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Summary

This Ph.D project proposed to study the use and benefits of haplotype blocks

(haploblocks) as covariates to genomic prediction of complex traits in animal breed-

ing. The main reason that draws interest to haploblocks in genomic prediction is

that a quantitative trait loci (QTL) that is not in complete linkage disequilibrium

(LD) with any individual single nucleotide polymorphism (SNP) may be in com-

plete LD with a multi-marker haplotype. Thus, haploblocks as covariates to genomic

prediction may be able to predict complex traits more accurately.

In order to build haploblocks that could provide an increase to the reliability of

genomic predictions, some questions were raised. The two main questions were about

where in the genome should haploblocks start and end, and how many SNPs should

be used to define a haploblock. The use of LD measures, more specifically D′, was

a reasonable choice, as LD quantifies the non-random associations between two loci.

By defining as a haploblock, a group of adjacent SNPs in which a minimum amount

of LD between any two loci was observed, this study built haploblocks that didn’t

have a fixed length (number of SNPs). Because of the LD between the loci, these

haploblocks also had less “alleles” than would be expected when grouping SNPs

disregarding the LD between them. This way, the haploblocks used through this

whole study provided a reduction in the number of prediction covariates, compared

to the original high density (HD) marker data used.

The first manuscript, Genomic prediction of genetic merit using LD-based hap-

lotypes in the Nordic Holstein population discussed the choice of LD to build haplo-

types in comparison to other methods used by authors in other studies. Furthermore,

this manuscript explored the use of these LD-based haplotypes in genomic prediction,

comparing prediction reliabilities for different D′ thresholds, in three economically

important traits in dairy cattle. From the results obtained, it was concluded that

haploblocks built considering D′ ≥ 0.45 between any two loci were optimal for ge-

nomic prediction in dairy cattle.
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The second manuscript, Selection of haplotype variables from a high density

marker map for genomic prediction of genetic merit went further in the use of hap-

loblocks for genomic prediction. The work that resulted on this manuscript aimed

to find methods that could adequately select haploblocks to perform genomic pre-

diction, without the need of using the complete genomic data set. Thus, previous

to performing genomic prediction using haploblocks, an individual SNP prediction

model was performed. Then haploblocks were selected to contain a number of the

main SNP effects, and were addressed as QTL-haploblocks. It was analysed a range

of 1,000-50,000 main SNP effects used to select haploblocks. The aim was to achieve

a minimum amount of main SNP effects necessary to select haploblocks that could

perform genomic prediction just as accurate as when using all haploblocks. It was

verified in this study that 30,000 main SNPs were enough to select QTL-haploblocks,

obtaining genomic predictions very similar to the observed when using all the genomic

data. In addition, this method allowed a reduction of 60% in the computing time

compared to using all haploblocks, and 70% when compared to using all individual

SNPs from a HD marker data.

At last the third manuscript, Bootstrap study of genome-enabled prediction

reliabilities using haplotype blocks across Nordic Red cattle breeds explored the use

of haploblocks in across-breed predictions. It was observed that the combination of

these two methods had a higher significance when handling prediction models with a

Bayesian mixture method. A highlight of this manuscript was the statistical methods

applied to compare the prediction reliabilities. Bootstrap samples were drawn from

the test animals, generating samples of prediction reliabilities for the different pre-

diction scenarios (combining the training populations or using a single breed, using

individual SNPs or haploblocks as predictors and modelling with Bayesian BLUP or

Bayesian mixture methods). The bootstrapping of the test dataset provided statis-

tical basis to verify the possible differences between the accuracy of each prediction

scenarios.
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Sammendrag

I dette PhD-projekt studeres brugen af, og fordelene ved at bruge, haplotype

blokke (haploblokke), som covariater i genomiske prediktioner af komplekse egen-

skaber i husdyravlen. Den væsentligste årsag til at det potentielt er interessant at

bruge haploblokke i genomisk prediktion er, at quantitative trait loci (QTL), som

ikke er i komplet koblingsuligevægt med individuelle enkelt nukleotid polymorfier

(SNP), potentielt er i komplet LD med en haplotype best̊aende af multiple markører.

Derfor kan genomisk prediktion med haploblokke som covariater potentielt prediktere

komplekse egenskaber mere sikkert.

Følgende spørgsmål adresserer hvordan haploblokke skal defineres for at forøge

sikkerheden af genomiske prediktioner. Hvor i genomet skal haploblokkene starte og

slutte og hvor mange SNPer skal der bruges til at definere en haploblok. Brugen

af LD, mere specifikt D, var et rimeligt valg, da LD kvantifiserer den ikke-tilfældige

association imellem to loci. Ved at definere en haploblok, som en sekventiel gruppe af

SNPer for hvilke et mininum LD findes imellem alle parvise SNPer i blokken, bruger

dette studie haploblokke som ikke har en konstant længde (antal SNPer). P̊a grund

af LD, har disse haploblokke færre alleller end forventet ved at gruppere SNPer uden

at bruge LD information. Derfor giver haploblokkene der er benyttet igennem hele

dette studie, en reduktion i covariate i prediktionsmodellen, sammenlignet med brug

af det originale høj densitet (HD) markør dataset.

Det første manuscript, Genomic prediction of genetic merit using LD-based

haplotypes in the Nordic Holstein population, diskuterede valget af LD-mål til de-

finering af haplotyper I forhold til alternative metoder brugt i andre studier. Yder-

mere, undersøgte dette manuskript brugen af LD-baserede haplotyper i genomisk

prediktion, ved at sammenligne sikkerheder for prediktioner af tre økonomisk vigtige

egenskaber i malkekvæg, ved brug af forskellige D tærskler. Fra resultaterne blev

det konkluderet, at haploblokke defineret ved D¿=0,45 imellem alle par af loci var

optimalt for genomisk prediktion i malkekvæg.
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Manuskript nr 2, Selection of haplotype variables froma ahigh density marker

map for genomic prediction of genetic merit fortsatte med brugen af haploblokke i

genomisk prediction. Målet med arbejdet i dette manuskript var, at studere metoder

til at vælge haploblokke, der resulterer i optimale prediktioner uden at bruge hele

det genomiske datasæt. Fremgangsmåden var først at bruge en prediktionsmodel

med individuelle SNPer. Derefter valgtes haploblokke som indeholdt de SNPer med

største SNP-effekter, hvilke blev betragtet som QTL-haploblokke. Der blev analy-

seret konsekvensen af at bruge fra 1.000-50.000 af de højeste effekter til at definere

haploblokke. Målet var, at opn̊a det minimale antal individuelle SNP effekter til de-

finering af QTL-haploblokke, som kunne prediktere med samme sikkerhed som ved

brug af alle haploblokkene. The blev valideret, at selektion af de 30.000 største effek-

ter var nok til at vælge QTL-haploblokke s̊aledes at prediktionerne var overensstem-

mende med prediktioner baseret p̊a alle genomiske data. Denne metode resulterede

ydermere i en 60% og 75% reduktion i beregningstid sammenlignet med brug af

henholdsvis alle haplytyper eller alle individuelle SNPer fra HD markørdata.

Det tredje manuskript, Bootstrap study of genome-enabled prediction reliabil-

ities using haplotype blocks across Nordic Red cattle breeds, udforskede brugen af

haploblokke i prediktioner p̊a tværs af racer. Det blev observeret, at kombinationen

af de to metoder gav mere signifikante forbedringer n̊ar bayesianske mixturmodeller

blev brugt. Et highlight at denne artikel var imidlertid den statistiske metode der blev

brugt til at sammenligne prediktionssikkerheder fra forskellige modeller. Bootstrap

sampling blev benyttet p̊a testdatasættet. Denne metode gav basis for en statis-

tisk validering af potentielle forskelle i sikkerhederne p̊a genomiske prediktioner fra

forskellige scenarier
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General introduction

Genomic prediction

Since methods of genomic prediction (GP) were presented (Meuwissen et al.,

2001) they have put a new perspective into animal breeding schemes by allowing

genomic selection of young candidates at birth, for a much lower cost than progeny

testing. With the release of the commercial 54k bovine single nucleotide polymor-

phism (SNP) chip (Matukumalli et al., 2009), the practical use of GP in breeding

programs became feasible, and studies involving the topic have greatly increased.

Furthermore, when using large and homogeneous populations, GP can achieve con-

siderably successful results.

The basic procedure of GP consists of two steps: (1) estimate the effects of

genetic markers using a training population in which animals have both phenotype

and genotypes and (2) use the estimated marker effects to predict the breeding values

of candidates which have genotypes. Commonly the training population is ancestral

to the selection candidates. In order to verify the accuracy of the prediction method,

a phenotyped and genotyped test population is used, such that correlation between

predicted and observed phenotypes can be calculated, and the accuracy of the method

can be verified.

Genomic prediction applied to breeding programs in dairy cattle is of great

importance in order to select the elite bulls. Without genomic prediction, the selec-

tion of these elite bulls may take up to six years, due to the need of progeny testing.

In progeny testing, young candidates (bulls) are selected according to their parent

average and selected bulls are mated to a number of cows. Then it is necessary to

wait until the daughters of those selected young candidates grow up and phenotypes

can be measured. When applying genomic prediction, accurate breeding values can

be obtained at birth, at a much lower cost compared to progeny testing. The accu-

rate breeding values allow an early selection of young candidates, that can be used
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at 1 year of age. The cost of genomic prediction methods to select young candidates

can represent only 8% of the cost of progeny testing, considering the logistics of both

processes (Schaeffer, 2006). Although the expected accuracy of 80% from genomic

prediction (Meuwissen et al., 2001) is lower than the accuracy of up to 96% (pro-

duction traits) from progeny testing, genomic prediction allows the selection of bulls

as soon as they are matured, reducing the generation interval from six to only two

years (Schaeffer, 2006).

High density markers for genomic prediction

Nowadays, in addition to the medium density SNP chips (54k), denser chips

are available, and at this moment hundreds of bulls have been genotyped with 777k

SNP chips, in Nordic Holstein, Nordic Red cattle and Jersey. It was expected that the

greater amount of genomic information provided by the high density (HD) marker

data would improve the accuracies of genomic predictions, compared to moderate

density marker data (54k) (Meuwissen and Goddard, 2010). This expectation, how-

ever, was not confirmed and so far, predictions based on HD marker data are not

significantly better than the obtained based on 54k SNP chips (Erbe et al., 2012; Su

et al., 2012b; VanRaden et al., 2013). In general, HD marker data gives more benefit

for genomic prediction across populations than within population (Toosi et al., 2010;

Su et al., 2012b). That is explained by the fact that HD is needed for linkage dis-

equilibrium (LD) to persist across-breeds. In addition, it is expected that Bayesian

mixture models or similar approach may improve predictions using HD marker data.

The availability of high density marker data brought new challenges to genomic

prediction. Among others, there are the contrast of the great amount of explanatory

variables compared to few genotyped animals (usually less than 10, 000 per popu-

lation) and the high computational demand for both computing time and memory.

Because the high density marker data contains much more information than the 54k

SNP chip, predictions using the 777k should be further explored and studied, in order

to be implemented in practical breeding.
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It is a logical expectation in genomic prediction that the denser the data, the

more likely it is that the markers are in strong LD with, or contain the quantitative

trait loci (QTL), but there is also a much larger number od non-informative mark-

ers. Therefore, sophisticated methods and models, combined with efficient algorithm

and computing techniques are very important for applying high density markers to

genomic prediction.

Haplotype blocks for genomic prediction

Haplotypes have been extensively explored in human genetics research (Curtis

et al., 2001; Gabriel, 2002; Chapman et al., 2003; North et al., 2006; Curtis, 2007) and

the knowledge of haplotype structures and properties was incorporated to this work.

More recent studies in animal breeding explore the use of haplotypes for genomic

prediction of breeding values, however mainly using low to medium density marker

data (Calus et al., 2008; Villumsen et al., 2008; Calus et al., 2009; Boichard et al.,

2012; Roos et al., 2011; Schrooten et al., 2013).

The choice to use haplotypes to perform genomic prediction was a reasonable

approach, under the hypothesis that haplotypes are expected to be in stronger link-

age disequilibrium than any single marker, to the causative mutations (or QTLs).

Furthermore, when it comes to HD marker data, haplotypes offer the possibility to

reduce the number of explanatory variables in genomic prediction models compared

with the individual SNP approach, depending on the chosen techniques to build

haplotype blocks (haploblocks).

Because haploblocks may be in stronger LD with the causative mutation than

are individual SNPs, it was expected that predictions using haploblocks as explana-

tory variables would have higher reliabilities than prediction using individual SNPs.

Furthermore, haploblock models measure the effects of haplotypes differently

from individual SNPs and this difference may have a positive effect in genomic pre-

diction, better capturing the effects of a simultaneous combination of SNPs. As a

simple example to illustrate this, take two bi-allelic loci A and B. In an individual

SNP approach, phenotype y is fitted by the equation ŷ = µ̂snp + ĝAA1 + ĝBB1,
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where A1 is one if loci A has allele 1 and zero otherwise, and the same rule ap-

plies to B1. In a haploblock approach, phenotype y is fitted by the equation ŷ =

µ̂hap + ĝ1A1B1 + ĝ2A1B2 + ĝ3A2B1, where AiBj is one if loci A has allele i and loci

B has allele j (i, j = 1, 2) observed, and zero otherwise. On this perspective, the use

of haploblocks as covariates fit interaction effects that are missed by the individual

SNP models. Table 0.1 indicates the estimated effects of each haplotype-allele in

relation to phenotype y, for both individual SNP and haploblock approaches. Note

that using the individual SNP approach, in which the effects of each locus are es-

timated separately, the effect of A1B1 is the sum of the effects of A1B2 and A2B1,

missing the interaction between loci.

Table 0.1: Example of estimated haplotype effects using either individual SNP or
haploblock approaches

Haplotype effect on phenotype y

Haplotype Individual SNPs Haploblocks

A1B1 ĝA + ĝB ĝ1
A1B2 ĝA ĝ2
A2B1 ĝB ĝ3
A2B2 0 0

When building haploblocks, it was necessary to address some questions. The

main question was regarding the genomic region in which the haploblocks should be

defined, and how many SNP markers should one haloblock contain. Such questions

were added to the concern that simply defining an arbitrary number of SNPs to be

grouped into a haploblock, the maximum number of variants for each haploblock

would increase drastically. This would result in an increase of the computational

burden and cost of the genomic prediction models.

When dealing with low to medium density marker data, many studies have

defined haploblocks with fixed length (number of SNP markers) for genomic pre-

dictions, either by fixing a determined number of SNPs to be placed together as a

haploblock (Boichard et al., 2012; Villumsen et al., 2008) or by considering only the

first locus, out of ten consecutive loci in genomic evaluation (Schrooten et al., 2013).

However, because of the strong LD between haplotypes and QTL, and also the com-
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putational cost that must be taken into account when working with HD marker data

for genomic prediction, a more appropriate method to decide where in the genome

haploblocks should start and end could be based on LD (Gabriel, 2002).

The LD-based haploblocks were defined by setting a minimum required amount

of LD between the markers. If in a group of consecutively adjacent markers, the LD

between every pair of markers was greater than the minimum required, the group was

set as a haploblock. Because of the LD between the markers within the haploblock

there was little randomization on the combinations of SNPs, controlling the number

of haploblock “alleles”. This ensured that the haploblocks reduced the number of

variables to be used as predictors in the models. Another feature of the LD-based

haploblocks was that they did not fix the length (number of SNPs) of the haploblocks.

Haplotyping

The main question that needed to be answered when discussing the haplotype

approach to genomic prediction methods, was how to define the haploblocks within

the genome. It was very important that the haplotyping could take into account

the evolutionary process and its importance to the detection of QTL. Also, it was

desired to explore the possibility to perform variable reduction. Hence, based on a

previous study about haplotyping (Gabriel, 2002), it was decided that haploblocks

would be built based on linkage disequilibrium between markers. This way, markers

that are physically close to each other, and present a minimum required amount of

LD between every pair of markers, are placed at the same haploblock.

Linkage disequilibrium is the non-random association of alleles at two or more

loci in the genome. It can also be described as the occurrence of some allele/marker

combinations with a lower or higher frequency than it would be expected if such

combinations were at random. Even though the LD measures used and described in

this section are based on a pairwise analysis of markers, a haplotype may consist in

more than two markers.

