
Incorporating Marker Data in BLUP

Chapter 3

Comparison of Algorithms for Incorporating Genetic
Marker Data in BLUP
3.1 Introduction

Genetic markers can provide information about the transmission of quantitative trait loci

(QTL) alleles from parents to offspring. This genetic information can be used in the

prediction of breeding values for domestic livestock. To achieve this, additional effects for

individual quantitative trait loci have been added to the usual mixed model equations to obtain

best linear unbiased predictions (BLUP) of additive genetic effects. If considered as random

genetic effects of gametes, these require a gametic relationship matrix (GRM) which contains

probabilities of identity by descent of QTI, alleles between gametes where paternally and

maternally inherited alleles are considered separately.

Several algorithms to build the GRM and its inverse have been proposed, with some methods

assuming knowledge of genotypes (Schaeffer et al., 1989) and others making use of linked

marker information (Fernando and Grossman, 1989; Goddard, 1992; van Arendonk et al.,

1994c; Bink and van Arendonk, 1994; Wang et al., 1995). The methods involving marker

information each differ in computation"' requirements, assumptions made regarding

knowledge of parental origin of marker alleles and method of calculating inbreeding at the

marked QTL.
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Fernando and Grossman (1989) described rules to build the inverse of the GRM directly from

pedigree and marker records. This involves assigning paternal and maternal origin to marker

alleles, which may lead to errors of assignmimt resulting in errors in GRM elements. The

method of van Arendonk et al. (1994c) is similar to Fernando and Grossman (1989) in

assignment of parental origin to marker alle ys, however, it is a recursive method based on

partitioned matrix theory. Wang et al. (1995) and Bink and van Arendonk (1994) overcome

the problem of unknown parental origin by developing a method which does not require

assigning the origin of the alleles. Wang et al. (1995) also present a probability for two alleles

at a marked QTL being identical by descent, conditional on marker information. This is

different from Wright's inbreeding coefficient used by Fernando and Grossman (1989) to

account for inbreeding, due to extra information used. The extent to which different methods

behave for specific examples, and the possible effects on genetic evaluations is not clear.

Another method to build the GRM and its inverse based on using simulated QTL information

is presented in this chapter. Three methods from literature and this simulated QTL method

are compared using a small, six animal, pedigree. The pedigree is constructed to include

unknown parental origin of marker alleles acid inbred animals. The method of Wang et al.

(1995) is expected to provided results similar to the simulated QTL method in terms of GRM

elements and resultant estimated breeding values (EI1Vs).

This chapter begins by reviewing the exte lsion of the usual mixed model equations for

breeding value estimation to include marker information. This is followed by a description of

three methods to build the GRM and its inverse, along with the development of a QTL

simulated GRM method to produce an approximation to the true GRM. The methods section

includes the simulated pedigree used for comparison of the four methods as well as

descriptions of how the elements in the GRMs and differences between accuracies of resultant

EBVs were compared.
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3.2 Development of Mixed Model Equations to Include Genetic
Marker Information

The usual model to obtain BLUP of additive genetic effects (ai) for animal i given pedigree

and phenotypic information is:

yi =	 ai+
	

(3.1)

where

yi	 is the phenotype value of anim

xi '	 is a vector of known constants,

13	is a vector of unknown fixed effects,

ei	is a random error

To incorporate the effect of a quantitative trzit locus (QTL) closely linked to a single marker

locus that can be followed through the population, the model given above (Equation 3.1) can

be expanded to include the genetic marker information. The additive genetic effect (ai) is

divided into two gametic effects (v1), inheritA from paternal (p) and maternal (m) alleles of

sire and dam, and polygenic effects (u 1). Thi.; inheritance of gametic effects is assumed to be

traced though a genetic marker that can be , :;enotyped, and that is linked to the QTL with a

recombination rate (r).

yi	 p +	 + yr+ ei	 (3.2)

Written in matrix notation this is:

y X1(3 + Zu + Wv + e	 (3.3)
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Where

y	 is a vector of observations on the trait of interest,

is a vector of fixed effects,

u is a random vector of additive genetic effects due to loci not linked to

the marker,

3 is a random vector of gametic effects at the marked QTL,

e is a random vector of residual effects,

X, Z and W are incidence matrices

The variance-covariance structure of the random variables is:

V

Aua2,

0

0

G , a2.,,.

0
0

e 0 0

where

Au	 is the numerator relationship matrix for the QTL unlinked to markers,

Go.	 is the gametic relationship matrix for the marked QTL, given recombination

rate (r),

I	 is an incidence matrix,

0;42	 is the variance of polygenic erects,

so.v2	 is the variance of marked QTL, effects and

cre	is the variance of residual effects

This gives the following mixed model equatims:

X' X	 X' Z	 X'W

Z' X Z 1 Z + A-u 1 a.	 Z'W

W' X	 W' Z	 W'W +

13 X' y

Z'y

W'y

(3.4')
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Where

A L'	 is the inverse of the numerator relationship matrix for the QTL unlinked to the

marker locus,

is the inverse of the gametic relationship matrix (GRM) of genetic markersG vi

linked to the QTL given recombination rate (r),

is the additive genetic variance due to QTL unlinked to genetic markers,

is the additive genetic variance due to gametic effects at the marked QTL,

is the residual variance

2The total additive genetic variance aa)u is equal to 0-„ = 6 2t, +207 , and a, = 6e2 /6 u2 ,

,(Te2/0.2

The GRM is a matrix containing probabilities that QTL alleles are identical by descent where

paternal and maternal alleles are considered separately. These probabilities are calculated

according to relationships between individuals for genetic marker alleles and a known

recombination rate (r) between markers and QTL alleles (hereafter assumed to be included in

methods to build the GRM). This is a matrix of gametic relationships between Q'TL alleles.

3.3 Methods to Build the GRM and its Inverse

There are a number of different methods available to build the GRM and its inverse. The

three methods from literature that are compared here are all methods which are used for single

marker loci linked to QTL (although they may be extended for multiple markers). The

methods vary in the way the GRM is built, assumptions concerning parental origin of marker

alleles and methods of accounting for inbreeding. The fourth method considered is a

simulated GRM, which is built from the simulation of possible QTL genotypes for given

marker information.
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3.3.1 Method of Fernando and Grossman (1989)

The use of best linear unbiased prediction (BLUP) for marker assisted selection was

illustrated by Fernando and Grossman (1989). Using the tabular method taken by Quaas

(1984, 1988) and following Henderson (1976) to directly calculate the inverse of the NRM,

Fernando and Grossman (1989) built 6 -v2G -,' , the inverse of the variance covariance matrix of

QTL allelic effects. This method requires knowledge of paternal (p) and maternal (m)

inheritance of alleles at the maker locus (A1;' and. Mr ). A set of rules is given for the

information to be directly inserted in the inverse of the GRM depending on the relationship

between maternal and paternal alleles and their origin in the parental generation. Knowledge

of recombination rate (r) between genetic markers and the QTL is required along with the

variance of additive effects of the marked QTL alleles (6,2 ).

A linear model is defined which relates addii ive effects of the paternal QTL allele ( vi" ) of an

individual (o) to the effects of the paternal ( ') and maternal (vs") QTL alleles of its sires(s):

= ( 1 –	 +	 + E„P	 (3.5a)

And similarly for the maternal allele of o:

= (1– P:7; ) 1): +	 e(1)"	 (3.5b)

where: in!: = r if o inherits mr or p;) =(1-- r) if o inherits m`', and similarly, p ion = r if o

inherits Md or p'0" =OH if o inherits MY . £1; and e t ' are residual effects with a diagonal

covariance matrix (GE). The diagonal elements of GE (that is, the variance of e/ and E,"1,) can

be calculated as follows:

Var(i7,1)))= 2a 2 (1 – p!:)p/,' (1– F,)
	

(3.6a)

Var(E,',")= 2o-,2 (1 – p'0")p,',n(1– Fd)
	

(3.6b)

Where: Fs is the inbreeding of the sire and Fd is the inbreeding of the dam. When the sire or

dam are unknown these simplify to:
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Var(E„P ) =	 (3.7a)

Var(e,'," = 6,;2
	

(3.7b)

The diagonal elements given by equations 3.€a, 3.6b, 3.7a and 3.7b represent the diagonals of

(d i !" and	 ). The GRM (GO has twice as many rows as individuals because each

individual has two additive genetic effects at the marked QTL ( viand v;"). The rows must be

ordered so that progeny follow parents and the row indices of G v , and	 corresponding to

the effects of the marked QTL alleles of individual o (v1; ,v ) are	 of sire s (q) , v":1 ) are

if	 and of dam d (vi; , v1") are ih) . The Jules to build the inverse of the GRM, therefore,

involve adding the following to the indicated elements of the GRM-I:

Always add d, 10) to element	 and dinto element i,", 1	 and if the sire is known add:

• (1 - pi,))
2

 di to element if

• (I- pi")pi"d i ,1" to elements if	 and i's" ,if

• — (1- pi;)cl i l,' to elements if	 and ill,if

2
. 0	 10	 1,	 s• (n P ) d . P to im

• -	 to elements i,'.",ill and	 ' i's"

and if the darn is known add:

2
• (i - p,T) di :it, to element i11,i1

• (1	 di:1; to elements ill' ,i/1 ar d

• -	 p,',11)di':,1 to elements i 1̂ ,i ,/,' and

•
Ill ) 2	 in f	 •in .inp,,	 to td ,td

• —	 to elements i d"t ,i,/,' and	 .id

This tabular method is a simple method for building the inverse of the GRM, without first

having to build the full GRM. It relies on the knowledge of parental origin of marker alleles.
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When parental origin is unknown it is suggested that p(1,' and p:," are both equal to 0.5. This

can be included into equations 3.6a and 3.6b.

