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Chapter 1. General Introduction 

 With the advent of new genotyping and sequencing technologies vast amounts of molecular 

markers are generated every day cheaply and precisely. These molecular markers are becoming 

an indispensable part of animal breeding research and are particularly used for parentage 

verification, and prediction of breeding values and detection of loci that control quantitative 

traits. Information from these molecular markers have enhanced the traditional prediction 

methods in animal breeding that were previously based solely on recorded phenotype and 

pedigree.  

Single nucleotide polymorphism (SNPs) are a common sort of molecular markers that are 

responsible for most genomic variation in a population. SNPs are the result of a base pair change 

at a particular locus (also known as a point mutation). Since such a mutation rarely happens 

twice at the same base pair location, SNPs usually appear as 2 alleles, i.e. they are biallelic as a 

marker. With genomic studies data on large numbers of SNPs, genotypes can therefore easily be 

stored as 0/1 at a haplotype level, or 0/1/2 when coding genotypes. In most genomic studies it is 

not the actual base pair that is relevant, but simply the variation between individuals at the SNP 

location. Analysis of SNP variation is useful for several studies, for example in linkage analyses, 

phylogenetic analyses, identity by descent (IBD) identification, identification of recombination 

hotspots, prediction of breeding values, genome wide association studies (GWAS), parentage 

assignment, pedigree reconstruction and genetic diversity. 

SNP genotypes are often generated via genotyping arrays (e.g. Illumina or Affymetrix 

“SNP-arrays”), and more recently they are derived from next generation sequence (NGS) 

genotyping procedures. Although the cost of genotyping has decreased, there is often a need to 
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impute missing genotypes, for example to impute low density to high density markers or to full 

sequence. These strategies are generally used to decrease the genotyping cost while maintaining 

the prediction accuracy based on high density genotypes. In addition, incorrect genotypes should 

be assumed to exist for any analysis and methods and algorithms for analysis and evaluation of 

molecular markers should account for the possibility of some genotyping errors and missing 

genotypes, especially for the NGS data. Pedigree information can be highly useful for the 

purpose of imputing missing genotypes and identifying genotyping errors. However, most 

existing methods and algorithms have been developed for analysis of genotypic data in humans, 

and these do often not use complex pedigree information. 

In spite of the availability of the pedigree for several generations in livestock populations, 

pedigree errors are common. For example in sheep pedigree, the frequency of incorrect dam 

assignments is 10.5% for all lamb genotyped (Barnett et al., 1999). Genotypic information 

provided by SNP markers can be used to fix the pedigree errors utilising opposing homozygotes 

(Calus et al., 2011; Hayes, 2011).  Opposing homozygous markers can be used to identify the 

inconsistency between parents and offspring or among offspring belonging to the same half-sib 

or full-sib family (Calus et al., 2011). 

According to the Merriam-Webster dictionary (Merriam-Webster, 2008)  a haplotype is defined 

as “a group of alleles of different genes (as of the major histocompatibility complex) on a single 

chromosome that are closely enough linked to be inherited usually as a unit”. These authors 

mentioned that this word was firstly used in 1969. Haplotypes contain more information than 

single SNPs and use of haplotype information may increase the accuracy and power of genetic 

analysis. For some analysis haplotype inference is the first step such as in missing genotype 

imputation, identification of recombination events or detection of IBD. Separating homologous 
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chromosomes to generate haplotypes (phase of markers at heterozygote sites) at laboratory level 

is expensive. Therefore, computational methods have been developed and used to infer 

haplotypes from genotypes. This in silico process was called haplotype inference, haplotype 

reconstruction or phasing. The majority of methods for haplotype inference were developed for 

the human population, which has a different structure to livestock populations. Compared to 

human populations generation intervals are short in livestock populations, family sizes are much 

larger and pedigree and genotypes of individuals for several generations are often available. The 

pedigree can be used to increase the accuracy of haplotype inference. Pedigree errors, in addition 

to the genotyping errors should be considered to derive other information e.g. obtained genotype 

data can be used to check the pedigree and fix the pedigree errors and pedigree can be used to 

infer the haplotype of individuals and to check errors in genotyping.  

In animal populations, half-sib families are common and the main property of half-sib families is 

the prevalence of sire’s haplotypes among offspring. Prevalence of haplotype strands among 

individuals has two benefits. Firstly, it makes phasing of haplotypes in half-sib families much 

easier (Boettcher et al., 2004; Favier et al., 2010).  Secondly, because the animal within half-sib 

families are more related than animals between half-sib families, we can find pedigree errors 

(Hayes, 2011) and even reconstruct pedigree of half-sib families. To achieve these aims 

opposing homozygote information between markers can be exploited (Calus et al., 2011; Hayes, 

2011).  