There are three commonly used pairwise LD measures, D, r2 (Hill and Robert-

son, 1968) and D′ (Hill, 1981), which are obtained taking into account the frequencies
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of the single markers and the pair of them. Note that LD is not a measure inherent

to physically close markers only, but can be computed between any two loci in the

genome. Say there are two bi-allelic loci with alleles A1/A2 and B1/B2. Define the

observed proportions:

pAi
=

total of allele Ai observed in the sample

sample size
, i = 1, 2; (0.1)

pBj
=

total of allele Bj observed in the sample

sample size
, i = 1, 2; (0.2)

pAiBj
=

total of pairs AiBj observed in the sample

sample size
, i, j = 1, 2. (0.3)

The first LD measure D is then defined as a distance from the independence

assumption between two loci, i.e., if the two loci are independent (thus, in a random

association), the frequency of the observed allele pairs should be equal to the product

of the observed single alleles. If the loci are in non-random association (thus in LD),

pA1B1
= pA1

pB1
+D, (0.4)

pA1B2
= pA1

pB2
−D, (0.5)

pA2B1
= pA2

pB1
−D, (0.6)

pA2B2
= pA2

pB2
+D. (0.7)

Note that the closer D is to zero, the stronger the evidence that there is no

LD between the loci. By isolating D in the set of equations (0.4 - 0.7),

D = pA1B1
pA2B2

− pA1B2
pA2B1

. (0.8)

This measure of LD is highly dependent on the single allele’s proportions. Also,

D is not standardized or constricted to an interval, so analysing its values alone is

not so straightforward. Thus the following measures (which are standardized between

zero and one, where zero means no LD and one means complete LD between loci)

were proposed,
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o
r2 =

D2

pA1
pA2

pB1
pB2

, (0.9)

D′ =







D
min{pA1

pB2
,pA2

pB1
} , D ≥ 0,

D
−min{pA1

pB1
,pA2

pB2
} , D < 0.

(0.10)

Both r2 and D′ are constrained between zero and 1, and are less dependent

on the frequencies of individual alleles than D. The closer r2 or D′ are to zero, the

less LD between the loci.

In this whole work, haploblocks were built considering D′ as LD measure.

Because D′ is computed by dividing the minimum allele frequency for a pair of

markers, at loci with low allele frequencies, it generates higher LD measures than r2.

This means that r2 is more sensitive to LD than D′, at loci with low allele frequencies

(McRae et al., 2002). Thus, D′ tends to build less haploblocks from a marker map

than r2.

One of the aims of this study was to use haploblocks in order to produce better

predictors and reduce explanatory variables to genomic prediction. A preliminary

study showed no significant difference between predictions using D′ or r2. Hence D′

was established as the LD measure to build haploblocks.

QTL-haploblocks

Genomic predictions using only a set of appropriately selected haploblocks

would be expected to achieve prediction reliabilities as good as when using all hap-

loblocks or even higher, depending on how good are the selection criteria.

The hypothesis postulated was that haploblocks containing the main SNP

effects (QTL-haploblocks) would improve genomic prediction. By using only QTL-

haploblocks in prediction models, it was expected to discard haploblocks with no

significant effect, hence removing the noise from the prediction models. Another

advantage of the use of QTL-haploblocks that was taken into account was the gain
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in computing time. The number of variables to perform genomic prediction decreases

drastically, and computational demand is linear to the amount of variables.

Multi-breed genomic prediction

It is already known that combining populations can increase the predictive

ability, when populations are of a common origin (Lund et al., 2011). The stronger

the genetic ties between the populations, the bigger the benefits (Su et al., 2009).

In particular, increase in prediction reliabilities for Danish and Swedish Red cattle

and Finish Ayshire populations has been reported, when training was based on the

combined data, instead of using individual breeds (Brøndum et al., 2011).

When dealing with a multi-breed population, it is known that the LD between

markers decreases but HD marker data allows persistence of LD across breeds. Hence,

it was expected that in this scenario the haplotypes could improve genomic prediction

by distinguishing the common haplotypes between breeds from the ones that differ.

Therefore it was expected that the haploblocks built from such population produce

more accurate predictions for complex milk traits. Thus, the genomic prediction

methods explored with single breed were expected to have a better performance

under a multi-breed training population.

Statistical models for genomic prediction

Genomic prediction models were defined on their most simple conception, by

explaining the observed phenotype of a trait as a regression model that used the

SNPs as explanatory variables (Meuwissen et al., 2001), as follows,

y = 1µ+Xg + ε, (0.11)

where y is the vector containing the observed phenotypes, µ is the general mean, X is

the genotype matrix, g is the vector of the additive genetic effects to be estimated and

ε is the model residuals. Because the number of SNPs is greater than the number of
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animals that have been both phenotyped and genotyped, the least square estimation

method that is commonly used in regression models cannot be applied to genomic

prediction, when trying to estimate all effects simultaneously. To address this issue,

the mixed model equations proposed by Henderson et al. (1959) is a popular solution

to estimate g. In this context, g are assumed to be random variables such that

E(g) = 0 and V ar(g) = Iσ2
g . Using the mixed model equations ĝ, known as the best

linear unbiased predictors (BLUP) for g, are obtained.

Another popular approach to obtain estimates of the additive genetic effects

g is the use of Bayesian methods via Gibbs sampling (George and McCulloch, 1993).

Meuwissen et al. (2001) propose two different ways to use Bayesian methods for

genomic prediction, known as BayesA and BayesB. BayesA assumes an inverse chi-

square distribution as priori distribution for σ2
g of each SNP, and BayesB assumes

that σ2
g = 0 with probability π and the inverse chi-square distribution as priori for

each SNP with probability 1− π.

In a method related to BayesA, and commonly referred to as SNP-BLUP using

Markov chain Monte Carlo (MCMC), the additive genetic effects are assumed to be

normally distributed, and non-informative uniform prior distributions are assumed

to σ2
g and the general mean µ. Then the estimates for g are obtained via Gibbs

sampling, as well as the estimates for σ2
g and µ.

Still using Bayesian methods, various mixture models were proposed to esti-

mate effects of g. In this case, it is assumed that the marker effects come from a

mixture of normal distributions, with different variances. Meuwissen (2009) suggests

a two normal mixture, in a method similar to BayesB, however instead of assuming

σ2
g = 0 with probability π, it assumes that g ∼ πN(0, Iσ2

1) + (1 − π)N(0, Iσ2
2).

Gao et al. (2013) extends this mixture model to a four normal mixture, assuming

g ∼ ∑4
k=1 πkN(0, Iσ2

πk
), constricting the variances such that σ2

π1
< σ2

π2
< σ2

π3
< σ2

π4
,

and the mixing proportions are fixed as π1 = 0.889, π1 = 0.1, π1 = 0.01 and

π1 = 0.001. The normal mixture models were observed to achieve higher predic-

tion accuracy when compared to BLUP or to the other Bayesian methods that do

not account mixing proportions (Meuwissen, 2009; Gao et al., 2013).
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VanRaden (2008) introduced the use of genomic relationships between indi-

viduals to genomic prediction methods. A standardized matrix Z is computed based

on the genotype matrix X. Codifying Xij as 1 when the i− th individual is homozy-

gous to one allele at the j − th locus, -1 when homozygous to the other allele and

zero when heterozygous, Zij = (Xij − p̂j). The genomic relationship matrix is then

defined as,

G =
ZZ ′

2
∑np

j=1 pj(1− pj)
, (0.12)

where np is the total number of SNPs in the genome and pj is the allele frequency

of the j − th locus. Then, genomic breeding values are estimated by the following

equation,

y = 1µ+ Iu+ ε, (0.13)

such that V ar(u) = Gσ2
u. Mixed model equations or Bayesian methods can be

applied to obtain the estimates of u.

It is known that the additive genetic effects may not account for the total

variance of trait phenotypes. In order to improve reliability, is has been suggested to

include a residual polygenic effect to prediction models (Haley and Visscher, 1998).

Hence, the genomic prediction models were described as,

y = 1µ+Xg +Ma+ ε, (0.14)

where a are the residual polygenic effects and M is the incidence matrix linking a

to y. Models including residual polygenic effects have been studied and known to

increase genomic prediction (Meuwissen and Goddard, 2004; Calus and Veerkamp,

2007).

All the genomic prediction models performed on this Ph.D project used the

Bayesian BLUP and the Bayesian four mixture models, including the residual poly-

genic effect.
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Objectives of the Ph.D project

The main purpose of this PhD project was to study and understand the ben-

efits from the use of haplotypes as predictors to breeding values of economically

important dairy cattle traits. The objectives were divided among three manuscripts,

which support this thesis.

The first manuscript, Genomic prediction of genetic merit using LD-based hap-

lotypes in the Nordic Holstein population, aimed to verify the benefits to genomic

prediction models, when using haploblocks built based on LD as covariates, instead

of individual SNPs. This manuscript specifically intended to investigate the increase

in prediction accuracy provided by the use of haploblocks, and define an optimum

LD criterion to build haploblocks.

The second manuscript, Selection of haplotype variables from a high density

marker map for genomic prediction of genetic merit, aimed to study whether it was

possible to reduce the number of haploblocks needed to perform genomic prediction,

obtaining prediction reliability just as good as when using all haploblocks. By using

subsets of haploblocks (containing in each subset an increasing number of SNPs with

large effects, estimated from an individual SNP prediction model), this manuscript

had two main objectives. First, to analyse the increase in prediction accuracy ac-

cording to the increase of haploblocks selected. Then, to define a minimum subset of

haploblocks capable of achieving a satisfactory prediction accuracy, compared to the

predictions using all haploblocks.

The third manuscript, Bootstrap study of genome-enabled prediction reliabili-

ties using haplotype blocks across Nordic Red cattle breeds, intended to perform ge-

nomic predictions using haploblocks as covariates, comparing the training of the mod-

els, either with a single breed or with a combined cattle population. This manuscript

intended to understand the interactions between the different covariates and training

populations. To achieve that, statistical tools were used to perform comparisons.
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Abstract

Background: A haplotype approach to genomic prediction using high
density data in dairy cattle as an alternative to single-marker meth-
ods is presented. With the assumption that haplotypes are in stronger
linkage disequilibrium (LD) with quantitative trait loci (QTL) than
single markers, this study focuses on the use of haplotype blocks (hap-
loblocks) as explanatory variables for genomic prediction. Haploblocks
were built based on the LD between markers, which allowed variable re-
duction. The haploblocks were then used to predict three economically
important traits (milk protein, fertility and mastitis) in the Nordic Hol-
stein population. Results: The haploblock approach improved pre-
diction accuracy compared with the commonly used individual single
nucleotide polymorphism (SNP) approach. Furthermore, using an av-
erage LD threshold to define the haploblocks (LD ≥ 0.45 between any
two markers) increased the prediction accuracies for all three traits,
although the improvement was most significant for milk protein (up
to 3.1% improvement in prediction accuracy, compared with the indi-
vidual SNP approach). Hotelling’s t-tests were performed, confirming
the improvement in prediction accuracy for milk protein. Because
the phenotypic values were in the form of de-regressed proofs, the
improved accuracy for milk protein may be due to the higher trait re-
liability of the data for this trait compared with the reliability of the
mastitis and fertility data. Comparisons between best linear unbiased
prediction (BLUP) and Bayesian mixture models also indicated that
the Bayesian model produced the most accurate predictions in every
scenario for the milk protein trait, and in some scenarios for fertility.
Conclusions: The haploblock approach to genomic prediction is a
promising method for genomic selection in animal breeding. Building
haploblocks based on LD reduced the number of variables without the
loss of information. This method may play an important role in future
genomic prediction involving whole genome sequences.

Keywords: genomic prediction, high-density data, haplotype blocks, linkage disequilibrium

Background

Genomic prediction for important dairy traits such as production, fertility

and health traits using single nucleotide polymorphisms (SNPs), has been widely

explored and applied in animal breeding. After genomic prediction methods using

moderate marker data (≈ 50k) were introduced (Meuwissen et al., 2001), they have

become the topic of interest for several studies in animal breeding. When high den-

sity (HD) marker data (770k) became available, the accuracy of genomic prediction
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was expected to improve (Meuwissen and Goddard, 2010) as a result of an increased

degree of linkage disequilibrium (LD) between the SNPs and the underlying quanti-

tative trait loci (QTL) associated with the genetic variation in the traits of interest.

So far this expectation has not been realized, because predictions using HD

data have not shown very significant improvements (Su et al., 2012b; Erbe et al.,

2012; VanRaden et al., 2013) over similar predictions based on moderate density data.

Currently, genotypic data is available for hundreds of Nordic Holstein bulls that were

genotyped with 770k SNP chips, which raised the question of how this data can

be used to improve the accuracy of genomic predictions. A further challenge is to

process the large number of variables so that genomic predictions can be performed

as efficiently as possible.

It has been reported that HD genotypic data for individual animals genotyped

with the current Illumina 54k bovine chip can be imputed accurately to 770k using

data from a group of representative animals that were genotyped with a HD marker

chip with appropriate methods (Su et al., 2012a; Brøndum et al., 2012). In dairy

cattle, an imputation method was used to generate a larger data set with more

animals for genomic prediction of genetic merit for young candidates bulls, which

greatly improved the accuracy of genomic prediction compared with the accuracy

based on the conventional pedigree index (VanRaden et al., 2009; Su et al., 2010) .

Haplotypes have been used extensively in human genetics research (Chapman

et al., 2003; Curtis et al., 2001; Curtis, 2007; Gabriel, 2002; North et al., 2006) and,

in animal breeding studies, haplotypes have been used to for the genomic prediction

of breeding values (Calus et al., 2008, 2009; Boichard et al., 2012; Roos et al., 2011;

Villumsen et al., 2008; Schrooten et al., 2013). However, because the haplotypes

used in previous studies were not based on HD data, there was no need to reduce

the number of predictor variables.

An important advantage of haplotypes over single SNP markers is their higher

ability to identify mutations. In animal breeding studies, SNPs are commonly bial-

lelic and even when mutations have occured it is possible that the allele frequencies

remain (almost) unaltered. However, when haplotypes were analyzed, mutations in

different loci tended to cause major changes in the haplotype frequencies (Curtis et
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al., 2001). Thus, a QTL that is not in complete LD with any individual biallelic SNP

marker may be in complete LD with a multi-marker haplotype.

When building haplotype blocks (haploblocks) various questions needed to be

addressed including in which genomic regions the haploblocks should be defined and

how many SNP markers should one haploblock contain. There was also the con-

cern that building haploblocks would increase the number of explanatory variables

because, by randomly grouping SNPs, the maximum number of variants would in-

crease drastically. An efficient method that has been used to build haploblocks

in a way that can reduce the number of explanatory variables without losing the

information provided by the HD marker map, is to use LD to define where hap-

loblocks start and end in the genome (Gabriel, 2002). Some authors have defined

haploblocks for genomic predictions by setting windows with a fixed number of SNPs

to be placed together as a haploblock (Boichard et al., 2012; Villumsen et al., 2008),

or by considering the first locus only, out of ten consecutive loci in genomic evaluation

(Schrooten et al., 2013). By setting a minimum amount of LD between SNP markers

they can be grouped into haploblocks that do not have a fixed length (number of

SNPs) and, because of relatively strong LD, the number of variants per haploblock

is reduced considerably, compared with when haploblocks are defined by a fixed

number of physically close SNPs.

Two hypothesis are tested in this study. One hypothesis is that LD-based

haploblocks can achieve a higher genomic prediction accuracy than the widely used

individual SNP approach. The other hypothesis is that LD-based haploblocks, which

allow a non-random grouping of SNPs, reduce the number of explanatory variables

required for the predictions.

Materials and Methods

High-density and phenotypic data

The complete data set that was used in this study for the genomic predictions

consisted of 5, 214 bulls born between 1974− 2008 from the Nordic Holstein popula-
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tion. The marker data that was obtained using the Illumina 54k bovine SNP chip

was imputed to HD genotypes using the Beagle package (Browning and Browning,

2009) and the 557 HD genotyped reference bulls in the EuroGenomics project (Lund

et al., 2011). After the imputation, the HD data was edited to remove SNPs with a

minor allele frequency (MAF) lower than 0.01; markers in complete LD with adjacent

markers were also removed (Su et al., 2012a). After editing, a total of 492, 057 SNPs

remained in the imputed HD data. The whole data set was divided into training and

test subsets by a cut-off birth date for the bulls of 1 of October, 2001. The sizes of

the training and test data sets are presented in Table 1.1.

Table 1.1: Size of training and test data sets used in the genomic prediction models.

Population Protein Fertility Mastitis

Training 3, 003 3, 037 3, 006
Test 1, 395 1, 378 1, 491
Total 4, 398 4, 415 4, 497

Three economically important index traits (milk protein, fertility and mastitis)

were tested in this study. The phenotypic values used for the genomic predictions

were de-regressed proofs (DRP) that were derived from the estimated breeding values

(EBV) and from the effective daughter contributions (Jairath et al., 1998; Schaeffer,

2001).

Animal ethics

The phenotypic data was collected from routine records of dairy cattle farms.

Genotyped animals used in this work were the progeny-tested bulls, and the semen

samples for genotyping were obtained from routine bull semen collection. Therefore,

no ethical approval was necessary.

Haplotyping method

The LD-based haploblocks were built separately for each chromosome. A

group of SNPs was defined as a haploblock if the LD between every two SNPs
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in the group was greater than or equal to a certain threshold d. This method

ensured that the markers that were physically close and presented a minimum defined

amount of LD were placed in the same haploblock. This LD structure allowed non-

randomly associated SNPs to be grouped together in one haploblock, which reduced

the number of variants in each haploblock and limited the number of explanatory

variables required for the genomic predictions.