3.3.2 Method of van Arendonk et al. (1994c)

Van Arendonk et al. (1994c) presented an alternative to the tabular method of building the

GRM of Fernando and Grossman (1989). This involves the use of partitioned matrix theory

following Tier and SOlkner (1993), who presented a general approach for constructing a

relationship matrix and its inverse. This recursive method of building the inverse of the

gametic relationship matrix (G -1 ) requires the building of the GRM before calculating its
v l r

inverse. Hence this is computationally more demanding than the method of Fernando and

Grossman (1989) - as the GRM is not as sparse a matrix as its inverse. That is, as with the

inverse of the numerator relationship matrix, there are only elements in the inverse relating

offspring to their sires and dams and not to grandparents or sibs as in the uninverted matrix.

This method of building the GRM was proposed to allow expansion to multiple genetic

markers. Fernando and Grossman (1989:1 showed how their tabular method could be

expanded to multiple markers, however, this requires a simple algorithm to invert the

covariance matrix of marked QTL for use with large data sets. Van Arendonk et al. (1994)

also suggest that the method of Fernando and Grossman (1989) cannot be applied in situations

where parents are inbred. The method proposed by van Arendonk et al. (1994) has a simple

expansion to multiple markers which involves decreasing the number of equations to be

solved per animal. With only a single linked marker allele the same number of equations are

used as the Fernando and Grossman method.

Given information on marker genotypes and recombination rate between the marker and QTL,

the relationship between the additive gametic effects at the marked QTL ( v/' and v;') for

individual i with those of the sire and dam of i can be determined. With knowledge of

parental origin of marker information these relationships represent probabilities of r and (1 -

r). With no information on parental origin, or unclear parental origin, these probabilities are

equal to 0.5. The probabilities are used in s. a column vector relating probabilities of gametes

in individual i being inherited from those in their parents.
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To build the GRM, gametes (I - k) in the population are ordered chronologically and G	 isvir,k

constructed as follows:

-
"	 GG vb.* = 

Si(G vir,k-1	 gkk
	 (3.8)

where

Sky	 a column vector containing (k- I) elements with at most two non-zero elements

relating k to gametes in the parent (if known) and zeros elsewhere

Ir,k-1 is the gametic relationship matrix for gametes 1 to (k-1)

gkk	 is the diagonal of the GRM relating to the kth gamete which is equal to one

From knowledge of this gametic relationship matrix, its inverse can be obtained using the

GRM, the sk column vector and its transpose s k ' from:

-

G-	 =	 vlr,k-1 0
	

– siiG 	 1 
sk sk — sk

0	 0
	 sk

(:3.9)

This method of building the inverse of the GRM is easier to apply to a large data set with

multiple markers than that of Fernando and Grossman (1989). It also accounts for inbreeding

directly without first having to know the inbreeding of the parents (as used in Equations 3.6a

and 3.6b). The method is also sufficiently general to incorporate individuals without marker

loci.
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3.3.3 Wang et al. (1995)

The situation will often arise when parental origin of marker alleles is unknown. The above

methods of building the GRM and its inverse rely on knowledge of parental origin of marker

alleles. Wang et al. (1995) present a method of building the GRM that does not require

parental origin information and which also contains application to situations of incomplete

marker data.

The variance covariance matrix of additive genetic effects of marked QTL (GRM) was built

according to covariances for marker alleles between and within individuals. The method for

calculating the covariances between individuals is similar to that of van Arendonk et al.

(1994c), except that a 2 dimensional 's' vector is used instead of the sk column vector relating

marker transmission probabilities to sires and dams. This allows marker alleles conditional

probabilities of having come from either the ;ire or the dam.

Covariances within an individual are calculated as conditional probabilities that the two

homologous alleles at the marked QTL in individual i are identical by descent given observed

marker genotypes and pedigree information. This is the conditional inbreeding coefficient (f;)

of individual i which differs from Wright's inbreeding coefficient which only uses pedigree

information.

The GRM up to gamete k for individual i cal be built using Equation 3.10 which is similar to

Equation 3.8 of the van Arendonk et al. (1994c) method:

G vir,k =
G vl r,k -1	 G vl r,k -I A

r,k _1	 Ci
(3.10)

where

(I;	 is a 2x2(i-1) matrix relating covariances between animals to sires and dams,

C. ;	 refers to covariances within hdividual i and contains Fi the conditional

inbreeding coefficient (as used in Equations 3.6a and 3.6b).
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C i = (3.11)

Following partitioned matrix theory, similar to van Arendonk et al. (1994c), the inverse of the

GRM can be built (as described in Wang et al'. (1995)).

G- -1vir,k-1

0

0

0

n1qi—i 

-11:0;1q; LC'
(3.12)

where: D = C 1 — q i	 a; and is a 2x2 matrix. This is also similar to the van Arendonk et

al. (1994c) method (Equation 3.9). The difference being that D-1 is incorporated into the right

hand side of Equation 3.12 and q i is a 2' 2(i-1) matrix (a feature of the Bink and van

Arendonk (1994) extension of the method of van Arendonk et al. (1994c)), where sk is a

column vector, and C i contains the inbreeding coefficient of animal i instead of gkk which is

equal to one.

3.3.4 Quantitative Trait Loci Simulation Method to build Approximation of True
GRM

For a given pedigree with known genetic marker information an approximation of the true

GRM can be built based on many replicates of simulated QTL information and knowledge of

inheritance of QTL alleles through the populations. This GRM can be identified as an

approximation of the true GRM as it is not only built using QTL alleles, instead of linked

marker alleles, but is the average of many GRMs consisting of only 0's and 1 's for each

simulated population, these being known incidences of QTL alleles being identical by descent

to each other. This is possible by following the inheritance of simulated QTL alleles

throughout the whole population.

A method to simulate all possible QTL genotypes for given marker genotypes is presented in

Figure 0.2. A gene-drop method was used to repeatedly simulate markers and linked QTL

(Figure 0.1) for each animal to get all possible QTL-marker genotype combinations. QTL
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alleles were simulated to be in random association with known marker alleles in the base

generation. That is, QTL alleles are "dropped" at random into a fixed pedigree structure,

hence the term "gene-drop". The QTL and :narker alleles are then passed to the progeny in

the next generations according to known recombination rates between marker and QTL

alleles. ln the case that simulated marker genotypes do not match known marker genotypes

the markers and QTL are resimulated within the replicate. It was questioned whether the

whole pedigree of QTL and marker alleles needed to be resimulated with one non-conforming

marker genotype set. However, a small analysis found there to be no bias resulting from

simply resimulating marker and QTL alleles for the individual animal.

Marker Locus	 QTL
(1,1)	 (1,2)
	 —1-

-1---	 —1-
(2,1)	 (2,2)

Figure 3.1 Example of chromosome segment simulated for each animal

The inheritance of QTL alleles from parents to progeny is traced through the pedigree and a

true GRM is built for each replicate. This GRM is added over all replicates (TOTALGRM) to

provide a simulated GRM (sGRM). The simulated GRM is a reflection of the numerous sets

of QTL genotypes that could be associated with the one set of marker genotypes. Replicate

populations continue to be simulated until the difference between the average GRM in the

previous replicate (OLDGRM) is not sufficiently different to the current average GRM

(AVERAGEG'RM). This requires the stopping criterion that the absolute difference between

any two equivalent elements in OLDGRM and A VERAGEGRM is no greater than 1.0 x 10-6.

80



INPUT
Simulation parameters

Pedigree structure
Marker information

Is the absolute
difference between any

element in OLDGRM an
AVERAGE( iRM

> 1 x 10-6?
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OUTPUT
Genotype
Phenotype

OUTPUT
Genotype
Phenotype

BASE
Founder popu ation

QTL alleles simulated

PROGENY
Later generation QTL alleles simulated

Add elements to the GRM

Are allele;
simulated at

Site 1 the same as the
set marker
alleles /

\/
Yes

TOTALGRM
Add GRM to TOTALGRM

OUTPUT
GRM  

CHECK
	 Build OLDGRM and

AVERAGE( iRM     

No

Yes

OUTPUT
Inverse of GRM

No
V

INVERT
AVERAGE(1RM

END

Figure 3.2 Flow chart for QTL simulated Gametic Relationship Matrix.
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3.4 Comparison of Elements in the GRM and Differences in

Resultant Estimated Breeding Values

Comparison of the different methods availalle for building the gametic relationship matrix

involved both a qualitative assessment of individual elements in the relationship matrix and

then an evaluation of the quantitative importance of such differences when used in the

estimation of breeding values. The elements contained within the GRM and its inverse were

compared as were the estimated breeding values resulting from inclusion of the inverse of

each GRM in mixed model Equation (4).

