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ABSTRACT 

 

ASSESSING HAPLOTYPE-BASED METHODS FOR GENOMIC PREDICTION IN 

HOLSTEIN CATTLE AND MAJOR SWINE BREEDS IN CANADA 

 

Zahra Karimi                                       Advisor: 

University of Guelph, 2018                          Professor Flávio S. Schenkel 

 

Genomic evaluations typically rely on methods using single nucleotide polymorphism 

(SNP) genotypes. Genomic Best Linear Unbiased Prediction (GBLUP) using haplotypes 

(GHAPBLUP) rather than individual SNPs (GSNPBLUP) may improve genomic prediction 

reliability (r2) because haplotypes are usually “multi-allelic” and, therefore, are more informative 

than individual SNPs, which are bi-allelic. The main objectives of this thesis were to assess 

haplotype-based approaches for genomic evaluation of economically important traits in Canadian 

Holstein cattle and in 3 major Canadian swine breeds (Duroc, Yorkshire and Landrace) using 

GBLUP. 

To achieve this, a total of 57 traits with various heritability levels in Holstein cattle were 

analyzed and predictions were validated using either an individual SNP-based relationship matrix 

(GSNP) or haplotype-based relationship matrices (GHAP) with different fixed-length haplotypes in 

GBLUP. The gain in reliability (r2) and reduction in bias by using GHAPBLUP with 5-SNP 

haplotype blocks were increased slightly when predicting moderate to high-heritability traits 

compared to the use of GSNPBLUP. No gain was observed for low-heritability traits. 

The alternate methods for constructing GHAP were evaluated for genomic prediction of few 

selected important traits using either 50K or imputed 333K SNP genotypes in Holstein cattle. A 

combination of LD-based and 5-SNP fixed-length haplotype blocks was found to be the best 

method for haplotype-based genomic prediction.  

In swine, GHAP based on various fixed-length haplotypes were assessed for a few selected 

economically important traits, using imputed 70K SNP data in 3 major Canadian purebred pigs. 

Overall GHAPBLUP increased r2 and reduced biases compared to GSNPBLUP across breeds and 



 
 

 
 

traits considered (from -0.7 to 8.2% points, and from 0.03 to 0.11 points, respectively). In contrast 

to Holstein cattle, longer haplotype blocks resulted in higher r2 compared to the shorter ones. 

In conclusion, using haplotype to build up the genomic relationship matrix for genomic 

prediction leads to slightly higher prediction reliability and less bias for most of the traits analyzed 

compared to individual SNP-based models. The results from GHAPBLUP in pigs were more 

promising than in dairy cattle and, therefore, the use of haplotypes may be a more relevant 

alternative to individual SNPs in genomic evaluation of pigs. 
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CHAPTER 1 

General Introduction 

  

 1.1. Introduction  

Best Linear Unbiased Prediction (BLUP), also referred to as traditional evaluation method, 

was first introduced by Henderson (1975) and was found to be beneficial for genetic improvement 

of livestock species (Sorensen, 1988). Traditional selection predicts breeding values based on 

probabilities that genes are identical-by-descent (IBD) by utilizing pedigree information, as well 

as phenotypic records (Meuwissen et al., 2001; VanRaden, 2008). However, traditional selection 

has a number of limitations. For example, discriminating of the genetic value of young full sibs 

would not be possible, since their predicted breeding values do not consider Mendelian sampling 

effects (Villumsen et al. 2009). Furthermore, traditional selection is difficult for sex-limited traits 

or for those traits that are expensive to measure (Hayes et al., 2009). As an alternative to BLUP, 

the Genomic Best Linear Unbiased Prediction (GBLUP) method was originally suggested by 

VanRaden (2008) in which high-density DNA markers are used with the assumption that they are 

in linkage disequilibrium (LD) with quantitative trait loci (QTL) affecting the traits of interest 

(Toosi et al., 2010). 

In recent years, many authors have reported the success of genomic selection in several 

livestock species, such as dairy cattle (e.g., VanRaden et al., 2009; Hayes et al., 2009) and pigs 

(e.g., Tribout et al., 2012; Badke et al., 2014). To date, several studies have indicated that genomic 

selection is significantly more accurate than traditional selection in young animals, especially for 

low-heritability traits, traits that are difficult to measure and sex-limited traits (e.g., Habier et al., 

2007; Miar et al., 2015). Current genomic evaluation methods rely on the estimation of single 

nucleotide polymorphism (SNP) effects. According to validation studies, the prediction reliability 

of young dairy cattle is still moderate, usually ranging from 40% to 70%. Hence, there is still 

considerable room for improvement. The use of haplotype-blocks instead of individual SNP 

genotypes to construct the genomic relationship matrix (G) may be a promising approach for 

genomic prediction in swine and dairy cattle breeding programs (Meuwissen et al., 2014a; 
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Cuyabano et al., 2015; Hess et al., 2017) because haplotype blocks are, to some extent, more 

informative than single-SNPs for describing recent IBD relationships (Broman and Weber 1999). 

In general, haplotypes are “multi-allelic” and may, thus, better capture LD with multi-allelic QTL, 

compared to individual SNPs genotypes which are usually bi-allelic (Meuwissen et al., 2014b). 

Studies using haplotype-based approaches for genomic evaluation have reported varying 

results. Many factors can affect the predictive ability obtained by the use of haplotype-based 

models, such as training population size, the methods used for constructing haplotype blocks, 

heritability of traits, and species (Villumsen et al., 2009; Hess et al., 2017). Even though some 

studies have revealed no improvement of prediction accuracies (Hickey et al., 2013; Uemoto et 

al., 2017), many others have shown improvement for some or all traits analyzed (e.g., Meuwissen 

et al., 2014b; Ferdosi et al., 2016; Hess et al., 2017). Several authors have stated that haplotype 

studies should be carried out specifically for each population, as the results from haplotype studies 

would be affected by the population and data structure (e.g., Villumsen et al., 2009; Hess et al., 

2017). 

To date, the dairy and swine industries in Canada (and most countries around the world) 

have focused only on using an individual SNP-based relationship matrix on GBLUP (GSNPBLUP) 

in their genomic evaluations. There is no comprehensive published study 

evaluating the haplotype-based relationship matrix with GBLUP (GHAPBLUP) for economically 

important traits in Canadian Holstein cattle, as well as in the major Canadian pig breeds. This 

thesis seeks to evaluate the potential use of GHAPBLUP in Holstein cattle and purebred pigs in 

Canada.  

1.2. Research Objectives 

This study set out to investigate the possible advantages of haplotype-based models in terms 

of prediction reliability and prediction bias for genomic predictions in Holstein cattle and major 

swine breeds in Canada.  

Chapter 2 compares the predictive reliability of haplotype-based models to an individual SNP-

based model across 57 traits with a wide range of heritability levels, as an alternative genomic 

evaluation model for Holstein cattle. Four sizes of fixed haplotype blocks were tested, i.e. 5, 10, 
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15 and 20 to find the optimum size of haplotype blocks for building a haplotype-based relationship 

matrix (GHAP). In addition to the different methods for calculating G matrix, the effects of trait 

heritability levels and presence of MACE proofs in the training set on prediction reliabilities and 

prediction biases were also investigated in this chapter.  

Chapter 3 aims to compare the genomic reliabilities predicted by the use of different 

methods to construct haplotype-blocks for building GHAP. These methods include constructing 

haplotype-blocks based on 1) pairwise LD information; 2) a fixed number of adjacent SNPs; 3) 

combination of LD-based haplotype blocks and individual SNPs not assigned to haplotype blocks; 

and 4) combination of LD-based haplotype blocks and fixed-length haplotype blocks of 5 adjacent 

SNPs not assigned to haplotype blocks. Moreover, the effect of using selected haplotypes on 

prediction reliability and bias in comparison to non selected haplotypes, non-selected SNP 

genotypes and selected SNP genotypes is investigated on both 50K and imputed 333K genotype 

data. The traits analysed include milk, protein and fat yield and fat and protein percentage.  

Chapter 4 assesses the haplotype-based model in comparison to a SNP-based model in terms 

of prediction reliability and bias across four traits (i.e., backfat thickness, total number born, and 

age and loin depth adjusted to 100kg live weight) and different breeds of swine (i.e., Duroc, 

Yorkshire and Landrace). Five sizes of fixed haplotype blocks were examined, i.e. 5, 10, 15, 20 

and 30, in order to find the optimum size of haplotype blocks for building GHAP.  

Chapter 5 discusses the results from the previous chapters. This chapter also summarizes the 

possible reasons behind the observed differences in the performance of haplotype-based models 

between Holstein cattle and swine breeds. 
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2.1. Abstract 

A single nucleotide polymorphisms-based genomic relationship matrix (GSNP) discriminate 

less identity-by-state from identity-by-descent (IBD) alleles compared to a multi-locus haplotype-

based relationship matrix (GHAP), which can better capture IBD alleles and recent relationships. 

We aimed to compare the prediction reliability and prediction bias of Genomic Best Linear 

Unbiased Prediction (GBLUP) using either GSNP or GHAP in Holstein cattle. Therefore, a total of  

57 traits with a wide range of heritability values were analyzed. Classical validation tests were 

done using a validation dataset comprised of 50k genotype records of 561 to 669 proven bulls born 

in 2010-2011 with an official EBV in 2016 and a training set of 5,314 to 19,678 bulls born before 

2010, depending on the trait. The method for building the genomic relationship matrix (G) had 

significant, but small effect on observed reliability (r2
GEBV) (p < 0.0001) and bias (p < 0.0001). A 

significant interaction between G and the level of trait heritability on r2
GEBV and bias was also 

observed (p < 0.0001). The small gains in r2
GEBV and small reductions in the bias by using 

GHAPBLUP were increased when predicting moderate to high-heritability traits compared to low-

heritability traits.  
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2.2. Introduction 

Traditional evaluation methods are based on probabilities that genes are identical by 

descent (IBD) using pedigree data as well as phenotypic information. Genomic selection (GS) uses 

dense genome-wide marker panels to quantify relationship between individuals and this may be 

more rigorous than only using expected probabilities out of pedigree information (Meuwissen et 

al. 2001; Habier et al. 2007; VanRaden 2008). Nejati-Javaremi et al. (1997) reported that the total 

allelic relationship provides more precise breeding values than a pedigree-based genetic 

relationship, as it takes into account identity by state (IBS) and variation in the average measures 

of IBD relationships (i.e. Mendelian sampling). These features may increase the accuracy of 

genomic selection compared to traditional selection.  

When moving from the traditional BLUP to genomic BLUP (GBLUP), Wright’s numerator 

relationship matrix (A) is replaced by a genetic-marker-based relationship matrix (G). Therefore, 

the genomic model based on single nucleotide polymorphism (SNP) is analogous to the traditional 

BLUP model, replacing the A matrix by the G matrix. Because G is built based on marker alleles 

being IBS (Meuwissen et al., 2001; VanRaden, 2008), there are a number of limitations. As an 

illustration, SNP markers on a SNP chip are usually chosen for their moderate to high minor allele 

frequency (MAF). Therefore, most of the SNPs in the commercial chips are expected to be old 

mutations. The reason is that all new mutations have a low frequency at the beginning and a large 

part of them may disappear before reaching considerable frequency (Meuwissen et al., 2014b). 

Since the single-nucleotide-based relationship matrix (GSNP) is based on SNPs with relative high 

MAF, this may imply that GSNP traces old relationships from distant relatives and, therefore, may 

not trace changes due to recent selection accurately compared to the haplotype-based relationship 

matrix, GHAP (Meuwissen et al., 2014a;  2014b). A haplotype block is defined as the combination 

of alleles of at least two neighboring genetic markers on the same chromosome that are more 

frequently inherited together. There are a variety of methods for building haplotype blocks such 

as: reconstructing haplotype blocks using linkage disequilibrium (LD) information, combining 

fixed number of adjacent SNPs into a block, using runs of homozygosity information, for among 

others (e.g., Hayes et al., 2007; Villumsen et al., 2009; Luan et al., 2014). Meuwissen et al. (2014b) 

suggested that building the relationship matrix using haplotypes instead of single SNPs may 

improve the accuracy of genomic predictions via GBLUP. 
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Another potential limitation of GBLUP using GSNP (GSNPBLUP) is that the SNPs are bi-

allelic and, therefore, their polymorphism information content is not high. This restricts the ability 

of GSNPBLUP to effectively capture LD between SNPs and multi-allelic quantitative trait loci 

(QTL). Haplotype blocks are in general “multi-allelic” and may, therefore better capture LD with 

multi-allelic QTL compared to individual SNPs (Meuwissen et al., 2014b). It is also worth noting 

that longer haplotype blocks provide more information on possible recent mutations and on close 

relationships than the short ones (Hickey et al., 2013; Sargolzaei et al., 2014). Furthermore, 

haplotype effects could include local epistatic effects among QTLs located within the haplotype 

blocks (Hickey et al., 2013). In addition, GHAP can differentiate between IBD and IBS, while GSNP 

cannot. This is because long shared haplotype blocks are likely to come from common ancestors. 

Therefore, long haplotype blocks can better capture information on IBD regions than individual 

SNPs (Broman and Weber, 1999). 

One of the important factors determining the prediction accuracy obtained by GHAPBLUP 

is the size of training set. It was reported that the larger the number of phenotypic records is, more 

accurate the effect of haplotype alleles would be estimated (Hayes et al., 2007; Clark et al., 2011; 

Pimentel et al., 2013). There is a lower probability of observing haplotype alleles that are present 

in a candidate for selection in a small training dataset than in a large training dataset. Thus, 

GHAPBLUP is likely more sensitive to small training data sets than GSNPBLUP (Hess et al., 2017). 

Therefore, it might be expected that by adding Multiple Across Country Evaluation (MACE) 

proofs into the training set (i.e. increasing the training size) would benefit more the GHAPBLUP 

prediction accuracy compared to GSNPBLUP. 

As reported by several validation studies (e.g., VanRaden, 2008; Pérez-Cabal et al., 2012), 

the accuracy of evaluation of young animals in dairy cattle is still moderate, mainly ranging from 

40% to 70%, thus leaving considerable room for improvement. In Canada, the official national 

genomic evaluations are based on GSNP- BLUP method (CDN, www.cdn.ca) and it is of interest to 

know which traits or groups of traits would potentially benefit from GHAPBLUP. Therefore, the 

objectives of this study were: 1) To compare the use of GSNP and GHAP relationship matrices in the 

GBLUP method with respect to prediction reliability and prediction bias across 57 traits with a 

large range of heritability values; and 2) To assess the influence of adding MACE proofs on the 

performance of GHAPBLUP in Holstein cattle. 

http://www.cdn.ca/
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2.3. Materials and Methods 

2.3.1. Ethics Statement 

  The animals included in this study were managed in accordance with the “Code of practice 

for the care and handling of dairy cattle in Canada” (National Farm Animal Care Council, 2009) 

and no Animal Care and Use Committee approval was necessary for the purposes of this study, as 

all information required was obtained from existing databases. 

2.3.2. Genotyped Animals 

The Holstein genotype data was provided by the Canadian Dairy Network (CDN, Guelph, 

Ontario, Canada). A total of 8,124 and 13,112 Holstein bulls with official domestic and MACE 

proofs were used in this study, respectively. All animals were genotyped using the Illumina 

BovineSNP50TM Bead Chip (Illumina Inc, San Diego, USA).  

2.3.3. Training and Validation Sets 

The genotyped Holstein bulls were classified as training and validation sets. Information 

from bulls in the training set were used to predict bulls in the validation set (VanRaden, 2008). 

The sizes of the training and validation sets varied among the different traits (see Supplementary 

Table 2.S1). The validation bulls included bulls born between 2010 and 2011 that had an official 

EBV in 2016. De-regressed EBVs based on the 2016 genetic evaluation (dEBV2016) were used 

for validation purposes. The size of the validation set varied from 561 to 669 across the different 

traits, while the size of training sets varied from 5,314 to 19,678. De-regressed EBVs from 2011 

genetic evaluation were used as pseudo-phenotypes in the training set. A total number of 57 traits 

with a large range of heritability values were analyzed. Details about heritability and number of 

animals in validation and training sets of each trait are given in Supplementary Table 2.S1. 
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2.3.4. Quality Control  

The initial quality control (QC) was performed on the 50k SNP chip panel genotypes by 

the Council on Dairy Cattle Breeding (CDCB) according to Wiggans et al. (2009). Additional 

editing was performed on the genotypes, containing 45,187 SNPs, using the following criteria for 

excluding SNPs: 1) SNPs located in non-autosomal regions; 2) SNPs with a p-value of chi-

square test for the Hardy Weinberg equilibrium less than or equal to 10-8; 3) SNPs with a MAF 

less than 0.01 and 4) SNPs with call rate per SNP less than 0.98. A total of 43,416 SNPs were 

retained for further analyses. 

2.3.5. Haplotype Construction 

For the GHAPBLUP analyses, parental haplotypes were reconstructed using FImpute V2.2 

software (Sargolzaei et al., 2014). For phasing, all available animals (i.e., training and validation; 

n=58,000) were used as described by (Weng et al., 2014 and Hess et al., 2017). Afterwards, 

haplotype blocks were constructed by considering a fixed number of adjacent SNP markers along 

the chromosomes. In order to apply GHAPBLUP using an existing SNP-based software package, 

pseudo SNPs were derived from haplotype blocks. The conversion of parental haplotypes to 

pseudo SNPs was carried out by converting each haplotype in a haplotype block to a pseudo SNP 

(Mulder et al., 2010; Meuwissen et al., 2014b), as follows: if a haplotype block at a specific 

location had five different haplotypes (alleles), such as a, b, c, d and e, this was translated into five 

pseudo SNPs. Therefore, each pseudo SNP would represent a haplotype allele so that an individual 

would have allele ‘1’ for SNP1 when haplotype allele ‘a’ is observed and ‘0’ otherwise; would 

have allele ‘1’ For SNP2 when haplotype ‘b’ is observed and ‘0’ otherwise, and so on. This process 

moved to the subsequent positions until all chromosomes were covered. The genotype codes for 

each pseudo-SNP were the number of copies of the corresponding haplotype alleles.  
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The pseudo SNPs were also created using snp1101 software (Sargolzaei, 2014). The total number 

of haplotypes was different depending on the size of haplotype blocks that was used. Four sizes of 

fixed haplotype blocks were tested, i.e. 5, 10, 15 and 20. Haplotype alleles with observed frequency 

less than 1% were excluded from the analyses. 