Three common pairwise LD measures have been used, D, r2 and D′ (Hill and

Robertson, 1968; Hill, 1981). The r2 and D′ measures are both standardized to be

between zero and 1, and are less dependent on the frequencies of individual alleles

than D. The closer r2 or D′ are to zero, the less the LD between the two SNP loci.

In the present study, the D′ measure was used to build the haploblocks.

Because D′ is computed by dividing the minimum allele frequency for a pair

of markers, it generates higher LD measures at loci with low allele frequencies than

r2. In other words, at loci with low allele frequencies, r2 is more sensitive to LD

than D′ (McRae et al., 2002). A preliminary study was made for predictions using

haploblocks built with both D′ and r2, and no significant difference on prediction

reliabilities was observed. Because one of the aims of the present study was to use

haploblocks also to contribute to variable reduction, D′ was chosen so that a lower

rate of non-blocked SNPs was obtained and haploblocks that were too short (e.g.

with only two or three SNPs) were avoided.

Different LD thresholds d were considered, from more relaxed to very strict as

0.25, 0.35, 0.45, 0.55, 0.65 and 0.75. For two bi-allelic loci with alleles A1/A2 and

B1/B2, D
′ is calculated by :

D′ =







D
min{pA1

pB2
,pA2

pB1
} , D ≥ 0,

D
−min{pA1

pB1
,pA2

pB2
} , D < 0,

(1.1)

where D = pA1B1
pA2B2

− pA1B2
pA2B1

. As mentioned previously, this measure is

standardized between zero and 1, where zero indicates no LD and 1 indicates complete

LD between loci.

A toy example that illustrates how the haploblocks were built when D′ ≥ 0.75

was set as the treshold is presented in Figure 1.1. First the pairwise LD between
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every two SNPs from the genome map was calculated, then the haploblocks were

defined using the criterion previously described.

Genomic prediction models

Genomic predictions were performed for milk protein, fertility and mastitis,

because they represent the most important trait groups defined in breeding goals.

Two models, a best linear unbiased prediction (BLUP) model and a Bayesian mixture

model, that included the haplotypes/SNP effect and the remaining polygenic effect

were used for the predictions.

These models were used for predictions with a) all the SNPs, b) the haploblocks

and the non-blocked SNPs (i.e. single SNPs that were not placed in any block because

they displayed very little LD with other SNPs) , and c) the haploblocks only; the

last two (b and c) with the six different D′ thresholds. This adds up to a total of 13

scenarios per trait. The genomic predictions for each of these scenarios were analyzed

and compared.

The BLUP and Bayesian mixture models were executed using a Bayesian

approach implemented in the BayZ package (Janss, 2011), running a single chain

with 50, 000 cycles where the first 20, 000 cycles were taken as the burn-in of the

chain.

BLUP model

The BLUP model was described as:

y = 1µ+Mg +Za+ ε, (1.2)

where y is the vector containing the DRP of the reference bulls, µ is a general mean,

M is the SNP/haploblock matrix, g are the additive SNP/haploblock effects, Z is

the incidence matrix linking a to y, a are the residual polygenic additive genetic

effects, and ε are the model errors. All the parameters in the model were assumed

to have the following prior distributions:,

g ∼ N(0, Iσ2
g) (1.3)
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a ∼ N(0,Aσ2
a) (1.4)

ε ∼ N(0,Dσ2
ε ) (1.5)

µ, σ2
g , σ

2
a, σ

2
ε ∼ Uniform, (1.6)

where A is a genetic relationship matrix constructed according to the pedigree. D

is a diagonal matrix with dii = 1/wi and wi = r2DRPi/(1 − r2DRPi) (VanRaden,

2008; Garrick et al., 2009), wi is a weighting factor that accounts for heterogeneous

residual variances caused by differences in r2DRPi, the reliability of the i − th DRP

(Su et al., 2012b).

The SNP/haploblock variables can have values equal to 0, 1 or 2. For the

individual SNP approach, M is n× p (n =number of animals, p=number of marker

loci), in which mij = 0 means that for the i− th individual, neither of the two allele

copies (paternal and maternal) in the j − th SNP is the allele with minor frequency,

mij = 1 means that one of the copies is of the allele with minor frequency andmij = 2

means that both copies are of the allele with minor frequency. For the haploblock

approach there may be more than one variable for each haploblock, because each

haploblock may have more than two variants. In this case, M is n× q (n =number

of animals, q=total number of haploblock variables), in which mij ∈ {0, 1, 2} means

how many copies of the haploblock variant represented by the j − th column, are

present in the i− th animal.

Bayesian mixture model

The mixture model was described by the same equation as the BLUP model

y = 1µ+Mg +Za+ ε. (1.7)

However, there is a difference here in the distribution of g, the additive

SNP/haploblock effects. The mixture model (Gao et al., 2013), was used to fa-

cilitate the mixing of the Markov Chain Monte Carlo (MCMC) on the HD marker

data, and is an extended version of previously proposed methods (George and Mc-

Culloch, 1993; Meuwissen, 2009). All parameters in the model were assumed to have
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the following prior distributions:

g ∼ π1N(0, Iσ2
π1
) + π2N(0, Iσ2

π2
) + π3N(0, Iσ2

π3
) + π4N(0, Iσ2

π4
) (1.8)

a ∼ N(0,Aσ2
a) (1.9)

ε ∼ N(0,Dσ2
ε ) (1.10)

µ, σ2
a, σ

2
π1
, σ2

π2
, σ2

π3
, σ2

π4
, σ2

ε ∼ Uniform. (1.11)

The variances and the effects were estimated simultaneously. The mixing

proportions πk were fixed as π1 = 0.889, π2 = 0.1, π3 = 0.01 and π4 = 0.001, and

their uniformly distributed variances were constrained as: σ2
π1

< σ2
π2

< σ2
π3

< σ2
π4
.

Because the highest proportion of the effects shows the smallest variance, the normal

distribution that weights this proportion has the highest probability of being close

to zero.

Analysis and comparison of genomic predictions

The genomic estimated breeding values (GEBV) obtained from the prediction

models were calculated as,

GEBVi =
∑

j

mij ĝj + âi, (1.12)

and the performances of the two models with all the marker data sets for each trait

were compared using the prediction reliability r2GEBV . The bias of prediction was

assessed using a regression coefficient b of DRP on the GEBV (Su et al., 2012b).

The r2GEBV coefficient was calculated as the squared correlation between DRP

and GEBV corrected for the reliability of average DRP, r2DRP (Garrick et al., 2009),

r2GEBV =
Corr2(DRP,GEBV )

r2DRP

. (1.13)

To check whether there was indeed significant difference between the SNP

approach (taken as the reference) and the haploblock approach, the prediction reli-

abilities were compared using Hotelling’s test (Hotelling, 1940). It should be noted
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that a r2GEBV (prediction 1) = r2GEBV (prediction 2) comparison is equivalent to a

Cor (DRP,GEBV [model 1]) = Cor (DRP,GEBV [model 2]) comparison. Defin-

ing the correlation coefficients ρGEBV,i = Cor(DRP,GEBV [model i]) and ρij =

Cor(GEBV [model i], GEBV [model j]), the statistic used to test whether the hy-

pothesis H0 : ρGEBV,i = ρGEBV,j or H1 : ρGEBV,i ≥ ρGEBV,j was true, was defined

as follows,

t = (rGEBV,i − rGEBV,j)

√

(n− 3)(1 + rij)

2D
∼ tn−3, (1.14)

where r is the observed correlation, n the number of observations and D is the

determinant of the correlation matrix between DRP and GEBV for models i and

j. If P (T ≥ t) ≤ α, then the hypothesis (H0) is rejected. Hence, correlations were

considered to be statistically different with a significance level α.

Results

The total number of haploblocks and the related variables for each D′ thresh-

old, obtained from the HD marker data with 492, 057 SNPs are presented in Table

1.2. The number of haploblock variables did not increase drastically when the D′

threshold was made more strict, and the number of variables increased at a slower

rate than the number of haploblocks that were built. These findings indicate that

the use of haploblocks with HD data can reduce the number of explanatory variables

in the two models by up to 30% (D′ ≥ 0.25).

Table 1.2: Total number of haploblocks, related variables, and non-blocked SNPs
from HD data with 492, 057 SNPs.

D′ Haploblocks Variables Non-blocked SNPs

0.25 55, 513 338, 460 3, 513
0.35 62, 309 346, 938 5, 399
0.45 68, 318 353, 221 7, 744
0.55 73, 928 358, 461 10, 280
0.65 79, 154 362, 455 13, 207
0.75 84, 634 366, 167 16, 812
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The prediction reliabilities r2GEBV for the three traits of interest were compared

for both the BLUP and mixture models, using the HD marker data for both the in-

dividual SNPs and haploblock approaches and comparing the different D′ thresholds

(Figures 1.2, 1.3 and 1.4). The two models seemed to produce superior prediction

reliabilities for the milk protein and fertility traits using the haploblock approach.

To test if the observed differences were statistically significant and to verify if

genomic prediction was improved using haploblocks, the reliabilities of the genomic

predictions obtained using the two models were compared using Hotelling’s test de-

fined in equation (1.14). The p-values for each these comparisons are displayed in

Tables 1.3, 1.4 and 1.5.

Table 1.3: P-values of the Hotelling’s t-test comparing the prediction reliabilities
r2GEBV obtained with the BLUP and Bayesian mixture models.

D′
Individual SNPs Haploblocks+SNPs∗ Haploblocks Only

Prot Fert Mast Prot Fert Mast Prot Fert Mast

— 0.034 0.624 0.254 — — — — — —
0.25 — — — 0.007 0.008 0.111 0.000 0.234 0.224
0.35 — — — 0.000 0.108 0.279 0.000 0.001 0.236
0.45 — — — 0.001 0.408 0.277 0.000 0.000 0.542
0.55 — — — 0.000 0.239 0.414 0.000 0.900 0.532
0.65 — — — 0.000 0.030 0.571 0.001 0.689 0.892
0.75 — — — 0.008 0.284 0.208 0.011 0.172 0.201

∗ Models with haploblocks and non-blocked SNPs

Table 1.4: P-values of the Hotelling’s t-test comparing the prediction reliabilities
r2GEBV obtained with the individual SNPs and Haploblocks approaches using BLUP
model.

D′
Haploblocks+SNPs∗ Haploblocks Only

Prot Fert Mast Prot Fert Mast

0.25 0.004 0.701 0.609 0.036 0.475 0.317
0.35 0.139 0.249 0.316 0.183 0.459 0.246
0.45 0.124 0.094 0.082 0.070 0.390 0.087
0.55 0.139 0.104 0.391 0.101 0.017 0.423
0.65 0.177 0.264 0.237 0.020 0.050 0.218
0.75 0.041 0.040 0.328 0.063 0.075 0.175

∗ Models with haploblocks and non-blocked SNPs
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Table 1.5: P-values of the Hotelling’s t-test comparing the prediction reliabili-
ties r2GEBV obtained with the individual SNPs and Haploblocks approaches using
Bayesian mixture model.

D′
Haploblocks+SNPs∗ Haploblocks Only

Prot Fert Mast Prot Fert Mast

0.25 0.002 0.193 0.292 0.000 0.279 0.270
0.35 0.006 0.076 0.355 0.000 0.028 0.236
0.45 0.010 0.054 0.144 0.003 0.007 0.402
0.55 0.008 0.045 0.585 0.000 0.082 0.711
0.65 0.004 0.081 0.652 0.001 0.086 0.961
0.75 0.052 0.009 0.236 0.048 0.022 0.163

∗ Models with haploblocks and non-blocked SNPs

H0 was rejected (reliabilities were taken to be different) if the p-value ≤ 0.05

in the Hotelling’s test. If p-value ∈ (0.05, 0.15), the indication that the models may

have different reliabilities were strong, however the information in the data sets was

not sufficient enough to confirm this assumption.

In general, the mixture model produced better predictions than the BLUP

model, and this was very clear in the predictions for milk protein. For predicting

fertility with the individual SNP approach, there were no major differences between

the prediction reliabilities obtained from the two prediction models. However, for the

predictions for fertility with the haploblock approach, the mixture model performed

better than the BLUP model, when the haploblocks were built considering a low D′

threshold. A similar result was observed for the predictions for mastitis using the

haploblock approach, and the Bayesian mixture model also performed better than

the BLUP model when predicting mastitis with the individual SNP approach.

In general, the haploblock approach was better than the individual SNPs ap-

proach for predicting milk protein; however, the haploblock approach was better only

for some specific D′ thresholds, and most visible for the Bayesian mixture model, for

predicting the other two traits.

While the improvement in prediction reliability for the milk protein and fertil-

ity traits was statistically significant using haploblocks rather than individual SNPs,

for mastitis the improved prediction reliability was observed only when D′ ≥ 0.45.
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The regression coefficients b of DRP on GEBV for the BLUP and Bayesian mix-

ture models are presented in Tables 1.6 and 1.7, respectively. These results suggest

that prediction bias is similar in the two models because the regression coefficients

are similar.

Table 1.6: Regression coefficient b of DRP on GEBV for BLUP models.

D′
Individual SNPs Haploblocks+SNPs∗ Haploblocks Only

Prot Fert Mast Prot Fert Mast Prot Fert Mast

— 0.878 1.059 1.069 — — — — — —
0.25 — — — 0.834 1.067 1.047 0.889 1.070 1.049
0.35 — — — 0.884 1.043 1.049 0.882 1.083 1.047
0.45 — — — 0.880 1.057 1.054 0.891 1.054 1.051
0.55 — — — 0.895 1.058 1.048 0.890 1.073 1.064
0.65 — — — 0.884 1.061 1.060 0.881 1.095 1.052
0.75 — — — 0.883 1.028 1.063 0.881 1.054 1.071

∗ Models with haploblocks and non-blocked SNPs

Table 1.7: Regression coefficient b of DRP on GEBV for mixture models.

D′
Individual SNPs Haploblocks+SNPs∗ Haploblocks Only

Prot Fert Mast Prot Fert Mast Prot Fert Mast

— 0.878 1.048 1.026 — — — — — —
0.25 — — — 0.864 1.050 1.025 0.868 1.050 1.017
0.35 — — — 0.884 1.040 1.022 0.867 1.053 1.026
0.45 — — — 0.873 1.057 1.021 0.864 1.049 1.021
0.55 — — — 0.858 1.048 1.002 0.876 1.073 0.981
0.65 — — — 0.874 1.042 1.000 0.869 1.061 1.003
0.75 — — — 0.866 1.062 1.040 0.866 1.061 1.024

∗ Models with haploblocks and non-blocked SNPs

Discussion

Comparisons of the predictions reliabilities using the individual SNP and

haploblock approaches indicated that genomic predictions could be improved using

LD-based haploblocks as explanatory variables in prediction models, in some cases.

When the prediction reliabilities for both the BLUP and Bayesian mixture models

were compared (Figures 1.2, 1.3 and 1.4) and the p-values of Hotelling’s test were
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analyzed, the results provided strong statistical evidence that using haploblocks built

under the thresholdD′ ≥ 0.45 increased prediction accuracy for all three traits tested.

Moreover, these results were achieved when the haploblocks were used along with

the non-blocked SNPs.

The prediction reliabilities (Figures 1.2, 1.3 and 1.4) implies that the hap-

loblock approach improved the predictability for traits with high heritability, for

example, the milk protein trait (h2 = 0.39), for which the reliabilities obtained by

the models using the haploblock approach were clearly superior to the reliabilities

obtained using the individual SNP approach. For traits with low heritability, such

as fertility and mastitis (both with h2 = 0.04), any benefits of using the haploblock

approach could not be identified based on a simple graphical overview of the results.

When the Hotelling’s test was applied, the initial inferences based on the

graphs were confirmed, and in every scenario the haploblock approach was shown to

provide superior predictability of milk protein compared with the individual SNPs.

For fertility, an improvement in predictability using the haploblocks was confirmed;

however, the most significant improvement was seen when a medium amount of LD

was considered to build the haploblocks, i.e. when D′ ≥ 0.45. For mastitis no

significant improvement in prediction accuracy could be found using the haploblocks

rather than the individual SNP approach.

For both the BLUP and mixture models, the haploblocks built considering

D′ ≥ 0.45 with the non-blocked SNPs, as explanatory variables, resulted in greater

reliability than the individual SNP approach for milk protein, fertility and mastitis,

and this result was statistically significant (Hotelling’s test). Hence, this particular

scenario may be the optimal one that can be used to improve the predictability of

different dairy traits.

Comparisons of the BLUP and Bayesian mixture models showed statistically

significant differences mainly for milk protein, which is consistent with previously

reported results for protein and fertility (Su et al., 2012a; Gao et al., 2013). Gao et

al. (Gao et al., 2013) found that the advantage of the mixture model over the BLUP

was more profound with weak relationships between training and data sets, and the
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authors argued that the mixture model captured LD between markers and a QTL

more efficiently than the BLUP model.