The gametic relationship matrix was built according to the following methods:

:=-4 Fernando and Grossman (1989)

van Arendonk et al. (1994c)

Wang et al. (1995)

=-* QTL simulation method

3.4.1 Simulated Pedigree

A six animal, three generation, pedigree was used (Table 0.1) to evaluate differences between

methods of building the GRM. This pedigree contained information about marker genotypes,

however, QTL alleles (Figure 0.1) were simulated for each animal giving a unique set of QTL

genotypes and associated phenotypes for each replicate population. This small pedigree was

engineered with an appropriate loop in order to distinguish between methods. The features of

this pedigree are that it contains an inbred animal who also has unknown parental origin of

marker alleles (animal 6) and an inbred parent (animal 5).
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Table 3.1 Pedigree and Marker information for population given simulated QTL alleles,

Animal Sire Dam	 Marker Genotype Inbreeding

Coefficient *

Covariance between

Marker Alleles**

1 - - 11 0 0

2 - - 12 0 0

3 1 2 12 0 0

4 1 2 11 0 0

5 3 4 21 0.250 0.106

6 3 5 21 0.375 0.181
*
Wright's inbreeding coefficient

**
Conditional inbreeding coefficient (using Wang et al., 1995)

A single autosomal marker locus was assumed which was associated with a QTL locus by

recombination rate (r). QTL allele frequency (A 1 ) in the base population was assumed to be p

= 0.5 and other parameters were a = 1, d = 0 (where a represents the genotypic value of the

homozygotes and d is the genotypic value of the heterozygote), and cr = 0.5. Additive

genetic variance was calculated according to gene frequency and genotype value

( 6(2 = 2pq[a+ d(q–	 2 ) which gave 6a2 = 0.5, (7,2 = 0.25 and	 = 2. Polygenic effects

due to other loci not linked to the marked QTL were assumed to be equal to zero.

QTL alleles A 1 or A2 were simulated for base population animals and progeny inherited these

alleles according to recombination rate (r). Genotypic values were simulated according to

Table 0.2 (from Falconer, 1989). True breeding values could be calculated according to a and

d and the allele frequency p (frequency of allele A 1 ). Phenotypes were simulated as a

function of QTL genotype and environment, with no polygenic effects considered, for

simplicity. Recombination rate (r) was varied at the following levels: 0.01 , 0.05, 0.10, 0.20

and 0.30.
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Table 3.2 Simulated quantitative trait locus genotypes and associated values

Genotype AiAi A1A2 A2A2

Genotype Values +a d -a

True Breeding Values 2a1 al + a2 2a2

a, = ci(a + d(q – p))
	

(3.13a)

a, =	 + d(q – p))
	

(3.13b)

phenotype = genotype + 	 * z

z = a normally distributed random number N(0,1)

100,000 replicate populations were simulate] according to information in Table 3.2. That is,

using the set pedigree and given marker information (Table 3.1) QTL genotypes and

phenotypes were repeatedly simulated, with pedigrees not conforming being eliminated from

consideration (as described in Section 3.3.4).

3.4.2 Comparison of Elements in theGRM and its Inverse

After building the GRM using the four different methods mentioned above, individual

elements were compared using a sum of squires of differences (Equation 3.14). The elements

of the GRM built using the three different methods were compared with the average elements

which made up the simulated GRM. A table of differences was built indicating the sum of the

squares of absolute differences between equivalent elements (i) in the two GRMs (A and B,

with elements ai and bi) being compared. The methods with a sum of squared differences

close to zero with the sGRM would be the closest to the true GRM.
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difference =1,(a,	 (3.14)

3.4.3 Comparison of Accuracy of Estimated Breeding Values

A GRM was generated for each replicate population based on true breeding value (ie QTL

genotype). This GRM contained only 0's and 1's relating to probabilities of QTL being

identical by descent (information that was known with certainty according to origin of QTL

allele). Average EBV's were considered as a criteria to compare methods, however, due to

singularity of each replicate GRM (with only 0's and 1 's), it could not be used to estimate

breeding values as it could not be inverted.

Estimated breeding values for animals 1 to 5 of the given pedigree were not expected to show

large differences between methods of building the GRM. Animal 6, however, contributed

differently to the GRM depending on the method used to build it. An analysis of differences

between true and estimated breeding values of animal 6 is possible using the prediction error

variance (PEV) as a measure of the accuracy of the estimated breeding value.

The prediction error variance is the amount of the additive genetic variance not accounted for

by the prediction. The method which accounts for a greater proportion of the additive genetic

variance will have a lower PEV. If the c.)efficient matrix of the mixed model equations

(Equation 3.4) is written as

Cll C1:

. C21 C22
(3.15)

where

C„ = [x'x],

C12 = [X ' Z	 W] and

Z' Z +	 Z'W
C22 =	

W'Z	 W'W +
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and a generalised inverse of Equation 16 is written as

[

C" 
C'2

C2' C22

then, Henderson (1975) showed that the PEV is

PEV c2262 (3.16)

where

c22 a 2	 is the diagonal elements of the inverted coefficient matrix multiplied by

the residual variance

The prediction error variance can be measured empirically as [ var(a — a) 1. The PEV for

animal number 6 in the simulated pedigree was compared across the four methods of

estimating breeding values using both Equation 16 and var(a — a) . The most accurate

method will give the lowest empirical PEV. Comparison of the empirical PEV with the value

obtained from Equation 16 shows whether a given method predicts the PEV correctly.
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3.5 Results

3.5.1 Comparison of Elements in the GRM and its Inverse

The methods of Fernando and Grossman (1989) and van Arendonk et al. (1994c) led to the

same GRM (given in the upper triangle of Table :3.3). This assumed that the first marker

allele given for each animal represented the marker inherited from the sire of the individual

and that the second marker allele was from the dam. This requires that marker alleles are

ordered accordingly, wherever parental origin can be determined. This assumption was valid

for all animals other than animal number 6 (Table 3.1) whose parental origin of marker alleles

is uncertain.

Also shown in Table 3.3 is the GRM built using the method of Wang et al. (1995). This was

almost identical to the GRM built using the iimulated QTL method, with the only differences

being in the third decimal place. The simulated GRM differed from that of Fernando and

Grossman (1989) and van Arendonk et al. (1994c) only in probabilities relating to animal

number 6 (Table 3.1), this being due to the unknown parental origin of marker alleles for that

animal.

Table 3.:3 The gametic relationship matrix built using Fernando and Grossman (1989) and van
Arendonk et al. (1994x) [upper triangle] and Wang et al. (1995) [lower triangle] 

-elements differing between the two GRMs are in italics. (recombination rate = 0.1)

1.000 0.000 0.000 0.000 0.500 0.000 0.500 0.000 0.050 0.250 0.250 0.150

0.000 1.000 0.000 0.000 0.500 0.000 0.500 0.000 0.050 0.250 0.250 0.150

0.000 0.000 1.000 0.000 0.000 0.100 0.000 0.900 0.090 0.450 0.050 0.270

0.000 0.000 0.000 1.000 0.000 0.900 0.000 0.100 0.810 0.050 0.450 0.430

0.500 0.500 0.000 0.000 1.000 0.000 0.500 0.000 0.100 0.250 0.500 0.175

0.000 0.000 0.100 0.900 0.000 1.000 0.000 0.180 0.900 0.090 0.500 0.495

0.500 0.500 0.000 0.000 0.500 0.000 1.000 0.000 0.050 0.500 0.250 0.275

0.000 0.000 0.900 0.100 0.000 0.180 0.000 1.000 0.162 0.500 0.090 0.331

0.050 0.050 0.090 0.810 0.100 0.900 0.050 0.162 1.000 0.106 0.500 0.553

0.250 0.250 0.450 0.050 0.250 0.090 0.500 0.500 0.106 1.000 0.170 0.553

0.060 0.060 0.108 0.772 0.108 0.860 0.073 0.179 0.865 0.151 1.000 0.335

0.340 0.340 0.212 0.108 0.568 0.136 0.453 0.242 0.188 0.572 0.181 1.000
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The sums of squares of differences (Equation 3.14) between elements in the different gametic

relationship matrices for a recombination rate of 0.1 (Table 3.4) quantify the lack of variation

between the methods of Fernando and Gross nan (1989) and van Arendonk et al. (1 994c) and

essentially no difference between the methoi of Wang et al. (1995) and the QTL simulated

GRM. The standard errors on the elements of the QTL simulated GRM were extremely small,

giving confidence in their values. Assuming that the simulated GRM is the correct GRM this

would suggest that the method of Wang et al. (1995) is correct, at least for the prevailing

pedigree.

The sum of squares of differences between elements in the different GRMs increased as

recombination rate decreased for comparisons of the first two methods (Fernando and

Grossman, 1989 and van Arendonk et al., 1994c) versus the last two methods (Wang et al.,

1995 and the QTL simulated method).

Table 3.4 Sum of squares of differences between elements in the four different gametic
relationship matrices - elements in the bottom left of the table are the same as those
above the diagonal (recombination rate = 0.1)

Method 2 Method 3 Simulated GRM

Method 1

Method 2

Method 3

0.0000 2.5903

2.5903

2.5924

2.5924

0.0000

Method I = Fernando and Grossman (1989)	 Method 2 = van Arendonk et a!. (1994c)

Method 3 = Wang et al. (1995)	 Simulated GRM = Simulated QTL based GRM

Although the relationship matrices built using the methods of Fernando and Grossman (1989)

and van Arendonk et al. (1994c) were identical, the inverse of the GRM built using the rules

set by Fernando and Grossman was not identical to that of van Arendonk et al. (Table 0.5).

