50 Generationen betrachtet. Deutlich traten hierbei 

die Grenzen reiner Phänotyp-Selektion und die Vorteile der genomischen Selektion hervor. 

Die Zuchttierauswahl allein aufgrund ihrer genomischen Zuchtwerte führte über die effiziente 

Eliminierung der unvorteilhaften Markerallele schnell und umfassend zu einer Verbesserung 

der Population auf genetischer und phänotypischer Ebene. Bedingt durch die kategorische 

Erfassung des Phänotyps des Selektionsmerkmals führte die strikte Ein-Merkmalsselektion 

auf der Grundlage genomischer Zuchtwerte in weniger als 10 Generationen zu einer 

Anhebung des Prozentsatzes HD-freier Hunde von anfänglich 61 Prozent auf über 99 Prozent. 

Hierbei ist zu bedenken, dass die in der Simulation angenommenen idealisierten 

Selektionsbedingungen im Hinblick auf kein Merkmal und in keiner Population in dieser 

Form umzusetzen sein dürften, so dass der tatsächlich zu erzielende Zuchterfolg mit hoher 
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Wahrscheinlichkeit geringer sein wird. Die in der Simulationsstudie ermittelten Zahlen 

illustrieren jedoch das erhebliche Potenzial der genomischen Selektion im Hinblick auf die 

Beschleunigung des Zuchtfortschritts. Die Vorstellungen bezüglich des Zeitraums, nach 

dessen Ablauf abnehmende Selektionserfolge eine Erweiterung oder anderweitige Anpassung 

des verwendeten Markersets erfordern, werden damit konkretisiert, ohne dass damit auf die 

fortgesetzte sorgfältige und umfassende Phänotyp-Erfassung in der Population verzichtet 

werden könnte. Der in der vorliegenden Arbeit vorgestellte Ansatz der merkmals- und 

populationsspezifischen Simulation ermöglicht eine realistische Abschätzung der im Falle 

einer Ablösung bestehender Zuchtprogramme zu erwartenden Selektionserfolge. Auf diese 

Weise ließ sich eindrücklich belegen, dass die Nutzung molekulargenetischer Informationen 

zur Selektion auch in der Pferde- und Hundezucht eine merkliche Steigerung des 

Zuchtfortschritts erwarten lässt. 
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Summary 

Different modes of sire selection were compared with special focus on effects of pre-selection 

of offspring phenotypes in advance of genetic evaluation. Canine hip dysplasia (CHD) in the 

German shepherd dog was chosen as a model, and simulated data were used to study 

responses based on phenotype, true and predicted breeding values (BV) and genomic 

breeding values (GBV) for CHD. Simulation parameters were chosen according to the real 

data structure. Phenotypes of all parents and 40% of progeny were considered for genetic 

evaluation using Gibbs sampling, with available progeny phenotypes representing random 

samples (no pre-selection, PS0) or phenotypically pre-selected samples. Pre-selection was 

either in favor of sires with many offspring (PS1) or general (PS2). Selection response (SR) 

after one generation was measured by relative change of mean CHD score, proportion of dogs 

scored as CHD grade A, proportion of dogs scored as CHD grade C, D or E and mean true 

BV for CHD in the offspring of the selected sires when compared to the offspring of all sires. 

All measures of SR indicated that selection based on BV from PS0 was up to 3 times more 

efficient than selection based on BV from PS1 and PS2. SR of selection based on GBV and 

CHD phenotype was significantly larger than SR of BV based selection in PS1 and PS2. 

Given independence of offspring phenotypes and early availability of GBV with constant and 

equal reliability for all dogs, genomic selection is recommended as a valuable tool for future 

dog breeding. 

Keywords: genomic selection; phenotypic pre-selection; bias of breeding values. 

Introduction 

Canine hip dysplasia (CHD) represents a heritable skeletal disease which has been described 

for many dog breeds, including the German shepherd dog (Leppänen et al. 2000; Hamann et 

al. 2003). A polygenic mode of inheritance with the involvement of some major gene has 

been postulated for this breed (Mäki et al. 2004; Janutta et al. 2006). Radiological CHD 

screening and selection against CHD have been introduced by the breeding organization of 

German shepherd dogs in Germany (SV) and many other dog breeding organizations, but 

response to both phenotype and combined phenotype and breeding value based selection was 

found not to be satisfactory (Flückiger et al. 1995; Swenson et al. 1997; Leppänen & 

Saloniemi 1999; Hamann et al. 2003; Janutta et al. 2008). 

Quantitative trait loci (QTL) are defined as polymorphic loci which contain alleles that 

differentially affect the expression of a continuously distributed phenotypic trait. However, 
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the term QTL is also used in connection with non-linear traits such as diseases. The threshold 

concept allows relating disease states recorded as categorical, often binary variables to some 

unobserved continuous variable termed liability. The phenotype can then again thought to be 

controlled by the cumulative action of alleles at multiple loci, with the diseased phenotype 

being observed when the underlying liability has passed a certain threshold. 

Recent molecular genetic studies in the German shepherd dog have led to the identification of 

QTL for CHD on several chromosomes implicating opportunities for improvement of existing 

selection schemes (Marschall & Distl 2007). Superiority of marker-assisted selection (MAS) 

over selection based on phenotypes or breeding values has been shown for cattle and pigs 

(e.g. Abdel-Azim & Freeman 2002). The extension of the MAS concept to prediction of total 

genetic values and implementation of genomic selection was expected to further increase 

breeding progress (Meuwissen et al. 2001). However, the selection conditions in livestock 

populations differ considerably from those in a dog population. Accordingly, it is not clear 

whether or to which extent results regarding the increase of selection efficiency by using 

molecular genetic marker information also apply to the dog. It was the aim of this study to 

compare different modes of selection with regard to their short term effects on trait 

prevalences and liabilities. Scenarios without and with pre-selection of offspring phenotypes 

for genetic evaluation where studied to quantify the effects effect of non-random availability 

of phenotypes on the accuracy and predictive value of breeding values and on the response to 

selection based on these breeding values. CHD in the German shepherd dog was chosen as a 

model because of its well characterized genetic background (Marschall et al. 2008a,b) and its 

importance in dog breeding. Comparison of different modes of selection was performed using 

data simulated according to the current structure of the German population of German 

shepherd dogs. 

Material and methods 

Data simulation 

Simulated data were used for this study, with simulation parameters chosen such that general 

characteristics of the distribution of canine hip dysplasia in the German population of German 

shepherd dogs were reflected. In the last two decades, the German breeding organization for 

German shepherd dogs (Verein für Deutsche Schäferhunde e.V., SV) registered between 

about 19,000 and almost 36,000 puppies per year, with maximum birth rates between 1993 

and 1996. Radiographic examination of the hip joints is systematically performed, because 

absence of moderate or severe signs of CHD is prerequisite for becoming approved as a 
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breeding dog under the SV. Submission and central evaluation of X-rays leads to about 7,000 

to 10,000 officially recorded CHD scores per year. The male to female ratio is almost 1:1 

among all registered dogs and dogs with official CHD scores, but the number of offspring is 

on average more than twice as large per sire (32.7 ± 96.2) than per dam (12.0 ± 12.1). About 

60 percent of the dogs with an official CHD score are classified as CHD grade A, i.e. as free 

of radiographic signs of CHD. Recently, single nucleotide polymorphisms (SNPs) have been 

identified which showed significant association with CHD phenotype. The genomic breeding 

value calculated from additive and dominance effects of these 17 SNPs explained about 35 

percent of the phenotypic variance in a sample containing equal number of dogs without and 

with radiographic signs of CHD (Marschall et al. 2008a,b). 

The simulation included additive polygenic effects (a), additive and dominance effects of 17 

SNPs in LD with QTL and residual effects (e) for the liability of one categorical trait (CHD). 

Additive polygenic effects (a) were normally distributed with a ~ N(0, Aσ²a) and σ²a = 3.0, 

and additive polygenic effects of offspring (aoffspring) were derived from the additive polygenic 

effects of their parents (asire, adam) and the Mendelian sampling term (m) as aoffspring = 0.5 (asire 

+ adam) + m with m ~ N(0, Aσ²m) and σ²m =  0.5σ²a = 1.50. Frequencies of the SNP alleles 

resembled those found in the association study, with minor allele frequencies of 8.3 to 47.0 

percent and frequencies of the unfavorable allele of 8.3 to 75.5 percent. Parents were assumed 

to randomly transmit one allele to their offspring. Additive and dominance effects of the 17 

SNPs were set to the values estimated in the real data analyses, with ranges of 0.12 to 1.26 for 

the additive effects and -0.27 to 0.33 for the dominance effects (Marschall et al. 2008b). The 

genomic breeding value was calculated for each individual as the sum of additive and 

dominance effects of all SNPs. For each marker, the additive effect was added in individuals 

homozygous for the unfavorable allele and subtracted in individuals homozygous for the 

favorable allele, and the dominance effect was added in the heterozygous individuals. This 

resulted in a variance of the genomic breeding values of 2.45 in the base generation 

(generation 1). Assuming an initial polygenic heritability of h² = 0.50, residual effects were 

normally distributed with e ~ N(0, Iσ²e) and σ²e = 3.0. The liability was then calculated for 

each individual as the sum of additive polygenic effects, additive and dominance effects of 

the 17 SNPs and random residual. Simulation on the linear scale was followed by 

categorization of the liability to obtain a categorical trait with five levels, resembling CHD 

with possible outcomes CHD grade A to E. Simulation was performed under a fixed threshold 

model according to Wright (1934). Thresholds were set to obtain prevalences of 60.65% 
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(CHD grade A), 23.75% (CHD grade B), 10.52% (CHD grade C), 4.29 % (CHD grade D) and 

0.77% (CHD grade E) as seen in the real population. 

For our simulation study, we set the population size to 500,000 with a constant generation 

size of 20,000 and a male to female ratio of 1:1 in each generation. The number of prospective 

sires per generation was set to 1,000 and the number of dams per generation to 2,500, but only 

half of the prospective breeding animals were allowed to have offspring. The definite parents 

were randomly chosen from the whole generation, and each sire was randomly mated to 10 

(250 sires), 50 (200 sires) or 200 dams (50 sires), and each dam was randomly mated to 26 

(625 dams) or 26 sires (625 dams). From the 22,500 offspring which were produced this way, 

20,000 were randomly chosen and considered as the next generation, in which paternal half-

sib group size now varied between 3 and 193 with a mean paternal half-sib group size of 40 

across generations. The remaining offspring were not considered further in order to account 

for neonatal and juvenile losses. 

