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Abstract An extension of interval mapping is presented

that incorporates all intervals on the linkage map simul-

taneously. The approach uses a working model in which

the sizes of putative QTL for all intervals across the

genome are random effects. An outlier detection method

is used to screen for possible QTL. Selected QTL are

subsequently fitted as fixed effects. This screening and

selection approach is repeated until the variance compo-

nent for QTL sizes is not statistically significant.

A comprehensive simulation study is conducted in which

map uncertainty is included. The proposed method is

shown to be superior to composite interval mapping in

terms of power of detection of QTL. There is an increase

in the rate of false positive QTL detected when using the

new approach, but this rate decreases as the population

size increases. The new approach is much simpler com-

putationally. The analysis of flour milling yield in a

doubled haploid population illustrates the improved power

of detection of QTL using the approach, and also shows

how vital it is to allow for sources of non-genetic varia-

tion in the analysis.

Introduction

The determination of genomic regions or genes that influ-

ence the expression of a quantitative trait is important in

the plant and animal breeding context. For plants, this can

lead to rapid improvements in agronomic and quality traits,

in disease resistance, and tolerance to both biotic and

abiotic stresses. In the livestock industry, this can lead to

improvements in quality traits, such as marbling in beef,

and wool characteristics in sheep. In this paper the focus is

on plant breeding, but the methods extend naturally to the

livestock situation.

Interval mapping using maximum likelihood (Lander

and Botstein 1989) or regression methods (Haley and Knott

1992; Martinez and Curnow 1992) has been the standard

approach for the analysis of QTL and is available in most

software packages. In the plant breeding context, these

approaches require additional sources of variation to be

accommodated (Moreau et al. 1999; Eckermann et al.

2001; Smith et al. 2001), and these analyses are outside the

capabilities of standard software for QTL analysis. In

addition, if multi-environment trials are conducted, as is
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often the case, combining information and allowing for

QTL by environment interaction in the presence of other

sources of variation becomes necessary (Piepho 2000;

Verbyla et al. 2003).

A major problem with interval mapping is the piece-

meal nature of the analysis. The analysis proceeds by

either examining association at various (usually regularly

spaced) distances along the linkage map or by direct

analysis using flanking markers (Whittaker et al. 1996).

This piecemeal nature introduces the issue of multiple

testing, and these tests are correlated if the intervals are

on the same chromosome. In statistical terms we have a

very difficult model selection problem (see Broman and

Speed 2002 and the related discussion). There are other

more technical issues associated with a genome scan,

namely, estimates of parameters that are related to non-

genetic effects can change as the analysis proceeds along

the genome. This refitting of incidental parameters makes

the process time-consuming, particularly in multi-envi-

ronment analysis.

An extension of interval mapping that is widely used is

composite interval mapping (CIM, Zeng 1994; Jansen

1994). CIM attempts to include a summary of background

genetic variation in the analysis. Initial interval mapping

is used to select fixed co-factors to be fitted in the sub-

sequent interval mapping analysis. A co-factor is removed

when the interval mapping scan is within 10 cM of the

co-factor. A parametric bootstrap approach is used to

establish a genome-wide threshold for determination of

QTL.

A natural approach to allow for background genetic

variation is to include all markers simultaneously in the

QTL analysis. Thus Whittaker et al. (2000) use ridge

regression in the context of marker-assisted selection,

while Gianola et al. (2003) propose treating the markers

(on the same chromosome) as correlated random effects.

As ridge regression can be interpreted in terms of a random

effects model, these two approaches are similar. Yi et al.

(2003) extend this idea to allow for a complex mean-var-

iance relationship for marker effects and use Markov chain

Monte Carlo methods (analytical progress is not possible

because of the model specification). Recent work by Foster

et al. (2007) involves hierarchical modelling of the vari-

ances of marker effects and the use of the least absolute

shrinkage and selection operator (Tibshirani 1996); see

also Kiiveri (2004) for an extension. Most of the above

approaches treat the markers as the genetic information

(which they are) but in a manner that suggests the putative

QTL are at the markers.