These differences are shown in Table 0.6, with the van Arendonk et al. inverted. GRM closer

to the SGRM than that generated using i he method of Fernando and Grossman. The

difference in inverses may be because animal number 5 is a parent and is inbred. Van

Arendonk et al. (1994c) argue that the method of Fernando and Grossman (1989) can not be

applied in situations where parents are inbred. This resulted in different breeding values being

estimated for the animals in the given pedigree using these two methods. Further simulations
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were carried out with a slightly changed pedigree from that in Table 3.1. Animal 6 became

the progeny of animals 4 and 5 instead of animals 3 and 5. This showed that the differences

when the GRM is inverted between methods 1 and 2 remain when parental origin of marker

alleles is known, but animal 5 remains an inbred parent. This showed that the problems in

building the inverse of the GRM directly using the method of Fernando and Grossman (1989)

were not due to unknown parental origin of the marker alleles, but were the result of having an

inbred parent in the pedigree

Table 3.5 The inverse of the gametic relationship matrix built using the rules of Fernando and
Grossman (1989) [upper triangle] and by van Arendonk et al. (1994c) [lower
triangle] - elements differing between the two matrices are in italics.
(recombination rate = 0.1)

2.000 1.000 0.000 0.000 -1.000 C .000 -1.000 0.000 0.000 0.000 0.000 0.000

2.000
2.000 0.000 0.000 -1.000 C .000 -1.000 0.000 0.000 0.000 0.000 0.000

1.000 2.000
5.556 1.000 0.000 - ).556 0.000 -5.000 0.000 0.000 0.000 0.000

0.000 0.000 5.556
5.556 0.000 -5.000 0.000 -0.556 0.000 0.000 0.000 0.000

0.000 0.000 1.000 5.556
2.556 1.000 0.000 0.000 -0.556 0.000 -1.000 0.000

-1.000 -1.000 0.000 0.000 2.556
10.556 0.000 0.000 -5.000 0.000 -1.000 0.000

0.000 0.000 -0.556 -5.000 1.000 10.556
2.500 0.500 0.000 -1.000 0.000 0.000

-1.000 -1.000 0.000 0.000 0.000 0.000 2.500
6.056 0.000 -1.000 0.000 0.000

0.000 0.000 -5.000 -0.556 0.000 0.000 0.500 6.056
6.222 0.667 0.000 -1.333

0.000 0.000 0.000 0.000 -0.556 -5.000 0.000 0.000 6.115
2.667 0.000 -1.333

0.000 0.000 0.000 0.000 0.000 0.000 -. 1.000 -1.000 0.559 2.559
2.000 0.000

0.000 0.000 0.000 0.000 -1.000 -1.000 0.000 0.000 0.000 0.000 2.000
2.667

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 -1.119 -1.119 0.000 2.237
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Table 3.6 Sum of squares of differences between elements in the inverse of four different
gametic relationship matrices - elements in the bottom left of the table are the same
as those above the diagonal (recombination rate = 0.1)

Method 2 Method 3 Simulated GRM

Method 1

Method 2

Method 3

0.4151 29.3209

27.8145

29.4021

27.8984

0.0036

Method 1 = Fernando and Grossman (1989) 	 Method 2 = van Arendonk et al. (1994c)

Method 3 = Wang et al. (1995)	 Simulated GRM = Simulated QTL based GRM

3.5.2 Comparison of Estimated Breeding Values

Over 100,000 replicate populations the following prediction error variances were produced for

animal number 6. The empirical prediction error variance (Table 3.7) was calculated over

100,000 replicates with varying recombination rates, while the PEV calculated from the

diagonals of the coefficient matrix (Table 0.8) needed only to be calculated once for each

recombination rate tested. This was because it was independent of phenotypic or genotype

information and only relied on marker information and recombination rate.

Table 3.7 Empirical prediction error variance [ PEV = var(a - a) ] for animal number 6 calculated

over 100,000 replicates with varyir g recombination rate (r)

Method 1 Method 2 Method 3 Simulated GRM

r = 0.01 0.5376 0.5490 0.4796 0.4711

r = 0.05 0.5730 0.5824 0.5281 0.5218

r= 0.10 0.6074 0.6146 0.5748 0.5707

r = 0.20 0.6576 0.6614 0.6397 0.6382

r = 0.30 0.6839 0.6854 0.6723 0.6715

Method 1 = Fernando and Grossman (1989) 	 Method 2 = van Arendonk et al. (1994c)

Method 3 = Wang et al. (1995)	 Simulated GRM = Simulated QTL based GRM
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The results in Table 3.7 and Table 3.8 show that the simulated GRM had the lowest PEV for

all recombination rates. Also, the method of Wang et al. (1995) gave results closest to the

simulated GRM results. The differences between methods, however, decreased with

increasing recombination rates. This is ,is expected as greater error occurs with less

knowledge about the linkage between QTL a ld marker genotype.

Method 1 Method 2	 Method 3	 Simulated GRM

r = 0.01	 0.4803	 0.4933	 0.4195	 0.4196

r = 0.05	 0.4875	 0.4979	 0.4440	 0.4441

r = 0.10	 0.4947	 0.5025	 0.4668	 0.4668

r= 0.20	 0.5049	 0.5088	 0.4951	 0.4949

r = 0.30	 0.5111	 0.5126	 0.5088	 0.5086

Method 1 = Fernando and Grossman (1989) 	 Method 2 = van Arendonk et al. (1994c)

Method 3 = Wang et al. (1995)	 Simulated GRM = Simulated QTL based GRM

The empirical PEV (Table 3.7) provide esti mates of the true error variance. Comparison of

these values with those calculated from the d iagonals of the inverted coefficient matrix (Table

3.8) would suggest that all four methods are underestimating the error variance. The

difference between elements in the Table 3.7 and Table 3.8 are similar over all methods

(Figure 0.3), however, following the same trend of smaller differences for the simulated GRM

and Wang et al. (1995) than for Fernando and Grossman (1989) and van Arendonk et al.

(1994c).

Table 3.8 Prediction error variance calculated using the diagonals of the inverted coefficient
Ce2[ PEV	 22 animal 6 formatrix G for number varying recombination rate (r).
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0.01	 0.05	 0.10	 0.2C)	 0.30

Recombination Rate

Method 1 = Fernando and Grossman (1989) 	 Method 2 = van Arendonk et al. (1994c)

Method 3 = Wang et al. (1995)	 Simulated GRM = Simulated QTL based GRM

Figure 3.3 Difference between empirical prediction error variance and prediction error

variance from the diagonal of the coefficient matrix.

3.6 Discussion

3.6.1 The Effect of Unknown Parental Origin of Marker Alleles on Elements of
the GRM

The comparison of elements within the relationship matrix showed that the methods of

Fernando and Grossman (1989) and van Arendonk et al. (1994c) were clearly different from

the simulated method. Fernando and G-ossman's method is far less computationally

demanding that that of van Arendonk et al. However, the method of van Arendonk et al. may

be the more efficient method to use if the number of animals in the pedigree were a lot higher

and multiple QTL are to be targeted. This is because van Arendonk et al. (1994c) provide

procedures to include more than one QTL, and to reduce the number of random effects

predicted for each animal to one. As expected, the method of Wang et al. (1995) appeared to

be most closely related to the correct gametic relationship matrix when parental origin of

marker alleles was unclear. This would suggest that this method should be used in preference

0.18

0.16

0.14

0.12

0.1

0.08

0.06

0.04
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to the other published methods in the situation of uncertain parental origin of marker alleles.

However, in establishing the importance of such differences between elements within the

gametic relationship matrix to estimate breeding values the results indicate that the

consequences of error in using the less accurate methods are relatively unimportant. The

difference between PEVs for the animal whose prediction was different by the different

methods was not large.

3.6.2 The Effect of Inbreeding on Elements of the GRM and Prediction Error
Variance

In terms of the effect of inbreeding on the GRM and estimated breeding values, the method of

Wang et al. was the most accurate method. This was tested by the simulation of a second

pedigree with animal 6 having parents 4 one 5 instead of 3 and 5 (which allowed knowledge

of parental origin of all marker alleles). The Fernando and Grossman method is not able to

correctly build the inverse of the GRM when inbred parents are included in the pedigree,

however, this produced results not too different from van Arendonk et al. Wang et al. had the

lowest PEV in the case of inbred parents.

There should be no difference between the empirical and analytical estimates of the prediction

error variance. However, Figure 3.3 shows that all the methods are underestimating the

empirical PEV (the true error variance from the data). It is likely that some of this difference

is due to sampling of the QTL. Over the 100,000 replicates the QTL genotype of animal 6

changes with varying recombination rates and linkage between the set marker genotypes and

the QTL. This may affect the empirical PE V as it may contain not only error variance, but

also sampling variance of the QTL. In addition to this discrepancy may occur as the computed

PEV treats QTL as normally distributed effects, whereas, they are in reality only three values

possible.

93



Incorporating Marker Data in BLUP

3.6.3 Simulated Pedigree and Genetic Model

The small pedigree used in this study had a contrived loop, which on average should be more

erroneous than a large general pedigree. It was chosen to illustrate the effects of inbreeding

and uncertain parental origin of marker alleles. The differences between methods of building

the GRM for both these effects could be illustrated by using the pedigree. The small pedigree

was also chosen because of computational restrictions. A disadvantage of the simulated GRM

method is that the simulation of all possible QTL genotypes involves a gene-drop method that

aborts non-conforming pedigrees. This would be slow and difficult to implement with larger

family sizes. However, the simulated method is able to investigate the properties of unusual

GRMs, which are not only a property of large pedigrees.

The exclusion of polygenic effects from the model tested was a simplification to illustrate the

effects of different GRMs on breeding value estimation using marker information. Inclusion

of polygenic effects would only further decrease the already small differences between

methods. In practice the variance due to polygenic effects is likely to be larger than that due

to single QTL effects in all but extreme cases of very large major gene effects. The exact

effect this has on error of breeding value estimation is still unknown. This, and the errors in

the Fernando and Grossman and van Arendonk et al. methods are probably small compared to

errors caused by incorrect assumptions and estimation error with regard to the recombination

rate between genetic marker loci and QTL and chances of there being another QTL in the

vicinity of the marked QTL.