2.3.6. Genomic Predictions 

Genomic predictions were carried out using either GSNPBLUP or GHAPBLUP. The genomic 

relationship matrix (G) was defined as:  

𝐆 =  
𝐗𝐗′

2 ∑ 𝑝j (1 − 𝑝j)
 

where the elements of X are xij = [zij-2pj] and zij is the number of copies of the allele at marker j 

for individual i and pj is allele frequency of allele j (VanRaden 2008). The GHAP matrices were 

calculated as above after converting haplotype blocks to pseudo SNPs. The matrix Z, with 

elements zij, contains original SNP calls for GSNP and pseudo SNP codes for GHAP. Four GHAP 

matrices were constructed depending on the different sizes of the haplotype blocks. They are 

represented by GHAP5, GHAP10, GHAP15 and GHAP20 for haplotype blocks of size 5, 10, 15 and 20 

SNPs, respectively. 

Following mixed model for GBLUP was used as VanRaden (2008) proposed:  

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝒆 

𝐕(𝐞) = 𝐑𝜎𝑒
2       

𝐕(𝐮) = 𝐙𝐆𝐙′𝜎𝑎
2       

𝐕(𝐲) = 𝐙𝐆𝐙′𝜎𝑎
2  + 𝐑𝜎𝑒

2        

where the element of 𝐲 represents de-regressed EBV proofs of the bulls, b is the vector of fixed 

effects which in this case is the overall mean, u is the vector of additive genetic effects, e is a 

vector of random errors with variance of 𝐑𝜎𝑒
2  (matrix R is diagonal with elements 𝑅𝑖𝑖 =  

𝟏

𝑅𝑒𝑙
− 1, 

where 𝑅𝑒𝑙 is the bull’s reliability from daughters with parent information excluded), X and Z are 
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the incident matrices that relates the fixed and random effects to y, respectively. Vector u contains 

the additive genetic effects for each marker (VanRaden 2008). To prevent the singularity of G 

matrix was constructed as 95% plus 5% A.  

2.3.7. Reliability of Predictions 

Observed reliability of predictions was calculated using the square of Pearson’s correlation between 

dEBV2016 and predicted GEBV (referred to as r2
GEBV) for validation bulls. Moreover, the slope of 

regression of dEBV2016 on predicted GEBV (referred to as bGEBV), was calculated to evaluate the 

prediction bias (possible inflation or deflation) of the alternative analyses. 

2.3.8. Comparing Relationship Matrices   

All GHAP were compared to GSNP matrix using the Euclidean distance (reference):   

2

ij ij

i j

d( , )= (c -d )C D  

where cij and dij are elements of one of the 5 alternate GHAP matrices (C) and of the GSNP matrix 

(D), respectively. 

2.3.9. Post-Analysis of the Results 

 Post-analyses of the results were performed to assess the effect of different methods for 

calculating G matrix, trait heritability level and presence of MACE proofs in the training set of the 

57 traits on prediction reliabilities and prediction biases. The MIXED procedure of SAS (SAS 

Institute Inc. 2009) was applied using the following mixed model: 

yijkm =  μ + Gi + Hj + Mk  +  GHij +  GMjk + eijkm                                                  Model (1) 

where yijkm is r2
GEBV or bGEBV for trait m, μ is the overall mean, Gi is the fixed effect of the i-th 

relationship matrix (GSNP, GHAP5 , GHAP10, GHAP15 and GHAP20), Hj is the fixed effect of the j-th 

class of heritability (1: 0-0.15, 2: >0.15-0.30, 3: > 0.30), Mk is the fixed effect of the k-th class of 

training set (1= domestic, 2 = domestic + MACE), GHij is the interaction between the i-th level of 

G and the j-th level of H, GMjk is the interaction between the i-th level of G and k-th level of M 

and eijkm is the random residual effects. For each trait, five different G matrices were tested, so 
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the observations yijkm were assumed to be repeated records for a trait and the residuals eijkm were 

assumed correlated within each trait with an unstructured covariance matrix. The estimated 

validation reliabilities and slopes were assumed to have the same precision across traits. This 

would likely be a reasonable assumption, because for the majority of the traits the size of the 

validation population was fairly large and similar (ranging from 595-702), except for three traits 

(402-586; see supplementary Table 2.S1). Regarding the training set classes, there were a total of 

13 traits with only domestic proofs (on average 6,486 animals) and a total of 44 traits with both 

domestic and MACE proofs (on average 17,529 animals) in the training sets. 

2.4. Results and Discussion 

Haplotype blocks were constructed based on alternate fixed number of adjacent SNPs, 

because of its simplicity compared to the other methods of haplotype block construction. In 

addition, it was previously reported that haplotype blocks based on fixed number on adjacent SNPs 

could enhance the predictive accuracy in dairy cattle (Hess et al. 2017). Nevertheless, this method 

of haplotype construction does not account for variation of recombination rates across the genome 

(Hess et al. 2017), contrarily to other more complicated methods, such as LD-based haplotype 

methods (Cuyabano et al. 2015). 

2.4.1. Phasing Quality 

Browing and Browing (2011) stated that the quality of phasing is mostly affected by marker 

density, the number of individuals and relationship among them. In this study, individuals were 

highly related and most of them were sire-progeny pairs. Miar et al. (2017) showed that the 

accuracy of phasing is very high when information on both parents is available and it is almost the 

same when only sire information is available using FImpute (accuracy of 99.86 and 99.99, 

respectively). Therefore, it is expected that possible phasing errors would not have an important 

impact on the results observed for GHAPBLUP. 

2.4.2. Computation Time 

Since medium density panel was utilized in this study, the use of GSNP and GHAP 

relationship matrices in the GBLUP did not differ considerably in terms of runtime (it was 2.58 
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minutes for GSNPBLUP and from 1.95 minutes to 2.92 minutes for GHAP20BLUP to GHAP5BLUP). 

By increasing the length of haplotypes runtimes reduced since there was less predictor variables 

in dataset (Table 2.1). Hess et al. (2017) reported that Bayesian models that fitted haplotype alleles 

as predictor variables had longer runtimes compared to Bayesian models that fitted individual 

SNPs. 

It should be noted that an extra time was spent on constructing haplotypes and converting 

them to pseudo SNPs which varied depending upon the length of haplotype blocks. The required 

time for this purpose varied from 1.92 minutes to 6.48 minutes for 5- to 20-SNPs, respectively. As 

expected, computing time was longer for longer haplotype blocks, because there were more 

haplotype alleles (before exclusion of rare haplotype alleles) for longer haplotypes. 

2.4.3. Haplotype Allele Diversity 

The average number of unique haplotype alleles within haplotype blocks varied across the 

genome depending on the pre-defined size of haplotype blocks. In general, by increasing the size 

of haplotype blocks, the average number of unique haplotypes increased substantially (Table 2.1). 

In theory, for haplotype size of n independent SNPs, there are 2n possible unique 

haplotypes. In this study, however, except for haplotype size of 5 SNPs, the observed number of   

unique haplotype alleles was considerably smaller than the possible number, as it would be 

expected. This is mainly due to the small effective population size (Ne) in Holstein dairy cattle, 

the level of LD, as well as the relatively small number of genotyped bulls, which may not be 

representative of all possible haplotype alleles across the whole population. In addition, a SNP and 

haplotype minor allele frequency threshold of 1% was imposed when editing the genotype file. 

2.4.2. Pseudo SNP Frequency 

The total number of pseudo SNPs formed varied depending on the size of haplotype blocks. 

In general, by increasing the size of haplotype blocks, the total number of pseudo SNPs had a 

decreasing trend (Table 2.1). The longer the haplotype size, the more rare haplotype alleles are 

expected; those rare haplotype alleles were then excluded from further analysis, according to the 

defined 1% threshold for haplotype allele frequency during the editing process. It was previously 

reported by Villumsen et al. (2009) that increasing the size of the haplotype blocks leads to 
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increased number of haplotype alleles with lower frequency (i.e., rare haplotype alleles). However, 

rare haplotype alleles need to be removed from analysis due to low accuracy of estimating their 

effects (Hess et al. 2017). 

Euclidean distances between different relationship matrices are compared in Table 2.2. The 

results confirm that not only GSNP matrix is different from GHAP matrices, but also different types 

of GHAP, differ from each other. Moreover, by increasing the size of haplotype blocks, this 

differentiation increases as well. This might be due to the fact that by increasing the size of 

haplotype blocks, more rare haplotype alleles were created, which were excluded from building 

GHAP matrices and, consequently, could cause more differentiation. However, this comparison 

alone does not indicate which one of the investigated matrices contains more useful information 

about the genomic relationships among animals. 

2.4.3. Post-Analysis of Prediction Reliability and Bias 

Results for all 57 individual traits are given in the Supplementary Tables 2.S1 to 2.S3. 

Because of the large number of traits analyzed and the many factors investigated (different 

genomic relationship matrices, different classes of heritabilities (H), and types of training sets 

(M)), an analysis of the results was also carried out. 

Post-analysis of results using model (1) for prediction reliabilities are shown in Table 2.3. 

There were small but highly significant effects of G matrix (p < 0.0001), H (p < 0.0001), and M 

(p = 0.0018). The small interaction effect between H and G was also highly significant (p < 

0.0001), however, the interaction between G and M was not significant (p = 0.1246).  

In general, GHAP5- and GHAP10BLUP showed only slightly higher reliabilities compared to 

using GSNPBLUP. The complete set of prediction reliabilities for GSNPBLUP and the alternate 

GHAPBLUP are presented in the supplementary Table 2.S2.  The difference in reliabilities obtained 

from GHAP- and GSNPBLUP analyses varied from -4.2 to +3.3% points across all scenarios (Table 

2.S2). On the other hand, GHAP15- and GHAP20BLUP resulted in slightly lower reliabilities than 

GSNPBLUP for most of the traits in this study. Villumsen et al. (2009) reported that after a certain 

point there is a negative relationship between increasing the size of haplotypes used for the 

prediction models and gain in the prediction reliability. They concluded that a haplotype block 
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with 10 SNPs was the optimal size for two traits with heritability of 0.30 and 0.02 with respect to 

reliability of genomic predictions. The optimum size of haplotype blocks may, however, vary 

depending on the dataset and the type of analysis (Calus et al. 2009). Therefore, an optimum size 

of haplotype blocks needs to be assessed independently by taking into consideration the type of 

dataset and goal of the study (Hess et al. 2017).  

No significant interaction between type of training set (domestic proofs only or domestic 

and MACE proofs) and methods to create the G matrix was found (p = 0.1246) (Table 2.3, Figure 

2.1). There were 44 traits with an average of 11,105 MACE proofs and 6,423 domestic proofs in 

the training set, while there were 13 traits with an average of 6,486 domestic proofs and no MACE 

proofs in the training set. Therefore, the size of training sets was about 3 times larger for traits with 

MACE proofs than for traits with no MACE proofs. Thus, more improvement in reliability for 

traits with MACE proofs in the training set would be expected when using GHAPBLUP compared 

to those with no MACE proofs in the training set. However, the expected improvement was not 

observed, which might be because when adding MACE proofs into the training set there may exist 

more new rare haplotype alleles and the rare haplotype alleles were removed from the dataset for 

the analyses. In addition, MACE bull proofs are on average less reliable than domestic proofs 

(Schenkel et al. 2009), potentially introducing more noise into the analyses.  

Table 2.4 presents the post-analysis results for the slope of regression of dEBV2016 on 

GEBV (bias). There was a small highly significant effect of G (p < 0.0001), H (p = 0.012) and M 

(p = 0.0119) on bias. Moreover, the small interaction effect between G and H was significant (p = 

0.0212), while the interaction between G and M was not significant (p = 0.0900). 

All results of regression coefficients for GSNPBLUP and GHAPBLUP are presented in the 

supplementary Table 2.S3. The difference of regression coefficients obtained by GHAP- and 

GSNPBLUP analyses varied from -0.07 to +0.07 points (Table 2.S3).  

Past reports have also shown that the gains in accuracy in genomic predictions using 

different GHAP-based models were small (Edriss et al. 2013; Meuwissen et al. 2014b; Jónás et al. 

2016). In this study, with the GHAPBLUP, although there was not a notable improvement in 

predicted reliabilities for low heritability traits, a slight increase in predicted reliabilities was 

observed for traits with medium to high-heritability, such as production traits (see supplementary 
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Table 2.S2), compared to GSNPBLUP (Figure 2.2). This result agrees with previous reports 

showing that, in general, GHAPBLUP may yield prediction reliabilities similar to the GSNPBLUP or 

slightly improved for some traits (Calus et al. 2008; Villumsen et al. 2009; Parker Gaddis et al. 

2014). In addition, Cuyabano et al. (2014) reported that, although haplotype approach improved 

the predictability for the traits with high-heritability (e.g., milk protein trait), it did not result in 

any improvement for low-heritability traits (e.g., mastitis and fertility) using ridge regression 

BLUP. 

One possible reason for the improvement in the reliability observed for some traits could 

be that individual SNPs have lower information content, because they are bi-allelic. However, 

haplotype blocks are generally multi-allelic (Ryynänen et al. 2007). Therefore, haplotype blocks 

may better capture LD between multi-allelic QTL and the SNP markers, which might be especially 

important for traits controlled by many multi-allelic QTL. Furthermore, the interaction between 

SNPs inside haplotype blocks may be also captured by haplotype-based methods (Jónás et al. 

2016). 

With respect to prediction bias, no significant interaction between type of training set 

(domestic proofs only or domestic and MACE proofs) and methods to create the G matrix was 

found (p = 0.0900) (Table 2.4, Figure 2.3). Increasing the size of training set by adding MACE 

proofs did not yield any particular advantage of GHAPBLUP over GSNPBLUP regarding prediction 

bias (Figure 2.3). However, in general, GHAPBLUP slightly reduced bias, especially for high-

heritability traits (Figure 2.4). Therefore, it may be useful to use haplotypes in genomic prediction 

instead of individual SNPs, specifically for high-heritability traits, as they could slightly reduce 

the prediction bias, while maintaining or slightly increasing the prediction reliabilities. Similarly, 

Jónás et al. (2016) reported that bias may decrease by 9% when switching from the individual SNP 

approach to the haplotype approach. Calus et al. (2008) also stated that haplotype information 

could reduce bias in a simulation study. On the other hand, Cuyabano et al. (2014) claimed that 

prediction bias was not reduced when using a GHAP-based model in comparison to the GSNP-based 

model.  

In Canada, Holstein cattle have been under strong selection for production and 

conformation traits over several decades. However, more recently selection strategies have 
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changed towards putting more emphasis on reproduction and health traits in selection indices 

(Miglior et al. 2017). Thus, it is reasonable to expect that for those latter traits genomic predictions 

using GHAPBLUP could provide slightly more gain in prediction reliability compared to the use of 

GSNPBLUP. This is because the GHAP matrix uses more recent relationship compared to GSNP 

matrix. Meuwissen et al. (2014b) indicated that GHAP matrix leads to higher accuracy compared to 

GSNP for traits that have been under strong recent selection in swine. Our results agree with this 

expectation only for a few of the low-heritability traits such as cow’s calf survival, herd life, age 

at first service and heel depth for which the GHAPBLUP increased the prediction reliability by 1.1, 

1.0, 2.3 and 2.8 % points, respectively, compared to the GSNPBLUP (see supplementary Table 

2.S2). However, GHAPBLUP did not improve the prediction reliability for majority of the low 

heritability traits (e.g., days open and daughter fertility) compared to GSNPBLUP.  

2.4.4. Optimum Haplotype Block Size  

In this study, the best improvement in prediction reliabilities using GHAPBLUP was 

observed at different sizes of haplotype blocks across traits. (see supplementary Table 2.S2). There 

are reports from simulation studies showing that the highest prediction reliabilities are obtained by 

using haplotype blocks with length varying from 5 to 10 SNPs (Villumsen and Janss, 2009; 

Villumsen et al., 2009). Hess et al. (2017) indicated that for different traits on average less than 8 

SNPs per haplotype block resulted in higher prediction accuracies when compared to using an 

individual SNP model. Our results showed that on average across the 57 traits the optimum size 

of haplotype to obtain the highest prediction reliability was 5 SNPs (Figure 2.1). Furthermore, the 

results from the 5-SNP haplotype blocks were similar to the results from the 10-SNP haplotype 

blocks. However, the lowest bias was observed when using haplotype size of 5 SNPs for traits at 

any class of heritability, particularly high-heritability traits, as shown in Figure 2.4. Almost for all 

the traits, the haplotype based on 20-SNP yielded the poorest prediction reliabilities and the highest 

biases, as compared to other sizes of the haplotype blocks (Figure 2.4). Similarly, Villumsen et al. 

(2009) reported that by increasing the size of haplotype block, the number of rare haplotype alleles 

would increase, but there may not be enough observations to estimate their effects with a 

reasonable accuracy. It was also suggested that the optimum haplotype size may vary across 

genome as recombination events can shorten LD blocks and form new haplotype alleles (Hess et 

al. 2017). Therefore, construction haplotypes using LD information may be more beneficial for 
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genomic prediction than using fixed-length of haplotype blocks, but they would be 

computationally more demanding to be implemented and would potentially change over time as 

more genotypes are accumulated. 