In this work, the main aim was to use haploblocks to perform genomic predic-

tion, based on the assumption that haplotypes are in stronger LD with the causative

mutation than are the individual SNPs, because a QTL in weak LD with any in-

dividual marker may be in strong LD with a multi-marker haplotype. In addition,

haplotypes can better capture mutations in more than one loci. Allele frequencies

may change very little when a mutation occurs at a locus, but the frequencies of

variants in a haplotype are more likely to change when mutations occur in one or

more loci of a haploblock (Curtis et al., 2001). Therefore, haplotypes may be better

able to identify a QTL region than individual SNPs.

A secondary focus of this study was haploblock design and the need to reduce

the number of variables in HD marker data without loss of information. When

haploblocks are designed based on LD between HD markers, they tend to reduce

the amount of variants automatically, because the combination of SNPs within a

haploblock is not random. Haploblocks defined according to the LD usually reflect

the characteristics of the genome better than haploblocks artificially outlined by a

fixed number of SNPs. The variable reduction provides as a desired consequence,

reduction of the computing time for the genomic prediction models. This reduction

in computing time is proportional to the reduction in the number of variables.

Until now, the majority of studies on the use of haplotypes for genomic pre-

diction have used simulated and moderate density data and not HD data (Calus

et al., 2008, 2009; Boichard et al., 2012; Roos et al., 2011; Villumsen et al., 2008).

In these studies, the number of SNPs used to outline haploblocks was arbitrarily

defined, which generated artificial haplotypes and their variants, and as a result,

there was neither focus on the efficient use of the properties of the genome to define

haploblocks, nor was there a need to reduce the number of variables for the genomic

prediction models. In (Schrooten et al., 2013), haplotypes based on HD marker data

are defined using Beagle (Browning and Browning, 2009), however fixedly defined as

the first locus out of ten consecutive loci in genomic evaluation. Although the results

obtained with the method described by (Schrooten et al., 2013) indicate improve-
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ment in genomic prediction, it is not possible to distinguish if the haplotypes are

indeed the cause of higher prediction reliabilities, since the approach also involves a

multi-breed panel and the use of cows in the reference population.

In the present study, the use of LD to define haploblocks helped in determining

the location and the length (number of SNPs) of the haploblocks. LD can quantify

non-random associations between any two loci, and is a very good measure to use for

building haploblocks using the properties of the genome. When a defined minimum

LD between any two loci is used to select a group of adjacent SNPs to outline

a haploblock, the number of variants of the haploblock will be reduced compared

with no LD between the markers, when random associations between the SNPs will

produce many more variants per haploblock.

When LD is used to define haploblocks, data density also needs to be consid-

ered. For example, HD data (e.g. 777k) will have higher LD measures for adjacent

SNPs than medium density data (e.g. 54k), meaning that in HD marker data, more

haploblocks, containing more markers within a haploblock, are likely to be built com-

pared with the haploblocks in 54k data. Similar results can be expected when even

higher density data (e.g. whole genome sequences) is used. Thus, haploblocks may

reduce the number of variables in marker data that are denser than HD data, while

keeping all the SNP information that the data contains.

In this study, six differentD′ thresholds were evaluated and compared in BLUP

and Bayesian mixture models. The results indicated that the optimal threshold for

the haploblock approach was D′ ≥ 0.45 in both models. When this threshold set-

ting was applied, the models displayed better prediction accuracy for all three traits

studied compared with the individual SNP approach. The results indicated that

choosing the optimal threshold to define haploblocks was important for obtaining

accurate predictions, especially for the low heritability traits (fertility and mastitis).

Haploblocks are built for each chromosome separately; therefore, when extreme

D′ thresholds are set (zero and 1) D′ ≥ 0 means a whole chromosome is selected as

a haploblock and D′ ≥ 1 means each individual SNP is a haploblock.
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Conclusion

The statistical methods used in this work to build the LD-based haploblocks

from HD data produced a better prediction accuracy than the individual SNP ap-

proaches for some traits, that are widely used in genomic prediction of economically

important traits in dairy cattle. The benefit of using the haploblock approach in

genomic prediction models was much larger for milk protein compared with its ben-

efit for fertility or mastitis. The identified evidence was quiet strong that building

haploblocks using a D′ ≥ 0.45 threshold produced an optimal set of variables for

all three traits tested. This method should be explored further in future genomic

predictions of dairy-related traits.

The results reported here will be relevant for genomic selection in animal breed-

ing because HD marker data is now widely available, and even denser marker data

is likely to become available soon. The use of LD-based haploblocks as explanatory

variables for genomic prediction models is likely to increase in the future. This study

has shown that to achieve significantly better prediction accuracy, it is important to

determine an optimal D′ threshold to build haploblocks from HD marker data.
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Figures

Figure 1.1 - Toy example of haploblocks built when the LD threshhold was

D′ ≥ 0.75. (a) Pairwise LD heat map. The color code indicates the amount of LD

between two SNPs. (b) Outlined haploblocks based on the LD heat map. The LD

between every two SNPs agrees with the threshold D′ ≥ 0.75.

Figure 1.2 - Prediction reliabilities r2GEBV for milk protein for BLUP and

Bayesian mixture models with different D′ thresholds. This figure presents the pre-

diction reliabilities of the models performed for milk protein. Black lines, individual

SNP approach; red lines, haploblock approach with non-blocked SNPs; blue lines,

haploblock approach without non-blocked SNPs. Continuous lines indicate the BLUP

models; dashed lines indicate the mixture models.

Figure 1.3 - Prediction reliabilities r2GEBV for fertility for BLUP and Bayesian

mixture models with different D′ thresholds. This figure presents the prediction reli-

abilities of the models performed for fertility. Black lines, individual SNP approach;

red lines, haploblock approach with non-blocked SNPs; blue lines, haploblock ap-

proach without non-blocked SNPs. Continuous lines indicate the BLUP models;

dashed lines indicate the mixture models.
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Figure 1.4 - Prediction reliabilities r2GEBV for mastitis for BLUP and Bayesian

mixture models with different D′ thresholds. This figure presents the prediction reli-

abilities of the models performed for mastitis. Black lines, individual SNP approach;

red lines, haploblock approach with non-blocked SNPs; blue lines, haploblock ap-

proach without non-blocked SNPs. Continuous lines indicate the BLUP models;

dashed lines indicate the mixture models.
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Figure 1.1

Figure 1.2
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Figure 1.3

Figure 1.4
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Abstract

Background: Using haplotype blocks as predictors rather than in-
dividual SNP markers may improve genomic predictions, since haplo-
types are in stronger linkage disequilibrium with the quantitative trait
loci than are individual SNPs. It has also been hypothesized that an
appropriate selection of a subset of haplotype blocks can result in sat-
isfactory or better predictive ability. This study investigated genomic
prediction using a set of haplotype blocks that contained the SNPs
with large effects estimated from an individual SNP prediction model.
The traits in the analysis were protein yield, fertility and mastitis of
Nordic Holstein, and the marker data was high density markers (about
770k SNPs). To achieve an optimum amount of haplotype variables,
predictions were performed using subsets of haplotype blocks contain-
ing a range of 1, 00050, 000 main SNPs. Results: Haplotype blocks
as predictors improved the prediction reliabilities, even when selecting
only a group of haplotype blocks. In this case, a selection of haplo-
type blocks containing the 30, 000 SNPs with highest effects is enough
to outperform the model using all individual SNPs as predictors (up
to 1.3% improvement in prediction reliability), and the achieved reli-
abilities were similar to those using all haplotype blocks available in
the genome data (from 0.6% lower to 0.8% higher reliability). Con-
clusions: Haplotype blocks as predictors can improve reliability of
genomic prediction compared to individual SNP model. Furthermore
it could be a feasible approach to genomic prediction in dairy cattle us-
ing a subset of haplotype blocks containing main SNP effects from ge-
nomic data, considering both prediction reliability and computational
demand, given the increasing density of genotype data available.

Keywords: genomic prediction, haplotype blocks, haplotypes selection methods

Background

Since genomic selection methods were introduced Meuwissen et al. (2001),

the individual single nucleotide polymorphisms (SNP) approach is usually used to

perform genomic prediction. Recently, haplotypes have been used as possible ex-

planatory variables in genomic prediction. Haplotypes have many potential benefits

for genomic prediction. The main benefit is that haplotypes are expected to be in

higher linkage disequilibrium (LD) with the quantitative trait loci (QTL) than single

SNPs are, meaning that an individual marker effect is not necessarily the best predic-
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tor of a QTL effect (Zondervan and Cardon, 2004). Hence, haplotypes as predictors

to estimate breeding values are expected to provide improved results.

A previous study based on simulated data has shown that the use of haplo-

types leads to higher prediction reliabilities than the individual marker predictors

(Villumsen et al., 2008). Using haplotype blocks (haploblocks) defined based on LD,

from a high density (HD) marker data in the Nordic Holstein population, reliability

of genomic prediction for economically important traits increased up to 3% when

compared to predictions using single SNPs (Cuyabano et al., unpublished data).

LD indicates the non-random association between alleles at two or more loci. The

stronger the LD between the markers, the less random their association is, i.e. the

allele observed in one marker influences the chance of observing a particular allele

in the other. LD is the result of the evolutionary process. It is influenced by many

factors, such as distance between loci, recombination rate, genetic drift, selection,

non-random mating and population structure. Because recombinations are a crucial

factor in reducing LD in this process, it is expected that markers that are physi-

cally distant come from different ancestral genealogies. Hence, LD between markers

that are far apart tends to be lower than LD between markers that are closer in

the genome (Pritchard and Przeworski, 2001). Taking all these into consideration, it

is reasonable to assume that haploblocks based on LD should have good properties

and may be good predictive variables for genomic predictions. Assuming a correct

marker map, one of the advantages of haploblocks based on LD is that they do not

fix the number of SNPs in a haploblock, but allows the grouping of tightly linked

adjacent SNPs. Therefore, it efficiently limits the amount of variants of each hap-

loblock. It is clear though, that the construction of haploblocks based on LD requires

appropriate choice of LD measure and a minimum threshold of LD between markers.

The choices for this work were detailed in the ‘materials and methods’ section. One

interesting alternative to LD based haploblocks are methods of genomic prediction

based on identity-by-descent (IBD) relationships (Luan et al., 2012; Ødeg̊ard, 2014),

which also benefits from a linkage analysis over the genomic data. However, the

prediction accuracies of breeding values are highly dependent on the number of phe-

notyped and genotyped relatives, within the population (Ødeg̊ard, 2014). Besides,
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this method intends to reduce genotyping cost by decreasing marker density, differ-

ently from haploblocks that intend to reduce variables keeping the marker density.

Thus, the LD-based haploblocks were preffered in this study.

Genomic prediction using a set of appropriately selected haploblocks is ex-

pected to achieve higher prediction accuracy while reducing the amount of predictor

variables in prediction models. A recent study has shown that better predictions in

dairy cattle traits can be obtained by using a set of haploblocks with fixed size (num-

ber of SNPs) (Boichard et al., 2012). Our hypothesis is that using haploblocks that

contain the main SNP effects (referred as QTL-haploblocks hereafter) can improve

genomic prediction. By using QTL-haploblocks, it is possible to identify the parts

of the genome that highly influence the predictions of livestock traits. In addition,

a large proportion of haploblocks may have no effect on a trait, and removing them

as covariates may reduce the noise in genomic prediction models. The idea of a

QTL-haploblocks approach is similar to marker-assisted selection (MAS). However,

MAS performs predictions using only a few genetic markers with significant effect,

previously estimated by a full individual marker model (Dekkers and Hospital, 2002;

Heffner et al., 2009), while the proposed QTL-haploblock approach uses genome-

wide dense markers and allows large number of markers into model, not necessarily

all with significant effect.

Using pre-selected haploblocks for genomic prediction is an important area of

research. Especially when considering the availability of increasingly denser SNP

chips. Reliability of genomic prediction for a trait is expected to be improved by

identifying the most influential haploblocks for this trait to be included in the pre-

diction model. In addition, genomic prediction models including a selected group of

haploblocks will reduce computing time considerably, compared to the models using

all haploblocks. This remark is not necessarily relevant when dealing with moder-

ate density maker data but plays an important role when dealing with high density

marker data, and is more important when using whole genome sequence data.

Therefore, this study compared genomic predictions using an individual SNP

approach, a haploblock approach with all haploblocks available, and a haploblocks

approach with a set of haploblocks containing the main SNPs. The analysis were
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performed using the data from the Nordic Holstein population. The key objective of

this work was to assess prediction reliability obtained by the use of QTL-haploblocks

as covariates, and compare to those achieved when using all individual SNPs or all

haploblocks from a HD marker chip.

Materials and Methods

Marker and phenotypic data

The genomic prediction models performed in this study were based on marker

and phenotypic data from a Nordic Holstein population. The original marker data

was obtained from a 54k SNP chip and then imputed to HD data, by applying the

Beagle package (Browning and Browning, 2009), using 557 HD genotyped reference

bulls in the EuroGenomics project (Lund et al., 2011). The imputed data was then

edited by removing SNPs with minor allele frequency (MAF) lower than 0.01 and

also markers that were in complete LD with adjacent ones (Su et al., 2012a). After

editing, the final marker data set with 492, 057 SNPs for 5, 214 bulls was obtained.

The phenotypic values to perform genomic prediction for protein, fertility

and mastitis were pseudo-observations in the form of deregressed proofs (DRP),

obtained from the estimated breeding-values (EBV) and effective daughter contri-

butions (Jairath et al., 1998; Schaeffer, 2001; Garrick et al., 2009).

To validate the predictive ability of the prediction models, the marker and

phenotypic data sets were divided into training and test subsets by the cut-off birth

date of bulls on the 1st of October of 2001. The size of training and test data sets

are presented in Table 2.1, as well as trait reliabilities for these populations.

Table 2.1: Size and trait reliability of training and test data sets used in the genomic
prediction.

Protein Fertility Mastitis

Population pop. size r2
DRP

pop. size r2
DRP

pop. size r2
DRP

Training 3,003 0.940 3,037 0.683 3,006 0.824
Test 1,395 0.924 1,378 0.608 1,491 0.750
Total 4,398 0.935 4,415 0.659 4,497 0.800
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Animal ethics

The phenotypic data was collected from routine records of dairy cattle farms.

Genotyped animals used in this work were the progeny-tested bulls, and the semen

samples for genotyping were obtained from routine bull semen collection. Therefore,

no ethical approval was necessary.

Genomic prediction covariates

Genomic predictions were performed using individual SNPs and haploblocks.

The haploblocks were built based on LD and then selected according to particular

criteria. In this section we first describe the construction of haploblocks and then

their selection for genomic prediction.

There are three common pairwise LD measures, D, r2 andD′ (Hill and Robert-

son, 1968; Hill, 1981). In this study D′ was chosen to define haploblocks according

to a previous study (Gabriel, 2002), and due to the fact that it is less dependent on

individual allele frequencies than D. Besides, a short study was performed comparing

predictions using haploblocks defined using r2 and D′, and no difference on predictive

ability was observed. Because the use of r2 lead to many more haploblocks, D′ was

finally chosen as the most adequate LD measure to build haploblocks.

A haploblock was defined as a group of adjacent SNPs such that the LD

between any pair of SNPs in this group satisfies |D′| ≥ 0.45. It was also determined

that haploblocks should not overlap, i.e. no SNP would be placed into two different

haploblocks In order to ensure that the haploblocks were the same regardless from the

start point in the genome, to build them, overlaps were split into a single haploblock

alone. The threshold 0.45 was determined based on our previous study, that indicated

this threshold is optimal to predict genomic breeding values for the three traits of

interest using all the haploblocks built from the HD marker data (Cuyabano et al.,

unpublished data).

Using the LD criterion to define the haploblocks, such that |D′| ≥ 0.45, re-

sulted in a total of 76, 062 haploblocks. Because haploblocks are “multi-allelic” it

summed up a total of 368, 709 haploblocks variables. The number of SNPs in a hap-

loblock ranged from 1 to 78, with a mean of 6. The number of variants within a
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haploblock ranged from 1 to 16, with a mean number of variants per haploblock of 5

(Cuyabano et al., unpublished data).

The selection of haploblocks was based on the estimated SNP effects ob-

tained from prediction models using either a Bayesian best linear unbiased prediction

(Bayesian BLUP) or a Bayesian mixture model, based on the training dataset. For

each trait, the absolute values of the estimated SNP effects were ranked. After that,

a determined number k of SNPs with the highest effects were taken. Finally the hap-

loblocks containing those SNPs were selected to perform genomic prediction. The

number k of SNP effects used to select the haploblocks varied from 1, 000 to 50, 000.

In the following context, the haploblocks selected according to the SNP effects esti-

mated from the training dataset were referred to as QTL-haploblocks.

The haploblocks selected by the SNP effects estimated by the Bayesian BLUP

model were used for genomic prediction using the Bayesian BLUP model. Analo-

gously, haploblocks selected by the SNP effects estimated by the Bayesian mixture

model were used for genomic prediction using the Bayesian mixture model. Because

the estimates of SNP effects differed according to the trait and model, the ranking of

SNP effects differed as well, thus different number of main SNPs within a haploblock.