Selection study 

Generation 25 was used to compare the short term effects of different schemes of sire 

selection. To resemble the real situation with information on phenotypes of about 40% all 

offspring being available for genetic evaluation, phenotypes of all parents, i.e. 3,500 

individuals from generation 24, and 8,000 individuals from generation 25 were assumed to be 

known. Concerning the 8,000 offspring phenotypes, three pre-selection scenarios were 

studied: random choice of offspring for the scenario without pre-selection (PS0); pre-selection 

based on CHD phenotype (preferably CHD grade A, followed by CHD grade B, C, D and E) 

among the progeny of sires with large offspring groups (≥ 25 offspring), but no pre-selection 

among the progeny of sires with small offspring groups (< 25 offspring) for the scenario with 

skewed pre-selection (PS1); pre-selection based on CHD phenotype (preferably CHD grade 

A, followed by CHD grade B, C, D and E) among the progeny of all sires for the scenario 

with general pre-selection (PS2). In all scenarios studied, the proportion of known offspring 

phenotypes per sire was on average 39%, with the number of known offspring phenotypes per 

sire ranging between 2 and 81. Genetic parameters were estimated in a mixed linear animal 

model including sex as a fixed effect and using Gibbs sampling with the Multiple Trait Gibbs 

Sampler for Animal Models (MTGSAM) (Van Tassell & Van Vleck 1996), which assumes 

normal distributions of random and residual effects and uses flat priors for the fixed effects. A 

starting value of one was chosen for the additive genetic and the residual variance, and a 

proper prior using an inverse Wishart distribution with minimum shape parameter (νIW = 3) 

was adopted for the genetic variance matrix. The total length of the Gibbs chain was set to 
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105,000, and the first 5,000 rounds were discarded as burn-in. Visual inspections of sample 

plots revealed that this length of burn-in was always sufficient to achieve convergence. 

Results from each 100th round of Gibbs sampling were saved to calculate the posterior 

estimates. 

Breeding values (BV) for CHD predicted under the three pre-selection scenarios studied were 

standardized to a mean of 100 and a standard deviation of 20 using the sires of individuals in 

generation 25 as the reference population. To account for differences in prediction accuracy 

(r), standardization was repeated after correction for prediction accuracy, i.e. using BVcorr = r 

BV instead of BV. The relative breeding values (RBV, RBVcorr) were transformed so that 

larger RBV and larger RBVcorr will be favorable, meaning that the animals are less likely to 

transmit CHD disposition, and lower RBV and lower RBVcorr will be unfavorable, meaning 

that the animals are more likely to transmit CHD predisposition.  

To study the effects of random versus non-random availability of offspring phenotypes for 

genetic evaluation, Pearson correlation coefficients were calculated between true BV and 

predicted BV of sires of individuals in generation 25 without and with correction for 

prediction accuracy using the procedure CORR of SAS (Statistical Analysis System), version 

9.2 (SAS Institute Inc., Cary, NC, USA, 2008). The relative bias of predicted BV when 

compared to the true BV was calculated as  

 BiasRBV PSn = 100 (RBVPSn - RBVtrue) / RBVtrue  with n = 0, 1, 2 and using RBV and RBVcorr.  

The proportion of phenotypic variance in the sires and their offspring, explained by the true 

BV, GBV and predicted BV of the sires was investigated using predicted BV without and 

with correction for prediction accuracy from the three pre-selection scenarios and the 

procedure GLM of SAS. 

Finally, selection based on RBV with selection limits of 100 and 120 was compared with 

phenotype based selection, selection based on genomic breeding values and selection based 

on true overall breeding values. Selection was performed in the sires of generation 25, 

applying 13 different schemes of sire selection: phenotype selection considering only sires 

with CHD grade A or B (Ph_AB); phenotype selection considering only sires with CHD 

grade A (Ph_A); genomic selection considering only sires with favorable genomic breeding 

value (GBV); genomic selection combined with phenotypic selection considering only sires 

with favorable genomic breeding value and CHD grade A or B (GBV+Ph_AB) or CHD grade 

A (GBV+Ph_A); selection based on RBV which were predicted with an accuracy of at least 

0.70 in absence of pre-selection, in presence of skewed pre-selection and in presence of 

general pre-selection considering only sires with above-average RBV (RBV100PS0, 
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RBV100PS1, RBV100PS2) or sires with RBV more than one standard deviation above the mean 

(RBV120PS0, RBV120PS1, RBV120PS2); selection based on true RBV considering only sires 

with above-average RBV (RBV100true) or sires with RBV more than one standard deviation 

above the mean (RBV120true). 

In each case, the selection response (SR) was assessed by comparison of mean CHD scores (1 

to 5 scale in equivalence to the original A to E scale; SRTraitMean), of CHD prevalences 

(proportions of unaffected individuals, SRPropA; proportions of distinctly affected individuals, 

SRPropCDE) and of distributions of true breeding values for CHD (SRBVtrue) in the offspring of 

the selected sires (sel) and in the offspring of all sires (all), i.e. the whole generation 25. 

 SRx = 100 (xsel - xall) / xall  with x = TraitMean, PropA, PropCDE, BVtrue 

Statistical analysis 

To allow for statistical analysis, 20 replicates were generated and analyzed. To account for 

differences in the impact of phenotypic pre-selection of offspring on the genetic evaluation of 

sires with sparse and extensive offspring information, the number of offspring with phenotype 

information per sire was used to classify the sires of individuals in generation 25 as sires with 

low (1-5), intermediate (6-20) and high (>20) numbers of informative offspring. The 

influence of random versus non-random availability of offspring phenotypes on the relative 

bias of RBV and RBVcorr, the correlation between true BV and predicted BV (BVcorr) and the 

response to selection was investigated using the MIXED procedure of SAS. Bias of RBV, BV 

correlation, proportion of explained variance and the defined measures of SR (SRTraitMean, 

SRPropA, SRPropCDE, SRBVtrue) were considered as dependent variables. In the analyses of 

variance of RBV bias and BV correlation, pre-selection scenario (PS0, PS1, PS2), offspring 

group size (OffG1, OffG2, OffG3; ≤ 5 informative offspring, 6-20 informative offspring, > 20 

informative offspring) and the interaction between PS and OffG were considered as fixed 

effects, and the replicate (1-20) was considered as random effect. In the analyses of variance 

of the proportion of explained variance in sires and offspring, type of information used 

(BVtrue, GBV, BVPS0, BVPS0 corr, BVPS1, BVPS1 corr, BVPS2, BVPS2 corr), offspring group size 

(OffG1, OffG2, OffG3) and the interaction between information type and OffG were 

considered as fixed effects, and the replicate (1-20) was considered as random effect. In the 

analysis of variance of the response to selection, the selection criterion applied (Ph_AB, 

Ph_A, GBV, GBV+Ph_AB, GBV+Ph_A, RBV100true, RBV100PS0, RBV100PS1, RBV100PS2, 

RBV120true, RBV120PS0, RBV120PS1, RBV120PS2) was considered as fixed effect, and the 

replicate (1-20) was considered as random effect. 
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Results 

Results of the analyses of variance for the correlation between true and predicted BV for 

CHD before and after correction for prediction accuracy are given in Table 1. In general, 

Least Square Mean (LSM) estimates for the BV correlations ranged between 73 and 92%. 

Correction of BV for prediction accuracy had very little impact on the results. BV predicted in 

absence of offspring pre-selection were significantly closer correlated with true BV than BV 

predicted in presence of skewed or general offspring pre-selection (P < 0.001). In sires with 

few informative offspring, BV correlations did not differ significantly in pre-selection 

scenarios PS0 and PS1, but dropped significantly in PS2 (P < 0.01). In sires with intermediate 

and high numbers of informative offspring, both PS1 and PS2 resulted in a significant 

reduction of the BV correlation when compared to PS0 (P < 0.001). 

Results of the analyses of variance for the relative bias of RBV without and with correction 

for prediction accuracy are given in Table 2. LSM estimates for the relative bias ranged 

between -10 and 23% for RBV and between -10 and 25% for RBVcorr. RBV and RBVcorr were 

virtually unbiased in absence of offspring pre-selection, but showed significant upward bias in 

pre-selection scenarios PS1 and PS2 (P < 0.001). Pre-selection in favor of sires with many 

offspring and general pre-selection both led to a downward bias of RBV and RBVcorr in sires 

with few informative offspring (P < 0.001). Upward bias of RBV and RBVcorr in sires with 

intermediate and high numbers of informative offspring was significantly larger under skewed 

(PS1) than under general (PS2) pre-selection (P < 0.01). 

Results of the analyses of variance for the proportions of phenotypic variance in the sires and 

their offspring explained by true BV, GBV and predicted BV are given in Table 3. LSM 

estimates ranged between 20 and 77% for the sires and between 5 and 13% for their offspring. 

Significantly larger proportions of phenotypic variance in the sires explained by predicted BV 

than by true BV and GBV illustrated the importance which is attached to own performances 

in genetic evaluations (P < 0.001). As opposed to true BV and GBV, larger amounts of 

available offspring information resulted in a significant reduction of the relation between 

predicted BV and phenotype of the sire (P < 0.001). Increasing amount of pre-selection of 

offspring led to a significant decrease of the proportion of phenotypic variance in the 

offspring explained by the predicted BV of their sires (P < 0.001). In sires with few 

informative offspring, explained proportions of phenotypic variance in the offspring did not 

differ significantly in pre-selection scenarios PS0 and PS1, but dropped significantly in PS2 

(P < 0.001). In sires with intermediate and high numbers of informative offspring, both PS1 
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and PS2 resulted in a significant reduction of the BV correlations when compared to PS0 (P < 

0.001). 