In this paper, an extension of interval mapping is

proposed in which all intervals on the linkage map

required for analysis are included in the model simulta-

neously. The approach is investigated in a two-part

simulation study. The case of a single chromosome is

investigated to establish simple properties of the approach

and is followed by a broader and more realistic study

based on the simulation study carried out by Broman and

Speed (2002). In both cases, the genome-wide type I error

rate is shown to be less than the nominal level. In the

larger simulation study, the type I error rate is shown to

approach the nominal level, for example 5%, as the

population size increases. The power of the approach is

demonstrated in comparison to the composite interval

mapping method (Zeng 1994; Jansen 1994). The analysis

of a flour milling yield experiment illustrates how the

method fits naturally into a complex setting where addi-

tional components of non-genetic variation need to be

included. The importance of incorporating non-genetic

variation in the model for QTL detection is also illus-

trated. The paper concludes with discussion.

Materials

To motivate our development we use data from two field

experiments conducted in 1999 and 2000 which involved

175 from a total of 180 doubled haploid (DH) lines from

the Sunco · Tasman mapping population. This population

was developed as part of the Grains Research and Devel-

opment Corporation National Wheat Molecular Marker

Program in Australia.

Both field trials were designed as randomized complete

block designs with two replicates of each DH line and

additional plots of parental and commercial lines. Each

trial was laid out in the field as a rectangular array of 38

rows and 12 columns. Grain samples from most of the field

plots were then milled using a Buhler mill. For the 1999

field trial, none of the field plots were replicated in the

milling process but an additional 47 so-called milling

control samples were included at regular intervals during

milling of the field samples. The field plots were randomly

assigned to mill days and mill order within mill days. The

laboratory measurement phase took a total of 38 mill days

with 11 samples milled per day. In 2000, 23% of the field

samples were replicated in the milling process. Thus a total

of 456 samples were milled over 38 mill days with 12

samples per mill day. Field plot samples were randomly

assigned to mill days and mill order within mill days.

The trait that is examined in this paper is milling yield,

which is one of the most commercially important quality

traits in wheat breeding in Australia. Smith et al. (2006,

2001) have shown that milling yield is subject to large

amounts of non-genetic sources of variation, hindering

both genetic progress using traditional breeding approaches

and efficient and accurate identification of QTL. Pre-

liminary analysis of the phenotypic data on the
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Sunco · Tasman population is presented in Smith et al.

(2006) and the models discussed in that paper are the basis

of further analysis presented in this paper.

Lehmensiek et al. (2005) describe in detail the con-

struction of the linkage map for the Sunco · Tasman

population. Of their original 345 markers (a mixture of

AFLP, RFLP and microsatellite markers and protein

analysis) we discarded 58 which were co-located with one

or more other markers. Re-estimation of genetic distance

was performed using the Lander and Green (1987) algo-

rithm in the R (R Development Core Team 2006) package

qtl (Broman et al. 2005).

Lehmensiek et al. (2006) carried out a QTL analysis of

these data with the improved linkage map and using the

methods of Verbyla et al. (2003).

Methods

The regression approach for QTL analysis (Haley and

Knott 1992; Martinez and Curnow 1992) is used through-

out this paper. A fundamental reason for using regression

methods is the ability to easily include additional sources

of variation in the model, both fixed and random effects,

and hence the models discussed are linear mixed models.

The approach presented below builds on the interval

mapping method of Whittaker et al. (1996), and extended

by Moreau et al. (1999) and Eckermann et al. (2001), for

doubled haploid or recombinant inbred populations in field

crops. However, the ideas and methods are generally

applicable for other population structures.

Intervals rather than the markers themselves are the

basis of our approach because we believe QTL are rarely at

a marker. In addition, QTL will induce a correlated asso-

ciation between surrounding markers and the trait of

interest. Thus the sizes of marker association near a QTL

should be correlated in the model, something that is diffi-

cult to formulate; this correlation arises from our interval

based approach in a natural way.

As the details of our approach are lengthy, an overview

of the full process is presented.