2.5. Conclusions 

This study was carried out to assess the possible advantages of using haplotype-based 

GBLUP compared to using individual SNP-based GBLUP in terms of reliability and bias of 

genomic predictions in Holstein cattle. For the majority of the 57 traits analyzed, the predictive 

reliability of GHAPBLUP was found to be equal to or only slightly better than GSNPBLUP. Post-

analyses of the results revealed that the effect of the alternate relationship matrices had a significant 

interaction with the level of trait heritability. The gains in reliability by using GHAPBLUP were 

increased when predicting high-heritability traits compared to low-heritability traits. Irrespective 

of the level of heritability, the prediction reliability was slightly higher and prediction bias slightly 

smaller for GHAP5 compared to the other alternate haplotype sizes (i.e. GHAP10, GHAP15 and GHAP20). 

No significant interaction between type of training set (domestic proofs only or domestic and 

MACE proofs) and methods to create the G matrix was found on both prediction reliability and 

bias, suggesting that the choice of using individual SNPs or haplotypes and the haplotype sizes 

would not depend on the inclusion or not of MACE proofs. Further studies should investigate the 

effect of recent selection and the use of linkage disequilibrium based haplotypes on the 

performance of GHAPBLUP. 
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2.7. Tables 

Table 2.1.  Descriptive statistics for number of unique haplotype alleles and total number of 

pseudo-SNPs (NP-SNP) for different sizes of haplotype blocks in 21,236 proven bulls  

Haplotype-size Mean SDa Minb Maxc NP-SNPd 

5 16.29 4.37 2 32 75,263 

10 60.57 26.18 2 239 62,302 

15 113.75 49.77 2 562 47,168 

20 174.75 61.34 6 741 37,270 
aStandard deviation (SD) 
bMinimum number of haplotype alleles within a haplotype block (Min) 
cMaximum number of haplotype alleles within a haplotype block (Max) 
dNumber of pseudo-SNPs after excluding haplotype alleles with frequency less than 1% 

 

Table 2.2. Euclidean distance between different relationship matrices 

Matrix GHAP5
b GHAP10

b GHAP15
b GHAP20

b 

GSNP
a 16.62 21.42 24.39 75.25 

GHAP5  12.10 16.04 74.11 

GHAP10   9.25 71.67 

GHAP15    70.19 
a Individual SNP-based relationship matrix (GSNP) 

bHaplotype-based relationship matrix with n SNPs within each haplotype block (GHAPn)  

 

Table 2.3. P-values of F-test comparing the validation reliability of GEBVs (r2
GEBV) obtained by 

alternative genomic relationship matrices (G) matrices, different classes of heritabilities (H), and 

alternate training sets (M) 

Effecta DFb F-value P-value 

G 4 17.4 <.0001 

H 2 27.42 <.0001 

M 1 9.69 0.0018 

G*H 8 5.58 <.0001 

G*M 2 3.13 0.1246 
aG*H = interaction between different relationship matrices and level of heritabilities and G*M = 

interaction between different relationship matrices and training sets 

bDegree of freedom (DF) 
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Table 2.4. P-values of F-test comparing the regression coefficient of dEBV2016 on GEBVs (bias) 

obtained by alternative genomic relationship matrices (G), different classes of heritabilities (H), 

and alternate training sets (M) 

Effecta DFb F-value P-value 

G 4 17.42 <.0001 

H 2 7.66 0.012 

M 1 6.78 0.0119 

G*H 8 2.45 0.0212 

G*M 2 2.14 0.0900 
aG*H = interaction between different relationship matrices and different level of heritabilities, and 

G*M = interaction between different relationship matrices and training sets 
bDegree of freedom (DF) 
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2.8. Figures 

Figure 2.1. Least squares means of validation reliability (r2
GEBV) for different G matrices and traits 

with either no MACE proofs or with MACE proofs in training set. The SE of the least square 

means ranged from 0.0174 to 0.0335. 

   

Figure 2.2. Least squares means of validation reliability (r2
GEBV) for different G matrices and 

different classes of heritabilities (H1 = 0-0.15, H2 = 0.15-0.30 and H3 > 0.30). The SE of the least 

square means ranged from 0.0226 to 0.0338. 
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Figure 2.3. Least squares means of regression coefficients of dEBV2016 on GEBV (Bias) for 

different G matrices and traits with either no MACE proofs or with MACE proofs in training set. 

The SE of the least square means ranged from 0.0198 to 0.0378. 

 

 

Figure 2.4. Least squares means of regression coefficients of dEBV2016 on GEBV (Bias) for 

different G matrices and different classes of heritabilities (H1 = 0-0.15, H2 = 0.15-0.30 and H3 > 

0.30). The SE of the least squares means ranged from 0.0258 to 0.0381. 

Domectic Domestic + MACE

  Gsnp

  GH5

  GH10

  GH15

  GH20L
e
a

st
S

q
u

a
re

s 
M

e
a

n
s GSNP 

GHAP5 

GHAP1

0 GHAP1

5 GHAP2

0 

Domectic Domestic + MACE

  Gsnp

  GH5

  GH10

  GH15

  GH20L
ea

st
S

q
u

a
re

s 
M

ea
n

s
GSNP 

GHAP5 

GHAP1

0 GHAP1

5 GHAP2

0 



  

24 
 

2.9. Supplementary Tables 

Table 2.S1. Trait abbreviation, trait name, heritability of the traits, number of animals in training 

and validation datasets 

Trait h2 Traininga Validation 

Abbreviation Name  Domestic MACE  

MILK Milk production 0.410 6,515 13,088 605 

FAT Fat production 0.340 6,515 13,088 605 

PROT Protein production 0.370 6,515 13,088 605 

FATD Fat Deviation (Fat %) 0.370 6,515 13,088 605 

PROTD Protein Deviation (Protein %) 0.370 6,515 13,088 605 

SCS Somatic Cell Score 0.240 6,515 12,993 605 

CONF Conformation 0.261 6,515 11,904 605 

RUM Rump 0.233 6,515 11,900 605 

MS Mammary System 0.247 6,515 11,904 605 

FL Feet & Legs 0.152 6,515 11,797 605 

DS Dairy Strength 0.359 6,515 11,905 605 

RAN Rump Angle 0.365 6,515 11,904 605 

PW Pin Width 0.340 6,515 11,904 605 

LS Loin Strength 0.251 6,515 0 605 

UD Udder depth 0.415 6,515 11,900 605 

UT Udder Texture 0.141 6,515 0 605 

MSL Median Suspensory ligament 0.140 6,515 11,904 605 

FA Fore udder attachment 0.282 6,515 11,902 605 

FTP Front Teat Placement 0.313 6,515 11,904 605 

RAH Rear Attachment Height 0.234 6,515 11,903 605 

RAW Rear Attachment Width 0.200 6,515 0 605 

RTP Rear Teat Placement 0.294 6,515 11,904 605 

TL Teat length 0.293 6,515 11,900 605 

FAN Foot Angle 0.109 6,515 11,898 605 

HD Heel Depth 0.076 6,515 0 605 

BQ Bone Quality 0.300 6,515 0 605 

LSV Leg side view 0.244 6,515 11,904 605 

LRV Leg rear view 0.125 6,515 11,804 605 

ST Stature 0.529 6,515 11,904 605 

FE Height at front end 0.259 6,515 0 605 

CW Chest width 0.218 6,515 11,902 605 

BD Body depth 0.320 6,515 11,908 605 

ANG Angularity 0.257 6,515 11,802 605 

LP Lactation persistency 0.364 6,515 0 605 

CA Calving ability 0.060 7,422 12,256 702 

DCA Daughter calving ability 0.060 6,635 8,284 595 

HL herd life 0.097 6,515 11,633 605 

DHL Daughter herd life 0.097 6,515 11,420 605 

IHL Indirect herd life 0.097 6,515 13,112 605 
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MSP Milking speed 0.210 6,801 572 643 

MT Milking Temperament 0.080 6,341 527 638 

DF Daughter fertility 0.070 5,314 12,283 603 

AFS Age at first service 0.094 5,314 0 669 

NRRh Non-return rate (heifer) 0.030 5,314 5,757 586 

FSTCh 

 

First service to calving 

interval 
0.033 5,314 0 596 

CEh Calving ease (heifer) 0.121 6,635 8,298 595 

CSh Calf survival (heifer) 0.056 6,635 6,665 595 

NRRc Non-return rate (cow) 0.039 5,314 9,908 598 

CTFS 
Calving to First Service 

interval 
0.072 5,314 12,547 548 

FSTCc 
First service to calving 

interval(cow) 
0.077 5,314 12,382 402 

Cec Calving ease (cow) 0.085 6,635 0 595 

CSc Calf survival (cow) 0.023 6,635 0 595 

DO Days Open 0.102 5,314 12,297 603 

SCEh Sire calving ease (heifer) 0.018 7,422 12,256 702 

SCSh Sire calf survival (heifer) 0.005 7,422 10,330 702 

SCEc Sire calving ease (cow) 0.016 7,422 0 702 

SCSc Sire calf survival (cow) 0.003 7,391 0 702 
a The training set may include both MACE and domestic proofs or only domestic proofs 

depending on the trait 
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Table 2.S2. Trait abbreviation, validation reliability (r2
GEBV) obtained by haplotype-based model 

(i.e. GHAP5, GHAP10, GHAP15 and GHAP20) and single SNP model (i.e. GSNP). 

Traita   r2
GEBV   

 GSNP GHAP5 GHAP10 GHAP15 GHAP20 

MILK 0.594 0.606 0.597 0.581 0.568 

FAT 0.557 0.564 0.558 0.536 0.524 

PROT 0.523 0.541 0.530 0.524 0.506 

FATD 0.753 0.737 0.737 0.710 0.699 

PROTD 0.757 0.783 0.781 0.768 0.757 

SCS 0.431 0.443 0.434 0.430 0.435 

CONF 0.322 0.317 0.312 0.305 0.304 

RUM 0.324 0.321 0.320 0.319 0.309 

MS 0.379 0.386 0.381 0.371 0.370 

FL 0.234 0.228 0.238 0.228 0.230 

DS 0.470 0.471 0.462 0.457 0.452 

RAN 0.538 0.550 0.537 0.522 0.508 

PW 0.486 0.480 0.474 0.469 0.458 

LS 0.409 0.402 0.389 0.394 0.381 

UD 0.568 0.584 0.581 0.563 0.560 

UT 0.245 0.251 0.249 0.241 0.239 

MSL 0.341 0.347 0.348 0.348 0.345 

FA 0.547 0.545 0.538 0.527 0.519 

FTP 0.461 0.469 0.459 0.455 0.460 

RAH 0.313 0.317 0.313 0.309 0.308 

RAW 0.158 0.174 0.188 0.182 0.169 

RTP 0.262 0.267 0.261 0.271 0.265 

TL 0.626 0.634 0.625 0.626 0.612 

FAN 0.201 0.198 0.206 0.205 0.211 

HD 0.160 0.175 0.177 0.188 0.181 

BQ 0.324 0.352 0.357 0.348 0.348 

LSV 0.520 0.519 0.532 0.526 0.527 

LRV 0.213 0.214 0.216 0.203 0.204 

ST 0.656 0.652 0.652 0.644 0.631 

FE 0.455 0.453 0.447 0.441 0.454 

CW 0.304 0.291 0.288 0.288 0.282 

BD 0.513 0.515 0.498 0.493 0.473 

ANG 0.495 0.504 0.497 0.494 0.488 

LP 0.272 0.279 0.270 0.250 0.256 

CA 0.481 0.489 0.486 0.477 0.477 

DCA 0.312 0.321 0.321 0.318 0.321 

HL 0.211 0.220 0.215 0.213 0.205 

DHL 0.064 0.061 0.057 0.060 0.056 

IHL 0.458 0.463 0.461 0.458 0.443 

MSP 0.305 0.301 0.310 0.307 0.303 

MT 0.093 0.084 0.079 0.076 0.076 

DF 0.242 0.231 0.225 0.231 0.232 
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AFS 0.103 0.126 0.125 0.118 0.120 

NRRh 0.101 0.095 0.091 0.093 0.096 

FSTCc 0.116 0.109 0.107 0.106 0.108 

CEh 0.308 0.312 0.309 0.312 0.306 

CSh 0.328 0.328 0.333 0.330 0.334 

NRRc 0.201 0.190 0.176 0.177 0.176 

CTFS 0.196 0.196 0.199 0.205 0.201 

FSTCc 0.335 0.316 0.303 0.311 0.304 

Cec 0.147 0.147 0.144 0.147 0.147 

CSc 0.113 0.118 0.124 0.123 0.128 

DO 0.305 0.297 0.299 0.303 0.299 

SCEh 0.490 0.494 0.489 0.482 0.478 

SCSh 0.248 0.253 0.258 0.253 0.256 

SCEc 0.326 0.344 0.341 0.331 0.327 

SCSc 0.050 0.051 0.053 0.055 0.055 
a Traits full names are presented in Table 2.S1 
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Table 2.S3. Trait abbreviation, regression coefficient of de-regressed proofs on genomic 

predictions (Bias) for genotyped bulls, obtained by haplotype-based model (i.e. GHAP5, GHAP10, 

GHAP15 and GHAP20) and single-SNP model (GSNP). 

Traita   Bias   

 GSNP GHAP5 GHAP10 GHAP15 GHAP20 

MILK 1.040 1.030 1.020 1.005 0.989 

FAT 1.026 1.020 1.010 0.994 0.980 

PROT 0.960 0.962 0.960 0.940 0.930 

FATD 1.120 1.120 1.100 1.090 1.050 

PROTD 1.120 1.130 1.150 1.130 1.120 

SCS 0.805 0.820 0.810 0.799 0.800 

CONF 0.820 0.830 0.810 0.794 0.783 

RUM 0.887 0.884 0.877 0.871 0.853 

MS 0.884 0.912 0.902 0.892 0.889 

FL 0.696 0.695 0.709 0.690 0.689 

DS 0.983 0.974 0.962 0.950 0.926 

RAN 1.027 1.049 1.040 1.020 1.000 

PW 1.035 1.033 1.024 1.017 1.003 

LS 1.015 1.003 0.988 0.982 0.953 

UD 1.020 1.030 1.023 1.008 1.004 

UT 0.701 0.718 0.706 0.696 0.680 

MSL 0.968 0.975 0.960 0.960 0.953 

FA 1.126 1.150 1.130 1.120 1.108 

FTP 0.990 0.997 0.970 0.960 0.980 

RAH 0.901 0.920 0.900 0.878 0.868 

RAW 0.598 0.660 0.649 0.649 0.622 

RTP 0.969 0.987 0.972 1.000 0.990 

TL 1.080 1.100 1.080 1.070 1.060 

FAN 0.701 0.703 0.722 0.722 0.743 

HD 0.691 0.717 0.726 0.754 0.735 

BQ 0.774 0.802 0.797 0.786 0.780 

LSV 1.050 1.040 1.050 1.040 1.055 

LRV 0.817 0.834 0.837 0.812 0.803 

ST 1.130 1.109 1.097 1.098 1.065 

FE 1.011 1.022 1.011 0.994 1.013 

CW 0.863 0.862 0.869 0.859 0.840 

BD 1.090 1.117 1.080 1.088 1.051 

ANG 1.009 1.015 0.996 0.989 0.970 

LP 0.803 0.820 0.800 0.760 0.770 

CA 0.877 0.894 0.892 0.887 0.894 

DCA 0.977 1.008 1.015 1.008 1.011 

HL 1.088 1.115 1.112 1.080 1.067 

DHL 0.665 0.650 0.640 0.633 0.617 

IHL 0.911 0.920 0.914 0.903 0.891 

MSP 0.860 0.870 0.840 0.873 0.867 

MT 0.494 0.466 0.446 0.437 0.440 
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DF 0.944 0.930 0.921 0.924 0.914 

AFS 0.576 0.640 0.641 0.629 0.633 

NRRh 0.773 0.740 0.725 0.726 0.734 

FSTCc 0.819 0.799 0.804 0.799 0.794 

CEh 0.838 0.860 0.867 0.866 0.856 

CSh 1.011 1.019 1.036 1.039 1.037 

NRRc 0.990 0.970 0.940 0.936 0.919 

CTFS 0.751 0.761 0.759 0.754 0.754 

FSTCc 0.981 0.959 0.937 0.942 0.929 

Cec 0.660 0.670 0.667 0.675 0.674 

CSc 1.060 1.110 1.136 1.113 1.134 

DO 0.904 0.899 0.900 0.898 0.888 

SCEh 0.880 0.893 0.889 0.887 0.888 

SCSh 0.729 0.735 0.747 0.738 0.752 

SCEc 0.728 0.763 0.759 0.739 0.741 

SCSc 0.667 0.692 0.697 0.712 0.729 
a Traits full names are presented in Table 2.S1 
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3.1. Abstract  

The development of novel methodologies for genomic prediction of breeding values has 

resulted in substantial improvements in accuracy for most livestock species, and, therefore, 

genomic selection has become the major landmark in modern livestock breeding programs. A 

promising approach for genomic selection is to construct the genomic relationship matrix (G) using 

haplotypes instead of individual single nucleotide polymorphisms because haplotypes are expected 

to be in higher linkage disequilibrium (LD) with multi-allelic quantitative trait loci (QTL). It might 

be postulated that genomic prediction would be further improved if a subset of haplotype blocks 

that explains the majority of a trait variation is selected, compared to using all haplotypes. This 

study aimed to compare genomic prediction reliabilities (r2
GEBV) and bias (b) using different 

methods to construct haplotype blocks, such as using linkage disequilibrium (LD; measured as r2), 

fixed length or a combination of both to construct G instead of using individual SNPs using 50K 

and imputed 333K genotype data in Holstein cattle. The scenarios also include haplotype or SNP 
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selection. Alternate LD thresholds from 0.10 to 0.70 were also considered. A total of 20,206 

Holstein bulls with de-regressed estimated breeding values for five production traits (i.e. milk yield 

(MILK), fat yield (FAT), protein yield (PROT), fat percentage (FAT%) and protein percentage 

(PROT%)) were used. Except for PROT and MILK, the r2
GEBV of LD-based haplotype predictions 

was similar to the r2
GEBV of fixed-length 5-SNP haplotypes. In general, haplotype selection resulted 

in equal or higher r2
GEBV and lower bias than without selection of haplotypes or SNP genotypes. 