Pedigree is the key element of traditional animal breeding techniques known as best linear 

unbiased prediction (BLUP). The BLUP (animal model) is a method of choice for genetic 

evaluation and it utilises the numerator relationship matrix  (NRM) generated from pedigree to 

estimate variance components and predict breeding values (Henderson, 1975). The values in the 
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NRM range from 0 to 2, (the number indicating the numerator of the relationships, and can be 

interpreted as the number of alleles expected to be in common by IBD between two individuals). 

To increase the accuracy of prediction and estimation with molecular markers the NRM was 

replaced by genomic relationship matrices (GRM) (Nejati-Javaremi et al., 1997). The GRM 

describes the observed similarity among individuals as derived from the genomic data, often 

referred to as genomic relationships. In principle, the genomic relationship derived from markers 

could represent the similarity at quantitative trait loci (QTL), but this depends on how well the 

markers and the QTL are linked, and how the QTL are distributed (Goddard et al., 2011). 

Contrary to the NRM that describes the expected similarity between individuals based on 

pedigree derived IBD, the GRM describes the relationships among individuals based on marker 

similarity which is IBS. The GRM can have negative numbers and the range of the values 

depend on the structure and the diversity of the population. Nevertheless, under certain 

assumptions such as no mutation the IBS in GRM is also IBD (Meuwissen et al., 2014). A fast 

method for creation of the GRM based on high-density markers was suggested by (VanRaden, 

2008). This method ignores the linkage disequilibrium (LD) between markers and shuffling of 

the markers order will not affect the final GRM. The prediction accuracy of a linear model using 

the GRM depends on the LD between markers and QTL. Treating SNPs as dependent and 

utilizing the haplotype segments may increase the accuracy of estimation and prediction. 

The aim of this dissertation is to develop efficient methods for genomic analysis utilising the 

specific half-sib structure that exist in livestock populations. Opposing homozygote information 

between markers is used to develop methods and algorithms for identification of recombination 

events in the sire, haplotype inference, sire imputation, pedigree reconstruction, and for checking 

phasing results of small half-sib families. Additionally, the developed algorithms should be 
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robust to genotyping errors and to missing genotypes. The final chapter demonstrates the 

application of phased marker genotypes and haplotype information to infer IBD and thereby to 

improve the accuracy of breeding value estimation. 

Chapter 2 reviews methods and algorithms available for haplotype reconstruction and a method 

that utilises LD between markers loci for the creation of the GRM. 

Chapter 3 suggests a fast method for calculation of opposing homozygotes with matrix algebra. 

This fast method is used as a core for pedigree reconstruction.  

 Chapter 4 suggests a new method for identification of recombination events in small half-sib 

families which makes sire imputation and haplotype reconstruction much easier and more 

accurate. This method is also compared with other frequently used algorithms for haplotype 

reconstruction. 

Chapter 5 proposes a novel method for pedigree reconstruction in half-sib families and describes 

an implementation into an R package of this method along with the methods presented in 

chapters 3 and 4. 

Chapter 6 proposes a new method using pedigree information to fix the switch error problem in 

other phasing algorithms. 

Chapter 7 shows the benefit of using haplotype information in the creation of the GRM through 

its effect on prediction accuracy. 

Chapter 8 is a general discussion of all experimental chapters. 
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Chapter 2. Review of Literature 

2.1. Parentage assignment and pedigree reconstruction 

Nowadays, large numbers of genotypes for molecular markers are generated every day for 

various livestock species.  These DNA marker genotypes contain information that can be used to 

reconstruct pedigree. Efficient pedigree reconstruction methods have been developed. These 

methods can be categorized into two groups. The first group is based on log-likelihood inference 

(Marshall et al., 1998; Dodds et al., 2005; Wang and Santure, 2009; Wang, 2012), and the 

second group is based on opposing homozygotes (OH) between marker genotypes of individuals 

(Hayes, 2011). Some methods check the current parentage panels based on information derived 

from allele frequencies (Jamieson and Taylor, 1997; Schutz and Brenig, 2015). These methods 

will be discussed in more detail below. 

 Likelihood and frequency based methods for parentage assignments 

This method calculates the likelihood of an individual being parent/s of offspring against the 

likelihood that parent/s are unrelated, based on the genotypes of an animal and its candidate 

parent/s. The likelihood formula taking into account the allele frequencies at each locus and the 

probability that the offspring has a certain genotype given the observed genotype of the parents. 

The total likelihood is calculated over all loci for which genotypes are available. Marshall et al. 