Results of the analyses of variance for selection responses as measured by relative changes of 

CHD mean scores, proportions of unaffected and distinctly affected offspring and mean true 

BV for CHD are given in Tables 4 to 6. All schemes of sire selection studied decreased the 

mean CHD score and the proportion of distinctly affected individuals and increased the 

proportion of unaffected individuals and the mean true BV for CHD. LSM estimates ranged 

from -24 to -5% for the relative change of mean CHD score and from 5 to 30% for the 

relative change of the mean true breeding value for CHD. The proportion of individuals with 

CHD score A was estimated to increase by 7 to 38%, and the proportion of individuals with 

CHD scores C to E was estimated to decrease by 18 to 73%. Response to selection on the 

basis of GBV was significantly increased by additional consideration of CHD phenotype of 

the sire (P < 0.001 for GBV+Ph_AB and GBV+Ph_A). Efficiency of selection on the basis of 

BV predicted in absence of pre-selection of offspring was in each case most similar to 

maximum selection efficiency, as defined by selection on the basis of true breeding values. As 

opposed to selection based on BV predicted in absence of pre-selection of offspring, selection 

based on BV predicted in presence of skewed or general pre-selection of offspring was rather 

inefficient. Even with an increased selection intensity of 120, response to selection based on 

RBV from pre-selection scenarios PS1 and PS2 was significantly lower than rigid phenotypic 

selection of sires (P < 0.001 for Ph_A) or selection based on GBV and phenotype (P < 0.001 

for GBV+Ph_A; P ≤ 0.05 for GBV+Ph_AB) . 

Discussion 

The aim of this study was to compare different modes of selection with regard to the short 

term effects on trait prevalence and liability under the conditions of a recent dog population 

and with special focus on the effects of pre-selection of offspring phenotypes in advance of 

genetic evaluation. Canine hip dysplasia (CHD) in the German shepherd dog was chosen as 

an example for a heritable trait with a history of unsatisfactory selection response and with 

prospects of successful implementation of genomic selection. Efficiency of selection based on 

molecular genetic marker information was to be studied in comparison with presently used 

alternative selection schemes, indicating opportunities for optimization of current breeding 

practices.  

Simulated data were used for this investigation in order to be able to qualify and quantify pre-

selection on the one hand and the effects of pre-selection on the other hand. When using real 
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data, it is only possible to ignore parts of the available data, i.e. to increase pre-selection, but 

there is no chance to characterize the basic pre-selection which leads to an average 

availability of phenotypes per litter of about 40%. In case that there is already a basic level of 

phenotypic pre-selection, i.e. a trend towards disclosure of favorable rather than of a random 

sample of phenotypic data, definition of the present state as the scenario without pre-selection 

may lead to biased results. In particular, disadvantages of extensive pre-selection and 

advantages of selection schemes like genomic selection that do not provide opportunities for 

pre-selection, may be underestimated. Furthermore, only with simulated data it is possible to 

use true liabilities or breeding values as a reference for comparison of different selection 

schemes. Only sire selection schemes were used for the comparison because of the larger 

numbers of offspring per sire than per dam and the accordingly larger impact of unbiased 

versus biased selection of sires. Nevertheless, results obtained for sire selection will equally 

apply to selection performed in sires and dams. 

Correlations between true breeding values (BV) and BV predicted on the basis of own 

phenotypes and random samples of offspring phenotypes were similar to those found in 

previous simulation studies (Stock et al. 2007, 2008). In one of these studies, genetic 

evaluations using Gibbs sampling (GS) and using Residual Maximum Likelihood (REML) 

and Best Linear Unbiased Prediction (BLUP) were compared with the conclusion that GS 

mostly provided more accurate results and should therefore be preferable used. These findings 

were in agreement with other studies indicating higher accuracy of predicted genomic 

breeding values (GBV) when using Bayes methodology rather than BLUP (Meuwissen et al. 

2001; Habier et al. 2007). BLUP is the currently used method for prediction of BV for CHD 

in the German shepherd dog. Lower correlations between true and predicted BV, which are 

not necessarily reflected by remarkably lower values of prediction accuracies, may therefore 

be another reason for the still limited success of selecting against CHD. However, previously 

reported methodical differences with regard to BV correlations were smaller than the 

differences found here as effects of non-random availability of phenotype data for genetic 

evaluation. Furthermore, it must be taken into account that in the German population of 

German shepherd dogs predicted BLUP-BV are currently not used to decide on approval or 

non-approval of dogs as breeding animals or the later exclusion of once-approved breeding 

animals. Selection with regard to CHD is actually based on CHD phenotype, with only dogs 

classified as CHD grade A to C being allowed to reproduce. Predicted BLUP-BV are used for 

planning of matings, with the possibility to compensate an unfavorable BV of the dam with a 
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favorable BV of the sire and vice versa. Knowledge on predicted BLUP-EBV may be more 

efficiently used by consideration when making breeding decisions. 

The number of offspring with phenotype information per sire was used to categorize the sires 

into those with sparse, intermediate and extensive offspring information. This procedure was 

adopted to account for the obvious differences in accuracies of breeding values and to avoid 

definition of accuracy classes. The later would not have been possible in a general manner, 

but only by pre-selection scenario and not at all with regard to the other selection criteria, i.e. 

true BV, GBV and phenotypes. Distinction by offspring group size allowed comparison 

across selection criteria and underlined dependence versus independence of progeny 

information. 

Pre-selection of offspring phenotypes in favor of influential sires and general pre-selection 

both led to significant upward bias of predicted BV of those sires, for which relevant progeny 

information was available (more than 5 informative offspring). BV predicted for sires with 

sparse offspring information (1-5 informative offspring) were closer related to the own 

phenotype and were therefore less affected by offspring pre-selection. Concerning the upward 

bias of the sire BV, skewed pre-selection seemed to have more adverse effects than general 

pre-selection. However, comparison of selection responses revealed a clear decrease of 

selection efficiency with increasing amount of pre-selection in the data available for genetic 

evaluation. Selection responses in the order of 11-14% as measured by the relative decrease of 

the trait prevalence have been previously reported for a binary traits with a heritability of 0.25 

(Stock et al. 2008). The higher heritability and the quasi-linear nature of CHD which is 

measured on a scale with five levels explain the larger response to selection based on true 

RBV or RBV predicted in absence of offspring pre-selection particularly with regard to the 

proportion of distinctly affected individuals. Selection response dropped markedly in the 

investigated cases of non-randomness of available phenotypes for genetic evaluation. There is 

no literature providing similar figures which quantify possible reasons for limited success of 

selection in the breeding practice. 

Factors of up to 3 by which selection response was reduced when using non-random 

phenotypic data for genetic evaluation underlines the need for ways to ensure randomness of 

available phenotype information or for alternative selection strategies the success of which 

does not depend on such conditions. Because collection of phenotype data in random samples 

of offspring will not be feasible in dog breeding practice, genomic selection may become the 

selection method of choice in the future. Use of whole-genome marker data as provided 

through microarray analyses may be directly used as the basis of estimation of genomic 
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breeding values (Meuwissen et al. 2001). However, predictive performance of models may be 

hampered by using all available data, so it may be advantageous in practice to use a two step 

approach with identification of relevant markers in the first step and effect estimation for only 

these markers in the second step (Hoh et al. 2000, Hoh & Ott 2003, Long et al. 2007). 

Relevant proportions of phenotypic variance explained by the subset of selected markers can 

be seen as proof for the validity of the two-step genomic selection approach. Similarly, 

genomic selection may be implemented on the basis of effect estimates obtained in the course 

of thoroughly planned association studies, as performed in the German population of German 

shepherd dogs (Marschall et al. 2008). Validation tests need to be performed, but the 

approach as a whole may be computationally still less demanding than one-step Bayesian 

prediction of breeding values in a population sample, which may require inclusion of genetic 

relationships to tap the full potential of genomic selection (Habier et al. 2007).  

Given reliably estimated QTL effects, genomic breeding values (GBV) can be obtained with 

equal reliability for any individual that has been genotyped for the relevant genetic markers. 

Neither the number of informative offspring nor randomness or non-randomness of known 

offspring phenotypes has any impact on the GBV of their sire. Furthermore, genotyping can 

be performed very early in the life of an individual, allowing for early identification of 

valuable potential breeding animals. In the case of CHD, reliable assessment of phenotype is 

possible with about one year age, and provision of own phenotype information is obligatory 

for breeding approval of German shepherd dogs. The results of this study have shown that 

knowledge of GBV and CHD status allows reliable identification of valuable breeding 

animals. Conversely, reliable BV may only become available after prolonged collection of 

offspring information and under the condition of absence of phenotypic pre-selection. To 

achieve optimum breeding success it would then be needed to prohibit the further use of sires 

and dams with unfavorable BV. Withdrawal of breeding approval may be problematic and 

does not solve the problem of the progeny of such parents. QTL have been identified for CHD 

in the German shepherd dog, but may be discovered for other traits of selection relevance in 

the future. Advances in molecular genetic technologies have simplified and will further 

simplify large-scale genotyping. Therefore, early availability of extensive genotype 

information as the basis of genomic breeding values may soon become standard, introducing 

genomic selection as an important and flexible tool in future dog breeding. 
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Table 1 Least Square Mean (LSM) estimates with their standard errors (SE) and 95% 

confidence limits (CL) of the correlation between true and predicted breeding values of sires 

without correction (BV) and with correction (BVcorr) for prediction accuracy, for the pre-

selection classes (PS) studied, offspring group sizes (OffG) and interactions between PS and 

OffG 

 BV  BVcorr Fixed effect 
  LSM ± SE  CL  LSM ± SE  CL 
PS0  85.23 ± 0.73  83.79 to 86.67  85.24 ± 0.72  83.81 to 86.66
PS1  75.60 ± 0.73  74.16 to 77.03  75.61 ± 0.72  74.18 to 77.03
PS2  74.89 ± 0.73  73.45 to 76.33  74.90 ± 0.72  73.48 to 76.33
OffG1  76.55 ± 0.73  75.11 to 77.99  76.55 ± 0.72  75.12 to 77.97
OffG2  79.51 ± 0.73  78.08 to 80.95  79.52 ± 0.72  78.09 to 80.94
OffG3  79.65 ± 0.73  78.21 to 81.09  79.69 ± 0.72  78.26 to 81.11
PS0*OffG1  77.76 ± 0.95  75.88 to 79.63  77.77 ± 0.94  75.91 to 79.63
PS0*OffG2  86.14 ± 0.95  84.27 to 88.02  86.15 ± 0.94  84.29 to 88.01
PS0*OffG3  91.79 ± 0.95  89.92 to 93.66  91.79 ± 0.94  89.93 to 93.66
PS1*OffG1  77.24 ± 0.95  75.37 to 79.12  77.24 ± 0.94  75.38 to 79.10
PS1*OffG2  76.15 ± 0.95  74.27 to 78.02  76.14 ± 0.94  74.28 to 78.00
PS1*OffG3  73.40 ± 0.95  71.52 to 75.27  73.44 ± 0.94  71.58 to 75.30
PS2*OffG1  74.64 ± 0.95  72.77 to 76.52  74.63 ± 0.94  72.77 to 76.49
PS2*OffG2  76.25 ± 0.95  74.38 to 78.13  76.26 ± 0.94  74.39 to 78.12
PS2*OffG3  73.77 ± 0.95  71.90 to 75.65  73.83 ± 0.94  71.96 to 75.69
PS0 = no pre-selection (sire phenotypes and random samples of offspring phenotypes of all 

sires available for genetic evaluation), PS1 = pre-selection in favor of sires with large 
offspring groups (sire phenotypes, phenotypes of phenotypically most favorable offspring of 

sires with ≥ 25 offspring and random samples of offspring phenotypes of sires with < 25 
offspring available for genetic evaluation), PS2 = general pre-selection (sire phenotypes and 

phenotypes of phenotypically most favorable offspring of all sires available for genetic 
evaluation); OffG1 = up to 5 informative offspring; OffG2 = 6 to 20 informative offspring; 