Overview

A key step forward in reformulating QTL analysis is to

recognise that determining QTL is a selection process.

Each interval on the linkage map may contain a QTL, and

our aim is to assemble the evidence for each interval, rank

this evidence and ultimately select the intervals on the

basis of the strength of the evidence. Our approach

involves a number of components:

1. A working model based on interval mapping is

formulated, in which the QTL sizes are assumed to

be random effects, one for each interval. These effects

are assumed to be independent normally distributed

with common variance.

To eliminate the large number of parameters, a model

is proposed in which the location of a putative QTL is

an interval rather than at a specific point. While this

may seem to be a limitation, estimation of the location

is often very imprecise and hence finding the most

likely interval for a QTL would seem to be sufficient.

In the context of haplotype analysis and fine mapping

of QTL, the full parameterisation discussed in the

paper can be used and the location estimated.

2. We use forward selection. Our full selection process

consists of multiple stages but in comparison to other

interval mapping approaches, the number of stages is

greatly reduced; the number of models fitted at the

QTL stage in our approach is usually twice the number

of QTL plus 2. Firstly, a baseline model is fitted that

specifies all genetic effects that do not involve

markers, and all relevant non-genetic effects. For

example, a polygenic effect for genetic lines would be

appropriate and effects for experimental design and

management of the experiment would be included.

This baseline model may be the result of a model

building process, as in the analysis of the Sunco ·
Tasman milling yield data presented below.

The baseline model is augmented by random regres-

sion genetic effects for every interval in the linkage

map. The significance of this genome-wide random

regression term is examined using a residual likelihood

ratio test (REMLRT). If the random regression term is

significant, this indicates a putative QTL exists and a

selection procedure for a putative QTL is conducted;

otherwise the process concludes.

3. The selection of a putative QTL uses an outlier

detection method. The alternative outlier model (Cook

et al. 1982; Thompson 1985) is used to formulate a

score based statistic for QTL screening and selection.

Using the score based statistic, the chromosome with

the largest score based statistic for a putative QTL is

selected. The rationale behind this first step is that not

only will the specific interval that contains the QTL be

inflated, so will surrounding intervals. A component of

the score statistic is then used to select the most likely

interval for a QTL on the selected chromosome. This

putative QTL is moved to the fixed effects part of the

model. The process of selection is repeated until the

test that the random regression term has zero variance

is not rejected; this indicates no further QTL are likely

to be present.
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The details of the approach are presented below. Interval

mapping is discussed and leads to a description of the

working model and the REMLRT. Finally, the outlier

detection method is presented.

Preliminaries

There are three sources of data in QTL analysis that are

available on the genetic lines of interest. These sources are

the trait or phenotypic data for the genetic lines, together

with design, management and other variables that impact

on the expression of the phenotype. The second source of

data are markers and their scored values for each of the

genetic lines. The third source of data is derived from the

marker scores, namely a genetic linkage map that specifies

the linkage groups (which may correspond to chromo-

somes) together with marker order and genetic distance as

determined by recombination events.

The phenotypic data is represented by (y, X, Z, Zg)

where y is the n · 1 vector of trait values on the n obser-

vational units and X and Z are n · t and n · b matrices of

fixed effect and random effect variates and factors

reflecting design, management and other sources of varia-

tion. The matrix Zg is n · l relates the observed data to

each of the l genetic lines and is a binary matrix.

The marker scores are arranged in an l · r matrix M of r

marker scores on the l genetic lines. This is the second source

of data and provides genetic information on each of the lines.

Interval mapping methods rely on the availability of a

linkage map for the population, that is, an ordered set of

markers usually arranged in the chromosomal structure for

the organism (for example wheat or barley), together with

estimated recombination fractions between adjacent

markers. This is the third source of data. Let c denote the

number of chromosomes and rk denote the number of

markers on chromosome k; the number of markers gener-

ally varies across chromosomes. Let Mk denote the matrix

of scored markers on chromosome k. Then the matrix of

markers scores can be ordered as M = [M1 M2 ... Mc]

and r = r1 + _ + rc. For genetic line i, mi,k;j and mi,k;j+1

will denote the jth and j + 1th marker scores for a pair of

adjacent markers on chromosome k; this is the jth interval

on chromosome k. The vector of these scores across all

lines will be denoted by mk;j and mk;j+1 respectively, and

are columns j and j + 1 of Mk.