(1998) proposed a method that also can take genotyping error into account by defining thresholds 

for LOD scores1. In this method all loci were treated as independent and assuming 

Hardy-Weinberg equilibrium (Marshall et al., 1998).  Although this method was suggested for 

the microsatellites, it can be used for SNP data (Kijas et al., 2012). The likelihood method was 

                                                 
1 This LOD score is defined by Meagher (1986) and is different from the one used for genetic mapping (Meagher, T. 
R. 1986. Analysis of Paternity within a Natural Population of Chamaelirium luteum. 1. Identification of Most-Likely 
Male Parents. The American Naturalist 128: 199-215.) 
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extended  for application in inbred populations and population structures that contain polygamy 

such as livestock populations (Wang and Santure, 2009). In addition, an efficient algorithm for 

this purpose was developed that can handle thousands of individuals and only the memory of 

computer can limit the number of markers (Wang, 2012). 

 Using opposing homozygotes for parentage assignment and pedigree reconstruction 

Opposing homozygotes (OH) occur when two marker genotypes for two individuals at the same 

locus are homozygote but for alternate alleles. In theory we expect no OH between parents and 

offspring. However, because of genotyping errors and, very rarely, mutation in real data we may 

observe some OH between parent and offspring, and the frequency would be directly related to 

the rate of genotyping errors. As a result of genotyping errors it may not be completely straight 

forward to assign a parent correctly to its offspring. If genotyping errors are low it is possible to 

identify the right parent and offspring, provided that enough markers are used to be able to 

distinguish it from another candidate parent. The number of OH between parents and offspring 

can be used as a criterion to evaluate the quality of genotyping. A matrix of OH can be created 

that shows the number of OH between individuals. This matrix contains information to identify 

Mendelian inconsistencies inside full-sibs and half-sibs family regardless of parent genotypes 

(Calus et al., 2011). The methods used for identification of Mendelian inconsistency rely on our 

expectation of number of OH between individuals in half-sib, full-sib and unrelated individuals.  

The expected number of OH between unrelated (OHU), half-sibs (OHH) and full-sibs (OHF) 

individuals, ignoring any linkage disequilibrium between markers is: 

𝐸(𝑂𝐻𝑈) =∑2𝑝𝑖
2

𝑛

𝑖=1

𝑞𝑖
2 
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Where pi and qi are the frequency of first and second allele for locus i, and n is the number of 

markers (Calus et al., 2011). 

 Probability methods for parentage exclusion 

Probability methods are traditional approaches for checking the parentage assignments. There are 

three equations to calculate maximal average exclusion probability which are compared by 

(Jamieson and Taylor, 1997). These formulae convert the allelic frequencies to the exclusion 

probabilities. These formulae were used in a statistical procedure to control the errors and quality 

of parentage assignments in ISAG-ICAR SNP panel (Schutz and Brenig, 2015).  

  Application of parentage assignment 

The main application of parentage assignment is the development of SNP arrays with few 

markers (usually less than 200) to test parentage and to reconstruct pedigree. For example the 

OH method was used for development of SNP panel for East Asian cattle breeds (Strucken et al., 

2014), the probability method was used for parentage checking  of the German Holstein 

population  (Schutz and Brenig, 2015) and, the  likelihood method  was used for parentage 

assignment in New Zealand sheep (Clarke et al., 2014) and  in Australian sheep (Kijas, 2012; 

Bell et al., 2013). 
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2.2. Linkage disequilibrium between markers 

LD in population genetics is defined as a nonrandom association of alleles at two or more loci 

(Deng et al., 2007). LD between genetic markers and a causative mutation is the 

prior assumption of most genomic analysis. By increasing physical distance, LD across the 

genome decreases exponentially.  The relationship between physical distance and LD rate 

depends on the rate of recombination ,  selection and genetic drift (Niu et al., 2004).  

Because of mutation and recombination events, LD between markers and QTL decrease over 

time. Mutation rate occurs at an average rate of about 10-8 per base pair per generation. 

(International HapMap, 2005; Knight, 2009). The D’ and r2 are widely used criteria for 

measuring the LD between two bi-allelic markers (Katanforoush et al., 2009). They represent 

sample covariance and correlation coefficient of markers, respectively. These values can be used 

to detect haplotype blocks by several methods1 (Gabriel et al., 2002; Zhao et al., 2008; 

Katanforoush et al., 2009).  If LD extends over longer distance e.g. in populations with small 

effective size, then the number of SNPs for association studies can be decreased i.e. a lower SNP 

density can still capture most of LD between SNP and causative mutation. For instance, in 

human populations more than 300,000 SNPs are required for association studies while in dog 

populations about 10,000 SNPs are sufficient. (Wade et al., 2005).  

Linkage disequilibrium is a measure of genetic distance. Loci with the same genetic distance 

may vary in physical distance. For instance, the average length of a haplotype on human 

chromosomes 1 and 21 (human) is equal to 54.5 kb and 34.8 kb, respectively, while the length of 

these haplotypes in genetic distance is equal to 0.104 centimorgan (cM) and 0.111 cM, 

                                                 
1 Haplotype block partitioning method can be categorize in two groups: LD and Haplotype diversity bases 
Katanforoush, A. 2009. Computational Problems in Haplotype Recognition, Tehran, Tehran  
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respectively (International HapMap, 2005). Most haplotype block partitioning and inference 

algorithms rely on LD between markers and find haplotype configurations based on minimizing 

the recombination events. 