OffG3 = more than 20 informative offspring. 
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Table 2 Least Square Mean (LSM) estimates with their standard errors (SE) and 95% 

confidence limits (CL) of the relative bias of the predicted relative breeding values of sires, 

derived from breeding values without correction (RBV) and with correction (RBVcorr) for 

prediction accuracy, for the pre-selection classes (PS) studied, offspring group sizes (OffG) 

and interactions between PS and OffG 

 RBV  RBVcorr Fixed effect 
  LSM ± SE  CL  LSM ± SE  CL 
PS0  0.21 ± 0.17  -0.14 to 0.55  0.05 ± 0.19  -0.32 to 0.42 
PS1  7.83 ± 0.17  7.48 to 8.17  8.47 ± 0.19  8.10 to 8.84 
PS2  7.08 ± 0.17  6.74 to 7.42  7.94 ± 0.19  7.68 to 8.31 
OffG1  -5.13 ± 0.17  -5.47 to -4.79  -5.20 ± 0.19  -5.57 to -4.84
OffG2  5.37 ± 0.17  5.03 to 5.71  5.17 ± 0.19  4.80 to 5.53 
OffG3  14.86 ± 0.17  14.52 to 15.21  16.50 ± 0.19  16.13 to 16.87
PS0*OffG1  1.22 ± 0.30  0.63 to 1.81  1.46 ± 0.32  0.82 to 2.09 
PS0*OffG2  -0.20 ± 0.30  -0.78 to 0.39  -0.33 ± 0.32  -0.97 to 0.30 
PS0*OffG3  -0.41 ± 0.30  -1.00 to 0.18  -0.97 ± 0.32  -1.60 to -0.34
PS1*OffG1  -9.57 ± 0.30  -10.16 to -8.98  -9.74 ± 0.32  -10.37 to -9.11
PS1*OffG2  9.94 ± 0.30  9.36 to 10.53  9.68 ± 0.32  9.05 to 10.31
PS1*OffG3  23.10 ± 0.30  22.51 to 23.69  25.47 ± 0.32  24.84 to 26.11
PS2*OffG1  -7.04 ± 0.30  -7.63 to -6.45  -7.32 ± 0.32  -7.95 to -6.69
PS2*OffG2  6.37 ± 0.30  5.78 to 6.96  6.15 ± 0.32  5.52 to 6.78 
PS2*OffG3  21.90 ± 0.30  21.31 to 22.49  25.00 ± 0.32  24.37 to 25.63

For abbreviations of fixed effects see Table 1. 
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Table 3 Least Square Mean (LSM) estimates with their standard errors (SE) and 95% 

confidence limits (CL) of the proportion of phenotypic variance in the sires and their 

offspring explained by true breeding values (BVtrue), genomic breeding values (GBV) and 

predicted breeding values without correction (BV) and with correction (BVcorr) for prediction 

accuracy, for the types of information used, offspring group sizes (OffG) and interactions 

between information types and OffG 

 Sires  Offspring Fixed effect 
  LSM ± SE CL  LSM ± SE  CL 
BVtrue  47.60 ± 1.11 45.41 to 49.79  11.47 ± 0.40  10.69 to 12.25
GBV  22.12 ± 1.11 19.93 to 24.30  5.05 ± 0.40  4.28 to 5.83 
BVPS0  67.07 ± 1.11 64.88 to 69.26  12.59 ± 0.40  11.81 to 13.37
BVPS0 corr  67.02 ± 1.11 64.83 to 69.21  12.59 ± 0.40  11.81 to 13.37
BVPS1  68.80 ± 1.11 66.61 to 70.99  9.46 ± 0.40  8.68 to 10.23
BVPS1 corr  68.71 ± 1.11 66.52 to 70.90  9.46 ± 0.40  8.69 to 10.24
BVPS2  67.86 ± 1.11 65.67 to 70.04  8.35 ± 0.40  7.57 to 9.12 
BVPS2 corr  67.72 ± 1.11 65.53 to 69.91  8.36 ± 0.40  7.58 to 9.13 
OffG1  65.47 ± 0.91 63.68 to 67.25  10.56 ± 0.33  9.92 to 11.20
OffG2  60.67 ± 0.91 58.88 to 62.45  9.29 ± 0.33  8.65 to 9.94 
OffG3  52.70 ± 0.91 50.91 to 54.48  9.14 ± 0.33  8.50 to 9.79 
BVtrue*OffG1  46.26 ± 1.60 43.11 to 49.41  11.49 ± 0.56  10.38 to 12.59
BVtrue*OffG2  48.77 ± 1.60 45.63 to 51.92  11.39 ± 0.56  10.28 to 12.49
BVtrue*OffG3  47.75 ± 1.60 44.61 to 50.90  11.54 ± 0.56  10.43 to 12.64
GBV*OffG1  20.35 ± 1.60 17.20 to 23.50  4.83 ± 0.56  3.73 to 5.94 
GBV*OffG2  21.19 ± 1.60 18.04 to 24.34  4.92 ± 0.56  3.81 to 6.02 
GBV*OffG3  24.81 ± 1.60 21.66 to 27.96  5.41 ± 0.56  4.30 to 6.51 
BVPS0*OffG1  76.79 ± 1.60 73.64 to 79.93  12.38 ± 0.56  11.28 to 13.49
BVPS0 corr*OffG1  76.68 ± 1.60 73.53 to 79.83  12.39 ± 0.56  11.29 to 13.50
BVPS0*OffG2  66.05 ± 1.60 62.90 to 69.20  12.81 ± 0.56  11.71 to 13.92
BVPS0 corr*OffG2  66.03 ± 1.60 62.88 to 69.18  12.81 ± 0.56  11.70 to 13.91
BVPS0*OffG3  58.37 ± 1.60 55.22 to 61.52  12.57 ± 0.56  11.47 to 13.68
BVPS0 corr*OffG3  58.35 ± 1.60 55.21 to 61.50  12.57 ± 0.56  11.47 to 13.68
BVPS1*OffG1  75.01 ± 1.60 71.86 to 78.16  12.88 ± 0.56  11.78 to 13.99
BVPS1 corr*OffG1  74.86 ± 1.60 71.71 to 78.01  12.89 ± 0.56  11.79 to 14.00
BVPS1*OffG2  72.25 ± 1.60 69.10 to 75.40  7.92 ± 0.56  6.81 to 9.03 
BVPS1 corr*OffG2  72.19 ± 1.60 69.04 to 75.34  7.92 ± 0.56  6.81 to 9.02 
BVPS1*OffG3  59.15 ± 1.60 56.00 to 62.29  7.57 ± 0.56  6.46 to 8.67 
BVPS1 corr*OffG3  59.07 ± 1.60 55.93 to 62.22  7.58 ± 0.56  6.47 to 8.68 
BVPS2*OffG1  77.05 ± 1.60 73.91 to 80.20  8.79 ± 0.56  7.68 to 9.89 
BVPS2 corr*OffG1  76.75 ± 1.60 73.60 to 79.90  8.80 ± 0.56  7.70 to 9.91 
BVPS2*OffG2  69.45 ± 1.60 66.31 to 72.60  8.30 ± 0.56  7.19 to 9.41 
BVPS2 corr*OffG2  69.40 ± 1.60 66.26 to 72.55  8.30 ± 0.56  7.19 to 9.41 
BVPS2*OffG3  57.06 ± 1.60 53.91 to 60.21  7.95 ± 0.56  6.85 to 9.06 
BVPS2 corr*OffG3  57.01 ± 1.60 53.86 to 60.16  7.96 ± 0.56  6.86 to 9.07 

For abbreviations of fixed effects see Table 1. 
 
 

 104



PUBLICATION VI 
 

Table 4 Least Square Mean (LSM) estimates with their standard errors (SE) and 95% 

confidence limits (CL) of the response to selection based on sire phenotypes, genomic 

breeding values of sires (GBV) or true or predicted relative breeding values of sires (RBV) 

regarding the relative change of the trait mean for the selection criteria compared 

Selection criterion 
  LSM ± SE CL 

Phenotype AB  -5.26 ± 0.34 -5.93 to -4.59 
Phenotype A  -10.31 ± 0.34 -10.98 to -9.64 
GBV  -5.48 ± 0.34 -6.15 to -4.81 
GBV + Phenotype AB  -7.97 ± 0.34 -8.64 to -7.29 
GBV + Phenotype A  -11.65 ± 0.34 -12.32 to -10.98 
RBV100true  -14.89 ± 0.34 -15.56 to -14.22 
RBV100PS0  -13.87 ± 0.34 -14.54 to -13.20 
RBV100PS1  -6.42 ± 0.34 -7.09 to -5.75 
RBV100PS2  -6.92 ± 0.34 -7.59 to -6.25 
RBV120true  -24.15 ± 0.34 -24.82 to -23.48 
RBV120PS0  -23.55 ± 0.34 -24.22 to -22.87 
RBV120PS1  -8.67 ± 0.34 -9.34 to -8.00 
RBV120PS2  -9.14 ± 0.34 -9.81 to -8.46 

Phenotype AB (Phenotype A) = selection of sires with CHD grade A or B (CHD grade A); 
GBV = selection of sires with neutral or favorable genomic breeding value; GBV + 