Let hk;j,j+1 denote the recombination fraction between

markers j and j + 1 (the jth interval) on chromosome k. The

genetic distance (in Morgans) for interval j, dk;j,j+1, will be

based on Haldane’s distance,

dk;j;jþ1 ¼ �
1

2
logð1� 2hk;j;jþ1Þ

although other distance measures could be used. The

abbreviation cM will be used for centi-Morgan distance

based on 100 dk;j,j+1. The calculations used in interval

mapping assume that recombination events occur at ran-

dom along the genome, and this corresponds to this

distance measure.

Missing trait data is usually estimated in the analysis,

together with the effects of interest. Missing marker scores

are handled as in Martinez and Curnow (1994).

The total genetic effect for genetic line i = 1,2,...,l will

be denoted by gi and the vector of these effects by g. We

begin with the general model (see Verbyla et al. 2003 for

details)

y ¼ Xsþ Zggþ Zuþ ε ð1Þ

where s is a t · 1 vector of fixed effects, u is a b · 1 vector

of random effects assumed Nð0; r2GðcÞÞ; and ε is the

residual vector, assumed Nð0; r2Rð/ÞÞ: The latter two

effect vectors are assumed mutually independent. The

fixed, random and residual terms reflect the design and

conduct of the trial, and as such provide the underlying

structure for non-genetic variation through the associated

structures, namely s and the parameters of the covariance

matrices c and /:
The vector of genotypic effects is of prime interest and

is decomposed as follows. If we have a single QTL,

gi ¼ qiaþ pi ð2Þ

where a represents the size of the QTL (on the scale of the

trait), qi is unknown, but is either –1 or 1 for doubled

haploid lines depending on the parental allele at the QTL

(Whittaker et al. 1996), and pi is the residual or polygenic

effect, assumed to be distributed N(0,r2cg). In vector form

(2) is given by

g ¼ qaþ p ð3Þ

with p * N(0, r2cg Il).

Interval mapping: the regression approach

Our approach is based on interval mapping using the

regression approach of Whittaker et al. (1996). The

regression method for interval mapping involves replacing

qi by its expected value given the flanking markers that

define the interval being examined.

Consider chromosome k. Let hk;j denote the recombi-

nation fraction between marker j and the putative QTL in

the jth interval on chromosome k, and hk;j
* denote the

recombination fraction between the putative QTL in the jth

interval and marker j + 1. Thus 0 £ hk;j, hk;j
* £ hk;j,j+1 and a

form of Trow’s formula (1913), (1 – 2hk;j)(1 – 2hk;j
* ) =

1 – 2hk;j,j+1 connects these recombination rates. Using
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Haldane’s distance measure, the distance from marker j to

the QTL is

dk;j ¼ �
1

2
logð1� 2hk;jÞ ð4Þ

Figure 1 presents the physical representation for chromo-

some k with recombination frequencies, distances and a

putative QTL in interval j (the notation for the size is

introduced below).

Whittaker et al. (1996) show that the conditional

expectation of the QTL genotype given two flanking

markers is

Eðqijmi;k;j;mi;k;jþ1; hk;j; hk;j;jþ1Þ ¼ mi;k;jkk;j;j þ mi;k;jþ1kk;jþ1;j

ð5Þ

where

kk;j;j ¼ kk;j;jðhk;j; hk;j;jþ1Þ ¼
ð1� hk;j;jþ1� hk;jÞðhk;j;jþ1� hk;jÞ

hk;j;jþ1ð1� hk;j;jþ1Þð1� 2hk;jÞ
ð6Þ

kk;jþ1;j ¼ kk;jþ1;jðhk;j; hk;j;jþ1Þ ¼
hk;jð1� hk;jÞð1� 2hk;j;jþ1Þ

hk;j;jþ1ð1� hk;j;jþ1Þð1� 2hk;jÞ
ð7Þ

Note that 0 £ kk;j,j £ 1 and 0 £ kk;j+1,j £ 1 and as these two

variables are functions of the unknown hk;j, they are also

unknown.