This study was carried out using a single marker locus linked to a quantitative trait locus. The

use of genetic marker information in the prediction of breeding values will involve many

linked markers bracketing quantitative trait loci the entire length of the chromosome. This

study has provided insight into the accuracy of the different methods available to build

relationship matrices for gametic information. The simulated quantitative trait locus built

gametic relationship matrix can be used to compare new methods that involve any number of

genetic markers linked to quantitative trait loci. Simulating the QTL alleles conditional on

linked marker alleles, rather than resimulating marker alleles and discarding unconforming

marker genotype sets may increase the efficiency of building such a matrix. Otherwise the use

of the simulated QTL method is restricted due to slow speed, as unconforming QTL genotypes

are more likely to occur if more markers are simulated.
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Chapter 4

Analysis of Linkage Between Genetic Markers and
Quantitative Trait Loci Using REML: The Effect of
Selection on Parameter Estimates.

4.1 Introduction

Linkage between genetic markers and quani itative trait loci (QTL) may be detected using a

restricted maximum likelihood (REML) technique to simultaneously estimate position and

variance due to a single QTL and polygenic variance (van Arendonk et al., 1997). This

method relies on the use of flanking markers and involves use of mixed model equations

which incorporate genetic marker information (van Arendonk et al., 1994c). Derivative-free

REML techniques for animal breeding applications (Smith and Graser, 1986, Graser et al.,

1987) can be used to detect linkage by estimating both the position of the QTL relative to

flanking markers and the size of the QTL effct.

The major requirement for linkage analysis studies is the presence of linkage disequilibrium

between the QTL and marker loci and varial ion at the QTL within or between populations or

strains. Animals are genotyped for the marker loci and phenotypic observations on these

animals and/or their relatives are recorded. The granddaughter design (Weller et al., 1990), is

an efficient design in dairy cattle for linkage detection experiments because of the reduced

number of genotypings required compared to the alternative daughter design. However, large

data sets are required and data on commerchl populations are often used for linkage analysis.

A REML type of analyses for QTL-marker linkage detection assumes that all data used for
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selection is included in the analysis. However, in dairy cattle artificial insemination centres

semen is usually only retained from proven bulls, therefore all available material is highly

selected. Mackinnon and Georges (1992) have shown that a granddaughter design using

selected data can severely affect the interpretation of linkage analysis results.

Selection directly affects genetic variation by changing gene frequencies at selected loci. This

effect is negligible in the case of the infinitesimal model, which assumes a very large number

of loci, each with small magnitude of gene effects. Assuming no epistatic components, the

variance of genotypic values (gj) as a result c f such effects on N loci can be written as:

	

N	 N

= Var( G ) = Varg = Var(gi )+I■ Cov(g , g i)
	

(4.1)

	

\ 1=1	 i=1	 i �

Under random mating with no selection there would be no covariance between the ith and jth

locus. However, selection is on the sum of the effects over all loci, creating a negative

covariance between pairs of loci. The first term on the right hand side of Equation 4.1

(Bulmer„ 1971) is the equilibrium genetic variance and the second term is the disequilibrium

contribution which is expected to be negative. Selection, therefore, leads to a reduction in the

total genetic variance.

Selection also affects the linkage disequilibrium between marker loci and QTL. This is due to

the change of relative frequencies of QTL genotypes within marker genotypes. The

probability of all pairs or groups of loci having equal joint representation in selected animals

is lowered. This will have an impact on the estimation of QTL position relative to the

markers, the proportion of genetic variance explained by the QTL and a decrease in the

relative frequency of recombination events between favourable QTL-marker genotypes.

Mackinnon and Georges (1992) found that the proportion of animals selected had most

influence on the power to detectQTL-marker linkage when the effects of within-sample

selection were studied. Their analyses involved a simulation that ignored polygenic variance,

and they did not quantify the bias of selection on parameter estimates.
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Selection might, therefore, have significant effects on linkage analysis if only selected

animals are used in the analysis. The purpose of this study was to examine the effects of

selection in a granddaughter designed population on parameter estimates from QTL-marker

linkage analyses, using stochastic simulation. The emphasis being on the effect of using

selected animals on parameter estimates and how biased these may be. A mixed inheritance

model was used which allowed partitioning of additive genetic variance into polygenic

variance and variance due to the marked QTL.

4.2 Materials and Methods

4.2.1 Simulated Data

An outbred population was simulated stochastically according to the granddaughter design

(Weller et al., 1990). This design may be defined as having a three-generation half sib family

structure. A number of grandsires (from the base generation) were simulated to have several

half sib sons (known as sires), each of which were mated to several unrelated dams to produce

half sib grandoffspring. A QTL was simulated to be in linkage equilibrium with flanking

genetic markers in the base population. Link age disequilibrium was generated within families

through linkage between genetic markers and the QTL. Therefore, information on the linked

QTL comes from segregation occurring within families. Marker genotypes were obtained for

the grandsires and sires but not for the grandoffspring.

The simulated pedigree involved 50 grandsires selected at random from the base population.

These grandsires were mated to several unrelated granddams to produce 40 sires per

grandsire. Each sire produced 50 daughters from random mating in the third generation.

Phenotypic selection was based on the sum of 50 female progeny records for each of the

grandsires and sires. Selection of granddams was on their own phenotypic observations.

Phenotypic expression (y) as recorded in progeny of the grandsires and the sires was due to

genotypic value (a) and an independent environmental deviation (e):

yi = ai + ei

The genotype value was constructed as tie sum of an effect of a normally distributed
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paternally and maternally inherited QTL (v 1) and V") and a random normal polygenic effect

(u):

pa•	 v. + v . + u•

Genetic variance is due to additive gene effects at a single QTL and polygenes unlinked to the

QTL. The breeding value of an animal i s the sum of the effects of the paternally and

maternally inherited QTL alleles and uncorrelated polygenic alleles. The additive gametic

variance due to the QTL is 6 2,, , polygenic variance (31 , and total additive genetic variance

62 = 2 (7,v2 	 -u20 (see values in Table 4.1).

Further, residual variance is ce2 and phenotypic variance is 6i2, 6u2, ce2 Heritability is

calculated as h2 = 6,2 / a 2

The QTL was positioned between 2 flanking markers which were separated by 0.3 Morgans

(30 cM) on the chromosome. The position of the QTL relative to the bracketing markers

(rec) was on a scale of 0 to 1 Morgans. The recombination rates between the two flanking

markers and the QTL were calculated by the Haldane mapping function:

0 1 = 0.5(1–e-2d,)

02 = 0.5(1 – C2d2

where: 0/ and 02 are the recombination rates between the QTL and marker 1 and marker 2

respectively and di = rec * distance betv.,een markers, d7 = (1-rec)* distance between

markers (in Morgans).

Input parameters for the simulated data seL are given in Table 4.1. Progeny values were

simulated according to the inheritance of genetic information from sires and dams. Five

equally possible genetic marker alleles were simulated in the base population and these were

linked to a continuous normally distributed QTL
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Table 4.1 Input parameters for simulation of base population

Parameter	 Simulated Value

Heritability
	 0.30

QTL Position (rec)
	

0.75

QTL Effect (% of 6a2)
	

0.10

Environmental Variance (a ) 70

Total Genetic Variance (o ) 30

QTL Variance (262, ) 3.0

Polygenic Variance ( au2) 27

4.2.2 Selection Scenarios

Different selection scenarios were simulated, these included (1) no selection, (2) selection of

grandsires, (3) selection of grandsires and granddams, (4) selection of grandsires, granddams

and sires and (5) selection of sires. Daughters of the grandsires and sires were performance

recorded, allowing grandsires and sires to be selected on their daughters' performance.

Granddams were selected on their own performance records. Male offspring of the selected

grandsires were used as sires in the next generation. Grandsires and sires that were not

selected were not available for genotyping and the method did not allow inclusion of data

from their progeny.

When no selection was carried out 50 grandsires were chosen at random from the base

population of 2000 available sires. With grandsire selection the 50 grandsires were selected

on their progeny means. This was carried out for three selection intensities, 10% selection

(50 selected from 500 grandsires), 2.5% selection (50 selected from 2000 grandsires) and

1.0% selection (50 selected from 5000 grandsires). Selection of granddams was on their own

performance records and at 10% (2000 granddams selected from the base of 20000). Sire

selection was on their daughters performance and was at various percentages from 10 to 80%.

Sire selection was within grandsire families such that the same number of sires was selected

for each grandsire.
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4.2.3 Genetic Model

An animal model was used for analysis of pedigree, marker and phenotype information.

Phenotypes were recorded from female progeny only and marker genotypes were only

available for grandsires and sires. Information about the transmission of QTL, alleles from

parents to offspring was traced through information on marker genotypes. This information

was used to estimate the additive genetic effects at a single QTL linked to the marker loci for

an animal model. The incorporation of this information into the usual mixed model equations

for the prediction of an animals breeding value can be written in matrix notation as (van

Arendonk et al., 1994c):

y=XP+Zu+Wv+e	 (4.2)

where

y	 is the vector of N phenotypic observations

is the vector of fixed effects

is the vector of NA random additive genetic effects due to loci not linked to

the genetic markers

v	 is the vector of NG (= 2*NA ) random additive gametic effects at the marked

QTL

e	 is the vector of random residual effects

N	 is the number of observations

NA	 is the number of animals

NG	 is the number of gametic effects

The matrices X, Z and W are known incidence matrices. The variance - covariance structure

of random variables from Equation 4.2 is:

A„62„
0

0

0

G	 62
vlr v

0

0

0

I6e2_

(4.3)V v

e
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Where:

Au	 is the numerator relationship matrix for the polygenic effects

Gvir	 is the gametic relationship matrix for the marked QTL (v) given

recombination rate (r)

I	 is an identity matrix

Letting a 	 6t,2 / au and a ti , = 6,2 / _v2 ,a we get the following mixed model equations:

X' X

Z'X

WA

X'Z

Z'Z+Au letu

W'Z

X'W

Z'W

W + G-1 av

X'y

Z' y
W' y

(4.4)

The inverse of the numerator relationship matrix can be built efficiently using Quaas (1976)

or Tier and SOlkner (1993) and the inverse of the gametic relationship matrix (in Equations

4.3 and 4.4) can be built from an ordered pedigree list using van Arendonk et al. (1994c). As

shown in the previous chapter (Section 3.6.1), the consequence of error through choice of

method to build the gametic relationship matrix is relatively unimportant, even with

ambiguous transmission of marker alleles. Using REML for the detection of QTL-marker

linkage requires building a log likelihood (log L) which can be maximised using a derivative-

free procedure.