After haplotype selection, except for PROT%, the r2
GEBV from the combined LD-based and fixed-

length haplotype prediction using imputed 333K genotypes was higher than when using the 50K 

genotypes. Overall, haplotype selection outperformed the r2
GEBV obtained without selection by 1.7 

and 2.9% points using 50K and imputed 333K genotypes, respectively. Generally, haplotype 

selection decreased prediction bias compared to the individual SNP-based model or when all 

haplotype blocks were used. In conclusion, haplotype selection may improve r2
GEBV and reduce 

bias of production traits compared to using all haplotypes or using individual SNP genotypes with 

or without SNP selection in Holstein cattle.  

3.2. Introduction 

Along with the successful use of genomic information in breeding programs, different new 

methodologies have been developed in order to increase the level of accuracy of genomic estimated 

breeding values (GEBV) (Calus et al. 2008; Su et al. 2012b, 2014). Among the investigated 

methods are the ones that use haplotype blocks to build the genomic relationship matrix (G) instead 

of individual SNPs (Hayes et al. 2007; Meuwissen et al. 2014). 

A haplotype block is the combination of two or more adjacent genetic marker alleles on 

the same chromosome, which are more frequently inherited together. There are different methods 

for detecting haplotype blocks, such as reconstructing haplotype blocks using linkage 

disequilibrium (LD) information, combining a fixed number of adjacent SNPs into a block, 

defining haplotype blocks using runs of homozygosity, among others (Luan et al. 2014; Hayes et 

al. 2007; Ødegård and Meuwissen 2015).  

The non-random association between alleles at two or more loci is defined as LD. The 

greater LD indicates the less random association (Slatkin 2008). Recombination rate is an 

important factor in reducing LD between adjacent SNPs. Basically, there is an average lower rate 
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of recombination between genetic loci that are physically close and they are more likely to come 

from a common ancestor (Batorsky et al. 2011). The advantage of LD-based haplotype blocks is 

that the recombination is properly accounted for; therefore, this method allows to detect and group 

tightly linked neighboring genetic markers depending on the defined threshold of LD. 

Accordingly, LD-based haplotype method helps to remove those loosely linked adjacent SNPs, 

thereby conveniently minimizing the number of haplotype alleles (Cuyabano et al. 2014). 

Therefore, haplotype blocks based on LD (LD-based haplotype blocks) should theoretically be 

more useful as predictor variables for genomic predictions compared to haplotype blocks based on 

a fixed number of adjacent SNPs.  

Ferdosi et al. (2016) reported that the accuracy of genomic prediction using haplotype 

blocks as predictors and 50K SNP chip genotypes was on average improved by 3.6% points 

compared to the prediction accuracy using individual SNPs. The possibility of combining IBD and 

LD information between SNPs to describe the relationship between animals is one of the most 

important advantages of using haplotype blocks over individual SNPs for genomic prediction of 

breeding values (Broman and Weber 1999; Hickey et al. 2013). In addition, because haplotype 

blocks are usually “multi-allelic,” they can better capture variation in multi allelic quantitative trait 

loci (QTL). Moreover, haplotype blocks may capture local epistatic effects among QTLs within 

blocks as well (Hickey et al. 2013). 

One of the possible drawbacks of using haplotypes is over-parametrization, meaning that 

there is a large number of parameters to be estimated with relatively insufficient data. Thus, it may 

be critical to delete those markers with low or no effects and to keep in the dataset the region of 

the genome with an important influence on the target trait (Guillaume et al. 2011). Accordingly, 

selection of specific SNPs or haplotype blocks with substantial effect on the traits of interest may 

help to reduce the total number of predictors, and consequently, may improve the genomic 

prediction of breeding values. Using a set of selected haplotype blocks instead of using all the 

haplotype information will also decrease the computation time for high-density panels (Cuyabano 

et al. 2015).  

There are reports in the literature indicating that selection of genetic markers may increase 

the prediction accuracy between 0 to 5% points, depending on the trait considered (Szyda et al. 
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2013; Cuyabano et al. 2015; Jónás et al. 2016). Szyda et al. (2013) investigated how various 

selection methodologies using individual SNPs change the prediction accuracy of genomic 

breeding values of production traits in Holstein cattle based on the BovineSNP50 BeadChip panel. 

Cuyabano et al. (2015) compared the prediction accuracy of haplotype selection based-methods to 

all individual SNP genotypes using a high-density panel (777K). They showed that haplotype 

selection methods gave equal or higher prediction accuracies compared to using non-selected 

individual SNP genotypes for production traits. Jónás et al. (2016) reported that the accuracy of 

genomic predictions could be improved by selecting appropriate SNPs or a combination of SNPs 

into haplotypes for genomic prediction. Therefore, the main objectives of this study were: 1) 

Examine whether LD-based haplotype blocks could yield higher prediction reliability compared 

to using either fixed-length haplotype blocks or SNP genotypes in Holstein cattle genotyped with 

50K SNP chip panel; 2) Assess whether or not selection of haplotypes would allow for higher 

reliability and lower prediction bias compared to selecting individual SNP genotypes, without 

selecting haplotypes, or without selecting individual SNP genotypes, using both 50K and imputed 

333K genotypes.  

3.3. Materials and Methods  

3.3.1. Ethic Statement 

 The animals included in this study were managed in accordance with the “Code of practice 

for the care and handling of dairy cattle” in Canada (National Farm Animal Care Council, NFACC) 

and no Animal Care and Use Committee approval was necessary for the purposes of this study, as 

all information required was obtained from existing databases. 

3.3.2. Genotypic, Pedigree and Phenotypic Data 

De-regressed estimated breeding values (dEBVs), pedigree data and 50K panel genotypes 

for 20,206 Holstein bulls born from 1960 to 2011 were provided by the Canadian Dairy Network 

(CDN, Guelph, Ontario, Canada). The traits analyzed included milk (MILK), fat (FAT) and protein 

(PROT) yields and fat (FAT%) and protein (PROT%) percentages. A total of 18,656 and 2,507 

proven bulls were genotyped with the 50K and 777K Illumina Infinium SNP array, respectively. 
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3.3.3. Training and Validation Sets 

The genotyped Holstein bulls were categorized as training and validation groups. The 

validation bulls included bulls born between 2010 and 2011 with official EBVs in 2016. De-

regressed estimated breeding values based on the 2016 genetic evaluation (dEBV2016) were used 

for validation studies. The training bulls included bulls born from 1960 to 2007. De-regressed EBV 

based on the 2011 genetic evaluation (dEBV2011) were utilized for estimation. The size of the 

validation set was 605 bulls for each trait. The size of the estimation set was 19,601 bulls for each 

trait of which 6,515 and 13,086 bulls had domestic and MACE EBVs, respectively. 

3.3.4. Genotype Quality Check 

For both 50K and 777K SNP genotypes, those SNPs with low genotype quality were edited 

out by Council on Dairy Cattle Breeding (CDCB) according to Wiggans et al. (2009) and 

VanRaden et al. (2013), respectively. After editing, in the 777K genotype data the number of SNPs 

was reduced to 333K mostly because of removal SNPs with a very strong LD with neighboring 

SNPs. 

In an additional filtering, the genotyping quality control removed SNPs that: strongly 

deviate from Hardy-Weinberg equilibrium (HWE, p-value ≤ 10-8), with minor allele frequency 

(MAF) lower than 0.01, located in non-autosomal regions, and with call rate lower than 0.98. A 

total of 43,614 SNPs for 50K and 295,370 SNPs for 333K panel remained for the analyses. 

3.3.5. Imputation 

Genotypes of 18,656 bulls were imputed from 50K panel to 333K with a reference 

population of 2,507 animals using FImpute V2.2 software (Sargolzaei et al. 2014). A total of 4,090 

SNPs were removed from imputation from 50K to 333K because they were not included in 333K 

panel.  

3.3.6. Haplotype Construction  

Parental haplotypes were reconstructed with FImpute V2.2 software (Sargolzaei et al. 

2014) using all available genotyped animals. Afterwards, haplotype blocks were constructed based 

on three different approaches: 1) based on pairwise LD information; 2) based on a fixed number 
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of 5 adjacent SNPs; and 3) based on combination of LD-based haplotype blocks and individual 

SNPs not assigned to haplotype blocks or with fixed-length haplotype blocks of 5 adjacent SNPs 

not assigned to haplotype blocks.   

Pairwise r2 was calculated using snp1101 V1.0 software (Sargolzaei 2014) and used as a 

measure of LD. For LD-based approach, SNPs were grouped in the same haplotype block if the 

LD between every two adjacent SNPs was greater than or equal to a certain r2 threshold (i.e., 0.1, 

0.2, 0.3, 0.4, 0.5, 0.6 and 0.7). For haplotypes based on a fixed number of SNPs, 5 adjacent SNPs 

were included in each haplotype block based on a previous investigation that showed this number 

of SNPs to be generally adequate (Karimi at al. 2018).  

3.3.7. Haplotype and Individual SNP Selection Approaches 

The impact of selecting individual SNPs or haplotypes to be included in the construction 

of the genomic relationship matrix (G) based on their estimated contribution to the total genetic 

variance was also evaluated. The selection of individual SNPs or haplotype blocks was carried out 

using regression best linear unbiased prediction (RBLUP). 

According to Falconer and Mackay (1996) the additive genetic variance explained by each 

individual SNP (�̂�𝑢,𝑖
2 ) was calculate as: 

𝜎𝑢,𝑖
2 = 2𝑝𝑖(1 − 𝑝𝑖) ∗ �̂�𝑖

2  

where 𝑝𝑖 is allele frequency for the second allele of the ith SNP in the current population and �̂�𝑖
2 is 

the square of the ith SNP effect. 

 Haplotypes or individual SNPs contributing most to the genetic variance of the traits of interest 

and that explained 70% of total genetic variation were used for prediction. In addition, the 

haplotype selection was carried using two different methods: 1) Haplotypes were ranked and 

selected based on the variance explained by each haplotype allele individually; or 2) Haplotype 

blocks were ranked and selected after summing up the variance explained by all haplotype alleles 

belonged to each haplotype block. 
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3.3.8. Genomic Best Linear Unbiased Prediction 

In order to compare the approaches, Genomic Best Linear Unbiased Predictions (GBLUP) 

were computed using either single-SNP based relationship matrix (GSNP) or haplotype-based 

relationship matrices (GHAP). GHAP was calculated after converting haplotypes to pseudo-SNPs 

(Meuwissen et al. 2014). The genomic relationship matrices (GSNP and GHAP) were created 

according to VanRaden (2008):  

𝐆 =  
𝐗𝐗′

2 ∑ 𝑝j (1 − 𝑝j)
 

 where the elements of X are xij = [zij-2pj] and zij is the number of copies of the allele at marker j 

for individual i and pj is allele frequency of allele j (VanRaden 2008). The matrix Z, with elements 

zij, contains original SNP calls for GSNP and pseudo SNP codes for GHAP.  

Following mixed model for GBLUP was used as VanRaden (2008) proposed:  

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝒆 

𝐕(𝐞) = 𝐑𝜎𝑒
2       

𝐕(𝐮) = 𝐙𝐆𝐙′𝜎𝑎
2       

𝐕(𝐲) = 𝐙𝐆𝐙′𝜎𝑎
2  + 𝐑𝜎𝑒

2        

where the element of 𝐲 represents de-regressed EBV proofs of the bulls, b is the vector of fixed 

effects which in this case is the overall mean, u is the vector of additive genetic effects, e is a 

vector of random errors with variance of 𝐑𝜎𝑒
2  (matrix R is diagonal with elements 𝑅𝑖𝑖 =  

𝟏

𝑅𝑒𝑙
− 1, 

where 𝑅𝑒𝑙 is the bull’s reliability from daughters with parent information excluded), X and Z are 

the incident matrices that relates the fixed and random effects to y, respectively. Vector u contains 

the additive genetic effects for each marker (VanRaden 2008). To prevent the singularity of G 

matrix was constructed as 95% plus 5% A.  
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3.3.9. Reliability of Predictions 

The performance of genomic predictions was measured as the squared Pearson correlation 

(r2
GEBV) between GEBVs and dEBV2016 for validation bulls using either 50K or imputed 333K 

SNP chip panels. In addition, the slopes of regressions of dEBV2016 on GEBV (bGEBV) for 

validation bulls were calculated to assess the prediction inflation or deflation (bias) of different G 

matrices without and with SNP/haplotype selection. 

3.4. Results and Discussion  

Table 3.1 shows the total number of non-blocked SNPs, LD-based haplotype blocks and 

corresponding haplotype alleles, combined LD-based and fixed-length haplotype blocks and their 

haplotype alleles for different ranges of pairwise r2 threshold using 50K SNP chip. The total 

number of non-blocked SNPs increased from 19,919 to 40,509 by increasing pairwise r2 threshold 

from 0.1 to 0.7 for constructing LD-based haplotype blocks. In a similar study, Cuyabano et al. 

(2014) reported a substantial increase in the total number of non-blocked SNPs, when increasing 

D’ as a threshold for defining haplotype blocks in high-density genotype data. The total number 

of LD-based haplotype blocks decreased drastically from 9,040 to 2,986 as the pairwise r2 

threshold became stricter by increasing it from 0.1 to 0.7. In addition, the total number of haplotype 

alleles resulting from LD-based haplotype blocks decreased from 39,661 to 14,343 when pairwise 

r2 threshold was increased from 0.1 to 0.7. Regarding the combined LD-based and fixed-length 

haplotype blocks, the total number of haplotype blocks decreased from 16,336 to 11,433 by 

increasing pairwise r2 threshold from 0.1 to 0.7. This is because when pairwise r2 threshold is lower 

(e.g. 0.1), the longer length of LD-based haplotype blocks will arise compared to when pairwise 

r2 threshold is higher (e.g. 0.7). By increasing the length of haplotype blocks more rare haplotype 

alleles were created which subsequently were deleted from the dataset. However, total number of 

haplotype alleles resulted from the combined LD-based and fixed-length haplotype blocks 

increased from 86,611 to 98,980 after removing rare haplotype alleles. This could be because the 

non-blocked SNPs that were kept and assigned to fixed-length haplotype blocks caused an increase 

in the total number of haplotype alleles for any threshold of pairwise r2 threshold. 
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3.4.1. Comparison of Alternate LD-based Haplotype Predictions 

Table 3.2 presents the r2
GEBV from different methods of constructing haplotype blocks and 

using them to build GHAP using the 50K genotype data. Methods included LD-based haplotypes 

only, LD-based haplotypes + individual SNPs, and LD-based haplotypes + fixed-length 5-SNP 

haplotypes. Table 3.2 shows results for the LD threshold of r2 = 0.2 only. The method that 

combined LD-based haplotype blocks and fixed-length of haplotype blocks of 5 adjacent SNPs 

resulted in the highest reliabilities compared to the other two methods. Therefore, keeping the non-

blocked SNPs while converting them into fixed–length haplotype blocks seems a better method 

compared to removing or fitting them as individual SNPs. It was also reported that by keeping 

non-blocked SNPs prediction accuracy is higher compared to when deleting them from dataset 

(Cuyabano et al. 2014). 

3.4.2. Comparison of Individual SNPs, Fixed-length Haplotype Blocks, and LD-Based 

Haplotype Blocks Prediction 

Table 3.3 shows the prediction reliabilities of the estimated breeding values (r2
GEBV) using 

different LD threshold criteria for constructing haplotype blocks in conjunction with fixed-length 

5-SNP haplotypes, as well as the r2
GEBV using only fixed length 5-SNP haplotypes or only 

individual SNP genotypes using the 50K genotypes for the 5 traits considered. Except for FAT%, 

the used of fixed length SNP haplotypes resulted in slightly higher prediction reliability compared 

to the individual SNP-based method. The use of LD-based haplotypes (with r2 threshold from 0.2 

to 0.5) in conjunction with fixed-length 5-SNP haplotypes yielded similar reliabilities, which were 

also similar to those of the fixed-length haplotype-based method. In general, as the pairwise r2 

threshold became stricter or more lenient, the prediction reliabilities of the haplotype based 

predictions decreased for all traits. Similarly, it was previously reported that by increasing the 

threshold of pairwise D’ in the LD-based haplotype model the prediction reliabilities reduced 

slightly using a high-density panel (Cuyabano et al. 2014). The LD-based haplotype predictions 

showed equal or higher reliabilities than that from fixed-length haplotype predictions, except for 

MILK and PROT. A similar study using simulated data also reported that for some traits, using 

LD-based haplotypes leads to higher levels of prediction accuracy compared to using fixed-length 

haplotype blocks (Calus et al. 2008). 
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3.4.3. Effect of Haplotype Selection in the Genomic Predictions Using 50K Genotypes 

The total number of combined LD-based and fixed-length haplotype alleles (for a r2 

threshold = 0.5), as well as the total number of individual SNPs without and with selection across 

different traits using 50K genotype data is shown in Table 3.4. The total number of individual 

SNPs and the total number of haplotype alleles differed across various traits. The two methods 

used for selecting haplotype alleles have also resulted in a different number of haplotype alleles 

within each trait. In general, the total number of selected haplotype alleles based on Method 2 

(based on genetic variance explained by the haplotype block) was less than the total number of 

selected haplotype alleles based on Method 1 (based on genetic variance explained by each 

haplotype allele individually) for all traits in this study. On average, about 36.6% and 40.13% of 

the total number of haplotype alleles were removed from the haplotype analyses when using 

Methods 1 and 2, respectively. However, in both cases, haplotype selection yielded to a higher 

number of predictor variables as compared to individual SNP selection. Approximately, 82.1% 

individual SNPs were removed after individual SNP selection (Table 3.4). Cuyabano et al. (2015) 

reported that with a high-density panel up to 25% of the individual haplotypes would be removed 

from the dataset after haplotype selection. 