  Haplotype blocks 

Studies have shown that it is possible to partition the human genome into the separate blocks. 

(Daly et al., 2001; Patil et al., 2001; Dawson et al., 2002; Gabriel et al., 2002). The rate of 

recombination inside a block is zero or negligible and most of recombination will occur between 

blocks (Brito et al., 2011). In addition, nearly 80 percent of recombinations occur in between 

10% to 20% of sequences (Myers et al., 2005). Haplotype blocks can be detected from genotype 

or haplotype patterns within a population (Eskin et al., 2003; Greenspan and Geiger, 2004). 

Haplotype blocks can be defined as genome segments that have less diversity than expected 

based on the assumption that recombination events are random across the genome. Therefore, it 

can be concluded that some pressures of the natural selection restrict the recombination in some 

regions. This issue has led to a considerable amount of research to locate hotspots or blocks 

across the chromosomes (Katanforoush et al., 2009). Haplotype blocks length and their coverage 

for different human population with two methods in coding regions are reported in (International 

HapMap, 2005). For example, the average haplotype block length using a method based on four 

gamete for YRI1, CEU2, CHB3 + JPT4 populations were 4.8, 5.9 and 5.9 kb and the fraction of 

genome spanned by blocks were 86, 84 and 84 percent respectively. 

  

                                                 
1 Yoruba in Ibadan, Nigeria 
2 Utah residents with ancestry from northern and western Europe 
3 Han Chinese in Beijing, China 
4  Japanese in Tokyo, Japan 
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2.3. Haplotype inference  

Haplotype inference (haplotype reconstruction or phasing) refers to the computational methods 

for identification of marker phase which is defined as determining the common parent of origin 

of alleles from adjacent loci at heterozygote sites. A haplotype inference strategy was first 

suggested by Clark et.al. (Clark, 1990). With the assumption of completely random 

recombination through the genome, there are 2N-1 haplotypes in theory (where N is the number of 

markers). However in most cases less than N haplotypes can be detected in the real genomic data 

(the number of haplotypes depends on effective population size and the haplotype length) and the 

phasing algorithm needs to identify the right haplotypes from the repository of possible 

haplotypes (Patil et al., 2001; Niu et al., 2004). A comprehensive review of important haplotype 

inference methods was carried out by Browning and Browning (Browning and Browning, 

2011b). They categorized haplotype phasing algorithms in two main groups: computational 

phasing in unrelated individuals and in related individuals with knowledge of pedigree. Some 

other methods were developed more specifically for animal population structures. AlphaPhase 

(Hickey et al., 2011) and PHASEBOOK (Druet and Georges, 2010; Druet and Georges, 2015) are 

algorithms that can use pedigree information for phasing and imputation. The AlphaPhase is 

based on long-range phasing algorithm (Kong et al., 2008; Kinghorn et al., 2009; Hickey et al., 

2011) and PHASEBOOK uses a hidden Markov model for phasing. For half-sib family structures 

Monte Carlo algorithms and likelihood methods were suggested by Favier et al. (2010) and 

Boettcher et al. (2004), respectively.  

 Monte Carlo method for haplotype reconstruction in a half-sib family 

The HAPROB (Boettcher et al., 2004) algorithm uses a Monte Carlo method to estimate 

haplotype probabilities for haplotype reconstruction in a half-sib family without using the 
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genotype information on the parents. To use this algorithm the individuals in the half-sib family 

must not be full-sibs and missing genotypes are not allowed. In addition, recombination rates 

must be known i.e. the genetic map distance between the marker loci must be known. The 

algorithm has two main steps to estimate conditional haplotype probabilities one for the sire and 

one for the offspring, given haplotype probability of offspring and sire, respectively, and the 

method uses allele frequencies in the general population. Monte Carlo-based methods were also 

utilized to estimate conditional haplotype probabilities for sire and deterministic method was 

used to estimate conditional haplotype probabilities for offspring (Boettcher et al., 2004). The 

accuracy of haplotype inference for the sire with 30 half-sibs was 100% although the maximum 

haplotype accuracy for the offspring was 96%.  

 Optimal haplotype reconstruction in half-sib families    

The method by Favier et al. (2012) assumes no missing genotype and no genotyping errors. In 

addition, the individuals should not have a common dam.  This method does require the sire’s 

genotype and no genotyping errors or missing data are allowed (except dam), however, they 

mentioned the sire genotype can be inferred using other algorithms (Sanchez et al., 2008). This 

algorithm first infer haplotype of sire and then uses Druet and Georges (2010) algorithm to infer 

offspring’ haplotype. The haplotype inference can be conducted in less than a second for 30 

half-sibs. The accuracy of this method was evaluated using the switch error rates (SWR) that 

shows the proportion of number of switches to number of heterozygous sites (Favier et al., 

2012c). 