Following van Arendonk et al.(1997) the likelihood was constructed as:

logL =	 – y (constant +N e log 2 + NA cY2 + N log a2
g Ge	 A log u	 G

+loglA u l + log Gvir + log	 + y'Py/ae2 	(4.5)

where C is the coefficient matrix from Equation 4.4 with X replaced with a full rank

submatrix X*, IV, = N - NF* - NA - N0, where NF* is the rank of X and P is a projection

matrix:

P =	 – V-1X*(X
	

(4.6)
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Where:

V = (ZAZ'X, + I) and X, = 62a/ a2e•

A REML estimate of the error variance can be obtained directly from Graser et al. (1987),

without having to calculate Equation 4.6 from the residual sum of squares (y'Py) in a

univariate analysis with identical and independently distributed errors as:

2 	 Y/PY 
–

N–NF

The term y'Py (in Equation 7) and log IC*1 can be computed via Gaussian elimination applied

to the augmented mixed model equations. The determinant of the numerator relationship

matrix Au can be estimated by Gaussian elimination on A.-1 and the determinant of the

gametic relationship matrix (G,,,,) can be similarly calculated. Rules are given by van

(4.7)

Arendonk et al. (1997) to directly calculate.: log G-1
vlr

. Instead of maximising log L as a

62vfunction of the four parameters c 2 , a2, and recombination rate (r) these can be

reparameterised to at2,	 av and 0. Estimation is then carried out in two steps - first the

likelihood is maximised with respect to a,„ av and r and second a,2 is obtained. This

provides estimates of polygenic, QTL and residual variance, as well as QTL position within

the marker bracket (as a function of recombination rate).

4.2.4 Starting Values and Bounds

The starting values for heritability, proportion of additive genetic variance explained by the

QTL and QTL position within the marker bracket were 0.30, 0.10 and 0.50 respectively.

Bounds were set for the parameter estimates which limited the available values from the

maximisation to between 0.001 and 0.999 for the heritability estimate, between 0 and 0.999

for the QTL variance proportion and between -1.0 and 2.0 for the QTL position within the

marker bracket. This last bounds allows for the QT'L to be positioned either to the left or the

right of the marker bracket, that is, the estimate of QTL position is not forced to lie between

the two flanking markers. Van Arendonk et al. (1997) showed that the QTL position estimate
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is empirically biased towards the closest flanking marker. This bias was further examined in

Appendix A. showing that the above-mentioned bounds produce the least biased QTL

position estimates using the REML linkage Lnalysis method.

4.2.5 Likelihood Ratio

Detection of linkage between the QTL and the marker loci is tested with a likelihood ratio

which expresses the maximum likelihood of the parameter estimates under a model where the

QTL is positioned at the estimated value relative to the null hypothesis that there is no linkage

between the QTL and the marker loci. This null hypothesis is equivalent to a model with a

recombination rate of 0.5, indicating only random association between the marker loci and the

QTL. Linkage is considered present when ihe likelihood ratio is above a threshold value of

three with confidence in the detection of linkage increasing with a likelihood ratio increasing

above this threshold value. Following Lancer and Botstein (1989), a threshold of three was

chosen to reduce the chance of a false posith,e rate of less than 5%.

4.3 Results

4.3.1 Selection of Grandsires - increasing selection intensity

To demonstrate the effects of selection in the grandsires at various selection intensities, Table

4.2 gives the means and empirical standard errors of parameter estimates averaged over 250

replicates. Results for both no selection aril selection of grandsires are given. Changes in

variance components for both no selection and increased selection intensity in the grandsires

are calculated from the parameter estimates (Table 4.2). The estimate of heritability with no

selection was not different from the simulated true value, as were estimates of QTL effect,

position and residual variance. Linkage between flanking markers and a putative QTL was

detected in the simulations involving no selection, with a likelihood ratio greater than three -

the threshold above which linkage is presumed present. These results illustrate that with

selection, the method produces unbiased parameter estimates.

Estimates of heritability for various intensities of grandsire selection show little difference
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from estimates with no selection (Table 4.2). There were small decreases in heritability

estimates with selection in the grandsires. However, these small decreases are no different for

any of the selection intensities examined (10, 2.5 and 1.0% selected). There is also a small

decrease in the proportion of genetic variance due to the QTL (QTL effect) with grandsire

selection and associated increase in residual variance with the decrease in additive genetic

variance. The recorded increase in residual variance (Table 4.2), accompanied by a small

decrease in heritability, indicate that there were no large changes in estimated phenotypic

variance when selection of grandsires took place.

Table 4.2 Parameter estimates (empirical standard errors in brackets) for an unselected
population and a population with increasing proportions of selected grandsires.
[Results are averaged over all replicates].

Parameter

Estimate

Simulated

Values

No Selection Proportion Selected

10%	 2.5 %	 1.0 %

Heritability 0.30 0.-A 0.29 0.29 0.29

(0.00) (0.00) (0.00) (0.00)

QTL Effect* 0.10 0.11 0.10 0.11 0.10

(0.00) (0.00) (0.00) (0.00)

QTL Position 0.75 0.-/ 4 0.75 0.74 0.73

(0.C2) (0.02) (0.02) (0.02)

Residual Variance 70 69.1)3 70.67 70.64 70.71

(0.C7) (0.06) (0.07) (0.07)

Likelihood Ratio - 6.15 5.61 6.29 5.42

(0.24) (0.261) (0.27) (0.25;)

Variance Components

Phenotypic 100 99.97 99.79 99.83 99.82

Additive Genetic 30 30.04 29.12 29.19 29.11

Polygenic 27 26.77 26.23 26.11 26.34

QTL 3.0 3.28 2.88 3.08 2.76

* QTL Effect = Proportion of genetic variance due to marked QTL

There is very little change in QTL position ,:stimate and likelihood ratio with high selection

intensity in the grandsires. The percentage of the 250 replicates that produced a likelihood

ratio with a value greater than 3.0 was 71, 69, 72 and 72% for no selection, 10%, 2.5% and

1.0% grandsire selection, respectively. The small variation about these percentages shows
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that selection of grandsires for linkage detection experiments has very little effect on power

and estimated values of QTL effects.

4.3.2 Further Selection Scenarios

Heritability, variance component estimate; and QTL position estimates for five further

selection strategies are given in Table 4.3. This includes selection of granddams (10%) and

sires (10 - 80% selected). Selection of granddams produced a further reduction in heritability

compared to grandsire selection alone. However, this reduction is again not as high as the

relative contribution of expected changes in genetic variance with such high selection

intensity of grandsires and granddams (Appendix B). Differences in parameter estimates

were not affected greatly by selection in the grandsires and granddams, however significant

changes were recorded. The likelihood ratio was still greater than three, again showing that

power of QTL detection is not affected by selection of grandparents.

The most marked changes in parameter estimates were when selection of the sires was

considered (Selection Options 2 to 5). There was a dramatic decrease in additive genetic

variance and simultaneous increase in residu..11 variance with all selection options involving at

least 50% sire selection (Selection Options 2, 4 and 5), which gave an extremely low estimate

of heritability. This illustrates the loss of gcnetic variation when intense selection is applied

to sires within grandsire families, indicating that most of the information about the variance

estimated by the REML procedure was coming from between sires within grandsire families,

and not from between grandsires.
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Table 4.3 Parameter estimates (empirical standard errors in brackets) for five further
selection schemes. [Results are averaged over all replicates].

Parameter

Estimates 1 2

Selection Option**

3 4 5

Heritability 0.27 0.0f; 0.15 0.08 0.04

(0.00) (0.00) (0.00) (0.00) (0.00)

QTL Effect* 0.11 0.1 0.09 0.12 0.81

(0.00) (0.01) (0.00) (0.01) (0.02)

QTL Position 0.77 0.64 0.71 0.69 0.72

(0.02) (0.02) (0.02) (0.02) (0.02)

Residual Variance 72.19 88.7'7 81.42 88.84 89.11

(0.06) (0.04) (0.05) (0.04) (0.04)

Likelihood Ratio 6.07 1.39 2.99 1.53 11.42

(0.23) (0.12) (0.17) (0.11) (0.43)

Variance Components

Phenotypic 99.35 93.67 95.94 94.13 92.83

Total Genetic 27.16 4.90 14.52 7.30 3.71

Polygenic 24.27 4.33 13.17 6.45 0.69

QTL 2.88 0.56 1.34 0.84 3.02

* QTL Effect = Proportion of genetic variance due t(i marked QTL
** Selection Options:

1 = grandsire (2.5%) and granddam (10%) selection
2 = grandsire (2.5%), granddam (10 70) and sire (50%) selection
3 = sire (80%) selection only
4 = sire (50%) selection only
5 = sire (10%) selection only

The likelihood ratios for sire selection schemes shown in Table 4.3 show a large increase with

increased selection intensity. With only :i0% selection approximately 40% of the 250

replicates had a likelihood ratio greater than 3. However, with extremely high selection

intensity (10% of sires selected) this increases to 87% of replicates with likelihood ratios

greater than the threshold of three. This is --eflected in the large average likelihood ratio of

11.42.
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4.3.3 Decreased Population Size

A second simulation was carried out with reduced population size but the same simulated

parameters (heritability of 0.30, QTL effect of 0.10 and position 0.75). There were only 40

grandsires, 30 sires per grandsire and 40 daughters per sire, giving a total population of

48,000 animals, just less than half of the previously simulated population. When no selection

was carried out in this population linkage between the QTL and bracketing markers was

detected - but with a much lower likelihood ratio of 3.25 (Table 4.4). Parameter estimates

were also not as close to the simulated values as the larger population estimates were and

standard errors were higher.