Table 3.5 presents the r2
GEBV using non-selected individual SNPs, selected individual 

SNPs, non-selected combined LD-based and fixed-length haplotypes (pairwise r2 threshold = 0.5), 

selected combined LD-based and fixed-length haplotypes based on selection Method 1, and 

selected combined LD-based and fixed-length haplotypes based on selection Method 2, using 50K 

genotypes. For the individual SNP-based model, there was an increase in prediction reliabilities 

from 0 to 3.7% points after SNP selection. For the haplotype-based model, there was an increase 

in prediction reliabilities between 0 and 1.7% points after haplotype selection using Method 2. For 

the selected combined LD-based and fixed-length haplotypes, the prediction reliabilities obtained 

based on selection Method 2 were superior to the prediction reliabilities obtained based on Method 

1. For FAT, PROT and PROT%, the prediction reliabilities obtained by selecting LD-based 

haplotypes based on Method 2 were superior to the prediction reliabilities obtained by selecting 

individual SNPs. On the other hand, for MILK and FAT%, reliabilities increased by 0.9 and 0.6% 

points, respectively, when using the selected individual SNPs compared to using selected LD-

based haplotypes. Moreover, the selection of LD-based haplotypes led to an increase from 0.5 to 
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4.8% points in prediction reliabilities when compared to using the all individual SNPs, except for 

FAT%, for which haplotype selection did not increase prediction reliability compared to the all 

individual SNPs. With respect to the individual SNPs model, there was between 0 to 4.8% points 

increase in observed reliabilities with SNP selection. 

  Previously reported results indicated that using selected haplotype blocks with the largest 

effects as explanatory variables lead to higher prediction accuracy than the prediction accuracy 

achieved when using the non-selected individual SNP-based model (Boichard et al. 2012; 

Cuyabano et al. 2015). Moreover, previous studies also revealed that selecting LD-based haplotype 

blocks may result in similar or higher prediction accuracy compared to using all the LD-based 

haplotype blocks (Boichard et al. 2012; Cuyabano et al. 2015; Jónás et al. 2016). Jónás et al. (2016) 

showed that selecting haplotype blocks surrounding QTLs (i.e. Haplotype-QTLs), the accuracy of 

predicting daughter yield deviations for production traits in dairy cattle increased by up to 3% 

points compared to using all the haplotype blocks information. Another study reported that when 

extracting a lower number of individual SNPs located in the transcribed part of the bovine genome, 

the prediction accuracies increased by 3 and 1%  points in Jerseys and Holsteins, respectively, 

compared to when using all of the SNPs (Erbe et al. 2012). Because genetic progress is linearly 

related to the accuracy of genetic evaluation, even a small improvement in reliability of predictions 

is considered important for livestock breeding. Therefore, using selected haplotypes might be 

beneficial for specific traits in comparison to using all haplotypes in the dairy industry. 

3.4.4. Effect of Haplotype Selection in the Genomic Prediction Bias  

Table 3.6 presents the results for the slope of regressions of dEBV2016 on GEBV (bias) 

using all individual SNPs, selected individual SNPs, combined LD-based and fixed-length 

haplotypes, combined selected LD-based and fixed-length haplotypes based on selection Method 

1, and combined selected LD-based and fixed-length haplotypes based on selection Method 2 

using 50K genotype data. Comparing the slope of regressions without and with selection using the 

individual SNPs, showed inconsistent impact, increasing bias from 0.054 to 0.082 points due to 

selecting individual SNPs for MILK, FAT and PROT, but decreasing in bias by 0.06 and 0.09 

points for FAT% and PROT%, respectively. The changes in prediction biases after haplotype 

selection were even smaller than the ones observed by selecting individual SNPs. In a similar 
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study, Cuyabano et al. (2015) reported that for the LD-based haplotype model, haplotype selection 

did not produce any noticeable change in the observed bias. In the current study, in agreement with 

Cuyabano et al. (2015), the observed changes in biases after haplotype selection were very small, 

from 0 to 0.03 points (Table 3.6). 

3.4.5. Effect of Haplotype Selection on Genomic Predictions at Different SNP Densities 

         Table 3.7 shows the comparison of r2
GEBV from individual SNP-based prediction and 

combined LD-based and fixed-length haplotype prediction (with r2
 threshold = 0.5) using 50K or 

imputed 333K genotypes. In general, the prediction reliabilities obtained by the individual SNP-

based prediction using the imputed 333K genotypes were more variable across traits compared to 

the reliabilities obtained using 50K genotypes. 

  Using the imputed 333K genotypes, the prediction reliabilities based on the individual 

SNP-based model were 0, 1.1, and 1.7% points higher than that using the 50K genotypes for 

MILK, PROT, and PROT%, respectively. Contrarily, for FAT and FAT%, the prediction 

reliabilities decreased by 1.5 and 3.9% points, respectively, when switching from 50K to imputed 

333K genotypes. For the combined LD-based and fixed-length haplotypes, the prediction 

reliabilities using the imputed 333K genotypes were 0.1 and 0.3% points higher than using the 

50K genotypes for MILK and PROT, respectively. However, for FAT, FAT% and PROT% the 

prediction reliabilities reduced by 1.2, 1.5 and 0.8% points, respectively. A possible reason for 

these results is that increasing density of the genotypes resulted in more predictor variables (96,257 

and 452,551 haplotype alleles using 50K genotypes and using imputed 333K genotypes, 

respectively) to estimate their effect (i.e., increased over-parametrization) which may have a 

negative impact on genomic predictions. Su et al. (2012a) reported that when imputing 50K to 

333K genotypes, the accuracy of genomic predictions may remain the same or slightly increase.  

With haplotype selection, the use of imputed 333K genotypes outperformed the prediction 

reliabilities obtained with 50K genotypes by 0.5, 0.2, 0.6 and 0.9% points, for MILK, FAT, PROT 

and FAT%, respectively, when combined LD-based and fixed-length haplotype prediction was 

used. However, for PROT% the prediction reliability decreased by 0.7% points after haplotype 

selection based on the imputed 333K genotypes compared to haplotype selection based on 50K 

genotypes. This overall slight increase in reliabilities observed using imputed 333K genotypes 
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with haplotype selection may be due to reduction in over-parameterization, while increasing the 

density of genotypes, providing haplotypes in stronger LD with multi allelic QTL.  

Table 3.8 presents the slope of regressions of dEBV2016 on GEBV (bias) from individual 

SNP-based prediction and combined LD-based and fixed-length haplotype prediction (with r2
 

threshold = 0.5) using 50K or imputed 333K genotypes. In general, with the individual SNP-based 

model, the prediction biases did not reduce evenly across the traits using the imputed 333K 

genotypes compared to using the 50K genotypes. In addition, without haplotype selection, the 

haplotype-based model using the imputed 333K genotypes resulted in higher bias than using the 

50K genotypes. However, haplotype selection on the imputed 333K genotypes reduced prediction 

bias from 0.01 to 0.10 points across traits compared to 50K genotypes. These results suggest that 

if haplotype selection is carried out, moving from the 50K to the imputed 333K genotypes may 

yield slightly more accurate and less biased for genomic predictions. 

3.5. Conclusions  

In general, reliabilities of haplotype-block based approaches were similar to or slightly 

higher than that from individual SNPs, except for FAT%. In addition, constructing haplotype 

blocks based on LD information under threshold of r2 from 0.2 to 0.5 generally resulted in similar 

prediction reliabilities compared to constructing haplotype blocks using a fixed length of 5 

adjacent SNPs. A lower or higher r2 threshold decreased prediction reliabilities. Using imputed 

333K genotypes with haplotype selection resulted in slightly higher prediction reliabilities and 

lower prediction biases than found in all other alternate scenarios investigated. 
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3.6. Tables 

Table 3.1. Total number of non-blocked SNPs, LD-based haplotype blocks, haplotype alleles of 

LD-based haplotype blocks, combined LD-based and fixed-length 5-SNP haplotype blocks and 

their haplotype alleles at different ranges of pairwise r2 thresholds, using 50K genotypes in 

Holstein cattle. 

Threshold1 
Non-blocked 

SNPs 

LD-based 

haplotypes 

Haplotype 

alleles2 

LD-based and 

fixed-length 

haplotypes 

Haplotype 

alleles3 

0.1 19,919 9,040 39,661 16,336 86,611 

0.2 30,398 8,675 36,422 16,276 87,567 

0.3 31,895 7,011 33,540 15,139 91,313 

0.4 36,314 5,580 18,493 13,916 93,948 

0.5 38,073 4,404 16,008 12,883 96,275 

0.6 39,403 3,460 15,628 12,017 97,901 

0.7 40,509 2,986 14,343 11,433 98,980 
1Different ranges of pairwise r2 

2Total number of haplotype alleles for LD-based haplotypes after removing rare haplotype alleles 
3Total number of haplotype alleles for combined LD-based and fixed-length 5-SNP haplotype 

blocks after removing rare haplotype alleles 

 

Table 3.2. Prediction reliabilities based on LD-based haplotype blocks (LDH) only, LDH plus 

non-blocked SNPs (LDH+SNP), or using combined LD-based and fixed-length haplotype blocks 

of 5 adjacent SNPs (LDH+FLH) for milk yield (MILK), fat yield (FAT), protein yield (PROT), fat 

percentage (FAT%), and protein percentage (PROT%), using 50K genotypes in Holstein cattle. 

Trait 
LDH 

(r2 = 0.2) 

LDH+SNP 

(r2 = 0.2) 

LDH+FLH 

(r2 = 0.2) 

MILK 0.587 0.596 0.597 

FAT 0.555 0.551 0.564 

PROT 0.513 0.530 0.532 

FAT% 0.741 0.731 0.742 

PROT% 0.770 0.778 0.780 
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Table 3.3. Prediction reliabilities based on single SNPs (SS) and on haplotype blocks with 

alternate criteria to define the blocks (Fixed-length haplotype of 5 adjacent SNPs (FLH), LD-based 

haplotypes considering various LD (r2) thresholds + fixed-length 5-SNP haplotypes (LDH+FLH) 

for milk yield (MILK), fat yield (FAT), protein yield (PROT), fat percentage (FAT%), and protein 

percentage (PROT%), using 50K genotypes in Holstein cattle. 

Trait SS FLH LDH+FLH 
 (r2

= 0.1) 
LDH+FLH 
(r2 = 0.2) 

LDH+FLH (r2 = 
0.3) 

LDH+FLH 
(r2 = 0.4) 

LDH+FLH 
(r2 = 0.5) 

LDH+FLH (r2 

= 0.6) 

LDH+F
LH 

(r2 = 0.7) 

MILK 0.594 0.605 0.593 0.597 0.594 0.596 0.598 0.549 0.551 

FAT 0.557 0.564 0.549 0.564 0.553 0.551 0.563 0.549 0.519 

PROT 0.523 0.541 0.526 0.532 0.525 0.527 0.533 0.530 0.522 

FAT% 0.753 0.737 0.718 0.742 0.739 0.742 0.745 0.714 0.574 
PROT

% 0.757 0.783 0.774 0.780 0.782 0.784 0.788 0.775 0.775 

 

Table 3.4. Total number of selected haplotypes and total number of selected individual SNPs in 

the prediction models for milk yield (MILK), fat yield (FAT), protein yield (PROT), fat percentage 

(FAT%), and protein percentage (PROT%), using 50K genotypes in Holstein cattle. 

Trait 

Individual SNPs (50K) LD+FLH3 

Before 

selection 

After 

selection 

Before 

selection 

After 

Selection1 

After 

Selection2 

MILK 43,614 8,732 96,275 79,032 76,400 

FAT 43,614 8,711 96,275 68,980 65,227 

PROT 43,614 8,723 96,275 58,297 54,297 

FAT% 43,614 5,670 96,275 43,619 40,437 

PROT% 43,614 7,044 96,275 55,412 51,714 
1 Selection of haplotype alleles based on each haplotype allele individually (selection Method 1)  
2 Selection of haplotype blocks based on added variance of all haplotype alleles within each    

haplotype block (selection Method 2) 
3 LD-based haplotypes considering r2 threshold = 0.5 + fixed-length 5-SNP haplotypes 
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Table 3.5. Validation reliabilities (r2
GEBV) obtained by individual SNP-based model (before and 

after SNP selection) and combined LD-based haplotypes (r2 threshold = 0.5) and fixed-length 5-

SNP haplotypes for milk yield (MILK), fat yield (FAT), protein yield (PROT), fat percentage (FAT 

%), and protein percentage (PROT%) using 50K genotypes in Holstein cattle. 

Trait 

Individual SNPs LD+FLH3 

Before 

selection 

After 

selection 

Before 

selection 

After 

Selection1 

After 

Selection2 

MILK 0.594 0.608 0.598 0.572 0.599 

FAT 0.556 0.553 0.563 0.554 0.561 

PROT 0.523 0.522 0.533 0.504 0.533 

FAT% 0.753 0.756 0.745 0.673 0.750 

PROT% 0.757 0.794 0.788 0.729 0.805 
1 Selection of haplotype alleles based on each haplotype allele individually (selection Method 1)  
2 Selection of haplotype blocks based on added variance of all haplotype alleles within each 

haplotype block (selection Method 2) 
3LD-based haplotypes considering r2 threshold = 0.5 + fixed-length 5-SNP haplotypes 

 

Table 5.6. Slope of the regression of de-regressed EBVs on genomic predictions for validation 

bulls obtained by individual SNP-based model (before and after SNP selection) and combined LD-

based haplotypes (r2 threshold = 0.5) and fixed-length 5-SNP haplotypes for milk yield (MILK), 

fat yield (FAT), protein yield (PROT), fat percentage (FAT%), and protein percentage (PROT%), 

using 50K genotype data in Holstein cattle. 

Trait 

Individual SNPs LD+FLH3  

Before 

selection 

After 

selection 

Before 

Selection 

After  

Selection1 

After 

Selection2 

MILK 1.040 0.974 1.015 1.015 1.015 

FAT 1.026 0.944 1.018 1.007 1.009 

PROT 0.960 0.906 0.950 0.927 0.943 

FAT% 1.120 1.03 1.115 1.084 1.105 

PROT% 1.120 1.06 1.155 1.140 1.135 
1 Selection of haplotype alleles based on each haplotype allele individually (selection Method 1)  
2 Selection of haplotype blocks based on added variance of all haplotype alleles within each 

haplotype block (selection Method 2) 
3LD-based haplotypes considering r2 threshold = 0.5 + fixed-length 5-SNP haplotypes 
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Table 6. Comparison of validation reliabilities (r2
GEBV) between individual SNP genotypes and 

combined LD-based haplotypes (r2 threshold = 0.5) and fixed-length 5-SNP haplotypes (before 

and after haplotype selection) using 50K and imputed 333K genotypes in Holstein cattle. 

Trait 

Individual 

SNPs 

(50K) 

Individual 

SNPs 

(333K) 

LD+FLH 1 

(50K) 

LD+FLH2 

(333K) 

Selected3 

LD+FLH 

(50K) 

Selected3 

LD+FLH 

(333K) 

MILK 0.594 0.594 0.598 0.599 0.599 0.604 

FAT 0.556 0.541 0.563 0.551 0.561 0.563 

PROT 0.523 0.534 0.533 0.536 0.533 0.539 

FAT% 0.753 0.714 0.745 0.730 0.750 0.759 

PROT% 0.757 0.774 0.788 0.780 0.805 0.798 
1 Total number of haplotype alleles: 452,551 
2 Total number of haplotype alleles: 96,257 
2 Selection of haplotype blocks based on added variance of all haplotype alleles within each     

haplotype block (selection Method 2) 

 

Table 3.8. Comparison of slope of the regression of de-regressed EBVs on genomic prediction 

between individual SNP genotypes and combined LD-based haplotypes (r2 threshold = 0.5) and 

fixed-length 5-SNP haplotypes (without and with haplotype selection) for milk yield (MILK), fat 

yield (FAT), protein yield (PROT), fat percentage (FAT%), and protein percentage (PROT%) using 

50K and imputed 333K genotypes in Holstein cattle 

Trait 

Individual 

SNPs 

(50K) 

Individual 

SNPs 

(333K) 

LD+FLH 1 

(50K) 

LD+FLH2 

(333K) 

Selected3 

LD+FLH 

(50K) 

Selected3 

LD+FLH 

(333K) 

MILK 1.040 1.029 1.015 1.039 1.015 1.013 

FAT 1.026 1.018 1.018 1.024 1.009 1.004 

PROT 0.960 0.961 0.950 0.961 0.943 0.951 

FAT% 1.120 1.150 1.115 1.149 1.105 1.006 

PROT% 1.120 0.164 1.155 1.165 1.135 1.110 
1 Total number of haplotype alleles: 452,551 
2 Total number of haplotype alleles: 96,257 
3 Selection of haplotype blocks based on added variance of all haplotype alleles within each 

haplotype block (selection Method 2) 
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4.1. Abstract 

Currently single nucleotide polymorphism (SNP) genotypes are routinely used to build the 

genomic relationship matrix (G) for genomic best linear unbiased prediction (GBLUP) in swine 

breeding. Theoretically, haplotype blocks might be a more suitable alternative to SNP genotypes, 

as haplotypes carry more information about recent selection and are usually “multi-allelic”, 

capturing better multi-allelic QTL compared to individual SNP genotypes. An investigation was 

carried out to compare the use of haplotype-based relationship matrix (GHAP) to the use of 

individual SNP-based relationship matrix (GSNP) in GBLUP with respect to prediction reliability 

and bias in Duroc, Landrace and Yorkshire breeds. Relationship matrices based on individual SNP 

genotypes or haplotype blocks of different lengths (i.e., 5, 10, 15, 20 and 30) were built using 

imputed 70K SNP genotypes and used to predict genomic EBVs for backfat thickness (FAT), total 

number of born (TNB), and age and loin depth adjusted to 100kg of live weight (LDP and AGE, 

respectively). Except for backfat thickness in Duroc, GHAPBLUP increased the reliability of 

predicting future EBV of selection candidates (from 0.3 to 8.2% points) and reduced prediction 
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biases (from 0.03 to 0.11 points) compared to GSNPBLUP across the breeds and traits studied. In 

addition, the optimum haplotype block length differed across traits, as well as across breeds. 