This resulted in different selected haploblocks for each trait, and the number, used

to perform genomic prediction.

In order to confirm that genomic prediction using QTL-haploblocks perform

better than selecting the haploblocks randomly, protein was analysed using hap-

loblocks containing 1, 000 to 50, 000 randomly selected SNPs. This procedure was

repeated 10 times, and the reliabilities of the predictions were compared to the reli-

abilities of predictions obtained using QTL-haploblocks.

Genomic prediction models

For the three traits mentioned previously, genomic predictions were performed

using a Bayesian BLUP or a Bayesian mixture model, both including the QTL-

haploblocks effect and a polygenic effect. The two models used Bayesian algorithm

and were performed using the BayZ package (Janss, 2011), running a single Markov

chain Monte Carlo (MCMC) with length 50, 000 in which the first 20, 000 cycles were
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taken as the burn-in of the chain. Estimates were assessed by the posterior means of

the non-discarded 30, 000 cycles.

Bayesian BLUP model

The Bayesian BLUP model is defined by the equation

y = 1µ+Mg +Za+ ε, (2.1)

where y represents the vector containing the DRP of training bulls, µ a general mean,

M the haploblock matrix, g the vector of additive haploblock effects, Z the incidence

matrix linking a to y, a the vector of residual polygenic additive genetic effects and

ε the vector of random errors of the model. It is assumed that the distributions are

as follows,

g ∼ N(0, Iσ2
g) (2.2)

a ∼ N(0,Aσ2
a) (2.3)

ε ∼ N(0,Dσ2
ε ) (2.4)

µ, σ2
g , σ

2
a, σ

2
ε ∼ Uniform, (2.5)

where A is the genetic relationship matrix constructed according to pedigree, D is

a diagonal matrix with dii = 1/wi and wi = r2DRPi/(1 − r2DRPi) (VanRaden, 2008;

Garrick et al., 2009). Furthermore, wi is a weighting factor accounting for heteroge-

neous residual variances due to differences in r2DRPi, the i− th DRP’s reliability (Su

et al., 2012b). The priori uniform distributions were always non-informative.

Taking into account that each haploblock may have more than two variants,

matrix M may have more than one column for each haploblock and had dimension

n× q (n = number of animals, q = total number of haploblock variables).

Bayesian mixture model

The Bayesian mixture model is defined by the same equation and variables as

the Bayesian BLUP model but differs in the distribution of g, the additive haploblock

effects, given by,
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o

g ∼ ∑4
k=1 πkN(0, Iσ2

πk
). (2.6)

This Bayesian mixture model (Gao et al., 2013) is an extended version of

simpler ones (George and McCulloch, 1993; Meuwissen, 2009), and intends to facil-

itate the mixing of the Markov Chain Monte Carlo (MCMC) on the high-density

marker data. The mixing proportions πk were fixed as π1 = 0.889, π2 = 0.1,

π3 = 0.01 as π4 = 0.001, and the variances were estimated under the constraint

σ2
π1

< σ2
π2

< σ2
π3

< σ2
π4

assuming a non-informative prior uniform distribution.

Evaluation of prediction models

The genomic estimated breeding values (GEBV) obtained from the prediction

models were calculated as GEBVi =
∑

j mij ĝj + âi, the performance of each model

was assessed by the estimated reliability of GEBVs, r2 and the bias of GEBV. The

bias was assessed as b−1, where b is the regression coefficient b of DRP on the GEBV

(Su et al., 2012b).

The reliability of the prediction for breeding values is obtained as the squared

correlation between DRP and GEBV of individuals in the test population corrected

for the average reliability of DRP, r2DRP (Garrick et al., 2009),

r2 =
Cor2(DRP,GEBV )

r2DRP

. (2.7)

One of the objectives of this study was to test if fitting a group of selected

haploblocks performed as well or better than fitting all haploblocks from the marker

data. To do so, reliabilities of models with selected haploblocks were compared to

the reliability of the model using all haploblocks with the Hotelling-Williams’ t-test

(Hotelling, 1940; Williams, 1959). Comparing if r2[prediction 1] = r2[prediction 2] is

equivalent to comparing if Cor(DRP,GEBV [prediction 1]) = Cor(DRP,

GEBV [prediction 2]). Let ρdrp,i = Cor(DRP,GEBV [prediction i]) and ρij =

Cor (GEBV [prediction i], GEBV [prediction j]), the statistic to test whether H0 :

ρdrp,i = ρdrp,j is true versus H1 : ρdrp,i 6= ρdrp,j , is given by,

PhD Thesis



69

o

T =
(rdrp,i − rdrp,j)

√

(n− 3)(1 + rij)/2|R|
√

1 + (n− 3)(rdrp,i + rdrp,j)2(1− ri,j)/8(n− 1)|R|
, (2.8)

where r is the observed correlations, n the number of observations and |R| is the

determinant of the correlation matrix R for DRP and GEBV for models i and j. If

the null hypothesis is true, then T ∼ tn−3, hence if |T | ≥ t0, such that P (|T | ≥ t0) ≤
α, then H0 is rejected and it is considered that ρdrp,i 6= ρdrp,j with a significance

level α.

Results

Table 2.2 presents the number of QTL-haploblocks selected for each trait and

for both statistical models used for genomic prediction Because the selection of hap-

loblocks is based on the SNP effects obtained by an individual SNP model using all

the data, the haploblocks selected differ according to the trait. It can be observed

that when using up to 10, 000 main SNPs to select QTL-haploblocks, the number

of haploblocks does not differ much from the number of the main SNPs, but from

20, 000 to 50, 000 this difference is more noticeable. This means that the first 10, 000

SNPs with highest effects are located in different haploblocks, while thereafter more

than one main SNP fall in the same haploblock.

Table 2.3 shows the total number of haploblock variables. Since haploblocks

are “multi-allelic”, the numbers in table 2.3 represent the sum of these alleles, for the

selected haploblocks. These are the total number of covariates used in the genomic

prediction models.

The relationship between the number of QTL-haploblocks (Table 2.2) and total

number of haploblock variables (Table 2.3) is linear as expected. When analysing a

simple linear regression model of the number of haploblocks variables by the number

of those selected QTL-haploblocks, for the three traits and for both the Bayesian

BLUP and Bayesian mixture model, the goodness of fit for the simple linear regression

were between 99.62% − 99.98%, confirming the linear relationship between these

quantities.
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Table 2.2: Total number of selected haploblocks to be used in the prediction models
of the three traits of interest using both statistical models, according to the number
of main SNP effects.

Main Protein Fertility Mastitis

SNPs† BLUP 4 mixture BLUP 4 mixture BLUP 4 mixture

1,000 987 988 989 994 991 985
2,000 1,951 1,951 1,952 1,965 1,954 1,949
3,000 2,893 2,903 2,906 2,928 2,913 2,897
4,000 3,828 3,845 3,848 3,870 3,843 3,827
5,000 4,753 4,763 4,763 4,771 4,761 4,730
6,000 5,643 5,661 5,658 5,669 5,646 5,627
7,000 6,538 6,541 6,529 6,545 6,543 6,501
8,000 7,398 7,411 7,378 7,388 7,411 7,354
9,000 8,219 8,264 8,231 8,241 8,256 8,218
10,000 9,043 9,101 9,061 9,078 9,067 9,037
20,000 16,577 16,686 16,641 16,660 16,584 16,553
30,000 22,958 23,015 23,016 23,017 22,974 22,866
40,000 28,386 28,531 28,468 28,436 28,380 28,349
50,000 33,120 33,189 33,276 33,110 33,092 33,059

492,057 76,062 76,062 76,062 76,062 76,062 76,062
†number of highest (absolute) SNP effects used to select haploblocks

Table 2.3: Total number of haploblock variables to be used in the prediction models
of the three traits of interest using both statistical models, according to the number
of main SNP effects.

Main Protein Fertility Mastitis

SNPs† BLUP 4 mixture BLUP 4 mixture BLUP 4 mixture

1,000 5,701 5,761 5,824 6,007 5,815 5,816
2,000 11,479 11,387 11,478 11,657 11,514 11,475
3,000 17,012 16,854 17,016 17,258 17,000 17,081
4,000 22,464 22,311 22,494 22,720 22,378 22,603
5,000 27,777 27,741 27,790 27,976 27,754 27,775
6,000 32,956 32,941 33,046 33,232 32,910 32,957
7,000 38,223 38,024 38,097 38,222 38,197 37,946
8,000 43,166 43,099 42,938 43,121 43,265 42,893
9,000 47,838 48,044 47,966 48,076 48,101 47,879
10,000 52,553 52,938 52,697 52,783 52,769 52,573
20,000 95,234 95,882 95,669 95,710 95,459 95,055
30,000 130,572 130,865 131,045 130,969 130,735 129,994
40,000 160,108 160,600 160,355 160,195 160,000 159,680
50,000 185,225 185,603 185,839 185,000 184,935 184,661
492,057 368,709 368,709 368,709 368,709 368,709 368,709

†number of highest (absolute) SNP effects used to select haploblocks
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Table 2.5 presents the prediction reliabilities and bias for the three traits using

both prediction models. The row with 492, 057 main SNPs is actually the haploblocks

approach using all the haploblocks (full haploblocks model) and the last row is the

SNP approach. These results are the base of comparison for the selected QTL-

haploblocks predictions. The results obtained for protein in this study are very

similar to what has been reported for this population (Su et al., 2012a).

As shown in table 2.5, using 20, 000 or more main SNPs to select the QTL-

haploblocks, prediction reliabilities are equal to or better than those achieved by the

individual SNP approach, with the exception of fertility modelled using Bayesian

BLUP selecting haploblocks with 40, 000 main SNPs. However in this last case,

prediction reliability is only 0.1% smaller than the achieved by the individual SNP

approach. When comparing the results obtained using different number of hap-

loblock, it can be seen that when using 10, 000 or more main SNPs to select the

QTL-haploblocks, the prediction reliabilities for protein and fertility are similar to

those obtained by the models using all haploblocks. This is particularly noticeable

for the Bayesian mixture model. When using 20, 000 − 50, 000 main SNPs to select

the haploblocks into model, prediction reliability for mastitis is even higher than

those obtained using all haploblocks, with an improvement up to 0.8% when using

the Bayesian mixture model.

The differences between the bias obtained by the QTL-haploblock model and

the full haploblock model are very small for the three traits. For genomic predictions

of protein, the bias has a range of 0.1 − 0.181 among the different scenarios. For

fertility and mastitis, this range is of 0.008− 0.06 and 0.002− 0.085 respectively.

Figures 2.1, 2.4 and 2.5 present the prediction reliabilities in graphs, for pro-

tein, fertility and mastitis respectively. These figures show the fast increase of predic-

tion reliabilities when using up to 10, 000 main SNP effects to select QTL-haploblocks.

Hereafter, the curves stabilize around the reliabilities obtained by the models that

use all haploblocks.

Figures 2.2 and 2.3 compare the results obtained using QTL-haploblocks (blue

lines) and randomly selected haploblocks (shaded areas and black lines). Figure

2.2 shows the results using Bayesian BLUP and Figure 2.3 shows the results using
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Bayesian mixture model. The random subset of haploblocks was repeated 10 times

for each number of SNPs used to select haploblocks (1, 000−50, 000), and predictions

were performed for each subset. The shaded areas indicate the range (minimum to

maximum) of prediction reliabilities and the black lines indicate the mean reliabil-

ities obtained. For both Bayesian BLUP and Bayesian mixture models, the mean

reliability of the randomly selected haploblocks is lower than those achieved by the

QTL-haploblocks, and most of the shaded area is below the blue lines. This confirms

that QTL-haploblocks are better explanatory variables for genomic prediction than

haploblocks selected by a random subset of SNPs. It was expected to observe an

advantage of QTL-haploblocks over randomly selected haploblocks, based on the use

of selected individual SNPs to genomic prediction. When a group of individual SNPs

are selected by their estimated effects, the genomic prediction obtained using this

group is superior than it would be observed if using a randomly selected group of

individual SNPs.

Table 2.4 presents p-values of the two-tailed Hotteling-Williams t-test to ver-

ify if the reliabilities obtained using QTL-haploblocks are equal to or different from

the ones obtained using all haploblocks. The comparisons were made within each

trait and each statistical model. For predictions to all traits using 4, 000 main SNPs

or more to select QTL-haploblocks, the p-values are high enough to indicate that

reliabilities are statistically not different to the ones obtained by the models using

all haploblocks. The decision of how many SNPs were necessary to select QTL-

haploblocks was based on a combined analysis of the results. First, it was taken into

account the behaviour of the increase in prediction reliabilities obtained when main

SNPs were added to the QTL-haploblock selection. Secondly, it was observed the

pure values of the prediction reliabilities obtained. Lastly, the p-values comparing

prediction reliabilities obtained by the models using QTL-haploblocks to the obtained

by the models using all haploblocks. Hence, it was considered that prediction reliabil-

ities were satisfactory when 30, 000 main SNPs were used to select QTL-haploblocks

to perform genomic prediction.

One interesting detail about the selection of QTL-haploblocks was the relation-

ship between the number of haploblock variables and the number of QTL-haploblocks

PhD Thesis



73

Table 2.4: P-values for the Hotelling-Williams’ t-statistic to test H0: the reliability
obtained by the model selecting haploblocks is statistically equal to the reliability
obtained by the model using all the haploblocks vs. H1: the reliabilities are different,
according to the number of main SNP effects.

Main Protein Fertility Mastitis

SNPs† BLUP 4 mixture BLUP 4 mixture BLUP 4 mixture

1,000 0.000 0.001 0.156 0.014 0.009 0.002
2,000 0.001 0.007 0.268 0.011 0.038 0.094
3,000 0.037 0.012 0.063 0.163 0.146 0.322
4,000 0.154 0.056 0.177 0.365 0.194 0.606
5,000 0.346 0.104 0.349 0.498 0.427 0.694
6,000 0.553 0.163 0.315 0.513 0.430 0.771
7,000 0.606 0.306 0.349 0.572 0.592 0.840
8,000 0.791 0.411 0.459 0.793 0.744 0.988
9,000 0.743 0.545 0.452 0.797 0.820 0.931

10,000 0.915 0.601 0.547 0.963 0.832 0.859
20,000 0.874 0.938 0.822 0.766 0.986 0.823
30,000 0.855 0.915 0.817 0.930 0.994 0.632
40,000 0.884 0.919 0.768 0.999 0.969 0.724
50,000 0.656 0.985 0.864 0.880 0.877 0.755

†number of highest (absolute) SNP effects used to select haploblocks

selected by the main SNPs. Figure 2.6 shows the average number of “alleles” per hap-

loblock, for selection of QTL-haploblocks using up to 10, 000 main SNPs (when this

average is of approximately 5.82 to all traits and models). While QTL-haploblocks

are selected by less than 10, 000 main SNPs, this relationship is very distinct to each

trait and statistical model. The next comments and remarks were made based on this

range, where these differences are existent. For selection of QTL-haploblocks to pre-

dict fertility, the average number of “alleles” per haploblock is greater when using the

Bayesian mixture model, than when using Bayesian BLUP. This difference is more

accentuated at low numbers of main SNPs (1, 000-2, 000) to select QTL-haploblocks,

and remain almost unchanged until 6, 000 main SNPs. From 7, 000 main SNPs on,

the relationship for both Bayesian BLUP and Bayesian mixture models starts con-

verging to the same value. For mastitis, except when using 2, 000 main SNPs that

the average is 0.005 greater when using Bayesian BLUP, the number of “alleles” per

haploblock is also greater when using the Bayesian mixture model until using 6, 000

main SNPs. This difference is more accentuated when using 3, 000-5, 000 of main
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SNPs to select QTL-haploblocks, and differently to what is observed in fertility, the

difference between using Bayesian BLUP and Bayesian mixture increases and only

after using 5, 000 main SNPs it starts to decrease until converging to the same value.

For protein, the scenario observed is different, except qhen using 1, 000 main SNPs

to select QTL-haploblocks, the number of “alleles” per haploblock is greater when

using the Bayesian BLUP model, most visibly until using 4, 000 main SNPs, then

converging to the same value.

Table 2.6 indicates the computing time demanded to perform the prediction

with each model. It is possible to verify the increase in computing time according

to the increase of main SNPs used to select QTL-haploblocks, hence the increase in

predictive variables. It is clear the intensity of reduction in computing time, when

QTL-haploblocks are used to perform genomic prediction, and this is one relevant

benefit of the method.

Discussion

Previous studies had already verified that haploblocks are able to better predict

breeding values of economically important traits in dairy cattle (Boichard et al.,

2012; Cuyabano et al., unpublished data; Villumsen et al., 2008). Similarly to results

obtained in (Boichard et al., 2012), the use of QTL-haploblocks used as predictors in

this work may achieve predictions more accurate than those using individual SNPs.