At this point, a change in notation for the size of the

QTL effect is appropriate. Interval analysis implicitly

assumes there may be a QTL in every interval. Thus we let

ak;j denote the size of a putative QTL in the jth interval on

chromosome k and replace a by ak;j. Applying (5) in (2)

and hence in (3), we have in vector form

g ¼ ðmk;jkk;j;j þmk;jþ1kk;jþ1;jÞak;j þ p

¼ mk;jak;j;j þmk;jþ1ak;jþ1;j þ p
ð8Þ

where ak;j,j = kk;j,j ak;j and ak;j+1,j = kk;j+1,j ak;j. In (8), the

subscripts k;j and k;j + 1 have been used to indicate the

interval being examined and hence there are only two

regression parameters in each fit of flanking markers across

the genome.

The full model for analysis of interval j on chromosome

k is

y ¼ Xsþ ZgMk;jak;j þ Zgpþ Zuþ ε

where Mk;j = [mk;j mk;j+1] and ak;j ¼ ½ak;j;j ak;jþ1;j�T:
This model is fitted for each k and appropriate j, so that s

is re-estimated, as are parameters associated with p, u and

ε; namely r2; cg; c and /: For a QTL to be in an interval

requires the sign of the fitted regression coefficients [ak;j,j,

ak;j+1,j]
T to be the same (Whittaker et al. 1996).

Working statistical model

As in conventional interval mapping we assume every

interval may contain a QTL. Unlike interval mapping

however, we include all intervals in a single analysis, and

assume a working model of a simple random effect for the

size of QTL across the genome.

The genetic model we use is an extension of (2), namely

gi ¼
Xc

k¼1

Xmk�1

j¼1

qi;k;jak;j þ pi ð9Þ

where qi,k;j is the indicator of parental type (or allele

number) of a putative QTL in the jth interval on chromo-

some k and ak;j is the size of a putative QTL in that interval.

As a working model we assume ak;j * N(0, r2 ca) and that

the sizes are mutually independent. Thus we assume a QTL

may exist in every interval and that the presence of a sig-

nificant QTL variance ratio ca suggests at least one QTL

may be present.

Fig. 1 Notation for interval

mapping: recombination

frequencies, distances and QTL

for intervals on chromosome k
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We do not believe the working model reflects reality as

far as QTL effects is concerned. It is a vehicle that will

allow the detection of putative QTL that behaves like a

penalty as in ridge regression (Whittaker et al. 2000).

As for interval mapping we replace qi,k;j in (9) by its

expected value given markers j and j + 1 on chromosome

k. Thus using (8) we can write the vector of genetic effects

g as

g ¼
Xc

k¼1

Xmk�1

j¼1

ðmk;jkk;j;j þmk;jþ1kk;jþ1;jÞak;j þ p

or succinctly as

g ¼ MKaþ p ð10Þ

where a is the vector of sizes of effects, and K is a block

diagonal matrix of size r · (r – c), with kth block

Kk ¼

kk;1;1 0 0 . . . 0

kk;2;1 kk;2;2 0 . . . 0

0 kk;3;2 kk;3;3 . . . 0

..

. ..
. . .

. . .
. ..

.

0 0 0 . .
.

kk;mk�1;mk�1

0 0 0 . . . kk;mk ;mk�1

2

66666664

3

77777775

so that the blocks correspond to chromosomes or linkage

groups. Note that K contains unknown recombination fre-

quencies hk;j.

Equation (10) can be written as:

g ¼ MaM þ p

where aM ¼ Ka are marker effects, rather than interval

effects. Under the independent normality assumption for a,

we see that

aM � Nð0; r2
aKKTÞ

The matrix KKT is tri-diagonal and shows that the QTL

sizes induce a variance-covariance structure between the

size of marker effects, something that would be expected.