Spearman rank correlations showed that GHAPBLUP substantially re-ranked top selection 

candidates and, therefore, could potentially influence selection decisions in swine breeding 

programs. In conclusion, GHAPBLUP provided higher reliability of predicting future EBV of 

selection candidates and lower prediction biases than GSNPBLUP and, thus, could be an alternative 

to GSNPBLUP for genomic evaluation in swine breeding. 

4.2. Introduction 

Canada has an important role in the international pork market. One of the reasons behind 

the success of the Canadian pig industry is their premium genetics. Best linear unbiased prediction 

(BLUP) has been very successful at increasing genetic progress in swine (CCSI, 

https://www.ccsi.ca/), but there is still room for more improvement, which could be achieved by 

genomic selection (GS) specifically for low to moderate heritability traits (Meuwissen et al. 2001). 

Moreover, GS would have advantages over traditional BLUP selection for those traits that are 

difficult, expensive and time consuming to measure, such as meat quality traits (Goddard and 

Hayes 2009; Miar et al. 2014). 

In recent years, GS has been commercially applied in pig breeding because of the 

availability of  high-density genetic markers that cover the entire genome (Ramos et al. 2009) and 

the use of appropriate statistical software (Meuwissen et al. 2001; Fernando et al. 2007). Fitting 

DNA markers (e.g., single nucleotide polymorphisms (SNPs)) as predictor variables, which rely 

on linkage disequilibrium (i.e., non-random association between two or more loci; LD) between 

DNA markers and quantitative trait loci (QTL) to estimate the effects of QTL, is common practice 

in genomic evaluation (Habier et al. 2007; VanRaden 2008).  

Predicting genomic breeding values by using methods that rely on the estimation of 

haplotype blocks (i.e., a set of at least two neighboring SNP alleles which are presumably 

transmitted together across generations (Hess et al. 2017)) may result in more accurate evaluations 

compared to doing genomic predictions by using methods that rely on the estimation of the effects 

of individual SNPs. There are three main issues with individual SNP-based approaches. First, due 

to bi-allelic nature of individual SNPs, their information content is lower than haplotype blocks 

https://www/
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that are usually multi-allelic and, therefore, the they may better capture LD with multi-allelic QTL, 

compared to individual SNPs. Second, SNPs on the commercial SNP chip panels are selected 

based on their high levels of polymorphism; hence, individual SNP-based relationship matrix 

(GSNP) is based on SNPs with relatively high minor allele frequency (MAF) (Ramos et al. 2009). 

This may imply that GSNP traces relationships from distant relatives and, therefore, may not 

accurately trace changes due to recent selection compared to the haplotype-based relationship 

matrix (GHAP) (Meuwissen et al. 2014b). Third, the epistatic effect between SNPs in QTL may be 

captured by haplotype blocks and be considered in genomic evaluation, however, individual SNPs 

do not have this potential (Hickey et al. 2013).  

A haplotype allele is described as a combination of phased SNP alleles that are present in 

a haplotype block (Hess et al. 2017). In general, because of the multi-allelic nature of haplotypes, 

haplotype alleles are in stronger LD with QTL than individual SNP alleles (Zondervan and Cardon 

2004).  

There are different techniques to form haplotype blocks such as combining a fixed number 

of adjacent SNPs into a block (Meuwissen et al. 2014b), using measurements of length of genome 

such as base pairs or centimorgans (Boichard et al. 2012; Hess et al. 2017) and using LD 

information (Cuyabano et al. 2015) that considers for recombination rate along the genome. As 

mentioned before, the use of haplotype blocks instead of individual SNPs may lead to higher 

accuracies in genomic predictions. This can be more noticeable for swine compared to the other 

important livestock species, like dairy cattle, because of two reasons: first, the lower effective 

population size in pigs (Grossi et al. 2017); second, the fast genetic turn-over across generations 

in swine. Therefore, compared to dairy cattle, longer shared haplotypes may exist in the genome 

of purebred pigs between selection candidates and the training population individuals. 

It is worth noting that literature studies on the performance of haplotype-based models for 

genomic evaluation report variable results. Several authors reported that the results of haplotype 

studies may not be generalized, since they can change depending on various factors, such as trait 

analyzed, population structure, species, etc. (e.g., Villumsen et al. 2009; Hess et al. 2017). There 

are few published studies comparing the performance of haplotype versus individual SNP based 

methods with regards to the accuracy of genomic prediction in Duroc breed (Meuwissen et al. 
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2014b; Uemoto et al. 2017). However, no previous study has investigated the performance of 

haplotype-based best linear unbiased prediction (GHAPBLUP) versus individual SNP-based best 

linear unbiased prediction (GSNPBLUP) on the accuracy of genomic prediction among the major 

Canadian swine breeds. Therefore, the specific objective of this study was to investigate the use 

of GHAPBLUP and GSNPBLUP with respect to prediction reliability and prediction bias for four 

traits (total number of born, backfat thickness, and age and loin depth adjusted to 100kg of live 

weight) in three major Canadian pigs, i.e., Duroc, Landrace and Yorkshire.   

4.3. Materials and Methods 

4.3.1. Ethics Statement 

The animals included in this study were managed in accordance with the “Code of practice 

for the care and handling of pigs” in Canada (National Farm Animal Care Council, NFACC) and 

no Animal Care and Use Committee approval was necessary for the purposes of this study, as all 

information required was obtained from existing databases. 

4.3.2. Data 

In this study, the pigs from 3 major Canadian breeds, i.e. Duroc (DU), Landrace (LA) and 

Yorkshire (YO) were used in the analyses. These animals, which included males, females and 

castrated boars, were from farms across Canada. They were genetically evaluated by the Canadian 

Swine Improvement Program run by the Canadian Centre for Swine Improvement (CCSI, 

https://www.ccsi.ca/). The total number of animals evaluated varied depending on the breed, as 

well as the trait studied, ranging from 2,071 to 8,372 animals (Table 4.1). 

Official estimated breeding values (EBVs) and the genotypes for all breeds were provided 

by the Canadian Centre for Swine Improvement (CCSI, https://www.ccsi.ca/). Animals were 

genotyped with different SNP chip panels, including IlluminaPorcine SNP50 BeadChip, 

IlluminaPorcine SNP60 BeadChip, IlluminaPorcine SNP70 BeadChip (Illumina, San Diego, CA) 

and Affymetrx 50K (Affymetrix, San Diego, Ca). All genotypes were imputed to the 70K SNP 

chip genotypes by CCSI using with FImpute V2.2 software (Sargolzaei et al. 2014). The traits 

https://www/
https://www/
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analyzed included backfat thickness (FAT), total number of born (TNB), loin depth adjusted to 

100kg of live weight (LDP), and age at 100 kg of live weight (AGE).  

4.3.3. Genotype Editing 

The main quality control (QC) was performed according to Grossi et al. (2017) on the 

imputed 70K SNP. After QC, the total number of SNPs were 44,507, 45,364 and 44,967 for DU, 

LA and YO, respectively. An extra filtering was carried out on the genotypes according to the 

following criteria to remove SNPs with: strong deviation from Hardy-Weinberg equilibrium 

(HWE, p-value ≤ 10-8) and minor allele frequency (MAF) lower than 0.01. A total number of 

44,467, 45,347 and 44,953 SNPs for DU, LA and YO breeds, respectively, were retained for 

further analyses. 

4.3.4. Training and Validation Groups 

Within each breed, the genotyped pigs were assigned to either training or validation sets. 

Pigs born in 2016 with available EBVs in 2017 were included in the validation, while the training 

set included pigs born before 2016. The exact size of the training and validation sets varied across 

the different traits and breeds (details are shown in Table 4.1). Official estimated breeding values 

of October 2017 genetic evaluation (EBV2017) were used for validation purposes. De-regressed 

EBVs of November 2016 genetic evaluation were used as pseudo-phenotypes in the training set. 

Information from the training group was used to predict the genomic estimated breeding values 

(GEBV) of the validation animals. 

4.3.5. Phasing and Haplotype Construction  

For haplotype construction, total of 7,265, 6,277 and 8,855 records of DU, LA and YO 

were used, respectively. Firstly, parental haplotypes were constructed using FImpute V2.2 

software (Sargolzaei et al. 2014). Then, haplotype blocks were created by scanning a fixed number 

of neighboring SNPs along the chromosomes. This process moved to the subsequent SNPs along 

the chromosomes until the entire genome was covered. Afterwards, following Meuwissen et al. 

(2014b), pseudo SNPs were constructed from haplotype blocks by converting each haplotype allele 

to one pseudo SNP using snp1101 V1.01 software (Sargolzaei 2014). The genotype codes for each 

pseudo SNP represent the number of copies of one of the haplotype alleles. Rare haplotype alleles 
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were removed from further analyses, according to a minimum threshold for haplotype allele 

frequency of 1%. Using pseudo SNPs from haplotype blocks allows to build  genomic relationship 

matrix based on haplotypes using existing SNP-based software packages, such as snp1101, Beagle 

(Browning and Browning 2007), etc. 

4.3.6. Genomic Best Linear Unbiased Prediction  

According to VanRaden (2008), GSNP and GHAP were constructed as:  

𝐆 =  
𝐗𝐗′

2 ∑ 𝑝j (1 − 𝑝j)
 

where X and X’ are matrices of standardized genotypes with the elements of Xij = [sij-2pj], and sij 

being the number of copies of the allele of marker j for animal i and pj is allele frequency of allele. 

The matrix S, with elements sij, consists of either pseudo SNP codes for GHAP or SNP calls for 

GSNP (0, 1 or 2). 

Five GHAP matrices were built from the haplotype blocks of size 5, 10, 15, 20 and 30 SNPs 

and are indicated by GHAP5, GHAP10, GHAP15, GHAP20 and GHAP30, respectively, whereas, the matrix 

built from individual SNP genotypes is denoted simply by GSNP. 

Following mixed model for GBLUP was used as VanRaden (2008) proposed:  

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝒆 

𝐕(𝐞) = 𝐑𝜎𝑒
2       

𝐕(𝐮) = 𝐙𝐆𝐙′𝜎𝑎
2       

𝐕(𝐲) = 𝐙𝐆𝐙′𝜎𝑎
2  + 𝐑𝜎𝑒

2        

where the element of 𝐲 represents de-regressed EBV proofs of the animals, b is the vector of fixed 

effects which in this case is the overall mean, u is the vector of additive genetic effects, e is a 

vector of random errors with variance of 𝐑𝜎𝑒
2  (matrix R is diagonal with elements 𝑅𝑖𝑖 =  

𝟏

𝑅𝑒𝑙
− 1, 

where 𝑅𝑒𝑙 is the animal’s reliability from own performance with parent information excluded), X 
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and Z are the incident matrices that relates the fixed and random effects to y, respectively. Vector 

u contains the additive genetic effects for each marker (VanRaden 2008). To prevent the 

singularity of G matrix was constructed as 95% plus 5% A.  

4.3.7. Reliability and Bias Prediction 

Squared Pearson correlations (r2
GEBV) between estimated GEBV and EBV2017 were used as 

a proxy for validating reliability of pigs in validation set, i.e. the reliability of predicting future 

EBV of selection candidates. In addition, the slopes of regressions of EBV2017 on GEBV (bGEBV), 

were calculated to assess the bias (inflation or deflation) of the genomic predictions using 

GHAPBLUP and GSNPBLUP. 

4.3.8. Rank Correlation 

The Spearman rank correlation between GEBVs obtained by GSNPBLUP and GHAPBLUP 

was calculated for the individual traits, as well as for an index of the traits obtained using the same 

weights as in the Canadian national selection indexes for terminal and maternal lines provided by 

Canadian Centre for Swine Improvement (CCSI, https://www.ccsi.ca/). The Spearman rank 

correlation was calculated either using all the available pigs in the validation sets or using only the 

top 20% of pigs for the individual traits or index in the validation sets. The Spearman rank 

correlation of GEBVs between GSNPBLUP and GHAPBLUP were calculated to evaluate how 

strongly the use of haplotypes instead of individual SNPs can influence the ranking of animals for 

selection. 

4.4. Results and Discussion 

 4.4.1. Haplotype Allele Frequency  

The pre-defined length of haplotype blocks influenced the total number of unique 

haplotype alleles (i.e., pseudo SNPs) formed across the genomes. The changes in frequency of 

haplotype alleles as a function of haplotype length are illustrated in Figure 4.1. As can be seen, a 

considerable increase in the number of haplotype alleles was detected in LA and YO as the length 

of haplotype blocks increased. However, such an increase was not observed in DU. Similarly, 

Ferdosi et al. (2016) reported that the total number of haplotype alleles increased significantly by 

https://www.ccsi.ca/
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increasing the length of haplotype blocks until the population size created a limit. The total number 

of haplotype alleles was substantially lower in DU compared to LA and YO for any length of 

haplotype block. This suggests that less variation may exist across the genome of DU than of the 

other two breeds. This result agrees with those from Grossi et al. (2017), who reported that the 

effective population size of DU was relatively smaller than of LA and YO (i.e., effective 

population sizes of DU, LA and YO were 75, 92 and 92, respectively).  

In this study, rare haplotype alleles were assumed to be the ones with less than 1% 

frequency, which were excluded from haplotype datasets. Figure 4.2 shows that the total number 

of rare haplotype alleles was considerably smaller in DU than in LA and YO. As an example, with 

10-SNPs per haplotype block, the total number of rare haplotype alleles was 74,980, 135,973 and 

152,589 in DU, LA and YO, respectively. This is probably because according to Grossi et al. 

(2017), the extent of LD was greater in DU compared to LA and YO (i.e., LD was 0.49, 0.38 and 

0.40 in DU, LA and YO, respectively). Therefore, it would make sense to expect less variation in 

the total number of unique haplotype alleles as well as of the rare haplotype alleles in DU compared 

to LA and YO (Figure 4.1 and 4.2). Figure 4.3 illustrates the frequency of unique haplotype alleles 

across various lengths of haplotype blocks after excluding rare haplotype alleles, according to the 

defined 1% threshold for haplotype allele frequency during the editing (i.e., the retained haplotype 

alleles). When the length of haplotype blocks was increased, the number of retained haplotype 

blocks reduced exponentially in all three breeds. As an example, by increasing the length of 

haplotype from 5 to 30 SNPs in YO, the number of retained haplotype alleles decreased from 

58,000 to 24,090 (Figure 4.3), while the number of rare haplotype alleles increased from 63,800 

to 340,000 (Figure 4.2). More rare haplotype alleles are expected by increasing the haplotype 

length. Similarly, Hess et al. (2017) revealed that increasing the size of the haplotype blocks leads 

to an increase in number of rare haplotype alleles in a cattle population. 

It is interesting that, even though the effective population size is the same in LA and YO 

(Grossi et al. 2017), the total number of haplotype alleles (Figure 4.1) and total number of retained 

haplotype alleles (Figure 4.3) was relatively higher in YO compared to in LA. These higher 

variabilities of unique haplotypes found in YO may be a consequence of the higher number of 

animals used for haplotype construction in YO than in LA (8,855 vs. 6,277).  
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4.4.2. Comparison of Different Approaches for Building the Genomic Relationship Matrix 

Table 4.2 shows the observed reliabilities (r2
GEBV) using haplotype blocks of different 

lengths, as well as the r2
GEBV using the individual SNP genotypes for the four traits considered. 

The effect of GSNP and GHAP on r2
GEBV varied among the breeds, as well as among the traits studied 

(Table 4.2). There was an improvement in prediction reliabilities by using GHAP-based models for 

three out of the four traits (i.e., AGE, LDP and TNB) in DU and YO. However, there was a trend 

for the GHAP-based models to improve the prediction reliabilities for the all four traits in LA. 

Except for FAT, the smaller the reliability for a specific trait, the higher gain in reliability by using 

haplotype-based models was obtained (Table 4.2).  

For a trait or a breed with smaller genetic variation, the haplotype-based model is expected 

yield to less improvement in terms of genomic prediction reliability, since there is less variation 

in the QTLs for the haplotype alleles to capture. As an example, for AGE, the observed reliabilities 

showed relative increases of 9.4, 28 and 19% in DU, LA and YO, respectively, when switching 

from GSNP- to GHAP-based models. The estimated additive genetic variances for AGE were 29.1, 

35.8 and 36.3 in DU, LA and YO, respectively. Therefore, a lower improvement of prediction 

reliability was observed for GHAP-based models in DU, which is the breed with the lowest 

estimated additive genetic variance. In addition, the observed reliability for the GSNP-based model 

for AGE in DU was already higher than that in the other two breeds (Table 4.2), and, therefore, an 

increase in the prediction reliability would be more difficult to achieve.  

For FAT, no improvement of r2
GEBV was observed in DU and YO by using GHAP-based 

models with any length of haplotype blocks. However, there was a relative increase of 11.5% 

points in r2
GEBV when using GHAPBLUP compared to using GSNPBLUP for this trait in LA. It is 

sensible that GHAPBLUP did not improve the prediction reliability for FAT in DU due to its lowest 

additive genetic variance compared to the other two breeds (the estimated additive genetic variance 

was 1.6, 2.5 and 2.0 in DU, LA and YO, respectively). It is worth noting that in DU, prediction 

reliability was the lowest for FAT (Table 4.2), despite its high heritability compared to the other 

three traits (Table 4.1). This is probably because FAT has historically been a major component of 

breeding goal with more weight in the selection index in DU compared to in LA and YO (CCSI 

annual report, 2012).  
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In addition to genetic variance, there are other factors that may influence the possible 

performance of haplotype-based models, such as genetic structure of data sets (Villumsen et al. 