We first compared the results of predictions using QTL-haploblocks to the

results of predictions using all individual SNPs. It was possible to verify that for the

three traits studied, using the 20, 000 highest SNP effects to select QTL-haploblocks

to perform prediction can achieve reliabilities either equal or superior to the achieved

using individual SNPs as predictors, except for fertility modelled using Bayesian

BLUP with QTL-haploblocks selected by 40, 000 main SNPs.

Furthermore, the use of 30, 000 main SNPs to select the QTL-haploblocks is

enough to obtain satisfactory prediction accuracy, compared to using all haploblocks.

The prediction reliabilities of the models using this amount of main SNPs to select the
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QTL-haploblocks either exceeds (in the case of mastitis) or almost reaches the ones

obtained with the models using all haploblocks (in the case of protein and fertility).

If selecting QTL-haploblocks using more than the 4, 000 highest SNP effects,

the hypothesis of equal reliability to the models using all haploblocks can no longer be

statistically rejected. However, as shown in Figures 2.1, 2.4 and 2.5 the reliabilities of

genomic predictions using the QTL-haploblocks models only reach closer to the values

obtained by all haploblocks models when using at least 10, 000 main SNPs. Overall,

combining an analysis of the results presented in figures 2.1, 2.4 and 2.5 and tables 2.5

and 2.4 it was agreed that 30, 000 main SNPs are optimal to select QTL-haploblocks

to perform genomic prediction. This was based on the absolute differences of the

reliabilities shown in table 2.5, combined to p-values of the statistical tests presented

in table 2.4. Furthermore, figures 2.1, 2.4 and 2.5 show that when selecting QTL-

haploblocks based on 30, 000 main SNPs or more, the prediction reliabilities obtained

are more stable around the obtained by the models using all haploblocks.

The p-values of the Hotteling-Williams tests in Table 2.4, comparing QTL-

haploblocks performance in prediction to all haploblocks performance, were anal-

ysed, and taken into account to understand the statistical significance of the dif-

ferences between the obtained prediction reliabilities. However, the values in Table

2.5 and Figures 2.1, 2.4 and 2.5 show a clear increasing trend of prediction reliabili-

ties, when selecting QTL-haploblocks, according to the number of main SNP effects.

Hence, even though prediction reliabilities using QTL-haploblocks selected by 4, 000

to 20, 000 main SNPs were not statistically different from the prediction reliabilities

using all haploblocks, these models or alternatives were considered still not good

enough. This was decided because there was a potential to achieve higher predictive

ability, still at a lower computational cost, compared to the prediction models that

used all haploblocks.

The gain in prediction reliability, with 30, 000 main SNPs to select the QTL-

haploblocks, compared to the models using all haploblocks, depends on the trait, and

the statistical model used to obtain the GEBVs. Using the Bayesian BLUP model

no gain is observed, but reliabilities are not very different than the obtained using

all haploblocks. Protein presents a decrease of 0.2%, fertility a decrease of 0.5%
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and mastitis has the same reliability. Using the Bayesian mixture model, protein

presents an increase of 0.1%, fertility a decrease of 0.2% and mastitis an increase of

0.8%. From the tests in Table 2.4 though, it is possible to verify that these differences

are not statistically significant, and hence reinforce the suggestion that 30, 000 main

SNPs are enough to select QTL-haploblocks to perform genomic prediction.

The curves of prediction reliabilities from the QTL-haploblock approach, ob-

served in Figures 2.1, 2.4 and 2.5, show a fast increase when using QTL-haploblocks

selected by 1, 000 − 30, 000 main SNP effects. After that, the curves remain in an

very slow increasing trend, and close to the reliabilities obtained by the models using

all haploblocks, indicating that the predictors included beyond the QTL-haploblocks

selected based on 30, 000 highest SNP effects may only add noise or irrelevant infor-

mation to these models. This suggests that most likely the QTL-haploblocks selected

by 30, 000 main SNPs indeed cover almost all regions in the genome that influence a

certain trait.

Another important remark about the selection of the haploblocks is the method

in which the SNPs are chosen. For protein, we compared the performance of genomic

prediction using haploblocks selected in two ways. One was the QTL-haploblocks,

i.e. haploblocks that contained the k highest (absolute) SNP effects. The other way

was randomly sample k SNPs from the genome and select the haploblocks containing

them. This random sampling of SNPs was repeated 10 times for each scenario with

different number of main SNPs ranging from 1, 000 − 50, 000. Figures 2.2 and 2.3

present a grey shaded area with the minimum-maximum reliability range obtained

by those predictions, and a black line indicating the mean reliability. Prediction

reliabilities obtained by haploblocks selected using random samples of SNPs are lower

than reliabilities of predictions using QTL-haploblocks (indicated by the blue line),

and also vary according to the random sample of SNPs, specially when using the

Bayesian mixture model presented in Figure 2.3, in which the shaded area is bigger

than the one using Bayesian BLUP model presented in figure 2.2.

The last characteristic about the haploblocks used in this work that should

be emphasized is the method to define haploblocks, using LD between the markers.

Different from other studies that compare predictions with a selected group of hap-
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loblocks (Villumsen et al., 2008; Boichard et al., 2012), the QTL-haploblocks in the

present study do not have a fixed number of SNPs and because of LD, haploblock

alleles are not random. This results in a reduction of haploblock alleles and hence in

less predictors for the models. This reduction of variables is proportional to marker

data density i.e., the more data available, the more significant is this reduction,

playing an important role in the future usage of denser marker data, such as whole

genome sequences.

The prediction biases obtained by the models using QTL-haploblocks are very

similar to those from models using either all individual SNPs or all haploblocks,

indicating that the bias of predictions are not affected by the use of QTL-haploblocks.

The last benefit to discuss about this approach is that QTL-haploblocks models

take only 30% to 41% of the computing time as the models using all haploblocks.

The computing time is linear to the number of explanatory variables included in the

model. Considering that the polygenic effect variables remain the same, regardless

the genomic variables used, this reduction observed in computing time is consistent

to the expected. This time gain varies, but not too much, according to the statistical

model used and trait predicted, and is linear regarding the amount of variables in

the model.

Another point about the computational gain is that QTL-haploblocks can

reduce the time for the preparation of the genomic data for prediction, since it is

not necessary to build haploblocks for the whole genomic data. This work had the

objective to study the behaviour of prediction reliability according to the amount of

QTL-haploblocks used in the prediction models, and to compare those results to the

obtained when using all haploblocks. Once the optimal number of main SNP effects

is determined, it is only necessary to build haploblocks based on LD around those

SNPs. This approach ensures that QTL is inside a haploblock. The disadvantage is

that haploblocks must be built for each trait. Further study is needed to compare

genomic prediction by building haploblocks based on LD though whole genome or

only around main SNPs.

For low or moderate density marker data, the computational gain provided

by the use of QTL-haploblocks, from preparation of data and time to run prediction
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models may not be relevant. However the predictions using QTL-haploblocks will

be of great importance when it comes to denser marker data, such as whole genome

sequences. Hence, further studies on genomic prediction using haploblocks and QTL-

haploblocks based on LD is a natural next step to comprehend the benefits from these

predictors.

Conclusion

The results from this study suggest that when 30, 000 main SNPs are used to

select QTL-haploblocks, those QTL-haploblocks as predictors are generally enough

to obtain reliabilities equal or higher than the obtained using all individual SNPs

(0.4% increase for protein, equivalent prediction for fertility and 1.3% increase for

mastitis), and similar to those obtained using all haploblocks.

In addition, the method here presented has a positive effect on the reduction

of computing time for prediction models using HD marker data. Taking into account

that computing time is linear to the number of explanatory variables used in the

prediction models, using QTL-haploblocks selected by 30, 000 main SNPs takes about

25% of the total time needed to perform genomic prediction using all individual SNPs

and provides improvement in predictive ability. Compared to the computing time

demanded by the models using all haploblocks, the model using the QTL-haploblocks

containing 30, 000 main SNPs took about 40% of the total time needed andobtained

statistically similar results. With denser marker data and whole genome sequence

data, The reduction of computing time would be an important issue in practical

genomic prediction.
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Figures

Figure 2.1 - Prediction reliabilities obtained using models with QTL-haploblocks

as covariates for protein. The values in the x-axis are the number of main SNPs used

to select QTL-haploblocks to perform genomic prediction, and the y-axis indicates

the reliabilities values.

Figure 2.2 - Prediction reliabilities obtained using Bayesian BLUP model

with QTL-haploblocks and random selected haploblocks as covariates for protein.

The values in the x-axis are the number of main SNPs used to select QTL-haploblocks

to perform genomic prediction, and the y-axis indicates the reliabilities values. The

grey shaded area shows the range (minimum and maximum reliabilities) of the models

using the randomly selected haploblocks.
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Figure 2.3 - Prediction reliabilities obtained using Bayesian mixture model

with QTL-haploblocks and random selected haploblocks as covariates for protein.

The values in the x-axis are the number of main SNPs used to select QTL-haploblocks

to perform genomic prediction, and the y-axis indicates the reliabilities values. The

grey shaded area shows the range (minimum and maximum reliabilities) of the mod-

els using the randomly selected haploblocks.

Figure 2.4 - Prediction reliabilities obtained using models with QTL-haploblocks

as covariates for fertility. The values in the x-axis are the number of main SNPs used

to select QTL-haploblocks to perform genomic prediction, and the y-axis indicates

the reliabilities values.

Figure 2.5 - Prediction reliabilities obtained using models with QTL-haploblocks

as covariates for mastitis. The values in the x-axis are the number of main SNPs used

to select QTL-haploblocks to perform genomic prediction, and the y-axis indicates

the reliabilities values.

Figure 2.6 - Ratio: total number of haploblock variables used in the predic-

tion models, divided by total number of haploblocks containing the main SNP effects.

The values in the x-axis are the number of main SNPs used to select QTL-haploblocks

to perform genomic prediction, and the y-axis indicates the ratio (haploblock vari-

ables)/haploblocks.
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Figure 2.3

Figure 2.4
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Figure 2.5
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Abstract

This study aimed to compare the accuracy of genomic prediction mod-
els using individual SNPs or haplotype blocks when using either a sin-
gle breed or a combined population of Nordic Red cattle. In order to
compare the prediction reliabilities, bootstrap samples were taken from
the test dataset. With the bootstrapped samples of prediction reliabil-
ities, confidence ellipses were built and graphed to allow comparisons,
and analyses of variance were performed. Finally, statistical distances
were used to calculate the gain in predictive ability, when joining the
use of a combined training population and haplotype blocks as pre-
dictors for breeding values of complex traits, instead of using a single
breed as training population with individual SNPs as prediction co-
variates. The analyses here presented are innovative for the evaluation
and comparisons of genomic prediction models, allowing a better com-
prehension of prediction reliabilities, and provide statistical basis to
effectively verify whether one prediction scenario is indeed more ac-
curate than another. The analysis of variance showed that the use of
haplotype blocks is significant mainly when Bayesian mixture mod-
els are used and not so significant when it comes to Bayesian BLUP.
Furthermore, when joining haplotype blocks to training the prediction
models with a combined Nordic Red cattle population, it is possible to
obtain from 3.7% to 5.5% of statistically significant gain in prediction
accuracy, compared to predictions using individual SNPs and training
the model with a single breed.

Keywords: bootstrap analysis, haplotype block, multi-breed genomic prediction, methods

to prediction evaluation

Introduction

Genome-enabled prediction methods based on single markers, in the form of

single nucleotide polymorphisms (SNP), have been widely explored in animal breed-

ing since such methods were introduced (Meuwissen et al., 2001). Haplotype blocks

(haploblocks) have been extensively studied in human genetics (Curtis et al., 2001;

Chapman et al., 2003; Curtis, 2007), and recently the usage of haploblocks in animal

breeding started being explored. Studies indicate that the use of haploblocks can

lead to higher prediction accuracy than individual SNP markers (Villumsen et al.,

2008; Boichard et al., 2012; Cuyabano et al., unpublished data).
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Genomic selection has as one of its basic assumptions that each quantitative

trait locus (QTL) is in linkage disequilibrium (LD) with a number of markers nearby,

given a marker data that is sufficiently dense. Genome-enabled prediction uses this

assumption as a basis to define models that adequately estimate the effect of markers

to a phenotype of interest. Also because of this assumption, one of the main potential

advantages of haploblocks over individual SNP markers is that each haploblock (i.e.

a group of nearby SNPs) may be in higher LD, than would be any individual SNP,

with the causative mutations.

One important advantage of haploblocks over individual SNPs for genomic

prediction is that the effects of haploblock-alleles within a haploblock can be assumed

independent of each other, better capturing their effects. As a simple example to

illustrate this, take two bi-allelic loci A and B. In an individual SNP approach,

phenotype y is fitted by equation ŷ = µ̂SNP + ĝAA1+ ĝBB1, where A1 is one if locus

A has allele 1 and zero otherwise, and the same rule applies to B1. In a haploblocks

approach, phenotype y is fitted by equation ŷ = µ̂hap + ĝ1A1B1 + ĝ2A1B2 + ĝ3A2B1,

where AiBj is one if locus A has allele i and locus B has allele j (i, j = 1, 2) observed,

and zero otherwise.

Table 3.1 indicates the estimated effects, for both individual SNP and hap-

loblock approaches, of each haplotype-allele on phenotype y. Note that using the

individual SNP approach, the effects of A1B1 is the sum of the effects of A1B2 and

A2B1, which disregards any interaction effects between loci and may influence accu-

racy of predictions.

Table 3.1: Example of estimated haplotype effects using either individual SNP or
haploblock approaches.

Haplotype effect on phenotype y

Haplotype Individual SNPs Haploblocks

A1B1 ĝA + ĝB ĝ1
A1B2 ĝA ĝ2
A2B1 ĝB ĝ3
A2B2 0 0

o
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Our hypothesis is that, due to the advantages previously mentioned, hap-

loblocks may improve prediction of economically important traits. Hence, genome-

enabled predictions using haploblocks are evaluated and compared to those using

individual SNPs.

Furthermore, the use of haploblocks in an across breed scenario for prediction

has a potential for increasing predictive ability, mainly due to the increase in variation

of haploblock-alleles. Some breeds may present combinations that are not observed

in other breeds. Combining the populations will increase the genetic variance of the

population. This allows estimating effects of haploblock-alleles that might not be

observed in a single breed analysis.

It is already known that when different populations have a common origin,

using them combined for the training of prediction models can improve prediction

reliability Lund et al. (2011). The stronger the genetic ties between the populations,

the bigger the benefits (Su et al., 2009). In particular, increase in prediction relia-

bilities has been reported for Danish, Finnish and Swedish Red cattle populations,

when training was based on the combined data, instead of using individual breeds

(Brøndum et al., 2011). Hence, this work also aimed to benefit from using a combined

population for training prediction models to genomic breeding values.

This work presents the results of predictions for five traits in dairy cattle

production, fertility, mastitis, protein, fat and milk yield. The aim was to compare

the predictive ability of models using individual SNP or haploblock approaches, using

either a single breed or a combined population of Nordic Red cattle (including Danish,

Finnish and Swedish Red) for model training. It was also of interest to compare the

results when using a Bayesian BLUP or a Bayesian mixture model to estimate effects.

There was a high interest in performing a consistent statistical analysis and

comparisons between the prediction scenarios. Thus, bootstrap sampling was used

in the test dataset, to generate samples of prediction reliabilities. On those samples,

known multivariate statistical methods were applied in an innovative analysis and

comparison of prediction reliabilities.
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Materials and Methods

Marker and phenotypic data

The marker and phenotypic data used in this work was from a Nordic Red

cattle population with 4,403 animals. The original marker data was obtained from a

54k SNP chip and then imputed to 777k data using Beagle (Browning and Browning,

2009; Brøndum et al., 2011; Su et al., 2012a). The imputed data was then edited by

removing markers in complete LD with adjacent ones and with minor allele frequency

(MAF) lower than 0.01 (Su et al., 2012a). After editing, a final marker data set with

442,267 SNPs for the 4,403 animals in the Red cattle population was obtained. This

population comprises three sub breeds: Danish Red (DR), Swedish Red (SRB) and

Finish Ayshire (FAY). The dataset was split into training and test data by the cut-

off birth date of bulls on the 1st of October 2001, resulting in a training population

of 3,423 animals (663 DR, 1,051 SRB and 1,709 FAY) and test population of 980

animals (186 DR, 306 SRB and 488 FAY).

The phenotypic values used to perform genomic predictions for fertility, mas-

titis, protein, fat and milk yield were de-regressed proofs (DRP) of the bulls, de-

rived from the estimated breeding-values (EBV) and effective daughter contributions

(Jairath et al., 1998; Schaeffer, 2001; Garrick et al., 2009).

Animal ethics

The phenotypic data was collected from routine records of dairy cattle farms.

Genotyped animals used in this work were the progeny-tested bulls, and the semen

samples for genotyping were obtained from routine bull semen collection. Therefore,

no ethical approval was necessary.