Table 4.4 Parameter estimates (empirical standard errors in brackets) for an unselected

population and a population with increasing proportions of selected grandsires. As

in Table 4.2, but for a reduced population size. [Results are averaged over all

replicates].

Simulated

Values

No Selection Proportion Selected

10%	 2.5 %	 1.0 %

Heritability 0.30 0.30 0.29 0.29 0.29

(0.00) (0.00) (0.00) (0.00)

QTL Effect* 0.10 0.12 0.10 0.11 0.10

(0.00) (0.00) (0.00) (0.00)

QTL Position 0.75 0.71 0.70 0.68 0.68

(0.02) (0.02) (0.02) (0,02)

Residual Variance 70 69.73 70.70 70.92 70.86

(0.09) (0.09) (0.09) (0.09)

Likelihood Ratio - 3.25 2.85 2.89 2.95

(0.17) (0.16) (0.16) (0.17)

Variance Components

Phenotypic 100 100.05 99.75 99.80 99.78

Additive Genetic 30 30.31 29.05 28.88 28.92

Polygenic 27 26.'79 26.05 25.84 25.89

QTL 3.0 3.52 3.00 3.04 3.04

* QTL Effect = Proportion of genetic variance due to narked QTL
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When selection of grandsires was carried out in this reduced population, the analyses was

unable to detect linkage between the QTL and bracketing genetic markers with any

significance. With 10%, 2.5% and 1.0% of the grandsires selected the likelihood ratios were

all 2.9. Selection of grandsires obviously has a greater effect in smaller populations than in

larger ones which have larger half-sib families. Selection of sires in such a reduced size

population would possibly give even greater reduction in variance.

4.4 Discussion

4.4.1 REML. Detection Method

The REML detection method was able to identify QTL linked to the genetic markers under a

model involving no selection. Van Arendonk et al. (1993) observed difficulties in separately

estimating position and effect of a QTL when information from a single marker was used. In

the present paper, this problem is solved by using information from a marker bracket.

Estimates of position and effect from pop alations with no selection are not significantly

different from the values used to simulate the base population. The advantages of the REML

method over other detection methods such as regression (Weller et al., 1990; Haley and

Knott, 1992) and maximum likelihood (Lander and Botstein, 1989) is that it is able to account

for genetic variation due to QTL not linked to the genetic markers. The regression of

Meuwissen and Goddard (1997) will handle unlinked QTL, but has not yet been tested for

QTL linkage mapping. Markov Chain Mont e Carlo techniques, such as Gibbs sampling, are

also able to fit these polygenic effects, but are more computationally demanding. The

polygenic effects account for QTL segregating on other chromosomes (Van Arendonk et al.,

1997). A disadvantage of the REML detection method is that it is unable to use progeny

records from ungenotyped grandsires or sirs. The ungenotyped sires may be the result of

selection and, therefore, the use of progeny records from these unselected grandsires and sires

may increase the genetic variance available for QTL position and effect estimation.
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4.4.2 Changes in Genetic Variance with Selection

Factors affecting ability to detect linkage in the presence of selection were selection intensity

and the point of selection within the pedigree. In all practical designs grandsires and

granddams are selected and this selection cannot be avoided in collecting information. The

results in Table 1 show that these forms of selection do not have a big impact on the

estimates, when family sizes are large and th,:re is a large number of families.

The expected variance among grandsires w th 2.5% selection (Appendix B) was 8.76 when

only polygenic effects were considered. This large decrease from the original value of 30 is

due to the generation of a negative covariance between pairs of loci (Bulmer, 1971). From

simulated data with no QTL effects (ie only polygenic effects) the variance of true breeding

values among the grandsires was 8.55. This indicates that the variance among grandsires does

not contribute, as much to the estimation of genetic variance as does variance within grandsire

families, because the large reduction in grandsire variance is not reflected in the heritability

estimate. The results showed only a small reduction in heritability estimate with intense

grandsire selection (Table 4.2).

Selection among sires within grandsire families creates negative correlations between

polygenic and QTL effects, resulting in estimates of polygenic variance that were even lower

that expected from Bulmer's formula (Equation 1). This is due to the fact that selection was

on progeny means rather than on sire's true breeding values and the estimate of genetic

variance was mainly based on the variance among progeny means. The QTL variance and LR

clearly show that in the presence of within family selection large underestimates of variance

are given in linkage detection analysis. Use .)f progeny values from selected sires only causes

an underestimate of heritability (Appendix B) as it involves use of only a subset of the

population to estimate a heritability for the whole population.
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The effect of sire selection on the estimate of proportion of additive genetic variance due to

the QTL is due to the nature of the QTL simulation. An infinite number of QTL alleles were

simulated such that essentially both the QTL and polygenic variance were simulated as

random genetic effects. This explains the fact that there was no change in the estimate of

proportion of additive genetic variance due to the QTL with sire selection, except at extremely

high selection intensity. This last scenario provides incorrect estimates of both QTL and

polygenic variance, which is the result of ignoring the negative covariance between the QTL

and polygenic variance which is generated with selection. The reason for the large increase in

estimate of proportion of genetic variance due to the QTL is unclear and requires further

explanation.

4.4.3 Simulated Pedigree

The simulated pedigree consisted of three generations of large half sib families. The ability to

detect linkage between genetic markers and QTL depends of large family sizes. Linkage

could be detected in this study with large fan ily sizes, even in the presence of selection of the

grandsires. With smaller family sizes - tiis was not the case. Because the estimated

polygenic component of variance was more reduced due to selection with smaller family

sizes, the model did not allow detection of linked QTL and estimation of QTL position

relative to marker brackets. Hence, power of detection was reduced by selection in smaller

families, and by selection of sires within grandsires.

This study has shown that selected animals may be used in large experimental populations

using the granddaughter design for linkage analysis. This is provided that the selection occurs

within family and is only at the grandsire and granddam level. Intense selection of grandsires

and granddams does not have a major impact on the ability to detect linkage between genetic

markers and linked QTL. Selection within grandsire families, however, has a major impact.

This form of selection can be avoided by collecting DNA from all sires which are progeny

tested. Furthermore, selection bias in variance component estimation can be avoided by using

information on all progeny tested sires. In practice, it is not easy to avoid grandsire selection,

but selection of sires can easily be avoided. Realistically, it is usually possible to get DNA

from all sires with progeny test information. Therefore, as the use of selected grandsire

information has little effect on ability to detect QTL-marker linkage and on parameter
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estimation, these results back up the findings of van Arendonk et al. (1997), that QTL

mapping can be applied to, not only specifically designed populations, but to the commercial

population as well.
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Appendix A

The Effect of Marker Spacing on the Biasedness of QTL Position Estimates

Interval mapping, as used in the earlier described REML QTL-marker linkage detection

method, allows estimation of QTL position relative to two bracketing markers of known

interval length. Darvasi et al. (1993) studied the effect of marker spacing on the power of

QTL-marker linkage experiments and on the estimation of QTL gene effects and map location

using maximum likelihood estimation techniques. The results of their studies showed that the

distance between markers hardly affected the power to detect QTL when spacing was

narrower than 10-20 cM. That is, decreasing marker spacing below the 95% confidence

interval obtained with infinite markers did nct increase the accuracy of the estimate of QTL

location. Van Arendonk et al. (1997) found that the QTL position estimate using the REML

linkage analysis method showed a small upward bias (ie there was always more estimates to

the right of the interval over a number of replicate populations). Simulation studies, when

used to compare methods for linkage analysis, often result in replicates where the estimated

QTL position occurs outside the parameter space. This appendix considers both the effect of

marker distance and any biasedness in position estimate within a marker bracket for

simulation studies. A small simulation study was used to illustrate this point.

The simulated data set was the same as for the option involving no selection previously

mentioned in this study, with the same simulation input parameters as in (Table 4.1). Three

marker bracket lengths were simulated (10, 20 and 30 cM) and the QTL was positioned at one

of four different places within the bracket (0, 0.25, 0.5 and 0.75). Bounds were set for

parameter estimates limiting the available estimates from the REML routine to between -1.0

and 2.0 for the QTL position, and then for a number of further simulations between -0.001

and 1.001. The effect of adding these tighter bounds to the maximisation routine on estimates

of all parameters was examined. All pan meter values estimated come from the average

values estimated over 250 replicate simulations.
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Table A 1 Estimates of QTL position within marker bracket with varying marker bracket
interval and simulated QTL position over 250 replicates (standard errors in
brackets).

QTL position within
	

Distance between bracketing markers (cM)

marker bracket
	

10
	

20	 30

0.00 0.0601 (0.0172) 0.0384 (0.0169) 0.0434 (0.0151)

0.25 0.2730 (0.0241) 0.2668 (0.0198) 0.2550 (0.0166)

0.50 0.4855 (0.0223) 0.4804 (0.0185) 0.4648 (0.0172)

0.75 0.7639 (0.0222) 0.7223 (0.0185) 0.7414 (0.0165)

The estimates of different QTL positions within the marker brackets can be seen in Table A 1.