2.4. Genomic selection 

Traditional methods for genetic evaluation and selection in animal breeding were based on 

phenotype and pedigree and these could be used to achieve significant rates of genetic 
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improvement. However, these methods are less effective for traits that are hard to measure or 

traits that can only be measured late in an animals’ life (Goddard and Hayes, 2009). 

Genomic selection can overcome some of these obstacles because information for predicting 

breeding value can be available early in life, and reasonable prediction accuracies can be 

achieved, even if the animal or its direct relatives are not measured. For example, by genotyping 

male calves at young age and determining their breeding values for dairy production traits, we 

can select young bulls without progeny test, which not only decreases the generation interval, but 

also significantly decreasing the breeding costs associated with progeny testing (Schaeffer, 

2006).  

Genomic selection (Meuwissen et al., 2001) is a method that uses molecular markers, especially 

SNPs to predict breeding value. Genomic selection refers to selection based on genomically 

predicted breeding values (genomic breeding value – GBV or molecular breeding value - MBV). 

The GBV is based on molecular information only, using phenotypic information from a 

reference population. The latter is based on combining molecular information with phenotype 

information on the animal itself or its relatives. Genomic breeding values can be predicted from 

mixed models. Genomic selection can be contrasted to marker assisted selection (MAS) that 

relies only on markers which are linked to specific QTL that are known e.g. QTLs that were 

identified in earlier studies. Genomic selection uses information on marker genotypes from 

across the entire genome. It is assumed that the markers capture all genetic variations due to 

QTL which are linked to the markers (Goddard and Hayes, 2007; Goddard and Hayes, 2009), but 

these QTL are not necessarily be known explicitly. For example, Ridge regression (Whittaker et 

al., 2000) can be considered as one of the first methods of genomic selection that used all 

markers instead of subset of markers and avoid the problem of overestimation of segments 
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effects. In general, the accuracy of genomic selection methods has been found to be much higher 

than MAS (Whittaker et al., 2000; Schaeffer, 2006) and because the genomic selection does not 

require QTL mapping and identification, the average costs of breeding are reduced (Goddard and 

Hayes, 2009).  

The genomic selection is reliant on a reference population that should be designed appropriately. 

The reference population is a group of individuals that are genotyped and measured for the 

phenotypes that are targeted. Such a reference population could be based on animals that were 

recorded historically, e.g. in dairy recordings schemes. Alternatively, reference populations are 

set up to target phenotypes that are not commonly measured, for example feed intake, carcass 

and meat quality. (van Grevenhof and van der Werf, 2015) 

In genomic selection effects of each genotypic marker on a trait must be estimated. Since in most 

circumstances there are many more markers than the number of individuals with a phenotype, 

the number of genotypic marker effects to be estimated is more than phenotypes that are used to 

estimate them (Meuwissen et al., 2001). This issue caused the development of methods for 

genomic selection that use different prior assumption about marker effects. There are several 

methods for genomic selection, such as Bayesian methods (Meuwissen et al., 2001) and 

Genomic BLUP.  

The Bayesian methods (BayesA and BayesB) were first suggested by (Meuwissen et al., 2001). 

In BayseA all markers are assumed to have non-zero effects and the t prior distribution is used 

whereas in BayesB most markers may have no effects and for the other markers the normal 

distribution was used for the prior distribution. These methods increase the accuracy of 

predictions compared to BLUP but the computational demand can limit their usage. BayesR 

(Erbe et al., 2012) is a recent Bayesian method that uses multiple normal distributions for the 
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prior distribution of marker effects. This method is faster than BayesB and overcome the issues 

named as “lack of Bayesian learning” in BayesB (Gianola et al., 2009; Habier et al., 2011; 

Lehermeier et al., 2013). However the speed of analysis can limit the usage of Bayesian 

methods, particularly for next generation sequencing data where the number of genotypes per 

individual can increase dramatically.  

The genomic BLUP (GBLUP) is another approach for the genomic prediction and selection. The 

GBLUP method was originally proposed by (Nejati-Javaremi et al., 1997). The GBLUP method 

is faster than Bayesian methods and it can be based on high density markers. In general the 

accuracy of the Bayesian methods is higher than genomic BLUP for traits that are controlled by 

only a few QTLs. However, if the trait is controlled by many QTL the difference between 

Bayesian methods and genomic BLUP is negligible (Clark et al., 2011). In the GBLUP method, 

the numerator relationship matrix (NRM – A) is replaced by a genomic relationship matrix 

(Nejati-Javaremi et al., 1997). This approach is much faster than the Bayesian methods and the 

GRM can be constructed from the high density genotypic markers directly and efficiently 