Haplotype blocks

The haploblocks were built based on LD measured as D′ (Gabriel, 2002; Cuya-

bano et al., unpublished data). The use of LD to define haploblocks allows them to

differ in number of SNPs, instead of arbitrarily defining haploblocks with a fixed

length. This non-random setting of where in the genome a haploblock begins and
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ends, increase the LD between SNPs within an haploblock and reduces the total

number of explanatory variables to be included in the prediction models.

Based on a previous study (Cuyabano et al., unpublished data), it was deter-

mined that a haploblock would be defined by a group of sequential SNPs satisfying

D′ > 0.45 between every pair of those SNPs. A total of 82,824 “multiallelic” hap-

loblocks were obtained from the HD marker data, and because each haploblock may

have more than two possible “alleles”, a total of 318,113 haploblock variables were

obtained to perform genomic prediction.

Genomic prediction

Genomic prediction of the five traits of interest were performed on different

scenarios, regarding the genomic variables (individual SNPs or haploblocks), the

training data set (combined Red cattle population or individual Red cattle breed)

and the statistical model (Bayesian BLUP or Bayesian mixture model), summing up

a total of eight different scenarios, when combining these three factors.

The prediction models were defined by the traditional equation y = 1µ +

Mg+Za+ ε, where y represented the vector containing the DRP of training bulls,

µ a general mean, M the SNP/haploblock matrix, g the vector of additive genetic

effects, Z the incidence matrix linking a to y , a the vector of polygenic effects and

ε the vector of the random errors of the model. It was assumed for both Bayesian

BLUP and Bayesian mixture models that a ∼ N(0,Aσ2
a) where A was the genetic

relationship matrix constructed according to the pedigree, and ε ∼ N(0,Dσ2
ε ) where

D is a diagonal matrix with dii = 1/wii and wii = r2DRP /(1 − r2DRP ) (VanRaden,

2008; Garrick et al., 2009). For the Bayesian BLUP it was assumed g ∼ N(0, Iσ2
g)

and for the Bayesian mixture (George and McCulloch, 1993; Meuwissen, 2009; Gao et

al., 2013) g ∼ ∑4
k=1 πkN(0, Iσ2

πk
). The mixing proportions were fixed as π1 = 0.889,

π2 = 0.1, π3 = 0.01 and π4 = 0.001, and the variances were estimated under the

constraint σ2
π1

< σ2
π2

< σ2
π3

< σ2
π4
. The mean µ and all variances were assumed to

have non-informative uniform priors.

The statistical models used a Bayesian algorithm, via Gibbs sampling George

and McCulloch (1993) and were performed using BayZ package (Janss, 2011), running
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a single Markov chain Monte Carlo with length 50,000 in which the first 20,000 cycles

were taken as the burn-in of the chain.

Evaluation of prediction results with bootstrap

After performing the prediction models, the analysis and comparisons of pre-

dictability were performed using bootstrap samples (Efron, 1979; Efron and Tibshi-

rani, 1986) of the test animals. One hundred randomized bootstrap samples were

generated, and each sample contained a random subset of two thirds of the ani-

mals in the test dataset. The pair (DRP b
i , GEBV b

i ) of the b− th bootstrap sample

(b = 1, ..., 100) was taken, in which GEBV was the genomic estimated breeding value.

From this data it was calculated the prediction reliability. This way, one hundred

observed prediction reliabilities were obtained for each prediction scenario.

The GEBVs obtained from the prediction models were calculated as GEBVi =
∑

j mij ĝj + âi. Reliabilities of the prediction for breeding values were obtained as

the squared correlation between DRP and GEBV of individuals in the sample of the

test population, corrected for the average reliability of DRP, rDRP (Garrick et al.,

2009). Thus, for each bootstrap sample, prediction reliability was calculate as rb =

Cor2(DRP b,GEBV b)

/rDRP . The performance of each model was assessed by analysing the sample of

estimated reliabilities of GEBVs, from the bootstrapping of predictions.

Based on the reliabilities samples, confidence ellipses (Johnson and Wichern,

2007) for the mean reliabilities were calculated and graphed separately for both

statistical models (Bayesian BLUP and Bayesian mixture), in order to verify the

statistical differences of the prediction reliabilities obtained.

To reach the confidence ellipses, we took the observations (Ri,SNP ,Ri,hap),

where Ri,SNP and Ri,hap were the bootstrap reliabilities obtained from predictions

using individual SNPs or haploblocks respectively. The index i was for the training

dataset (i = c, s) such that c indicated training on combined Nordic Red cattle

population and s training on single breed population. Fisher’s z-values (Fisher,

1915) were used for the analysis; hence the following transformation was applied to

the reliabilities,
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o

z =
1

2
log

(

1 +
√
r

1−√
r

)

. (3.1)

This transformation on the reliabilities ensured bivariate normal distributions

of the values. Therefore, (Zi,SNP ,Zi,hap) ∼ N(µi,Σi), where µi = (µi,SNP , µi,hap)

and Σi = Cov(Zi,SNP ,Zi,hap). All the analyses were performed on the normalized

data. Thus, it was defined the following statistic,

T 2
i = nb(Z̄i − µi)

′S−1
i (Z̄i − µi), (3.2)

where nb was the number of bootstrap samples (in this study, one hundred), Z̄i =

(Z̄i,SNP , Z̄i,hap) and Si = Ĉov(Zi,SNP ,Zi,hap). Because of the normality assump-

tion for the prediction reliabilities,

(nb − 2)

2(nb − 1)
T 2
i ∼ F2,(nb−2). (3.3)

Finally, the 95% confidence ellipse for (Zi,SNP ,Zi,hap) was defined by the

coordinates,

[

Z̄i − qS
1/2
i

√

2(nb − 1)

nb(nb − 2)
; Z̄i + qS

1/2
i

√

2(nb − 1)

nb(nb − 2)

]

, (3.4)

where q > 0 is such that P
(

(nb−2)
2(nb−1)T

2
i ≤ q2

)

= 0.95.

It was of great interest in this work, to compare the improvement in predic-

tion reliability. The focus was to assess the gain in predictive ability by changing

the approach from using individual SNPs and training in a single breed, to using

haploblocks and training on the combined Red cattle population. Aiming to obtain

reliable comparisons, instead of analyzing the direct difference between the mean pre-

diction reliabilities (∆Z = Ẑc,hap− Ẑs,SNP ), it was calculated the statistical distance

(Mahalanobis, 1936) between the centres of the confidence ellipses, as follows,

∆M =

√

(Z̄c,hap − Z̄c,SNP )2

V ar(Z̄c,hap − Z̄c,SNP )
+

(Z̄s,hap − Z̄s,SNP )2

V ar(Z̄s,hap − Z̄s,SNP )
. (3.5)
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The direct differences between the means do not account for the bi-variate

distribution or the variance of the observations and generate an inflated gain, which

is corrected when using the above proposed measure. When considering the variation

of the data, and the bi-variate distribution, ∆M allows verifying more accurately the

real improvement in predictive ability.

At last, in order to comprehend the importance of the factors in the different

genomic prediction scenarios, analysis of variance (ANOVA) (Patterson and Thomp-

son, 1971) was carried out based on the bootstrapped samples.

Results

Table 3.2 presents the p-values of the analysis of variance (ANOVA) performed

to understand the factors that are important to determine the prediction reliabilities.

The ANOVA was done separately for each trait, and for the three test populations and

the two prediction models. For both prediction models, the training population has

a significant effect on the prediction reliabilities for all traits in all populations, with

p-values small around zero. The approach, regarding individual SNPs or haploblocks

as prediction covariates, is significant mainly when Bayesian mixture models are used.

In these models, with the exception of the prediction of fertility and milk yield for

Danish Red and the prediction of protein for Finish Ayshire, the approach (type of

predictors, individual SNPs or haploblocks) was significant either as an individual

effect or by interaction with the training population. In the Bayesian BLUP models,

on the other hand, the effect of the approach was not significant in more than half

of the predictions scenarios.

Figures 3.1-3.5 present the 95% confidence ellipses defined by equation (3.4) for

the bootstrap samples obtained from the predictions of fertility, mastitis, protein, fat

and milk yield, respectively. The ellipses allow clear visualization of the dispersion of

the prediction reliabilities obtained by each scenario. Each figure presents the ellipses

separated in different panels by the predicted breed (DR, FAY and SRB) and the

statistical model (Bayesian mixture or Bayesian BLUP). In each panel, there are two

confidence ellipses, one for training the model on the single breed and another for
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training the model in the combined Nordic Red cattle population. This allows the

comparison of the prediction reliabilities obtained when combining these two factors.

When the confidence ellipses in each panel overlap each other, it means that there

is no significant statistical difference between the predictions. In most cases, the

confidence ellipses were overlapped. The exceptions are in the prediction of mastitis

for Finish Ayshire, in the prediction of protein for Swedish Red, in the prediction of

fat for Finish Ayshire (only using the Bayesian BLUP model) and for Swedish Red,

and in the prediction of milk yield for Swedish Red. When comparing the results in

these cases to the obtained with the ANOVA, it is possible to identify the significance

of the training population. The variable approach was also significant in these cases,

either as an individual effect, or by interaction to the training population.

Table 3.2: P-values of the ANOVA for modelling prediction reliability for each
trait (fertility, mastitis, protein, fat and milk yield) and model (Bayesian BLUP
or Bayesian mixture), by approach (haploblocks or individual SNPs), and training
dataset (combined Nordic Red cattle population or single breed). P-values in bold
are those of the significant factors to prediction reliability.

Bayesian mixture Bayesian BLUP

Test Train. Approach Train. Approach

Trait pop. Appr. pop. × Train. Appr. pop. × Train.

Fertility
DR 0.225 0.000 0.627 0.063 0.000 0.711
FAY 0.015 0.000 0.647 0.878 0.000 0.051
SRB 0.000 0.000 0.000 0.646 0.000 0.546

Mastitis
DR 0.000 0.000 0.000 0.372 0.000 0.144
FAY ∗0.502 0.000 0.000 ∗0.454 0.000 0.004

SRB 0.000 0.000 0.078 0.524 0.000 0.221

Protein
DR ∗0.082 0.000 0.004 0.112 0.000 0.488
FAY 0.170 0.000 0.914 ∗0.557 0.000 0.000

SRB 0.002 0.000 0.001 0.008 0.000 0.990

Fat
DR ∗0.998 0.000 0.000 ∗0.531 0.000 0.003

FAY 0.000 0.000 0.068 0.219 0.000 0.132
SRB ∗0.434 0.000 0.008 0.048 0.000 0.178

Milk Yield
DR 0.185 0.000 0.225 0.535 0.000 0.467
FAY 0.000 0.000 0.000 0.021 0.000 0.004

SRB 0.015 0.000 0.735 ∗0.132 0.000 0.029
∗ p-values of individual factor effects with p-value > 0.05, but significant

interaction between the factors (approach × training population).

o
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Table 3.3 presents the difference of prediction reliability (in percentage points),

between genomic predictions using individual SNPs and training on a single breed

and genomic predictions using haploblocks and training on the combined Nordic

Red cattle population. It is possible to verify that the direct differences (∆Z) of

the mean prediction reliabilities were much greater than the statistical differences

(∆M). That is because, as explained in the material and methods section, ∆Z

does not take into account the bi-variate distribution and variance of the data. The

analysis and discussion about the gain were all based on ∆M . For the prediction of

mastitis in Finish Ayshire, protein in Swedish Red, fat in Finish Ayshire (only using

the Bayesian BLUP model) and in Swedish Red, and milk yield in Swedish Red, the

confidence ellipses showed significant increase in prediction reliability, ranged from

3.7% to 5.5%.

Table 3.3: Gain (%) obtained in the mean prediction reliability of bootstrapping
GEBVs, from performing genomic prediction using individual SNPs with a single
breed reference population to performing genomic prediction using haploblocks with
a combined Red cattle population.

Bayesian mixture Bayesian BLUP

Trait Test pop. ∆Z ∆M ∆Z ∆M

Fertility
DR 1.2 0.4 4.5 0.9
FAY 4.1 1.3 5.3 1.3
SRB 8.5 1.4 5.3 1.4

Mastitis
DR 13.9 2.2 11.6 2.3
FAY 12.2 4.7 12.0 4.7
SRB 9.5 2.3 6.4 1.8

Protein
DR 12.6 1.5 8.5 1.4
FAY 4.7 1.7 5.4 1.8
SRB 15.4 4.4 13.5 4.2

Fat
DR 8.1 1.5 5.8 1.0
FAY 2.0 1.2 9.7 3.7
SRB 17.5 5.5 16.3 4.8

Milk yield
DR 12.6 1.7 9.2 1.3
FAY 7.8 2.3 7.9 2.6
SRB 16.4 5.1 13.1 4.2

o
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Discussion

This work studied the use of haploblocks as covariates to genomic prediction,

combined with training the models on a combined Nordic Red cattle population.

Previous studies already suggested that haploblocks can improve prediction accuracy

(Villumsen et al., 2008; Boichard et al., 2012; Cuyabano et al., unpublished data).

Also, the use of combined populations for training prediction models has shown

benefits in prediction accuracy (Brøndum et al., 2011), especially when the genetic

ties between the populations are strong (Su et al., 2009).

In this work, instead of simply comparing prediction reliabilities between dif-

ferent scenarios, we performed bootstrap samples on the test population. Then we

generated a sample of observed prediction reliabilities, for each scenario. This allowed

the use of multivariate statistical methods in the analyses of the results.

In studies that intend to compare genomic prediction methods, it is common to

calculate the prediction reliabilities from the whole test data, and simply calculate the

differences. However, from a statistical point of view, that is equivalent to compare

single observations (as a single prediction reliability is obtained for each method).

The use of bootstrap in this case is a feasible solution, because it allows the use of

various statistical methods to compare different prediction methods and models. The

bootstrap samples made possible to calculate mean prediction reliabilities and their

standard deviations, which allowed initial analyses of the results.

One of the most informative analyses that resulted from the bootstrapping of

the test population was the generation of confidence ellipses. For both the Bayesian

mixture and Bayesian BLUP models, we calculated and graphed 95% confidence

ellipses for the joint distribution of prediction reliabilities obtained by using individual

SNPs or haploblocks, for each training population. The first result from the graphs

was the different dispersion of prediction reliabilities for each breed. Except for the

prediction of fertility, the dispersion of prediction reliabilities for DR was greater

than what was observed for FAY and SRB. One possible explanation for that could

be that FAY and SRB are genetically more homogeneous than DR, since DR could

include Holstein genetics (Brøndum et al., 2012). However the greater dispersion was
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also observed in prediction of DR using a single breed training population. Another

possible explanation would be that the training and test populations of DR was

smaller than the other two breeds (approximately 60% and 40% of the population

sizes of FAY and SRB respectively), increasing variance of the prediction reliabilities

of bootstrap samples.

Regarding to the training population, the confidence ellipses showed a trend of

increase in prediction reliability, when using the combined population instead of the

single breed. This increase was statistically significant for the predictions of protein,

fat and milk yield in the SRB population, and for the predictions of mastitis and fat

(only when using the Bayesian BLUP) in the FAY population. The results of increase

in prediction reliabilities when using the combined Nordic Red cattle population for

training instead of single breed were as expected, agreeing with what was observed

in Brøndum et al. (2011). The dispersion of the results indicated the importance

of performing bootstrap on the test dataset, in order to make reliable statements

about the predictions. A single realization of prediction reliability based on the

whole test dataset may not necessarily reflect the true result. In some bootstrap

samples, the prediction reliabilities obtained using the combined training population

were smaller than the obtained using a single breed. When looking at the results from

the whole bootstrap samples however, although the increase in prediction reliability

was not significant for every predicted trait and scenario, the trend to obtain greater

reliabilities is visible when comparing the confidence ellipses.

The comparison of the covariates used to perform genomic predictions was

made by evaluating the shape of the ellipses. Not many clear conclusions could be

drawn from that, as most of the ellipses assumed the shape of circles, and do not indi-

cate a strong difference between the prediction reliabilities obtained using haploblocks

or individual SNPs. Therefore we used the ANOVA to support and enrich the anal-

ysis. ANOVA does not take into account the bivariate distribution of the data, used

to generate the confidence ellipses. Instead, it performs the analysis of variance of

factors in a regression model that explain the prediction reliabilities as a function of

the covariates (haploblocks or individual SNPs), the training populations and their

interaction. When looking the p-values of the ANOVA, we could observe that the
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use of haploblocks or individual SNPs was statistically significant mainly when using

the Bayesian mixture model to genomic prediction. In some cases, the main effect

of the covariate type was not significant, but its interaction with the training was.

These results provided evidence that haploblocks as covariates to genomic prediction

may improve accuracy. In our study, the combination of haploblocks to combined

training population resulted in a statistically significant increase of 3.7%-5.5% in pre-

diction reliabilities, compared to genomic prediction training on single breed using

individual SNPs as covariates. It is straight forward though, that haploblocks need

to be further explored in order to provide even better increase for prediction accu-

racy. More sophisticated methods to build haploblocks on a multi-breed population,

or haploblock selection methods could further improve results, compared to those

obtained in our study.