2009; Hess et al. 2017), number of records in the training population (Daetwyler et al. 2010; 

Uemoto et al. 2017), genetic architecture of traits (Meuwissen et al. 2014b), etc. For TNB, the 

observed reliability relatively increased by 9.1, 5.1 and 9.2% points in DU, LA and YO, 

respectively, when GHAPBLUP was used instead of GSNPBLUP. For LDP, the observed reliability 

had a relative increase of 3.5, 19.7 and 13.0% points in DU, LA and YO breeds, respectively. There 

are no previous studies comparing the possible advantages of haplotype-based models across 

various swine breeds. However, it was reported before that prediction accuracy can be particularly 

affected by the number of individuals in the training population (Daetwyler et al. 2010). There are 

reports indicating that the gain obtained by haplotype-based models vary among traits both in pigs 

(Meuwissen et al. 2014b), as well as in cattle (Cuyabano et al. 2015; Ferdosi et al. 2016; Hess et 

al. 2017).  

Regression coefficients of EBV2017 on GEBV (bias) obtained by different G matrices are 

presented in Table 4.3. In general, there was an upward bias for predictions. The CCSI has not 

previously reported prediction bias for the traits studied. However, Uemoto et al. (2017) reported 

regression coefficients higher than 1 for some traits in a Duroc population; for example, for some 

of the traits, such as average daily gain from 30 to 105 kg of body weight, the regression 

coefficients were reported to be up to 1.5, indicating an underestimation of predicted values. In 

this study, however, there was an overestimation of predicted values. Moreover, Brito et al. (2017) 

reported quite high prediction biases (underestimation or overestimation) for some studied traits 

in multi-breed sheep population, suggesting prediction bias can vary depending on the traits, 

population, species, and method used for genomic evaluation used. It should be noted that 

prediction bias, i.e. the spread of GEBVs, is of less importance in swine, when compared to cattle, 

since in swine breeding programs selection candidates for breeding are usually from the same 

single generation cohort due to the fast turn-over of breeding animals, especially boars that are 

used for a single breeding cycle. In this study, except for FAT in DU, GHAPBLUP resulted in 

higher, closer to 1, regression coefficient (i.e., lower bias) compared to the GSNPBLUP. As an 

illustration, for AGE in YO, the regression coefficient relatively increased by 0.15 points when 

GHAP15BLUP replaced the GSNPBLUP. On average, GHAPBLUP reduced bias by 3.6, 10.2 and 5.8% 

points across the traits analyzed in DU, LA and YO, respectively. In agreement with the present 
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results, Jónás et al. (2016) showed that employing haplotype-based approaches instead of 

individual SNP could reduce bias by 7 to 9% points in a cattle population. 

This study showed that the GHAPBLUP can improve the prediction reliabilities and reduce 

bias compared to the individual GSNPBLUP. This contradicts another study in a population of 

Duroc pigs, which reported that a haplotype-based method not only did not improve the prediction 

accuracy, but also slightly decreased it for a few traits. In addition, the haplotype-based method 

increased prediction bias compared to individual SNP-based model (Uemoto et al. 2017). The 

possible reason for this contradiction may arise from usage of a different method for haplotype 

construction in their study. They constructed ancestral haplotypes by calculating similarity 

between genotypes of animals according to Zhang et al. (2012), while in the current study 

haplotype blocks were constructed by scanning a fixed number of neighboring SNPs along the 

chromosomes. In addition, the number of animals (i.e., 836 animals) utilized for genomic 

prediction by Uemoto et al. (2017) was much smaller than that employed in this study (i.e., from 

3,467 to 6,061 animals) (Table 4.1). The effect of haplotype alleles can be estimated more 

accurately when a large number of phenotypic records is  available (Hayes et al. 2007). In addition, 

a larger training dataset provides higher probability of observing haplotype alleles that are present 

among the animals for which genomic breeding values are predicted.  

In agreement with the present results, Meuwissen et al. (2014b) showed that by using a 

fixed-length haplotype-based model instead of individual SNP genotypes, prediction accuracy 

may be increased in pigs, especifically for the traits that have recently been under strong selection. 

This improvement observed by using haplotype blocks instead of individual SNPs probably is 

related to the fact that the rate of recombination events is higher in haplotype blocks than the rate 

of mutation in individual SNPs (Uemoto et al. 2017). Hence, haplotype-based relationship matrix 

may better trace changes due to recent events (i.e., artificial selection) since it considers more 

recent the relationships (Meuwissen et al. 2014a, 2014b; Uemoto et al. 2017). However, individual 

SNP-based relationship matrix trace changes due to far past, since commercial chips mostly lack 

SNPs with very low minor allele frequency due to the ascertainment in their design. Thus, an 

individual SNP-based genomic relationship matrix is expected to put more emphasis on 

relationships from distant ancestors, whereas a haplotype-based genomic relationship matrix is 

expected to put more emphasis on relationships from more recent ancestors (Meuwissen et al. 
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2014b; Cuyabano et al. 2015; Hess et al. 2017). Other reasons for the advantage of haplotype 

blocks over individual SNPs include higher information content of haplotypes (Ryynänen et al. 

2007) and interaction between SNPs inside haplotypes (Jónás et al. 2016). It is worth noting that 

results of the current study showed more gain in genomic prediction than the previous study by 

Meuwissen et al. (2014b). This is probably because in the current study scenarios with longer 

haplotype blocks (e.g., 15, 20 and 30 SNPs) were assessed then the scenario in Meuwissen et al. 

(2014b) (i.e., an average of 8.5 SNPs per haplotype block), and more improvement with longer 

haplotype blocks was observed in the current study.  

4.4.3. Optimum Haplotype Length 

In this study, the optimum length of haplotype blocks for which the highest validation 

reliability was achieved among the traits analyzed generally varied from 15 to 30 adjacent SNPs 

(i.e., from 1,097 kb to 2,194 kb of haplotype blocks). Overall, prediction reliabilities were 

improved by an increase in the length of haplotype blocks from 5 to 30 adjacent SNPs (Table 4.2). 

The same trend was observed for regression coefficients (Table 4.3). For the most of the traits 

analyzed, the GHAPBLUP based on 5-SNP haplotype blocks resulted in the lowest prediction 

reliabilities and the highest biases, compared to other lengths of haplotype blocks (Figures 4.2 and 

4.3). These results are in contradiction to a previous study in dairy cattle, in which by increasing 

the length of haplotype blocks (from 5 to 20 SNPs) the prediction reliabilities decreased 

considerably for the majority of the traits analyzed (Karimi et al. 2018). A possible reason for this 

is that due to the faster generation turn-over in swine compared to dairy cattle, longer haplotype 

blocks may be shared between the training set and the selection candidates (validation animals).  

In addition, there is more diversity in the dairy cattle genome than in swine, as shown when one 

compares the total number of unique haplotype alleles (Figure 4.3) (Karimi et al. 2018). Thus, it 

is sensible that the shared haplotype blocks are longer in the genome of swine than that of dairy 

cattle.  

There are reports indicating that the optimum haplotype length can vary depending on the 

type of dataset (i.e., real or simulated data), the distance between SNPs, traits studied, population 

structure, and also the methodologies applied for building genomic relationship matrices 

(Villumsen et al. 2009; Ferdosi et al. 2016; Hess et al. 2017). Using real data from a cattle 



  

65 
 

population, Hess et al. (2017) showed that validation accuracies of haplotype models that used a 

maximum 500 kb haplotype blocks or maximum eight SNPs per haplotype block were higher than 

those of the SNP model. When using a simulated data mimicking a cattle population, Villumsen 

et al. (2009) reported that the haplotype-based model using 10 adjacent SNPs outperformed the 

individual SNP-based model in terms of prediction accuracy. These studies, as well as results of 

current work, demonstrate that in order to find the optimum length of haplotype block, each dataset 

or population should be evaluated individually. 

4.4.4. Re-ranking of Selection Candidates 

 In general, increasing prediction reliability may not improve genetic gain unless it impacts 

the ranking of selection candidates (Hess et al. 2017). The rank correlation between GEBVs from 

GHAPBLUP and GSNPBLUP for the top 20% pigs was evaluated and, as expected, it was 

consistently lower compared to that across all pigs in validation set (Table 4.4).  

 The rank correlations between GEBVs from GHAPBLUP and GSNPBLUP were ≥0.90 when 

considering all animals in the validation sets, indicating possible important re-ranking for top 

animals. For the top 20% animals, the re-ranking was more substantial (from 0.54 to 0.88) across 

breeds and traits. These results suggest that genomic evaluation using haplotypes instead of 

individual SNPs will substantially change the ranking of selection candidates. In addition, as the 

prediction reliabilities obtained using GHAPBLUP were generally higher than those obtained using 

GSNPBLUP, the adaption of GHAPBLUP by the swine industry is expect to have a substantial 

favorable impact on genetic gain on the traits considered in this study. It should also be noted that 

the rank correlations for the calculated indexes, using trait weights in the Canadian national 

selection indexes, were rather low especially for YO, suggesting that the use of GHAPBLUP has 

potential to improve selection decisions. 

4.5. Conclusions  

The main goal of this study was to evaluate the possible benefit of using GHAPBLUP 

compared to using GSNPBLUP for increasing reliability and reducing bias of genomic predictions 

for a sample of 4 economically important traits in swine breeds, including DU, YO and LA. Apart 

from FAT in DU, for all the other traits and breeds, the reliability of GHAPBLUP for predicting 
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future EBV of selection candidates was found to be higher than the GSNPBLUP. In addition, for 

almost all the traits across breeds, the prediction bias decreased with the use of GHAPBLUP. The 

optimum length of haplotype blocks, for which the highest improvement in prediction reliability 

and bias was observed, varied among traits and breeds ranging from 15 to 30 SNPs in contrast to 

results from dairy cattle, where smaller haplotypes (5 to 10 SNPs) performed better. Spearman 

rank correlations showed that GHAPBLUP substantially re-ranked top selection candidates and, 

therefore, could potentially influence selection decisions in swine breeding programs. In 

conclusion, GHAPBLUP provided higher reliability of predicting future EBV of selection 

candidates and lower prediction biases than GSNPBLUP and, thus, could be an alternative to 

GSNPBLUP for genomic evaluation in swine breeding.  
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4.7. Tables  

Table 4.1. Heritability (h2), number of animals in training and validation in major Canadian swine 

breeds for age at 100kg of live weight (AGE), backfat thickness (FAT), total number of born 

(TNB) and loin depth adjusted to 100kg of live weight adjusted to 100kg of live weight (LDP) 

using imputed 70K SNP chip genotypes 

Trait h2 Duroc Landrace Yorkshire 

  Training Validation Training Validation Training Validation 

AGE 0.300 2,898 700 4,501 1,488 6,061 2,311 

FAT 0.520 2,898 681 2,793 401 3,688 704 

TNB 0.110 1,626 445 3,033 1,181 3,925 2,120 

LDP 0.250 2,900 737 2,660 940 3,467 1,542 

 

 

Table 4.2. Validation reliabilities (r2
GEBV) obtained by individual SNP model (i.e. GSNP) and 

haplotype-based models (i.e., GHAP5, GHAP10, GHAP15 and GHAP20) in major Canadian swine breeds 

for age at 100kg of live weight (AGE), backfat thickness (FAT), total number of born (TNB) and 

loin depth adjusted to 100kg of live weight (LDP) using imputed 70K SNP chip genotypes 

Breed Trait GSNP GHAP5
a GHAP10 GHAP15 GHAP20 GHAP30 

 AGE 0.403 0.424 0.432 0.433 0.434 0.441 

Duroc FAT 0.235 0.228 0.227 0.226 0.221 0.203 

 TNB 0.307 0.311 0.325 0.335 0.328 0.332 

 LDP 0.464 0.473 0.476 0.477 0.480 0.473 

 AGE 0.289 0.328 0.347 0.354 0.371 0.353 

Landrace FAT 0.382 0.412 0.410 0.421 0.424 0.426 

 TNB 0.314 0.326 0.323 0.330 0.322 0.316 

 LDP 0.299 0.318 0.328 0.335 0.346 0.357 

 AGE 0.162 0.188 0.184 0.198 0.193 0.186 

Yorkshire FAT 0.345 0.346 0.345 0.348 0.331 0.332 

 TNB 0.371 0.397 0.403 0.398 0.405 0.402 

 LDP 0.324 0.348 0.354 0.366 0.359 0.342 
     aGHAPn: Fixed-length haplotype of n adjacent SNPs (n=5, 10, 15, 20, or 30) 
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Table 4.3. Regression coefficients of EBV2017 on genomic predictions (bias) obtained by 

individual SNP model (i.e., GSNP) and haplotype-based models (i.e., GHAP5, GHAP10, GHAP15 and 

GHAP20) in different breeds for age at 100kg of live weight (AGE), backfat thickness (FAT), total 

number of born (TNB) and loin depth adjusted to 100kg of live weight (LDP) using imputed 70K 

SNP chip genotypes 

Breed Trait GSNP GHAP5
a GHAP10 GHAP15 GHAP20 GHAP30 

 AGE 0.438 0.470 0.485 0.489 0.498 0.441 

Duroc FAT 0.552 0.549 0.544 0.546 0.523 0.203 

 TNB 0.412 0.433 0.440 0.448 0.455 0.332 

 LDP 0.538 0.554 0.560 0.567 0.582 0.473 

 AGE 0.460 0.538 0.555 0.558 0.568 0.572 

Landrace FAT 0.826 0.90 0.91 0.912 0.911 0.918 

 TNB 0.440 0.535 0.540 0.539 0.541 0.547 

 LDP 0.480 0.522 0.533 0.538 0.555 0.571 

 AGE 0.308 0.343 0.343 0.353 0.352 0.344 

Yorkshire FAT 0.683 0.692 0.698 0.709 0.688 0.692 

 TNB 0.520 0.621 0.634 0.644 0.645 0.650 

 LDP 0.499 0.538 0.551 0.564 0.557 0.554 
aGHAPn: Fixed-length haplotype of n adjacent SNPs (n=5, 10, 15, 20, or 30) 
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Table 7.4. Rank correlation between GEBVs obtained by GSNP BLUP and GHAP BLUP in different 

breeds for age at 100kg of live weight (AGE), backfat thickness (FAT), total number of born 

(TNB), loin depth adjusted to 100kg of live weight (LDP), and an index using imputed 70K SNP 

chip genotypes 

Breeds Proportion 
Traits 

Index1,2,3 
AGE FAT TNB LDP 

Duroc 
All animals4 0.967 0.986 0.965 0.964 0.963 

Top 20%5 0.881 0.887 0.866 0.840 0.865 

Landrace 
All animals 0.901 0.920 0.938 0.920 0.948 

Top 20% 0.606 0.542 0.720 0.715 0.851 

Yorkshire 
All animals 0.941 0.956 0.931 0.908 0.922 

Top 20% 0.732 0.796 0.860 0.628 0.767 
1Index of GEBVs with trait weights according to those in the Canadian national selection index 

for sire line (Duroc): −1.1 ∗ AGE EBV + 0.65 ∗ LDP EBV 

2Index of GEBVs with trait weights according to those in the Canadian national selection index 

for dam line (Landrace and Yorkshire): −0.55 ∗ AGE EBV +  0.325 ∗ LDP EBV + 11.49 ∗
TNB EBV  
3FAT was not considered in the calculated indexes, because it is currently not included in the 

Canadian national selection indexes 
4All the available animals in the validation sets 
5 The top 20% animals for the specific trait or index in the validation sets 
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4.8. Figures 

 

 

Figure 4.1. Frequency of unique haplotype alleles at different lengths of haplotype blocks in the 

major Canadian swine breeds (i.e., DU: Duroc, LA: Landrace, YO: Yorkshire) 

 

10000

80000

150000

220000

290000

360000

0 5 10 15 20 25 30

F
re

q
u

ec
y
 o

f 
 u

n
iq

u
e 

h
a
p

lo
ty

p
e 

a
ll

el
es

Haplotype length (number of SNPs in a haplotype block)

Unique haplotype allele frequecy versus

different haplotype lengths

DU

LA

YO



  

71 
 

 

Figure 4.2. Frequency of unique rare haplotype alleles at different lengths of haplotype blocks in 

the major Canadian swine breeds (i.e., DU: Duroc, LA: Landrace, YO: Yorkshire) 
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Figure 4.3. Frequency of unique haplotype alleles after excluding rare haplotype alleles with 

frequency less than 1% (i.e., the retained haplotype alleles) at different lengths of haplotype blocks 

in the major Canadian swine breeds (i.e., DU: Duroc, LA: Landrace, YO: Yorkshire) 
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CHAPTER 5 

General Discussion and Conclusions  

This thesis assessed the use of haplotypes, rather than individual SNPs, in GBLUP 

evaluations with respect to both prediction reliability and prediction bias for Canadian Holstein 

cattle and for three major Canadian purebred swine breeds, i.e., Duroc, Yorkshire and Landrace. 

The results of this study indicate that applying GHAP-based models improved genomic evaluation 

of some economically important traits in Holstein cattle in some cases. The results of GHAP-based 

models were more promising in swine breeds. In this chapter the results of the GHAP-based models 

are discussed and the performance of these models is compared between pigs and Holstein cattle. 

5.1. Performance of Haplotype-Based Models for Genomic Prediction in 

Holstein Cattle 

In Chapter 2, haplotype blocks were constructed based on a fixed number of SNPs and the 

performance of the GHAP was evaluated with respect to prediction reliability and bias. The impact 

of including MACE proofs in the training set was also assessed. As there are various alternate 

methods for constructing haplotype blocks, rather than using fixed-length haplotype blocks, more 

complicated methods, such as using LD information, or a combination of LD information and a 

fixed number of SNPs were evaluated in Chapter 3 to find the most effective method for haplotype 

block construction. In Chapter 3, GHAP-based and GSNP-based GBLUP with or without pre-

selection of haplotypes or individual SNPs were also investigated using the 50K and the imputed 

333K genotypes. 