Phenotype AB (GBV + Phenotype A) = selection of sires with neutral or favorable genomic 
breeding value and CHD grade A or B (CHD grade A); RBV100true (RBV120true) =  selection 
of sires with true RBV larger than 100 (larger 120); RBV100PS0 (RBV120PS0) =  selection of 

sires with RBV, predicted in absence of pre-selection (sire phenotypes and random samples of 
offspring phenotypes of all sires available for genetic evaluation), larger than 100 (larger 

120); RBV100PS1 (RBV120PS1) =  selection of sires with RBV, predicted in presence of pre-
selection in favor of sires with large offspring groups (sire phenotypes, phenotypes of 

phenotypically most favorable offspring of sires with ≥ 25 offspring and random samples of 
offspring phenotypes of sires with < 25 offspring available for genetic evaluation), larger than 

100 (larger 120); RBV100PS2 (RBV120PS2) =  selection of sires with RBV, predicted in 
presence of general pre-selection (sire phenotypes and phenotypes of phenotypically most 

favorable offspring of all sires available for genetic evaluation), larger than 100 (larger 120). 
Selection response (SR) was defined on the basis of the trait mean in the offspring of the 

selected sires (TraitMeansel) and the trait mean in the offspring of all sires (TraitMeanall) as 
SRTraitMean = 100 (TraitMeansel - TraitMeanall) / TraitMeanall 
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Table 5 Least Square Mean (LSM) estimates with their standard errors (SE) and 95% 

confidence limits (CL) of the response to selection based on sire phenotypes, genomic 

breeding values of sires (GBV) or true or predicted relative breeding values of sires (RBV) 

regarding the relative change of the proportions of unaffected and of distinctly affected 

individuals for the selection criteria compared 

Parameter of interest 
 Selection criterion  LSM ± SE CL 

Proportion of unaffected individuals 
 Phenotype AB  6.88 ± 0.75 5.40 to 8.36 
 Phenotype A  14.38 ± 0.75 12.90 to 15.86 
 GBV  7.25 ± 0.75 5.76 to 8.73 
 GBV + Phenotype AB  10.73 ± 0.75 9.25 to 12.21 
 GBV + Phenotype A  16.43 ± 0.75 14.95 to 17.91 
 RBV100true  21.34 ± 0.75 19.86 to 22.82 
 RBV100PS0  19.47 ± 0.75 17.99 to 20.95 
 RBV100PS1  8.54 ± 0.75 7.06 to 10.02 
 RBV100PS2  9.23 ± 0.75 7.75 to 10.71 
 RBV120true  37.88 ± 0.75 36.40 to 39.36 
 RBV120PS0  36.56 ± 0.75 35.07 to 38.04 
 RBV120PS1  11.71 ± 0.75 10.23 to 13.19 
 RBV120PS2  12.39 ± 0.75 10.91 to 13.87 
Proportion of distinctly affected individuals 
 Phenotype AB  -17.75 ± 1.11 -19.94 to -15.57 
 Phenotype A  -33.88 ± 1.11 -36.07 to -31.70 
 GBV  -18.60 ± 1.11 -20.79 to -16.42 
 GBV + Phenotype AB  -26.72 ± 1.11 -28.90 to -24.54 
 GBV + Phenotype A  -38.14 ± 1.11 -40.33 to -35.96 
 RBV100true  -48.22 ± 1.11 -50.40 to -46.03 
 RBV100PS0  -45.63 ± 1.11 -47.81 to -43.45 
 RBV100PS1  -21.55 ± 1.11 -23.74 to -19.37 
 RBV100PS2  -23.18 ± 1.11 -25.37 to -21.00 
 RBV120true  -73.11 ± 1.11 -75.29 to -70.93 
 RBV120PS0  -72.42 ± 1.11 -74.61 to -70.24 
 RBV120PS1  -28.93 ± 1.11 -31.12 to -26.75 
 RBV120PS2  -30.39 ± 1.11 -32.57 to -28.21 

For abbreviations of selection criteria see Table 4. 
Selection response (SR) was defined on the basis of the proportions of unaffected and 

distinctly affected individuals among the offspring of the selected sires (PropAsel, PropCDEsel) 
and the corresponding proportions in the offspring of all sires (PropAall, PropCDEall) as 

SRPropA = 100 (PropAsel - PropAall) / PropAall and SRPropCDE = 100 (PropCDEsel - PropCDEall) / 
PropCDEall 
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Table 6 Least Square Mean (LSM) estimates with their standard errors (SE) and 95% 

confidence limits (CL) of the response to selection based on sire phenotypes, genomic 

breeding values of sires (GBV) or true or predicted relative breeding values of sires (RBV) 

regarding the relative change of the mean true breeding value for the selection criteria 

compared 

Selection criterion 
  LSM ± SE CL 

Ph_AB  4.87 ± 0.28 4.31 to 5.43 
Ph_A  10.70 ± 0.28 10.14 to 11.26 
GBV  5.31 ± 0.28 4.75 to 5.87 
GBV+Ph_AB  7.94 ± 0.28 7.38 to 8.50 
GBV+Ph_A  12.49 ± 0.28 11.93 to 11.26 
RBV100true  15.71 ± 0.28 15.15 to 16.27 
RBV100PS0  11.65 ± 0.28 11.09 to 12.21 
RBV100PS1  9.28 ± 0.28 8.72 to 9.84 
RBV100PS2  9.51 ± 0.28 8.95 to 10.07 
RBV120true  30.07 ± 0.28 29.51 to 30.63 
RBV120PS0  24.54 ± 0.28 23.98 to 25.10 
RBV120PS1  13.01 ± 0.28 12.45 to 13.57 
RBV120PS2  13.33 ± 0.28 12.77 to 13.89 

For abbreviations of selection criteria see Table 4. 
Selection response (SR) was defined on the basis of the true breeding values in the offspring 

of the selected sires (BVtrue sel) and in the offspring of all sires (BVtrue all) as SRBVtrue = 100 
(BVtrue sel - BVtrue all) / BVtrue all 
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ABSTRACT: Availability of methods for large scale genotyping has increased the interest in 

genomic selection which has been proposed as a way to increase and speed-up genetic gain. 

Because many factors can influence selection response, comparison of selection strategies 

must account for characteristics of traits and populations. Here, a method is presented to 

obtain trait- and population-specific figures for expected selection responses by simulation, 

using canine hip dysplasia (CHD) in the German shepherd dog as an example. Simulation 

parameters reflected results of previous data analyses, including estimates of additive and 

dominance effects for 17 SNP significantly associated with CHD phenotype which were 

proposed as possible basis of genomic selection. Genotypes of markers in complete LD with 

QTL, polygenic and residual effects were simulated. In accordance to the real pedigree 

structure, generation size was set to 20,000, including 500 sires and 1,250 dams of the next 

generation. Absence of selection was resembled by random choice of parents, and responses 

to selection were studied by selection of parents based on CHD phenotype, true polygenic 

breeding value, true total breeding value, genomic breeding value, number of unfavorable 

marker alleles, or number of homozygous unfavorable marker genotypes. In all scenarios 

selection was performed over 50 generations, and selection response was traced on genetic 

and phenotypic level. Under genomic selection, efficient elimination of unfavorable alleles 

was accompanied by fast decrease of the total genetic variance, and the proportion of healthy 

phenotype increased from 61% to > 99% within only five generations. Given the mainly 

additive nature of CHD, selection based on the number of unfavorable marker alleles was 

almost as efficient as genomic selection. Limitations of phenotype based selection strategies 

were illustrated. The presented simulation approach is a valuable tool to come to trait- and 

population-specific conclusions regarding differences between alternative selection strategies 

which need to be quantified before revision of existing breeding programs. Concerning 

genomic selection, prediction of time frames after which decline of selection response may 

require adjustments with respect to the markers will support realistic planning. For the 

German shepherd dog, simulation results indicate that genomic selection against CHD may be 

successfully implemented on the basis of the already identified QTL.  

Key words: genomic selection, phenotypic improvement, QTL for canine hip dysplasia, 

selection response, simulation, total genetic variance 

 

INTRODUCTION 

In the last two decades, advances in molecular genetics have sped up substantially. Dense 

marker maps have become available for several mammalian species, facilitating research into 
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the genetic background of complex traits which are relevant for selection. Identification of 

genetic markers which show genome-wide significant associations with traits of interest may 

finally lead to the detection of causal mutations. However, selection progress may also be 

increased and sped up by consideration of genetic marker information, particularly when 

markers in linkage disequilibrium with causal mutations, i.e. LD markers, are used (Dekkers, 

2004). Simulation studies have demonstrated the potential of genomic selection (e.g., 

Meuwissen et al., 2001; Schaeffer, 2006). However, quantifications of the benefits of 

genomic selection were usually based on a putative proportion of genetic variance explained 

by the markers rather than distinct estimates of additive and dominance effects from real data 

analyses. Use of gamma distributions for assignment of QTL effects, as practiced in previous 

simulations, implies there are large numbers of QTL with small effects and small numbers of 

QTL with large effects (Hayes and Goddard, 2001; Calus and Veerkamp, 2007). In real 

scenarios only QTL with large effects may be detectable (Meuwissen et al., 2001), so when 

not all, but only associated markers are used, distributions of additive and dominance effects 

are likely to differ from those studied in previous simulations with unknown effect on the 

results regarding the expected response to selection.  

In a recent association study, SNP with genome-wide significant association with canine hip 

dysplasia (CHD) have been identified in the German shepherd dog (Marschall et al., 2008). 