(VanRaden, 2008; VanRaden, 2010; Yang et al., 2010a). The GRM can identify relationships 

between individuals which would be regarded as unrelated in the NRM (Meuwissen et al., 2014) 

and it can model Mendelian segregation. Although the GRM can be constructed in different 

ways, in most case the  estimated breeding values was not affected by different methods for 

creation of GRM and whole methods produced nearly similar results (Forni et al., 2011; 

Meuwissen et al., 2014). The SNP BLUP (Meuwissen et al., 2001) is another method to estimate 

the effect of each SNP for each trait that is similar to the ridge regression, however it has proven 

that this method is equal to the GRM (Stranden and Garrick, 2009). These methods consider 

SNPs independently and rearranging the order of markers does not affect their final results. 
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 Haplotype strategies for genomic selection 

Haplotype segments can be used to create the relationship matrix. Haplotypes segments have 

two benefits over single markers for building the relationship matrix. Firstly, haplotype segments 

can alleviate the problems related to the biallelic markers (SNPs) e.g. by considering 7 SNPs 

there are 128 (27) possible haplotypes. Using haplotype information in prediction instead of 

separate SNP genotypes can increase the power of analysis and the number of effects that should 

be estimated in the model. For example, a 7 locus haplotype would require 1 degree of freedom 

when fitting haplotypes whereas 7 degree of freedom would be required when fitting 7 individual 

SNP effects. Secondly, the LD between markers can capture the QTL effects better than solely 

single markers and QTLs. Several studies have evaluated the improvement of genomic 

prediction when based on a relationship matrix using haplotype segments. The effect of 

haplotype length and heritability on reliability of genomic selection was evaluated using 

simulated data (Villumsen et al., 2009). The highest reliabilities were achieved for haplotypes 

with 10 SNPs and as the heritability increased, the reliabilities were increased. As the distance 

between SNPs was 0.1 cM, the optimal haplotype length would be 1cM (10 SNPs). So, the 

optimum haplotype length depended on the LD pattern and population structure (Villumsen et 

al., 2009). Calus et al. (2007) have assessed the accuracy of SNP11, SNP22, and HAP_IBD3 

(haplotype length of 2 and 10 markers) for predicting breeding values. HAP_IBD10 accuracy 

was higher than SNP1 with the same number of markers, especially when the marker density was 

low. Generally, when heritability was high, the accuracies of different methods were as follow: 

HAP_IBD10 > HAP_IBD2 > SNP2 >SNP1  (the difference between HAP_IBD10 and SNP1 

was ~0.03% when the average r2 between adjacent markers was 0.1) but with low heritability 

                                                 
1 SNPs as a distinct marker and haplotype 
2 Inferring haplotype of two adjacent SNPs and supposing no relationship  between haplotypes at each  locus 
3 Two or more adjacent SNPs were considered and then extracting IBD among haplotype at each locus 
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accuracy of different methods was nearly the same (Calus et al., 2008b). Hickey et al. (2013) 

used haplotype segments to create new relationship matrices and evaluated the accuracy of 

genomic prediction by using simulated data. They showed that although the haplotype based 

relationship matrix has a higher correlation with the true relationship matrix than the GRM based 

on single SNP genotypes, the accuracy of the new relationship matrix was not higher than GRM 

based on single markers (VanRaden, 2008; Yang et al., 2010b). Meuwissen et al.  (2014) used 

dynamic partitioning of haplotype segments based on the haplotype diversity (GHBLUP). The 

accuracy of GHBLUP was higher than NRM but was not significantly higher than GRM 

(VanRaden, 2008).  

2.5. Conclusions 

As with the advent of new technologies the amount of genomic data has increased exponentially 

in recent years, the efficiency, accuracy and reliability of methods and algorithms for genomic 

analysis have become more important and evident.  

There are some problems with the current methods of genomic analysis mentioned in this review 

for genomic analysis such as haplotype inference and genomic prediction. Firstly, these methods 

have been successfully used for SNP arrays but they must become more robust to genotyping 

errors as the next-generation sequencing data are more prone to errors than SNP arrays. 

Secondly, unfortunately, most developed algorithms ignored the effects of genotyping errors on 

the accuracy of their algorithms and the accuracy of their algorithms in case of genotyping errors 

was not reported. The third problem is the lack of user friendly software for algorithms and 

methods which makes reproducible research very hard (Kuhn, 2015). Fourthly, evaluation of 

algorithms by using simulated data cannot demonstrate the benefits of new algorithm 

comprehensively. Fifthly, most algorithms are developed for human population structure and do 
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not directly use specific population structure in livestock such as half-sib families that can 

increase the performance and accuracy of their analysis. 