This suggests that any analysis based on markers should

incorporate some form of variance–covariance structure.

Model (10) results in a variance-covariance matrix which

has the form of a generalized moving average process

(Diggle 1990), although the the matrix KKT is not of full

rank; it is a so-called reduced rank form (Thompson et al.

2003). In contrast, a full rank autoregressive structure was

proposed for the marker variance–covariance matrix by

Gianola et al. (2003).

Returning to (10), g given K follows a normal distri-

bution with mean vector 0 and variance matrix given by

var gjKð Þ ¼ r2 caMKKTMT þ cgIl

� �

Apart from r2, there are r – c + 2 distinct parameters in

this variance matrix, namely the r – c parameters hk;j, and

ca and cg. The full model for the trait is based on (1) and

(10). The distribution of y given K is

y � NðXs; r2HÞ ð11Þ

where

H ¼ Rþ caZgMKKTMTZT
g þ cgZgZT

g þ ZGZT

If a QTL is at a marker, the matrix K will contain two

identical columns with a single unit entry. Thus the model

will be singular in terms of the sizes of the effects in the

two intervals. They in fact coincide, and obviously both

cannot be estimated. This issue is resolved in the following

section.

For large r relative to the sample size n, problems may

arise in estimation of kk;j,j and hence hk;j. Even if estimation

is possible, the estimates may be very poor as information

on the precise location of a QTL is likely to be small. An

approach is presented in the next section that overcomes

this difficulty.

Reducing the parameterisation

To eliminate the parameters kk;j,j, we assign a prior dis-

tribution regarding the location of the QTL and our aim

is to integrate (or average out) these parameters over

each interval. Without prior information, a QTL in any

interval can occur at any location within that interval.

We therefore assume that the distance from the left hand

marker to a putative QTL, dk;j, is uniformly distributed.

Notice that it must be distance and not the recombination

fraction that takes on the uniform distribution, because

distance is additive whereas recombination fractions are

not. Thus using Haldane’s distance measure (4), it is

assumed dk;j * U[0, dk;j,j+1], where U denotes the uni-

form distribution defined on the range specified. With

this specification, the dk;j or hk;j need to be integrated out

to form a marginal distribution. Unfortunately, this is

analytically intractable.

To make progress, we replace K in (10) by its expected

value, namely KE ¼ E Kð Þ; in the manner of the regression

approach to interval mapping. The non-zero elements of

KE are shown in the Appendix to be

E kk;j;j

� �
¼ E kk;jþ1;j

� �
¼ hk;j;jþ1

2dk;j;jþ1ð1� hk;j;jþ1Þ
ð12Þ

Note that this implies that we have a regression on

‘‘pseudo-markers’’

hk;j;jþ1

dk;j;jþ1ð1� hk;j;jþ1Þ
1

2
mk;j þmk;jþ1

� �
ð13Þ

for each interval. Thus the average of the markers scores

for the markers defining the interval are scaled according to
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their separation in terms of recombination fraction and

genetic distance. Figure 2 is a graph of the factor that

multiplies the average marker scores for each genetic line

as given in (13) plotted against recombination fraction.

Notice that for most reasonable intervals, the recombina-

tion fraction will be of the order of 0.1 (with distance

approximately 10 cM), and the multiplying factor is close

to 1. At large recombination fractions and hence large

distances between markers, the factor in (13) will depress

the marker average. Thus wider intervals will have smaller

‘‘pseudo-markers’’ and this will impact on the size of effect

predicted for that interval and on the associated prediction

error variance.

Lastly, using such ‘‘pseudo-markers’’ (13) is not intui-

tively obvious and arises through the use of interval

mapping.

Our genetic model is based on these moment calcula-

tions and is given by

g ¼ MKEaþ p

Under this model, if ME ¼ ZgMKE; the model specified by

(11) now has variance matrix r2 H where

H ¼ Rþ caMEMT
E þ cgZgZT

g þ ZGZT

and ME is a known matrix.