Genomic breeding values derived from additive and dominance effects of these SNP 

explained about 35 percent of the phenotypic variance of CHD. Given the moderate 

heritability of CHD (Hamann et al., 2003), selection against CHD is currently based on 

phenotype and BLUP-EBV. Dogs must be free of moderate or severe signs of CHD (CHD 

grades D and E) to become approved as breeding animals, and BLUP-EBV are used for 

planning of matings. However, breeding success was found to be slow and limited (Janutta et 

al., 2008), and selection on the basis of genomic breeding values is expected to be more 

efficient. Response to selection has usually been expressed in terms of the accuracy of 

breeding value prediction and genetic gain or increase of genetic gain under genomic 

selection when compared to other selection strategies (Li et al., 2007; Muir, 2007; Goddard, 

2008; Solberg et al., 2008). Phenotypically visible breeding progress will nevertheless be an 

important criterion when deciding about acceptance and general obligatory implementation of 

a new breeding strategy. The aim of this study was to demonstrate a method to specifically 

compare the responses to genomic selection and alternative selection strategies on genetic and 

phenotypic level using simulated data and CHD as an example. 
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MATERIAL AND METHODS 

 

Data simulation 

Basic data structure. Simulated data were used for this study, with simulation parameters 

chosen such that general characteristics of the distribution of CHD in the German population 

of German shepherd dogs were reflected. In the German breeding organization for German 

shepherd dogs (Verein für Deutsche Schäferhunde e.V.) the number of yearly registered 

puppies ranged in 1985 to 2005 between about 19,000 and almost 36,000. Absence of 

moderate or severe signs of CHD is prerequisite for becoming approved as a breeding dog 

under the SV, so X-rays of the hip joints are systematically made, submitted and centrally 

evaluated of X-rays for about 7,000 to 10,000 dogs per year. Almost equal numbers of males 

and females are among all registered dogs and dogs with official CHD scores, but sires have 

on average more than twice as many offspring (32.7 ± 96.2) than dams (12.0 ± 12.1). The 

proportion of dogs classified as free of radiographic signs of CHD (CHD score A) is about 60 

percent, whilst the proportion of dogs with severe radiographic signs of CHD (CHD score E) 

is about 0.5 percent. Population genetic analyses have revealed heritabilities in the order of 

0.25 (Hamann et al., 2003). A recent association study identified 17 SNP which showed 

genome-wide significant association with the CHD phenotype and the additive and 

dominance effects of which explained about 35 percent of the phenotypic CHD variance in a 

balanced population sample (Marschall et al., 2008). 

Simulation parameters. Simulation of data included additive polygenic effects (a), additive 

and dominance effects of 17 biallelic SNPs in LD with QTL and residual effects (e) for the 

liability of one categorical trait (CHD). Additive polygenic effects (a) were normally 

distributed with a ~ N(0, Aσ²a) and σ²a = 3.0. Additive polygenic effects of offspring (aoffspring) 

were derived from the additive polygenic effects of their parents (asire, adam) and the 

Mendelian sampling term (m) as aoffspring = 0.5 (asire + adam) + m with m ~ N(0, Aσ²m) and σ²m 

= 0.5σ²a = 1.50. Concerning the SNP, parents were assumed to randomly transmit one allele 

to their offspring. Distributions of the SNP alleles and additive and dominance effects of the 

SNP resembled those found in the association study, with minor allele frequencies of 8.3 to 

47.0 percent, frequencies of the unfavorable allele of 8.3 to 75.5 percent, additive effects 

ranging between 0.12 and 1.26 and dominance effects ranging between -0.27 and 0.33 

(Marschall et al., 2008; Y. Marschall, K. F. Stock, O. Distl, unpublished data). The genomic 

breeding value was calculated for each individual as the sum of additive and dominance 

effects of the 17 markers. For each marker, the additive effect was added in individuals 
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homozygous for the unfavorable allele and subtracted in individuals homozygous for the 

favorable allele, and the dominance effect was added in the heterozygous individuals. This 

resulted in a variance of the genomic breeding values of 2.45 in the base generation 

(generation 1). Assuming an initial polygenic heritability of h² = 0.50, residual effects were 

normally distributed with e ~ N(0, Iσ²e) and σ²e = 3.0. Simulation on the linear scale was 

followed by categorization of the liability to obtain a categorical trait with five levels, 

resembling CHD with possible outcomes CHD grade A to E. According to the threshold 

concept as developed by Wright (1934), thresholds were set to obtain prevalences of 60.65% 

(CHD grade A), 23.75% (CHD grade B), 10.52% (CHD grade C), 4.29 % (CHD grade D) and 

0.77% (CHD grade E) as seen in the real population for the birth years 1985 to 2005. 

The liability was then calculated for each individual as the sum of additive polygenic 

effects, additive and dominance effects of the 17 SNPs and random residual: 
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with yijkl = liability of animal i, ai = additive polygenic effect of animal i, addij = additive 

effect of SNP j (j = 1-17) for animal i, domik = dominance effect of SNP k (k = 1-17) for 

animal i, eijkl = random residual, GBVijk = true genomic breeding value, and TBVijk = true total 

breeding value. 

Simulated population. For our simulation study, we set the population size to 1,000,000 

with a constant generation size of 20,000 and a male to female ratio of 1:1 in each generation. 

The number of prospective sires per generation was set to 1,000 and the number of dams per 

generation to 2,500, but only half of the prospective breeding animals were allowed to have 

offspring. The prospective parents of the next generation were chosen at random from the 

whole generation, and the number of offspring per sire and dam was either assigned at 

random (no selection) or according to the phenotype or the polygenic, genomic or total 

breeding value of the prospective parents, with favorable parents being allowed to produce 

more offspring than unfavorable parents. Each sire was randomly mated to 200 (50 sires, i.e. 

10 percent of definite sires), 50 (200 sires, i.e. 40 percent of definite sires) or 10 dams (250 

sires, i.e. 50 percent of definite sires), and each dam was randomly mated to 26 (625 dams, 

i.e. 50 percent of definite dams) or 10 sires (625 dams, i.e. 50 percent of definite dams). From 

the 22,500 offspring which were produced this way, 2,500 were randomly chosen and not 

considered further to account for neonatal and juvenile losses. The remaining 20,000 

individuals were considered as the next generation. Across generations, the simulated 

populations included paternal half-sib groups of an average size of 40 (range 3 to 193), 
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maternal half-sib groups of an average size of 16 (range 1 to 26), and full-sib groups of an 

average size of 12 (range 1 to 26). 

Selection scenarios. Single-stage selection schemes, defined by the ways of recruitment of 

definite parents, were compared. The response to 9 different selection scenarios was traced 

over 50 generations: no selection (NoSel); phenotype selection with only individuals with 

CHD grade A to C (Ph_ABC), CHD grade A or B (Ph_AB) or CHD grade A (Ph_A) being 

considered as future parents; genotype selection, with parents with lowest numbers of 

unfavorable SNP alleles (N_allele) or homozygous unfavorable SNP genotypes (N_genotype) 

being considered as future parents; selection on the basis of the true polygenic breeding value, 

i.e. the additive polygenic effect of the individual, with parents with lowest and therewith 

most favorable true polygenic breeding values being considered as future parents (PBV); 

selection on the basis of genomic breeding values calculated from the true QTL effects with 

parents with lowest and therewith most favorable true genomic breeding values being 

considered as future parents (GBV); selection on the basis of the true total breeding value, i.e. 

the sum of the additive polygenic effect and true QTL effects of the individual, with parents 

with lowest and therewith most favorable total breeding values being considered as future 

parents (TBV).  

Per selection scenario, 20 replicates were generated and analyzed. Response to selection 

was studied on phenotype level under the assumption of a fixed threshold model using 

generation means of CHD score (1 to 5 scale in equivalence to the original A to E scale) or 

CHD affection state, with only dogs with CHD grade A being considered as unaffected and 

dogs with higher CHD grades being considered as affected. To characterize selection response 

on genotype level, development of the total numbers of unfavorable SNP alleles and 

homozygous unfavorable SNP genotypes per individual, of the frequencies of unfavorable 

SNP alleles and homozygous unfavorable SNP genotypes, of true polygenic breeding values 

and genomic breeding values was traced. 

 

Statistical analysis 

Data were simulated and selection response was traced using standard procedures of SAS. 

Differences between selection scenarios were tested for significance by analysis of variance 

using the procedure GLM of SAS. Here, generation means across replicates for mean CHD 

score, proportion of individuals unaffected by CHD, total genetic variance, the number of 

unfavorable marker alleles and the number of homozygous unfavorable marker genotypes 

were considered as dependent variables. The generation (GENi with i = 1-50) was considered 
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as linear, quadratic, logarithmic and logarithmic-quadratic covariate, and the selection 

scenario (SELj with j = 1-9; NoSel, Ph_ABC, Ph_AB, Ph_A, N_allele, N_genotype, GBV, 

PBV, TBV) was considered as fixed effect. 

yijk = μ + b1 GENi + b2 GENi² + b3 ln(GENi) + b4 [ln(GENi)]² + SELj + eijk 

with measure of selection response y, model constant μ, regression factors b1 to b4, and 

random residual eijk. 

 

RESULTS 

 

Selection response on phenotype level 

Mean CHD score. Initial mean CHD score was 1.61 (SD 0.89) across selection scenarios 

and replicates. The course of the mean CHD score in the selection scenarios studied is given 

in Figure 1. In absence of selection, mean CHD score showed undirected fluctuations around 

1.60, but there was no clear phenotypic trend in the study period. Phenotypic selection 

reduced the mean CHD score significantly, but slower and less efficient than the other 

selection schemes (P < 0.001). Maximum reduction was to 1.14 (SD 0.43) in Ph_ABC, 1.04 

(SD 0.22) in Ph_AB, and 1.01 (SD 0.08) in Ph_A, with selection responses close to zero after 

generation 30 in selection scenario Ph_A. Even after 50 generations of selection, severe cases 

of CHD (CHD grade E) occurred in scenarios Ph_ABC and Ph_AB, and moderate cases of 

CHD (CHD grade D) occurred in scenario Ph_A. With selection based on the number of 

homozygous unfavorable genotypes (N_genotype) it was possible to decrease the mean CHD 

score to < 1.01 (SD 0.09) within 10 generations, but there was no complete elimination of 

cases of CHD grade D in the study period. In selection scenarios N_allele and GBV, single 

cases of CHD grade C still occurred after 50 generations of selection, but mean CHD score 

was reduced to ≤ 1.001 (SD 0.03) within only seven generations. Complete elimination of any 

cases of CHD, i.e. fixation to CHD grade A, was possible by selection based on true 

polygenic breeding values within seven generations and by selection based on true total 

breeding values within five generations. Mean CHD score < 1.001 was achieved within six 

generations in PBV (SD 0.01) and within four generations in TBV (SD 0.02). 

Proportion of CHD score A. Initial proportion of CHD score A was 60.65% across 

selection scenarios and replicates. This proportion was almost constant throughout the study 

period in absence of selection (Figure 2). Under phenotypic selection, the proportion of CHD 

score A increased steadily up to 89% in Ph_ABC, 97% in Ph_AB, and 99% in Ph_A. 