In this thesis we develop efficient algorithms for genome structure analysis by using half-sib 

structures that are common in livestock populations, and implement them in user friendly 

software (R package). Then these algorithms were examined with both simulated and real data in 

order to address the above issues for the specific population structure that is available in 

livestock. Finally, based on these genomic analyses methods that give more insight in the 

genomic structure, we propose a genomic prediction method that is based on knowledge of 

haplotypes. 
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Chapter 8. General Discussion 

In this thesis we developed efficient algorithms for analysis of the genomic data encountered in 

livestock populations and demonstrate their application for the improvement of estimation of 

breeding values. For this purpose opposing homozygotes information between individuals were 

exploited.  In chapter 3 an efficient method for building an opposing homozygote matrix was 

developed. The opposing homozygotes information in a half-sib family were used to identify 

recombination events in the paternal strands of offspring, impute sire haplotypes and reconstruct 

haplotype of half-sibs (chapter 4). In addition, as the number of opposing homozygous loci 

between unrelated, half-sibs and full-sibs are different, this number was used to reconstruct the 

half-sib’s pedigree (chapter 5). Opposing homozygotes information was also used for 

determining haplotypes and to identify phasing problems of other algorithms (chapter 6). Finally, 

the benefits of haplotypes in genomic predication of breeding value were demonstrated in 

chapter 7. 

With the large number of genotypes for molecular markers that are generated every day, 

especially with next-generation sequencing technologies, the need for efficient methods for 

analyzing large number of genotypes per individual has become more evident. Since opposing 

homozygotes play a central role in most of the genomic analyses in this thesis, the first 

experimental chapter (chapter 3) is devoted to the development of a fast and efficient method for 

the creation of an opposing homozygote matrix. The opposing homozygote matrix treats 

heterozygotes sites like missing values and does not require haplotype information. This matrix 

can be considered a way to show the distance between individuals. The opposing homozygote 
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information can be used for the pedigree reconstruction and parentage assignments (Hayes, 

2011). Moreover, because the opposing homozygote matrix is a distance matrix it can replace the 

GRM for  analysis where genetic distance is an important criterion, e.g. in  phylogenic analysis 

or heat map plots (Ferdosi et al., 2014b) – chapter 5.  

The opposing homozygotes matrix in chapter 3 was created using matrix notation which has two 

benefits. Firstly, describing an algorithm in a matrix notation allows us to write the problems as 

matrix equations and using matrix algebra to predict and prove new models without real world 

examples (chapter 7 demonstrates one of the applications). Secondly, since there are efficient 

libraries for the matrix algebra, the programmers should not be concerned about the 

computational requirement of this particular type of analysis. Although the proposed matrix 

algebra (MA) method is very efficient to build the complete OH matrix, for simple parent and 

offspring where no OH between parent and offspring is expected (except the rare mutations and 

genotyping errors) the LOOP method as described in chapter 3 may be faster and more memory 

efficient than the MA method. 

In the fourth chapter the opposing homozygotes between individuals in a half-sib family were 

used to identify the recombination events in the paternal strands of the offspring, pedigree errors 

and map errors. Recombinations are rare events and we expect few recombinations per 

generation. This fact can be used to identify the pedigree and map errors by observing unusual 

patterns of recombinations. For example, we expect 10 recombination events per individual for 

chromosome 1 in sheep. Observation of too many recombinations in a certain individual of a 

half-sib family indicates a pedigree error, i.e. the individual with too many recombination events 

does not belong to the particular half-sib family. Nevertheless, if this individual  is not a direct 

offspring, but closely related to the sire,  we may not see too many recombinations. Therefore, 
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this method is capable of excluding individuals with too many recombinations as being offspring 

of a particular sire, but it cannot guarantee that animals with a lower number of recombinations   

belong to that particular half-sib family. In addition, observing too many recombinations in a 

specific region of the genome that is consistent in the different half-sib families indicates 

mapping errors. Therefore, the recombination pattern can be utilized as quality control to identify 

map as a complimentary method to the LD analysis or pedigree errors.  

Knowledge of recombination events not only makes the inference of offspring’s haplotype and 

the imputation of the sire’s haplotype feasible but it also allows the algorithms to be robust to 

genotyping errors as the observation of double recombinations in the adjacent loci indicate 

genotyping errors. In large half-sib families the accuracy of sire imputation can be higher than 

genotyping the sire because the sire haplotypes are imputed based on several parental strands of 

the offspring. This may remove the requirements for sire genotyping and reduce the total costs of 

genotyping. Moreover, the sire haplotype can be used to assess the quality of the genotyping. In 

this chapter R2 was used to compare the true and inferred haplotypes. Since this method 

considered both homozygote and heterozygote loci for comparison, the R2 between true and 

random phased haplotypes was not zero. Excluding the homozygote loci before comparison will 

reflect the accuracy of haplotype inference better than current method.   