The results presented in Chapter 2 suggest that genomic evaluations using fixed-length 

GHAPBLUP only slightly increased the prediction reliabilities for medium and high-heritability 

traits. However, no improvement was observed for low-heritability traits. Similar to these results, 

Cubuyano et al. (2016) reported that the use of haplotypes did not improve the prediction 

accuracy for all of the traits studied. In fact, in some cases, it reduced the prediction accuracy 

compared to the use of individual SNPs. Cubuyano et al. (2016) also reported that haplotype-based 

GBLUP yielded lower prediction accuracy than a haplotype-based Bayesian mixture model. A 

possible explanation for this finding might be that more weight is given to certain haplotypes 
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in a Bayesian mixture model, whereas all haplotypes have the same weight in GBLUP. Haplotype-

based Bayesian methods were not covered in this study since they are less computationaly efficient 

for routine genomic evaluation in the Holstein cattle industry.  

Adding MACE proofs did not provide any advantage for GHAP-based models compared to 

the GSNP-based model, although it was expected that increasing the number of individuals in the 

training sets would improve the estimation of the haplotype allele effects, by increasing the 

frequency of already existent haplotypes alleles in the genotype data, or by including new 

haplotype alleles with large enough frequencies. The lack of improvement of genomic prediction 

by incorporating MACE proofs could be because they simply added more rare haplotype alleles 

instead of increasing the frequency of haplotype alleles that already existed in the genotype data. 

These rare haplotype alleles were, then, deleted from further analyses. Hayr (2016) stated with 

haplotype models, the accuracy of predictions may be improved by estimating the effects of rare 

haplotype alleles based upon their resemblances to more common haplotype alleles instead of 

removing them from data. Thus, it is important that methods for including the effect of rare 

haplotype alleles in genomic evaluations be investigated in future studies. 

Prediction bias decreased for traits at any level of heritability when using the fixed-length 

GHAP-based model, which can be useful for the dairy cattle industry, as prediction bias is one of 

the major problems in the evaluation of young bulls. Because of the rapid turn-over of generations 

due to the use of genomic selection, most future top young bulls may come from unproven sires. 

These young bulls usually will have larger bias in their genomic parent average (Sargolzaei et al. 

2012). Thus, GHAP-based models can help to reduce prediction bias. These results are in agreement 

with Hess et al. (2017), who reported that fixed-length haplotype-based models can reduce 

prediction bias.  

In Chapter 3, it was found that LD-based haplotype prediction were not consistently more 

reliable than fixed-length haplotype predictions. In addition, using the imputed 333K panel to 

construct haplotypes, rather than the 50K panel, did not improve the prediction reliabilities. 

However, for most of the traits studied, haplotype selection using the imputed 333K genotypes 

resulted in slightly higher prediction reliabilities and lower prediction biases compared to using 

50K genotypes. This could be explained by the increase in the density of genotypes, which 
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provides haplotypes in stronger LD with QTLs. In addition, haplotype selection helps to reduce 

the total number of predictor variables (i.e., reduce the over-parameterization) in genomic 

prediction models. Therefore, using the imputed 333K genotypes and haplotype selection led to 

the highest reliabilities.  

5.2. Performance of Haplotype Based Models for Genomic Prediction in 

Swine 

Previous research revealed that genomic evaluations using haplotypes provide varied 

results (e.g., Hess et al. 2017), and, therefore, should be assessed individually for each population 

and species. These differences arise possibly because patterns of LD differ across populations and, 

hence, differ between breeds (de Roos et al. 2009; Hayr 2016). Therefore, an assessment of GHAP-

based models was also carried out in three major Canadian swine breeds. 

 A lower number of haplotype alleles was found in Duroc compared to Yorkshire and 

Landrace breeds, possibly because the Duroc breed has undergone more intensive selection as a 

terminal breed than the other two breeds. For almost all traits studied across the breeds, GHAP-

based models outperformed the GSNP-based model by increasing reliability of predicting future 

EBV of selection candidates and reducing prediction biases. Hence, GHAP-based models might 

be more of an alternative for genomic prediction in swine than in Holstein cattle. However, these 

results should be confirmed for other economically important traits in swine.  Additionally, it is 

important that future studies investigate alternate methods for constructing haplotype blocks, such 

as using LD information, since in current study haplotype blocks were constructed based on only 

on fixed number of adjacent SNPs. However, one could expect that the alternate methods would 

yield to even better results than using fixed-length haplotype blocks.   

5.3. Comparing the Performance of Haplotype-Based Models for Genomic 

Prediction in Swine and Holstein Cattle in Canada 

Several studies have shown that the predictive ability of genomic evaluations were 

improved by using haplotype blocks rather than using individual SNPs in different populations, 

such as in purebred, in closely-related breeds, and also in admixed-breed populations (e.g., Calus 

et al. 2008; Cuyabano et al. 2014; Hess et al. 2017). The improvement in predictive ability achieved 
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by using haplotypes may occur for many reasons, such as more accurately capturing the 

relationships between animals in populations (Ferdosi et al. 2016) capturing epistatic interaction 

between adjacent SNPs in haplotype blocks (Hickey et al. 2013), stronger LD between haplotypes 

and QTL compared to individual SNPs (Zondervan and Cardon 2004), etc.  

Overall, this study showed that using GHAP-based genomic prediction would likely yield 

more improvement in prediction reliability and bias in swine than in Holstein cattle. A reason for 

this could be that the effective population size is bigger in Holstein cattle compared to swine 

breeds. Therefore, higher haplotype allele diversity exists in Holstein cattle population than in 

swine breeds (Chapter 2, Chapter 4), for which there may not be enough records for each haplotype 

allele to estimate their effect accurately. In addition, when haplotype diversity increases, more rare 

haplotype alleles exist, which might be deleted for the analyses.  

While longer haplotypes (15 and 20 SNPs per haplotype block) were found to be better for 

swine, shorter haplotypes (5 and 10 SNPs per haplotype block) were found to be better for Holstein 

cattle. A possible reason for the former could be that there are longer shared haplotypes blocks 

between a training set and selection candidates in swine compared to Holstein cattle. In swine 

breeding, selected sires are used once in a reproduction cycle and then they are removed from 

breeding and, therefore, there is a higher turn-over of male breeding stock. Thus, the relationship 

between training and validation sets will be based on large chromosomal segments, since there is 

less chance of crossing over across generations. However, in dairy cattle breeding programs, the 

genetic material of a top bull may be used for several generations. Thus, for example, a sire from 

a training set can be a grandsire of an offspring in the validation set providing many more 

opportunities for chromosome segments to be broken down due to recombination events. It follows 

that higher improvement in genomic predictions can be achieved with shorter haplotype blocks in 

Holstein cattle and longer haplotype blocks in swine. 

 5.4. General Conclusion 

This thesis was carried out to investigate the possible advantages of using haplotype-based 

GBLUP models over the use of individual SNP-based GBLUP models for genomic prediction in 

Holstein cattle and three major Canadian swine breeds. In the Holstein population, the alternate 

relationship matrices had a significant interaction with the level of trait heritability. For most of 
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the medium- to high- heritability traits in Holstein cattle, the prediction reliability of haplotype-

based models was either equal to or just slightly higher than those for the SNP-based model. 

However, for low-heritability traits, the performance of haplotype-based models was similar to 

that of SNP-based model. Moreover, irrespective of the level of heritability, the prediction bias 

was smaller for haplotype-based models compared to the SNP-based model. In general, selecting 

haplotypes led to higher predictive ability than the use of individual SNPs with or without SNP 

selection, using either the 50K or the imputed 333K genotypes.  

In swine breeds, for almost all the traits analyzed, higher prediction reliability and lower 

prediction bias were found by using fixed-length haplotype-based models compared to using the 

SNP-based model, suggesting that haplotype could be a better alternative for individual SNPs in 

swine than in Holstein cattle. Moreover, in swine, more traits should be analyzed by haplotype-

based approaches to extend the findings of this dissertation; in addition, different methods for 

constructing haplotype blocks should also be assessed. 

  



  

81 
 

5.5. References 

Calus, M.P.L., Meuwissen, T.H.E., de Roos, A.P.W., and Veerkamp, R.F. 2008. Accuracy of 

genomic selection using different methods to define haplotypes. Genetics 178: 553–61. 

Genetics Society of America. doi:10.1534/genetics.107.080838. 

Cuyabano, B.C., Su, G., and Lund, M.S. 2014. Genomic prediction of genetic merit using LD-

based haplotypes in the Nordic Holstein population. BMC Genomics 15: 1171. 

doi:10.1186/1471-2164-15-1171. 

Ferdosi, M.H., Henshall, J., and Tier, B. 2016. Study of the optimum haplotype length to build 

genomic relationship matrices. Genet. Sel. Evol. 48: 75. BioMed Central. 

doi:10.1186/s12711-016-0253-6. 

Hayr, M.K. 2016. Genomic prediction using haplotypes in New Zealand dairy cattle. 

Hess, M., Druet, T., Hess, A., and Garrick, D. 2017. Fixed-length haplotypes can improve genomic 

prediction accuracy in an admixed dairy cattle population. Genet. Sel. Evol. 49: 54. 

doi:10.1186/s12711-017-0329-y. 

Hickey, J.M., Kinghorn, B.P., Tier, B., Clark, S.A., van der Werf, J.H.J., and Gorjanc, G. 2013. 

Genomic evaluations using similarity between haplotypes. J. Anim. Breed. Genet. 130: 259–

269. doi:10.1111/jbg.12020. 

Meuwissen, T.H.E., Odegard, J., Andersen-Ranberg, I., and Grindflek, E. 2014. On the distance 

of genetic relationships and the accuracy of genomic prediction in pig breeding. Genet. Sel. 

Evol. 46: 49. BioMed Central. doi:10.1186/1297-9686-46-49. 

de Roos, A.P.W., Hayes, B.J., and Goddard, M.E. 2009. Reliability of genomic predictions across 

multiple populations. Genetics 183: 1545–53. Genetics Society of America. 

doi:10.1534/genetics.109.104935. 

Sargolzaei, M., , Chesnais, J., and and Schenkel, F. 2012. Assessing the bias in top GPA bulls. 

Guelph. doi:https://www.cdn.ca/Articles/GEBOCT2012/Jacques_Bias_in_Top_Bulls.pdf. 

Zondervan, K.T., and Cardon, L.R. 2004. The complex interplay among factors that influence 

allelic association. Nat. Rev. Genet. 5: 89–100. Nature Publishing Group. 

doi:10.1038/nrg1270. 

 


	ABSTRACT
	ACKNOWLDEGMENTS
	General Introduction
	1.1. Introduction
	1.2. Research Objectives
	1.3. References

	Assessing Haplotype-Based Models for Genomic Evaluation in Holstein Cattle
	2.1. Abstract
	2.2. Introduction
	2.3. Materials and Methods
	2.3.2. Genotyped Animals
	2.3.3. Training and Validation Sets
	2.3.4. Quality Control
	The initial quality control (QC) was performed on the 50k SNP chip panel genotypes by the Council on Dairy Cattle Breeding (CDCB) according to Wiggans et al. (2009). Additional editing was performed on the genotypes, containing 45,187 SNPs, using the ...
	2.3.5. Haplotype Construction
	The pseudo SNPs were also created using snp1101 software (Sargolzaei, 2014). The total number of haplotypes was different depending on the size of haplotype blocks that was used. Four sizes of fixed haplotype blocks were tested, i.e. 5, 10, 15 and 20....
	2.3.6. Genomic Predictions
	where the elements of X are xij = [zij-2pj] and zij is the number of copies of the allele at marker j for individual i and pj is allele frequency of allele j (VanRaden 2008). The GHAP matrices were calculated as above after converting haplotype blocks...
	2.3.7. Reliability of Predictions
	2.3.8. Comparing Relationship Matrices
	2.3.9. Post-Analysis of the Results

	2.4. Results and Discussion

	Haplotype blocks were constructed based on alternate fixed number of adjacent SNPs, because of its simplicity compared to the other methods of haplotype block construction. In addition, it was previously reported that haplotype blocks based on fixed n...
	2.4.1. Phasing Quality

	Browing and Browing (2011) stated that the quality of phasing is mostly affected by marker density, the number of individuals and relationship among them. In this study, individuals were highly related and most of them were sire-progeny pairs. Miar et...
	2.4.2. Computation Time

	Since medium density panel was utilized in this study, the use of GSNP and GHAP relationship matrices in the GBLUP did not differ considerably in terms of runtime (it was 2.58 minutes for GSNPBLUP and from 1.95 minutes to 2.92 minutes for GHAP20BLUP t...
	It should be noted that an extra time was spent on constructing haplotypes and converting them to pseudo SNPs which varied depending upon the length of haplotype blocks. The required time for this purpose varied from 1.92 minutes to 6.48 minutes for 5...
	2.4.3. Haplotype Allele Diversity
	2.4.2. Pseudo SNP Frequency
	2.4.3. Post-Analysis of Prediction Reliability and Bias
	2.4.4. Optimum Haplotype Block Size
	2.5. Conclusions
	2.6. Acknowledgments
	2.8. Figures
	2.9. Supplementary Tables
	2.10. References

	Comparison Between Haplotype-Based and Individual SNP-Based Genomic Prediction Using Medium- and High-Density Genotypes in Holstein Cattle
	1Corresponding Author: Zahra Karimi
	E-mail address: skarimi@uoguelph.ca
	3.1. Abstract
	3.2. Introduction
	3.3. Materials and Methods
	3.3.1. Ethic Statement


	The animals included in this study were managed in accordance with the “Code of practice for the care and handling of dairy cattle” in Canada (National Farm Animal Care Council, NFACC) and no Animal Care and Use Committee approval was necessary for t...
	3.3.2. Genotypic, Pedigree and Phenotypic Data
	3.3.3. Training and Validation Sets

	The genotyped Holstein bulls were categorized as training and validation groups. The validation bulls included bulls born between 2010 and 2011 with official EBVs in 2016. De-regressed estimated breeding values based on the 2016 genetic evaluation (dE...
	3.3.4. Genotype Quality Check

	For both 50K and 777K SNP genotypes, those SNPs with low genotype quality were edited out by Council on Dairy Cattle Breeding (CDCB) according to Wiggans et al. (2009) and VanRaden et al. (2013), respectively. After editing, in the 777K genotype data ...
	3.3.5. Imputation
	3.3.6. Haplotype Construction
	3.3.7. Haplotype and Individual SNP Selection Approaches
	3.3.8. Genomic Best Linear Unbiased Prediction

	In order to compare the approaches, Genomic Best Linear Unbiased Predictions (GBLUP) were computed using either single-SNP based relationship matrix (GSNP) or haplotype-based relationship matrices (GHAP). GHAP was calculated after converting haplotype...
	3.3.9. Reliability of Predictions
	3.4. Results and Discussion
	3.4.1. Comparison of Alternate LD-based Haplotype Predictions
	3.4.2. Comparison of Individual SNPs, Fixed-length Haplotype Blocks, and LD-Based Haplotype Blocks Prediction
	3.4.3. Effect of Haplotype Selection in the Genomic Predictions Using 50K Genotypes
	3.4.4. Effect of Haplotype Selection in the Genomic Prediction Bias
	3.4.5. Effect of Haplotype Selection on Genomic Predictions at Different SNP Densities

	3.5. Conclusions
	3.6. Tables
	3.7. References

	Assessing Haplotype-Based Genomic Predictions in Canadian Swine Breeds
	4Corresponding Author: Zahra Karimi
	E-mail address: skarimi@uoguelph.ca
	4.1. Abstract
	4.2. Introduction
	4.3. Materials and Methods
	4.3.1. Ethics Statement
	4.3.2. Data
	4.3.3. Genotype Editing
	4.3.4. Training and Validation Groups


	Within each breed, the genotyped pigs were assigned to either training or validation sets. Pigs born in 2016 with available EBVs in 2017 were included in the validation, while the training set included pigs born before 2016. The exact size of the trai...
	4.3.5. Phasing and Haplotype Construction
	4.3.6. Genomic Best Linear Unbiased Prediction

	According to VanRaden (2008), GSNP and GHAP were constructed as:
	4.3.7. Reliability and Bias Prediction
	4.3.8. Rank Correlation

	The Spearman rank correlation between GEBVs obtained by GSNPBLUP and GHAPBLUP was calculated for the individual traits, as well as for an index of the traits obtained using the same weights as in the Canadian national selection indexes for terminal an...
	4.4. Results and Discussion
	4.4.1. Haplotype Allele Frequency


	The pre-defined length of haplotype blocks influenced the total number of unique haplotype alleles (i.e., pseudo SNPs) formed across the genomes. The changes in frequency of haplotype alleles as a function of haplotype length are illustrated in Figure...
	4.4.2. Comparison of Different Approaches for Building the Genomic Relationship Matrix

	In agreement with the present results, Meuwissen et al. (2014b) showed that by using a fixed-length haplotype-based model instead of individual SNP genotypes, prediction accuracy may be increased in pigs, especifically for the traits that have recentl...
	4.4.3. Optimum Haplotype Length
	4.4.4. Re-ranking of Selection Candidates
	4.5. Conclusions
	4.6. Acknowledgments
	4.7. Tables

	3FAT was not considered in the calculated indexes, because it is currently not included in the Canadian national selection indexes
	4All the available animals in the validation sets
	5 The top 20% animals for the specific trait or index in the validation sets
	4.8. Figures
	4.9. References

	General Discussion and Conclusions
	5.1. Performance of Haplotype-Based Models for Genomic Prediction in Holstein Cattle
	5.2. Performance of Haplotype Based Models for Genomic Prediction in Swine
	5.3. Comparing the Performance of Haplotype-Based Models for Genomic Prediction in Swine and Holstein Cattle in Canada
	5.4. General Conclusion
	5.5. References