Proportions of CHD grade A larger than 99% were achieved in N_genotype within nine 
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generations, in N_allele within six generations and in GBV within five generations. As 

reflected by the ranges of CHD scores, 100% of CHD grade A was only seen when selection 

was based on true breeding values, first after eight generations of selection in PBV and after 

six generations of selection in TBV.  

 

Selection response on genetic level 

Total genetic variance. Initial total genetic variance was 5.46 (SD 0.0001) across selection 

scenarios and replicates. The course of the total genetic variance in the selection scenarios 

studied is given in Figure 3. In absence of selection, total genetic variance decreased only 

slightly to 5.21 (SD 0.0034) in generation 50. Decrease of total genetic variance was 

significantly larger in all other scenarios (P < 0.001), with significant differences between all 

selection scenarios (P < 0.001). In case of phenotypic selection and selection based on true 

polygenic breeding values, decrease of total genetic variance was mainly during the first five 

generations and proceeded very slowly afterwards. Duration of the initial phase of fast 

decrease of total genetic variance was about ten generations in selection scenarios 

N_genotype, N_allele und GBV and fifteen generation in selection scenario TBV. After 50 

generations of selection, total genetic variance was 4.76 (SD 0.0028) in Ph_ABC, 4.61 (SD 

0.0020) in Ph_AB, 4.45 (SD 0.0016) in Ph_A, 4.08 (SD 0.0045) in PBV, 3.64 (SD 0.0042) in 

N_genotype, 2.98 (SD 0.0009) in N_allele and GBV, and 1.92 (SD 0.0002) in TBV. 

Number of unfavorable marker alleles. Initial number of unfavorable marker alleles was 

15.65 (SD 2.63, range 5 to 26) across selection scenarios and replicates. In absence of 

selection and under selection based on true polygenic breeding values, the mean number of 

unfavorable marker alleles remained almost constant (Figure 4). Over 50 generations of 

phenotypic selection, the mean number of unfavorable marker alleles was reduced to 14.05 

(SD 2.48, range 3 to 25) in Ph_ABC, 12.89 (SD 2.45, range 2 to 24) in Ph_AB, and 11.79 

(SD 2.40, range 2 to 23) in Ph_A. Reduction was significantly larger in selection scenario 

N_genotype (P < 0.001), but slowed down after having achieved a mean of about 2.3 

(generation 20) and was not able to completely eliminate all unfavorable marker alleles within 

50 generations of selection (final mean of 2.14 with SD 1.22, range 0 to 10). Selection based 

on true total breeding values was significantly more efficient in reducing the number of 

unfavorable marker alleles, with a mean of 0.23 (SD 0.45, range 0 to 3) in generation 50 (P < 

0.001). Fastest and greatest reduction of the mean number of unfavorable marker alleles was 

seen in selection scenarios GBV and N_allele, with complete elimination of unfavorable 
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alleles of all markers being achieved after eight generations in N_allele and after ten 

generations in GBV. 

Number of homozygous unfavorable marker genotypes. Course of the means and ranges of 

the numbers of homozygous unfavorable marker genotypes was very similar to that of the 

unfavorable marker alleles. Starting from 4.39 (SD 1.63, range 0 to 11), there was no 

significant change in selection scenarios NoSel and PBV, and limited reduction in Ph_ABC 

(final mean of 3.76 with SD 1.53, range 0 to 12), Ph_AB (final mean of 3.18 with SD 1.44, 

range 0 to 10) and Ph_A (final mean of 2.82 with SD 1.37, range 0 to 9). Elimination of 

homozygous unfavorable genotypes was not complete in the study period in TBV (final mean 

of 0.0055 with SD 0.06, range 0 to 1) and N_genotype (final mean of 0.0002 with SD 0.01, 

range 0 to 1; only single homozygous unfavorable genotypes after generation 35), but in 

N_allele within nine generations and GBV within eleven generations. 

Proportions of unfavorable alleles of individual markers. Courses of proportions of 

unfavorable marker alleles of individual markers are shown in Figures 5 and 6. Comparison 

of markers of similar size of additive and dominance effects, but different allele frequencies 

indicated little efficiency of N_genotype in reducing already low frequencies of unfavorable 

alleles (Figure 5). In scenario N_allele, there was a phase of almost linear decrease of the 

proportion of unfavorable alleles across all markers from generation one to seven, after which 

selection response decreased. Efficiency of TBV and GBV increased with increasing size of 

the additive and dominance effects of the markers. Sigmoid shape of the decrease of the 

proportion of the unfavorable marker allele in case of small effects, indicating deferred 

selection response, was more distinct in GBV than in TBV (Figure 6). Only in case of 

relevant dominance effects, reduction of the proportion of unfavorable marker alleles was 

similar in TBV and N_allele. In cases of negligible dominance effects, selection responses 

were most similar between N_allele and GBV. 

 

DISCUSSION 

The aim of this study was to compare responses to different selection strategies under the 

specific conditions encountered in a certain animal population. In particular, advantages of 

genomic selection when compared to alternative selection strategies were to be quantified in 

the context of a disease for which QTL had been identified. CHD in the German shepherd dog 

was chosen as an example to demonstrate the issues of a trait- and population-specific 

simulation study. Unlike previous simulation studies, which aimed at some general 

conclusions regarding genomic selection, definition of simulation parameters was based on 
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the results of a recent association study (Marschall et al., 2008; Y. Marschall, K. F. Stock, O. 

Distl, unpublished data) in combination with knowledge on the population structure to come 

to concrete conclusions regarding this disease in that animal population. Choice of abstract 

rather than realistic values when making assumptions required for simulation will lead to 

results that are probably not valid for any specific situation encountered in breeding practice. 

It has been pointed out that pedigree structure can have strong influence on the accuracy of 

genomic breeding values and the success of genomic selection (Calus and Veerkamp, 2007; 

Habier et al., 2007); the impact of specific data structure and QTL constellations is likely to 

be strong as well. The approach how to arrive at concrete disease and population specific 

conclusions which has been presented using CHD in the German shepherd dog as an example 

will be applicable to any other trait with knowledge on the role of QTL and polygenes in any 

other population. 

Genomic selection refers to a method of predicting breeding values by using information on 

genetic markers which are in LD with QTL for a trait relevant for selection. Although the 

method itself does not imply the use of information on as many markers as possible 

(Meuwissen et al., 2001), increase of marker density and therewith of available marker 

information is usually considered to represent the method of choice to ensure inclusion of 

markers which tag relevant QTL. However, a negative relation between heritability and 

prevalence of a disease on the one hand and the number of individual risk loci on the other 

hand has been postulated (Wray et al., 2007). For a trait like CHD with about 0.30 heritability 

and 40 % of dogs with at least slight signs of CHD (Hamann et al., 2003), the number of 

individual risk loci is likely to be in the order of tens or hundreds, which is supported by the 

large proportion of phenotypic variance of CHD explained by the additive and dominance 

effects of only 17 QTL (Marschall et al., 2008; Y. Marschall, K. F. Stock, O. Distl, 

unpublished data). The estimates of these effects, among which additive effects were larger 

than dominance effects, were used for this study. No additional markers with zero effects on 

the trait of interest were included, so quantification of proportions of false positives which 

may be expected when working with large marker sets remains to be studied. Here we started 

from the assumption that markers relevant for the trait of interest had been identified before, 

but the applied simulation approach does not include any restriction with regard to the number 

of markers or the type or size of considered effects. Dominance effects have often been 

ignored in previous simulation studies (e.g., Meuwissen et al., 2001; Goddard, 2008). Their 

inclusion in the presented specific simulation approach may be particularly helpful, because 
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patterns of selection responses are becoming less predictable with increasing importance of 

dominance effects. 

Additive and dominance effects were assumed to be known and fixed throughout the study, 

because QTL effects will not change regardless of genomic selection being practiced over 

many generations or not (Dekkers, 2007; Goddard, 2008). Because it is not necessary that the 

estimation of effects for markers in LD with the QTL takes place in the selection candidates 

(Goddard, 1998; Goddard and Hayes, 2007; Solberg et al., 2008) and genetic relationships 

within the reference population may lead to biased estimates (Habier et al., 2007), thoroughly 

planned association studies should still represent the gold standard for effect estimation. 

Given markers in strong and persistent LD with the QTL, which was assumed to be the case 

for CHD, assignment of genomic breeding values based on marker genotypes should be as 

valid at the time of initialization as after several generations of genomic selection. With 

prolonged genomic selection, the proportion of genetic variance explained by the markers 

decreases and the rate of response to selection declines (Goddard, 2008; Muir, 2007). 

However, regular re-estimation of effects for the same QTL using unbalanced population 

samples will not prevent this, but may even interfere with any further selection response 

because of increasing inaccuracy of genomic breeding values (Habier et al., 2007). 

For this study, mutations were ignored, and the population was assumed to be completely 

closed. The base generation included as many animals as all subsequent generations, i.e. 

20,000 individuals, but only 500 males and 1,250 females served as parents for the next 

generation. However, in absence of selection, i.e. in selection scenario NoSel, total genetic 

variance was mainly kept through random choice of mating partners. Conversely, all selection 

methods reduced the genetic variability which is usually referred to as Bulmer effect (Bulmer, 

1971). The final level of total genetic variance depended on the selection criterion used and 

was lowest in case of selection on true total breeding value. According to the relation between 

SNP and polygenic variance, the decrease of the total genetic variance was larger in the 

selection scenarios which were based on marker information (GBV, N_allele, N_genotype) 

than in selection scenario PBV in which selection decisions were based on true polygenic 

breeding values. In a real population, both mutations and the introduction of breeding animals 

with different genetic background, i.e. from different populations of the same breed, may play 

a relevant role in restoration of the genetic variance. Ignorance may therefore lead to some 

overestimation of the decrease of genetic variation when studying selection responses. 

However, in this study conditions were equal across selection scenarios, and unconsidered 
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restoration effects of genetic variance should not have affected the comparison of selection 

strategies. 

Phenotypic selection resulted in a slow and almost linear decrease of the proportions of 

unfavorable marker alleles as it has been shown previously (Goddard, 2008). The decrease 

was considerably larger in all selection scenarios in which marker effects directly played a 

role for selection (GBV, N_allele, N_genotype, TBV), with the fastest decrease to the 

minimum level resulting from selection on the number of unfavorable marker alleles itself. 