Chapter 5 implements methods in chapters 3 and 4 in an R package (hsphase) and used an 

opposing homozygote matrix to reconstruct half-sib’s pedigree. The pedigree reconstruction 

algorithm used the Ward’s minimum variance method for clustering (Murtagh and Legendre, 

2014) and a recursion algorithm to reconstruct the pedigree. Half-sib pedigrees could be 

reconstructed with high accuracy but the accuracy can fluctuate. Our proposed algorithm for 

pedigree reconstruction  uses the expected number of opposing homozygotes between 
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individuals (Calus et al., 2011) as one criteria for distinguishing half-sibs from full sibs and 

unrelated individuals. Moreover, the number of expected recombinations was used as another 

criterion to distinguish the half-sibs from other relationships. We expect higher accuracy of 

half-sib pedigree reconstruction in outbred and crossbred populations compared with inbred 

populations. In other words, the accuracy would increase if the sires were unrelated and as the 

sires become more related the method cannot differentiate between individuals in different 

half-sib families. Probably, using IBD and haplotypes to create the relationship matrix can 

increase the accuracy of the pedigree reconstruction. 

Chapter 6 exploited a method similar to chapter 2 but at the haplotype level in a half-sib family 

to create a group matrix for fixing switch errors. This group matrix is similar to the block matrix 

created in chapter 3 but the algorithm for the creation of the group matrix is more robust to 

genotyping, pedigree and mapping errors. So using this algorithm may improve the accuracy of 

phasing and sire imputation.  

Paternal and maternal strands of half-sibs can be identified directly in the group matrix and the 

switch errors can be fixed accordingly. There is a lot of room for improvement of this algorithm 

and further changes would make it suitable for imputation of missing genotypes and phasing of a 

large population. 

In Chapter 7 an application of using haplotypes in animal breeding was demonstrated by 

replacing the GRM (VanRaden, 2008) with a  relationship matrix generated from haplotypes. 

This relationship matrix was created by partitioning the genome into segments (Hickey et al., 

2013b). Three methods were used for partitioning the genome and to create the relationship 

matrix. Then the accuracy of prediction and estimation were evaluated utilizing three traits. For 

all traits the accuracy of breeding value estimation was increased but the amount of increase in 
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the accuracy was trait and method dependent. In addition, the optimum haplotype length for 

achieving the highest accuracy must be determined for each dataset. Partitioning the genome 

with a different approach that uses physical or genetic distance may improve the accuracy and 

should be considered in future research. The results of chapter 7 indicate that using LD 

information between markers can increase the accuracy of QTL detection. Future analysis should 

consider the effects of heritability (Calus et al., 2008b; Villumsen et al., 2009), type of 

haplotypes partition and relationship analysis into account for calculation of the log-likelihood 

and accuracy. 

8.1. Future research 

As the genotyping technologies have evolved over the last decade, the cost of genotyping, 

particularly next-generation sequencing, have decreased substantially. One of the benefits of 

sequence data is that haplotypes can be directly extracted from the sequence reads using 

techniques known as sequence haplotype assembly (He et al., 2010; Efros and Halperin, 2012; 

Chen et al., 2013). Haplotypes can be used to create a matrix similar to the opposing homozygote 

matrix which is more informative than the opposing homozygote matrix itself (Chapter 3), 

because this matrix takes into account information on heterozygotes, in addition to homozygous 

sites. This matrix can be used to check, fix and reconstruct the pedigree of livestock populations 

with higher accuracy. Although the accuracy of methods based on haplotypes can be higher than 

genotype based methods, the accuracy of the algorithm would be dependent on the population 

structure. For example, differentiation between backcrosses and full-sibs may not be easily 

detectable. The sire imputation and recombination identification that are explained in chapter 4 

can be extended to haplotypes using the method of creation of the group matrix as explained in 
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chapter 6. The haplotype based methods for this purpose will increase the accuracy of sire 

imputation and recombination identification.  

The relationship matrix explained in chapter 7 can be extended to consider epistasis and 

dominance effects. Although some methods for identification of epistasis and dominance effects 

use machine learning techniques which are non-parametric and model free (Ritchie et al., 2001; 

Urbanowicz and Moore, 2009), these methods are very slow which makes their application 

limited, but history has shown that computational speed limits will be solved in the future as we 

have seen with the application of BLUP to large genetic evaluation systems (Henderson, 1975). 

    

8.2. Conclusion 

In this thesis I have shown that opposing homozygotes are a valuable source of information. 

They can be used to fix pedigree errors and reconstruct pedigree in half-sib structures. In 

addition, opposing homozygotes in half-sib families can be used to identify recombination events 

in the sire genome, impute sire and phase the offspring in a half-sib family with high accuracy, 

with methods that are robust to genotyping errors. Finally we demonstrate that utilizing 

information on opposing homozygotes to phase genotypes and using the haplotype information 

to create relationship matrices can increase the accuracy of breeding value estimation.    
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