Some remarks have to be made to conclude this discussion. It is desired that

the bootstrap samples are assumed to be independent, which was not true in our

study. All individuals in the test dataset had their genomic estimated breeding values

obtained by the same training individuals, and it was permitted to have animals

included in different samples. Because of the population sizes this issue could not be

avoided. Still the analyses were performed assuming independence of the samples,

and this is an issue that should be taken into account and avoided if possible, in

future studies.

Conclusion

This study investigated the use of haploblocks as prediction covariates for sin-

gle breed and multi-breed genomic prediction. The results obtained in the prediction

of a combined Nordic Red cattle population indicated that it is possible to increase

prediction accuracy, when compared to methods that use individual SNPs and train

on a single breed. The comparisons between the prediction reliabilities showed a

clear improvement when using the combined Nordic Red cattle population instead

of a single breed to train the models. Regarding the prediction covariates, there was

evidence that haploblocks may improve genomic prediction accuracy, when compared
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to individual SNPs, but different haplotyping methods and models should to be ex-

plored to improve these results . Furthermore, another highlight of this study was

the statistical methods used to evaluate and compare prediction reliabilities. The

bootstrap samples generated from the test dataset allowed an innovative analysis

of the results, by using multivariate statistical tools. The concerns about the lack

of complete independence of the bootstrap samples used in this work were raised,

and future studies should draw attention to this matter, in order to improve the

comparisons and analysis of prediction reliabilities.
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Figures

Figure 3.1 - Fertility: The x-axis of the panels represents the mean prediction

reliabilities of the bootstrap samples using the individual SNP approach. The y-axis

of the panels represents the mean prediction reliabilities of the bootstrap samples

using the haploblock approach. (a) Scatter plot and confidence ellipses of predicted

GEBVs of a Danish Red cattle population obtained by bootstrapping the test data

set (b) Scatter plot and confidence ellipses of predicted GEBVs of a Finish Ayshire

cattle population obtained by bootstrapping the test data set (c) Scatter plot and

confidence ellipses of predicted GEBVs of a Swedish Red cattle population obtained

by bootstrapping the test data set.

Figure 3.2 - Mastitis: The x-axis of the panels represents the mean prediction

reliabilities of the bootstrap samples using the individual SNP approach. The y-axis

of the panels represents the mean prediction reliabilities of the bootstrap samples

using the haploblock approach. (a) Scatter plot and confidence ellipses of predicted

GEBVs of a Danish Red cattle population obtained by bootstrapping the test data

set (b) Scatter plot and confidence ellipses of predicted GEBVs of a Finish Ayshire

cattle population obtained by bootstrapping the test data set (c) Scatter plot and

confidence ellipses of predicted GEBVs of a Swedish Red cattle population obtained

by bootstrapping the test data set.

Figure 3.3 - Protein: The x-axis of the panels represents the mean prediction

reliabilities of the bootstrap samples using the individual SNP approach. The y-axis

of the panels represents the mean prediction reliabilities of the bootstrap samples

using the haploblock approach. (a) Scatter plot and confidence ellipses of predicted

GEBVs of a Danish Red cattle population obtained by bootstrapping the test data

set (b) Scatter plot and confidence ellipses of predicted GEBVs of a Finish Ayshire
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cattle population obtained by bootstrapping the test data set (c) Scatter plot and

confidence ellipses of predicted GEBVs of a Swedish Red cattle population obtained

by bootstrapping the test data set.

Figure 3.4 - Fat: The x-axis of the panels represents the mean prediction

reliabilities of the bootstrap samples using the individual SNP approach. The y-axis

of the panels represents the mean prediction reliabilities of the bootstrap samples

using the haploblock approach. (a) Scatter plot and confidence ellipses of predicted

GEBVs of a Danish Red cattle population obtained by bootstrapping the test data

set (b) Scatter plot and confidence ellipses of predicted GEBVs of a Finish Ayshire

cattle population obtained by bootstrapping the test data set (c) Scatter plot and

confidence ellipses of predicted GEBVs of a Swedish Red cattle population obtained

by bootstrapping the test data set.

Figure 3.5 - Milk yield: The x-axis of the panels represents the mean pre-

diction reliabilities of the bootstrap samples using the individual SNP approach.

The y-axis of the panels represents the mean prediction reliabilities of the bootstrap

samples using the haploblock approach. (a) Scatter plot and confidence ellipses of

predicted GEBVs of a Danish Red cattle population obtained by bootstrapping the

test data set (b) Scatter plot and confidence ellipses of predicted GEBVs of a Finish

Ayshire cattle population obtained by bootstrapping the test data set (c) Scatter

plot and confidence ellipses of predicted GEBVs of a Swedish Red cattle population

obtained by bootstrapping the test data set.
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Figure 3.1
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Figure 3.2
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Figure 3.3
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Figure 3.4
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Figure 3.5
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General Discussion

In the recent years, genomic prediction has played a very important role in

animal breeding programs and selection schemes in dairy cattle. The main reasons for

genomic prediction to have become so important in cattle breeding are the reduced

cost, when compared to progeny testing, and the reduction of generation interval from

six to two years, for selecting elite bulls (Schaeffer, 2006). More recently, studies on

genomic prediction had their focuses on improving the techniques, in order to achieve

higher prediction accuracies. Most of these studies were based on moderate density

data after the release of the 54k SNP chip (Matukumalli et al., 2009), and fitting all

SNPs simultaneously in the model, as proposed by Meuwissen et al. (2001).

The recent availability of high density marker data (777k) created an expec-

tation of increasing prediction accuracy as a result of the increased LD between the

SNPs and QTL (Meuwissen and Goddard, 2010). So far however, predictions using

high density (HD) marker data have not shown significant improvement, compared

to results obtained using moderate density marker data (Erbe et al., 2012; Su et al.,

2012b; VanRaden et al., 2013). With the fast development of SNP chip technology,

and the current availability of whole genome sequences, there is a need of genomic

prediction methods to use the genomic data as efficiently as possible. One of the

issues addressed in this context was how to process this large amount of variables

without loss of information.

Through this entire work, haplotype blocks (haploblocks) built from high den-

sity marker data were used to perform genomic prediction. This choice was taken

because it is expected that the quantitative trait loci (QTL) is in stronger linkage

disequilibrium (LD) with haplotypes, than with any individual SNP marker.

Haploblocks have been extensively studied in human genetics research (Chap-

man et al., 2003; Curtis et al., 2001; Curtis, 2007; Gabriel, 2002; North et al., 2006),

and more recent studies in animal breeding and genomic prediction started exploring

the use of haploblocks as prediction covariates (Calus et al., 2008, 2009; Boichard et

al., 2012; Roos et al., 2011; Villumsen et al., 2008; Schrooten et al., 2013). These

studies have approached haploblocks built from low to medium density marker data.
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Some authors have defined haploblocks for genomic predictions by setting win-

dows with a fixed number of SNPs to be placed together as a haploblock (Boichard

et al., 2012; Villumsen et al., 2008), or by considering the first locus only, out of ten

consecutive loci in genomic evaluation using Beagle (Browning and Browning, 2009;

Schrooten et al., 2013). Appropriate haplotyping was expected to lead to haploblocks

in higher LD with QTL. Hence the better the haplotyping method, the higher the

genomic prediction accuracy should be. In human genetics, Gabriel (2002) proposed

the use of LD to define where haploblocks start and end in the genome, and also how

many SNPs should be grouped into one haploblock. This method was chosen in this

study as the most adequate to build haploblocks from the HD marker data.

A feature provided by building haploblocks from HD marker data using LD

as criterion, is data reduction. Haploblocks were “multiallelic” and in theory should

bring a great increase of data, but because of the grouping of tightly linked adjacent

SNPs, the combinations between the markers are not random. This allowed reduction

of covariates to perform genomic prediction, without loss of the genomic data.

A study was performed to define adequate LD criterion to be used, when

building haploblocks. From the HD marker data, different haploblock pannels were

generated, using, D′ as the LD measure to be used. For different thresholds d ranging

from 0.25 − 0.75 by 0.1, when D′ ≥ d for every pair of a group of adjacent SNPs,

these SNPs were defined as a haploblock. The choice to use D′ as the measure of LD

instead of r2 to build haploblocks for genomic prediction was based on the results

of a preliminary study. The genomic predictions obtained using haploblocks build

with D′ and r2 were very similar, but the use of r2 generated shorter haploblocks,

providing less ability of variable reduction. That was because D′ is less sensitive to

LD at loci with low allele frequencies (McRae et al., 2002).

After comparisons between the prediction reliabilities obtained when using

the individual SNP approach and the LD-based haploblocks, it was observed that

in general, haploblocks could improve the accuracy of genomic prediction. These

comparisons were made on prediction of three economically important traits in dairy

cattle, protein yield, fertility and mastitis. Haploblocks presented a more clear im-

provement in prediction reliability for predictions of protein yield, which is a high
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heritability trait (h2 = 0.39). For fertility and mastitis (both with h2 = 0.04),

haploblocks also presented improvement in prediction reliability, but slightly. In an

overall assessment, the use of haploblocks build considering D′ ≥ 0.45 presented

increase of predictive ability for all traits, when compared to the use of individual

SNPs. This D′ threshold of 0.45 was taken as the optimal to keep working with

haploblocks throughout the work of the Ph.D study.

One of the interests when studying haploblocks as predictors to dairy cattle

traits, was the possibility to select only a subset to perform the prediction mod-

els. This approach has already been explored for moderate density marker data

(Boichard et al., 2012) and for simulated data (Villumsen et al., 2008), but for hap-

loblocks defined with a fixed number of SNPs. Genomic predictions using a subset

of appropriately selected haploblocks were expected to achieve higher prediction ac-

curacy. In addition, the reduction of variables to be used as predictors should also

reduce the computing time needed to perform prediction models.

Boichard et al. (2012) studied the benefits to genomic prediction, of using

haploblocks selected by the identification of main SNP effects. Hence, the hypothesis

formulated was that LD-based haploblocks that contained the main SNP effects (re-

ferred as QTL-haploblocks hereafter) could produce equivalent or better prediction

reliabilities, compared to using all LD-based haploblocks as predictors. This selec-

tion of haploblocks should identify the most influential regions of the genome to the

prediction of livestock traits.

The use of LD-based haploblocks as predictors presented higher prediction

accuracies when compared to the use of individual SNPs (Cuyabano et al., unpub-

lished data). It was also observed an increase in prediction accuracy when using

QTL-haploblocks instead of individual SNPs to perform genomic prediction. This

indicated that only a subset of finely selected haploblocks was enough to overcome

prediction reliability obtained by individual SNPs. The superior prediction relia-

bilities were observed when selecting QTL-haploblocks using at least 20,000 main

SNPs. These results agreed to the observed by Villumsen et al. (2008), which also

obtained higher prediction reliabilities using haplotypes instead of individual SNPs

on simulated data.
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When comparing the prediction reliabilities obtained by the QTL-haploblcoks

to the obtained using all haploblocks, no increase was observed. However, when

using at least 30,000 main SNPs to select the QTL-haploblock prediction reliabilities

observed were very close and statistically equivalent to those using all haploblocks.

Another advantage achieved was the gain in computing time, that was linear to the

amount of variables. Depending on the trait, the QTL-haploblocks models take only

30%-41% of the time necessary to perform a prediction model using all haploblocks

as covariates.

The concept of QTL-haploblocks is similar to that of marker-assisted selection

(MAS), which performs prediction using few genetic markers with significant effects.

These effects are also estimated by an individual marker model using all genomic

data (Dekkers and Hospital, 2002; Heffner et al., 2009). The QTL-haploblocks used

genome-wide dense markers and instead of using only individual SNPs with large

effects, the QTL-haploblocks allowed into the models a larger number of markers,

not necessarily all with significant effect, in the form of haploblocks. Thus, possible

noise that could be included in the model was removed by eliminating the haploblocks

with no significant effect as covariates.

One disadvantage of the QTL-haploblocks is that it is necessary to estimate

all the SNP effects for each trait, as a first step. However, once the optimal number

of main SNPs is defined, LD-based haploblocks can be build only around those main

SNPs. This eliminates the need to build haploblocks throughout the entire genomic

data. Based on the results obtained by the work performed in this Ph.D study, for

HD marker data the optimal number of main SNPs was taken to be 30,000.

The method of variable selection is very important when performing genomic

prediction using only a subset of haploblocks. The choice to use the SNP effects for

sub setting haploblocks followed the methods proposed in MAS (Dekkers and Hos-

pital, 2002; Heffner et al., 2009), and that were also applied to haploblocks selection

by Boichard et al. (2012). It is very important that the genomic prediction models

used to estimate the SNP effects are assumed to adequately identify and estimate

these main effects. If main SNP effects are not correctly identified, haploblocks will

be wrongly selected as a consequence.
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The use of haploblocks as prediction covariates was also expected to provide

benefits to multi-breed prediction scenarios. When training the models on a multi-

breed population, more haploblock-alleles are observed and their effects estimated,

which can improve genomic prediction accuracy. It is known that when combin-

ing different populations from a common origin to train genomic prediction models,

prediction reliability can be improved (Lund et al., 2011). Furthermore, when the

genetic ties between the breed are strong, the benefits are bigger (Su et al., 2009;

Lund et al., 2014). Taking into account the reported increase in prediction reliability,

when training on multi-breed data, in Danish, Finnish and Swedish Red cattle pop-

ulations (Brøndum et al., 2011), this study implemented genomic predictions using

haploblocks in a Nordic Red cattle population.

When working with multi-breed scenarios, it is also known that HD marker

data allows persistence of LD between breeds. This way, the number of LD-based hap-

loblocks that was obtained when using a single breed population would not increase

too significantly when using the combined population. The number of haplotype-

alleles, however, was expected to increase, due to recombinations that were observed

in one breed but not in the other. Hence, it was expected that haploblocks built

from a HD marker data would perform better than individual SNPs, as predictors to

dairy cattle production traits.

The results of the genomic predictions performed on the Nordic Red cattle

population were analysed based on bootstrap samples from the test dataset. The

bootstrapping of the test dataset allowed statistical analyses and inferences on the

prediction reliabilities. The training population, single breed or combined, was found

to have the most important influence on the results in prediction reliability. When

training was performed on the combined Nordic Red cattle population, there was a

visible trend of increase in prediction reliabilities, compared to training on a single

breed. The differences between haploblocks or individual SNPs were not so conclu-

sive, but there was evidence that haploblocks may improve genomic predicton on

multi-breed genomic predictions. This evidence was most seen on predictions using

a Bayesian mixture model, instead of BLUP. Gao et al. (2013) found that the ad-

vantage of the Bayesian mixture model over BLUP was more profound with weak
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relationships between training and test data sets, and the authors argued that the

Bayesian mixture model captured LD between markers and QTL more efficiently

than BLUP. This could be the same when dealing with haploblocks as predictors.

Finally, LD-based haploblocks from HD marker data have the ability to im-

prove genomic predictions of economically important traits in dairy cattle production,

when compared to using individual SNPs as predictors. Optimal LD measures and

threshold are important not only to the increase of prediction reliabilities, but also

to optimize the computational demand of the prediction models. When LD-based

haploblocks are built using r2, it generates more covariates than when using D′,

taking more computing time to perform the models. However, the prediction re-

liabilities observed are very similar. Another method proposed to use haploblocks

in genomic predictions was to select them to contain a determined number of main

SNP effects. This resulted in predictions statistically as accurate as the obtained

using all haploblocks, and more accurate than the obtained when using all individual

SNPs. Furthermore, this study also observed benefits of haploblocks as predictors

when working with a multi-breed population to train genomic prediction models. At

last, this work presents a varied use of LD-based haploblocks to genomic prediction

models, and proposes that further studies should be carried on methods to optimally

build haploblocks, and to select them to be used as predictors, either when working

with a single breed or a combined training population.
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Future perspectives

From the beginning of this Ph.D project up to now, the use of haploblocks

in genomic prediction and animal breeding studies has become more popular. One

of the discussion for haploblocks as covariates to genomic prediction models, is how

important the building of these haploblocks is to the results. Without a doubt,

the way haploblocks are built makes a difference in prediction reliabilities. The use

of LD criterion to build haploblocks allowed grouping SNPs tightly linked and is

one solution to the question of how should we define haploblocks. However, different

methods should be further explored and compared, in order to improve the haploblock

variables, allowing them to better predict complex traits. For example, haploblocks

can be built by defining a fixed number of SNPs to be grouped, or by MCMC methods

as in Beagle. Haploblocks methods can also be explored with full sequence data

in order to reduce computing time. In this type of data the QTL is among the

markers, and haploblocks may capture interaction effects of cluster of QTL that are

closely linked. Another important development of this study was the suggestion

of new methods to analyse prediction reliabilities. The bootstrap samples that were

drawn from the test animals allowed the use of statistical tools to compare prediction

reliabilities obtained with different genomic prediction methods. However, one of

the issues discussed on these samples was the lack of complete independence, since

they were drawn from the same dataset, sometimes including the same individual

in different samples. This is an issue that should be taken into account in further

studies using this method to analyse prediction results.
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