These results show that position estimates are closest to the simulated values when there is

larger distance between the bracketing markers. This is caused by an increased amount of

variation within the larger marker brackets due to the higher numbers of recombination events

possible. There was a bias towards the right of the marker bracket with simulated values of

0.25 and towards the left when 0.75 was simulated. Although, at the 10 cM simulated bracket

distance, the QTL position estimate at a simulated value of 0.75 is not in agreement with this.

This general bias, however, was cause for further analysis of individual replicate populations

and the distribution of their estimates.

The QTL position estimate from each of the populations when the simulated value was 0.25

was classed according to whether it was inside the marker bracket or outside the marker

bracket and to the left or right (Table A2). This illustrates the another reason behind the more

accurate QTL position estimates at greater distances between the marker loci may be that

there are more replicates with estimates occurring within the bracket, therefore, decreasing the

bias. The replicates occurring to the right of the marker bracket have values greater than 1.0

which give a biased average towards the rig'lt. The smaller number of replicates outside the

bracket when the distances are increased reduce this bias.
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Table A2 Percent of 250 replicates in each glass according to estimates of QTL position
(simulated position = 0.25) within marker brackets - those to the left of the marker
bracket (< 0.0), those within the marker bracket (0.0 - 1.0) and those to the right of
the marker bracket (> 1.0). 

Classes	 Distance between bracketing markers (cM)

10 20 30

<0.0 28.0 21.2 29.6

0.0 - 1.0 67.6 77.6 79.2

> 1.0 4.4 1.2 1.2

As a further check to see that replicates giving, estimates outside the marker bracket were the

cause of the bias, the QTL was simulated at 0.0 and at 0.5 with a marker distance of 10 cM.

The numbers of replicates with values above Lnd below the simulated value were determined

(Table A3). The results showed that there were approximately equal numbers on either side

of the simulated value.

Table A3 Percentage of 250 replicates in given classes according to estimates of QTL position
- those above and below the simulated QTL position (distance between bracketing
marker = 10 cM).

QTL Position Estimates	 Simulated QTL Position

0.0	 0.5

Above
	

52.4	 50.8

Below
	

47.6	 49.2

Given knowledge of this bias, caused by QT1., position estimates outside the marker bracket,

the likelihood profile of a replicate with a QT:L position estimate outside the marker bracket (-

0.0526) was drawn (Figure Al). This illustrates that the estimate of -0.0526 may be any

value within the range -1.0 to 0.0. Other than the knowledge that the estimated QTL position

is to the left of the marker bracket, this profile reveals that the actual value chosen is arbitrary.

With this profile information, a number of different methods of reporting QTL position

estimates were examined (Table A4). It is obvious from Figure A 1 that the values outside the

marker brackets are meaningless, but changing them for threshold values did not increase the

accuracy of the estimates (Table A4).
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Figure Al Likelihood profile for replicate with QTL position estimate (rec = -0.0526) to the
left of the marker bracket. Simulated QTL position = 0.25 and distance between
bracketing markers = 0.2

-0.5	 0	 0.5	 1
	

1.5
	

2

Position within marker bracket (0-1)

Table A4 Different methods of reporting QTI, position estimates averaged over 250 replicate
populations. The number of replicates included in averages are given in brackets.
(Simulated QTL position = 0.25) 

MethTx-ir	Distance between bracketing markers (cM)

10 20 30

0.3156 (250) 0.3039 (250) 0.2799 (250)

2 0.4017 (169) 0.3761 (194) 0.3383 (198)

3 0.2730 (250) 0.2668 (250) 0.2550 (250)

* Method 1: Correct QTL position estimates less than C.0 to a value of 0.0 and those above 1.0 to a value of 1.0.

Average all corrected estimates.

* Method 2: QTL position estimates within marker bracket averaged. All other estimates ignored

* Method 3: QTL position estimates averaged over all replicates
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The remaining option for analysis of the bias caused by erroneous QTL position estimates

was to change the bounds within the REML maximisation routine that force the QTL position

estimates to be within in the marker bracket, or only slightly outside the bracket. These

bounds (-0.001 and 1.001) were imposed and the effect on all parameter estimates was

examined (Table A5). This is not a more favourable option as it produced an even greater

bias in the estimate of QTL position without a large effect on other parameter estimates.

Table A5 Effects of setting bounds for QTL position estimates and subsequent effects on
other parameter estimates for a s'mulated QTL position of 0.25 relative to a
marker bracket length of 10 cM (standard errors in brackets).

Parameter Estimate Simulated Values No Bounds Bounds

Heritability 0.30 0.:3004 (0.0007) 0.3007 (0.0007)

QTL Effect. 0.10 0.1042 (0.0025) 0.1053 (0.0027)

Residual 'Variance 70.0 69.9584 (0.0663) 69.9182 (0.0664)

QTL Position 0.25 0.2730 (0.0241) 0.3037 (0.0174)

Likelihood Ratio 7.4746 (0.2812) 7.8540 (0.3028)

The results of this study highlight a number of important points. First, that the method of

estimating QTL position relative to the bracketing markers, in a situation with only one pair

of bracketing markers, is biased by definition. If a QTL is placed at the first of the bracketing

markers, one would expect the estimate of position to be greater than zero. Second, the

situation examined here is in regard to simulation studies only, as in practice, multiple marker

brackets are available along the length of the chromosome. This allows movement to the next

marker bracket to find the correct QTL position if it was not found within the first marker

bracket tested. In this way, it is possible to work from one end of the chromosome to the

other, testing many marker brackets until the QTL is accurately positioned, as occurs with

interval mapping (Haley and Knott, 1994).
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Appendix B:

Reduction in genetic variance when only select ed grandsires are available for genotyping

For infinite population size, the reduction in variance after selection is proportional to k = i(i 

-x), where i is the selection intensity and x is the deviation of the selection truncation point

from the population mean. The expectation of genetic variance (EW,1 in the selected

grandsires is given by Equation B 1:

E(6„21 = (I - kizi2„ )o-a2
	

(B1)

2 iwhere h is the heritability of the progeny test (Falconer, 1989) and is calculated as:pt

n

4 – h2
n+ 	

Heritability before selection is 11 2 , n is the number of daughters per grandsire and additive

genetic variance before selection is ca2 . The reduced variance given by Equation Bl, would

be transferred to the sires in the next generation. The expected genetic variance in the next

generation (E(15,2,*.)) with grandsires mated to unselected and unrelated darns would be:

*)	 1/	 *	 1/ 2	 / 2 =	 c 
2* ± cra2

°is = /4(ra + /4 Cragd /2(3-a

Genetic variance in the granddams ( a 20 ) was not reduced, as selection was only carried out

in the grandsires.

For 2.5% grandsire selection, and using Appendix Table A from Falconer (1989), the

selection intensity (i) is equal to 2.338 and the deviation of the selection truncation point

from the mean (x) is 1.96. This gives a reduction in variance factor k = i(i -	 = 0.883. The

h2
pt

(B2)
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heritability of a progeny test is 0.802. L sing Equation B 1, the genetic variance in the

grandsires after selection on progeny test information is reduced to 29.2% of the variance in

the unselected base population and this is expected to reduced by 82.3% of the original

genetic variance in the sires (using Equation B2). The results of partitioning of variance

components in Table 4.2 show that the estimated genetic variance was not as much as

expected for 2.5% sire selection - that is, there is only a 3% reduction in additive genetic

variance.

The expected variance among grandsires wii h 2.5% selection (using Equation B1) was 8.76

when only polygenic effects were considered. From the simulated data the variance of true

breeding values among the grandsires with no QTL effects was 8.55. This further indicates

that, relatively, the variance among grandsires does not contribute very much to the

estimation of the genetic variance. In our structure this estimate is mostly based on variance

within grandsire families.

Reduction in genetic variance when only selected sires are available for genotyping

A further explanation for the large decrease in heritability estimate with sire selection is that

the selected data is based on sire progeny records. This will cause an estimate of heritability

that is biased downwards as it is based on a subset of the population, not on the whole

population. In the simple situation of no QTL effect an expectation of the heritability

estimate from sire progeny records can be obtained using analysis of variance methods (Table

B 1).

Table B1 Analysis of variance table for estimates of mean squares.

Source of Variation
	

Means Square (MS)	 MS is an Estimate o

Between Sires	 MSs	 G e2 + nu,

Error (or within sires)	 MSe	 6 2

From Table B 1., the estimate of sire variance is:
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2
u s

S — MS,
(B3)

n

Where n is the number of daughters per sire ii the progeny test. Therefore, the estimate of

sire variance using Equation B3 and taking account of the decrease in variance with selection

is:

(1  — k)(o- + n ,2 ) — 07,2
	

2 
— —n

2 	 (B4)

Assuming no QTL effects, a polygenic sire variance of 30 and 10% sire selection genetic

variance is reduced by k = 0.83. Using Equation B4 the genetic variance is reduced from 30

to 3.9. With an initial phenotypic variance of 100, the expected estimate of heritability is

therefore 0.039 which is in accordance with the estimate given in Table 4.3, although this

estimate is based on the sum of QTL and polygenic effects. The expected heritability

estimates for 50 and 80% sire selection were 0.10 and 0.17 respectively. These values being a

little higher than the actual estimates gained using the REML estimation procedure (Table

4.3).

The estimate of proportion of genetic variance explained by the QTL (QTL Effect) did not

vary much over selection of sires until selection was extreme (Table 4.3). At 10% sire

selection it was estimated that the QTL explained 81% of the total genetic variance and the

polygenes explained only 19%. These values do not agree with the proportion of genetic

variance due to the QTL when the variance of the sires was analysed using the simulated true

breeding values. These erroneous estimates probably effects of the dramatic decrease in

total genetic variance.
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