Considerable increase of the genetic gain was the main argument for promoting introduction 

of genomic selection in animal breeding (Meuwissen et al., 2001). The flattening of the rate of 

selection response has been described before (Goddard, 2008) and reflected the fast decrease 

of the proportion of total genetic variance explained by the genomic breeding value (results 

not shown). Efficient reduction of the proportions of unfavorable marker alleles by genomic 

selection leads to fixation of QTL within several generations. Speed of fixation depends on 

the initial allele distribution and the size of additive and dominance effects. When only 

additive effects are considered, decline of selection response is directly predictable from 

marker allele frequencies (Goddard, 2008). In the case of genomic selection against CHD, for 

which additive and dominance effects were considered, simulation results indicate fixation of 

favorable alleles between generations 7 and 11, with selection response regarding changes of 

the total genetic variance approximating zero after generation 10. 

Given the categorical nature of CHD, differences between selection scenarios were even 

more distinct on the phenotypic than on the genetic level. Comparison of courses of mean 

CHD score and proportion of CHD score A showed the limitations of phenotypic selection. 

Particularly phenotypic selection of as little strictness as currently practiced (Ph_ABC) led to 

a very slow phenotypic improvement. Despite considerable speeding-up of selection response 

by increasing strictness of phenotypic selection, it was not possible to avoid the occurrence of 

moderate and severe cases of CHD by selecting parents on the basis of phenotypes alone. 

These simulation results are in agreement with the unsatisfactory results of currently used 

breeding strategies against CHD, which are based on phenotype or phenotype and BLUP-

EBV (Swenson et al., 1997; Leppänen and Saloniemi, 1999; Hamann et al., 2003). In the 

German population of German shepherd dogs, BLUP-EBV are only used for planning of 

matings, but not for imposition of breeding bans. Accordingly, the potential of selection on 

the basis of EBV is not fully exploited yet. Furthermore, it must be taken into account that 

accuracy of EBV, i.e. correlation between EBV and true polygenic or true total breeding 

values, will hardly ever be close to one. Depending whether or not genotype effects are 
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modeled, BLUP-EBV represent approximations of true polygenic or true total breeding 

values, but limitation and non-randomness of phenotype information which is available for 

genetic evaluation interferes with correct ranking of breeding animals. Any bias of the data 

genetic evaluation is based on will lead to biased EBV and misclassifications of breeding 

animals and may reduce or even counteract genetic and phenotypic improvement (K. F. 

Stock, O. Distl, unpublished data). Selection responses in scenarios PBV and TBV should 

therefore be seen as theoretical maxima rather than figures which may be achieved under 

practical conditions.  

The benefits of using marker information for the selection of breeding animals were 

demonstrated by the speed and amount of phenotypic improvement, with increase of the 

proportion of CHD score A to almost 100% within a seven generations. However, complete 

elimination of cases of CHD was not possible by genomic selection or selection against 

unfavorable marker alleles or homozygous unfavorable marker genotypes. In reality, sources 

of genetic variance such as mutations and the introduction of new genes may further interfere 

with CHD elimination by using just one fixed set of markers. Furthermore, CHD is not the 

only selection trait in the German shepherd dog, and joint consideration of several traits when 

making selection decisions is likely to slow down the selection response for the individual 

traits (Stock et al., 2008). However, based on the figures provided by the specific simulation 

approach and results from regular phenotypic monitoring, it will be possible to define the 

population-specific time frame after which the decline of selection response should be 

compensated by the addition of new markers.  

For CHD in the German shepherd dog, the benefits of practicing genomic selection when 

compared to alternative selection strategies were obvious. Because of the complexity of 

determining accurate estimates of marker effects and given the fact that accurate identification 

of the favorable and the unfavorable allele of each marker should be less demanding, two 

simplified strategies of using molecular genetic marker information were included in the 

study, i.e. selection on the basis of the number of homozygous unfavorable genotypes and of 

unfavorable alleles. Both strategies do not require ranking of individuals on the basis of 

specific genomic breeding values and avoid close dependence on the accuracy of effect 

estimates which again depends on the definition of the reference population (Habier et al., 

2007). As expected, marker information was insufficiently used when only the number of 

homozygous unfavorable genotypes was relevant for selection. However, because of the 

negligible dominance effects in our example, response to selection on the basis of unfavorable 

alleles was very similar to the response to genomic selection. As illustrated by the decrease of 
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the proportions of unfavorable alleles of the individual markers, the main difference between 

the two selection strategies was equal versus different selection pressure on the unfavorable 

alleles. Consideration of marker effects by genomic selection can be seen as introduction of 

weighting factors, the size of which reflects the size of the corresponding effect. Similarity 

between selection scenarios GBV and N_allele will increase with decreasing differences 

between additive effects, but genomic selection will be clearly superior for traits with 

significant dominance effects. 

Breeders and breeding organizations will measure the success of a selection strategy by the 

visible improvement of trait phenotype. However, thorough study and detailed understanding 

of what happens on the genetic level is essential for predicting expected selection responses. 

The presented specific simulation approach provides a valuable tool for the required trait- and 

population-specific investigations. Furthermore, its extension to multiple-trait scenarios is 

straightforward and will help to get realistic figures of expected selection responses under 

different conditions. Because it will hardly ever be the case that selection of breeding animals 

is based on only one trait, it is important that there are no restrictions concerning the additive 

genetic correlations between traits, and simulations can be performed without the need to 

make additional assumptions which may limit validity of results. Although extension to 

multiple-trait-simulations will increase the number of selection scenarios to be compared, the 

presented approach of trait- and population-specific simulation will help to get realistic 

figures of expected selection responses and time frames of necessary adjustments. 
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Figure 1. Course of mean score for canine hip dysplasia (CHD), expressed on a scale from 1 

to 5 in equivalence to the original A to E scale, over 50 generations in the selection scenarios 

studied (20 replicates per scenario). PBV = selection of parents based on true polygenic 

breeding values; TBV = selection of parents based on true total breeding values; Ph_ABV = 

phenotypic selection of parents, allowing only CHD grades A to C; Ph_AB = phenotypic 

selection of parents, allowing only CHD grades A and B; Ph_A = phenotypic selection of 

parents, allowing only CHD grade A; N_allele = selection of parents based on the number of 

unfavorable marker alleles; N_genotype = selection of parents based on the number of 

homozygous unfavorable marker genotypes; GBV = selection of parents based on genomic 

breeding values. 
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Figure 2. Course of proportion of individuals unaffected by canine hip dysplasia (CHD grade 

A), over 50 generations in the selection scenarios studied (20 replicates per scenario). PBV = 

selection of parents based on true polygenic breeding values; TBV = selection of parents 

based on true total breeding values; Ph_ABV = phenotypic selection of parents, allowing only 

CHD grades A to C; Ph_AB = phenotypic selection of parents, allowing only CHD grades A 

and B; Ph_A = phenotypic selection of parents, allowing only CHD grade A; N_allele = 

selection of parents based on the number of unfavorable marker alleles; N_genotype = 

selection of parents based on the number of homozygous unfavorable marker genotypes; 

GBV = selection of parents based on genomic breeding values. 
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Figure 3. Course of total genetic variance of canine hip dysplasia, over 50 generations in the 

selection scenarios studied (20 replicates per scenario). PBV = selection of parents based on 

true polygenic breeding values; TBV = selection of parents based on true total breeding 

values; Ph_ABV = phenotypic selection of parents, allowing only CHD grades A to C; 

Ph_AB = phenotypic selection of parents, allowing only CHD grades A and B; Ph_A = 

phenotypic selection of parents, allowing only CHD grade A; N_allele = selection of parents 

based on the number of unfavorable marker alleles; N_genotype = selection of parents based 

on the number of homozygous unfavorable marker genotypes; GBV = selection of parents 

based on genomic breeding values. 
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Figure 4. Course of the mean number of unfavorable alleles of markers for canine hip 

dysplasia, over 50 generations in the selection scenarios studied (20 replicates per scenario). 

PBV = selection of parents based on true polygenic breeding values; TBV = selection of 

parents based on true total breeding values; Ph_ABV = phenotypic selection of parents, 

allowing only CHD grades A to C; Ph_AB = phenotypic selection of parents, allowing only 

CHD grades A and B; Ph_A = phenotypic selection of parents, allowing only CHD grade A; 

N_allele = selection of parents based on the number of unfavorable marker alleles; 

N_genotype = selection of parents based on the number of homozygous unfavorable marker 

genotypes; GBV = selection of parents based on genomic breeding values. 
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Figure 5. Course of proportions of unfavorable alleles of two markers for canine hip 

dysplasia, which had similar effect estimates (additive effect of 0.8 and 0.7, respectively; 

negligible dominance effect), but different starting frequencies of unfavorable alleles (SNP5a: 

16.4%, SNP5b: 67.9%), over 50 generations in the selection scenarios studied (20 replicates 

per scenario). PBV = selection of parents based on true polygenic breeding values; TBV = 

selection of parents based on true total breeding values; Ph_ABV = phenotypic selection of 

parents, allowing only CHD grades A to C; Ph_AB = phenotypic selection of parents, 

allowing only CHD grades A and B; Ph_A = phenotypic selection of parents, allowing only 

CHD grade A; N_allele = selection of parents based on the number of unfavorable marker 

alleles; N_genotype = selection of parents based on the number of homozygous unfavorable 

marker genotypes; GBV = selection of parents based on genomic breeding values. 
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Figure 6. Course of proportions of unfavorable alleles of three markers for canine hip 

dysplasia, which had similar starting frequencies of unfavorable alleles (38.2 to 68.4%), but 

differed in effect estimates (SNP6a: additive effect of 0.12, negligible dominance effect; 

SNP6b: additive effect of 0.44, dominance effect of 0.11; SNP6c: additive effect of 0.78, 

dominance effect of 0.33), over 50 generations in the selection scenarios studied (20 

replicates per scenario). PBV = selection of parents based on true polygenic breeding values; 

TBV = selection of parents based on true total breeding values; Ph_ABV = phenotypic 

selection of parents, allowing only CHD grades A to C; Ph_AB = phenotypic selection of 

parents, allowing only CHD grades A and B; Ph_A = phenotypic selection of parents, 

allowing only CHD grade A; N_allele = selection of parents based on the number of 

unfavorable marker alleles; N_genotype = selection of parents based on the number of 

homozygous unfavorable marker genotypes; GBV = selection of parents based on genomic 

breeding values. 
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