Estimation

The full model for QTL analysis can be written as

y ¼ XsþMEaþ Zgpþ Zuþ ε ð14Þ

which is a linear mixed model. Thus residual maximum

likelihood or REML (Patterson and Thompson 1971) and

best linear unbiased prediction or BLUP (Robinson 1991)

are appropriate methods for analysis.

The main advantage of (14) is that all intervals are used

simultaneously in one analysis. Thus the benefits of com-

posite interval mapping are built into the approach through

the inclusion of all intervals in the analysis, and polygenic

and non-genetic effects are estimated allowing for all

possible QTL.

Test for the presence of a QTL

The process of finding a QTL and incorporating the QTL

into a final model involves three basic steps.

If the interval marker random regression has a variance

ratio ca that is significantly greater than zero, this suggests

that at least one QTL is present. Thus the first step involves

fitting models both with and without random regression

effects for the size of QTL, and testing if H0:ca = 0. If not

significant the process is terminated.

Thus we fit (14) obtaining a maximized residual log-

likelihood log(L), say, and fit the model

y ¼ Xsþ Zgpþ Zuþ ε

obtaining a maximised residual log-likelihood log(L0). The

REMLRT for testing H0:ca = 0 is based on the statistic

�2 log K ¼ 2 logðLÞ � logðL0Þf g

which under H0 has a distribution which is a mixture of

chi-squared distributions, namely 0.5v0
2 + 0.5v2

1 (Stram

and Lee 1994).

If the hypothesis is rejected, the process proceeds to the

second step, the outlier detection stage.

Detection of QTL: an outlier model

All intervals on the linkage map can be classified into two

groups. The first group consists of the intervals not con-

taining a QTL and is large in number. The size of estimated

QTL effects for these intervals will be small, because these

intervals do not contain a QTL. The second group is small

in number and consists of the intervals that contain a QTL.

The size of QTL effect for these intervals will reflect the

presence of a QTL and hence will be ‘‘large’’. Thus the

QTL size effects represent outliers in comparison to the

majority of intervals as given by the first group. An

approach to detect outliers may therefore be used to select

intervals for putative QTL.

We use the alternative outlier model (AOM) introduced

for linear models (Cook et al. 1982; Thompson 1985) and

developed for linear mixed models in an unpublished PhD

thesis of Gogel (1997); see also Gogel et al. (2001).

The AOM for the size vector for all intervals on chro-

mosome k is given by
Fig. 2 Multiplying factor for ‘‘pseudo-markers’’ defined by (13),

against recombination fraction
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ako ¼ aþ Ekdk ð15Þ

where dk is a vector of random effects and Ek
T = [0 Irk–10]

maps these effects to chromosome k. We assume that

dk � Nð0; r2ca;kIrk�1Þ: This model modifies the size of the

QTL effects for intervals j = 1,2,...,rk – 1 by inflating the

variance on that chromosome and hence allowing larger

predicted random size effects. Under (15), the full mixed

model is given by

y ¼ XsþMEaþMEEkdk þ Zgpþ Zuþ ε ð16Þ

In order to develop a statistic that can be used to locate

QTL, we consider the score (first derivative of the residual

log-likelihood) for ca,k evaluated at zero. If there is no QTL

on the chromosome, the score will have mean zero. We

firstly seek the chromosomes that have a score that is

inflated as this will suggest a QTL may be present on that

chromosome.

If P = H–1 – H–1X (XTH–1X)–1XTH–1, the REML score

for ca,k under (16) evaluated at ca,k = 0 is given by

Ukð0Þ ¼ �
1

2
tr PMEEkET

k MT
E

� �
� 1

r2
yTPMEEkET

k MT
EPy

� �

ð17Þ

The score can be simplified as follows. If ~a is the BLUP for

the sizes a under (14) the vector ~wk ¼ ET
k MT

EPy which

appears in (17) can be written as:

~wk ¼
1

ca

ET
k ~a

¼ ~ak

ca

ð18Þ

If

Ck;k ¼ ET
k MT

EPMEEk

it can be shown E ~wT
k ~wk

� �
¼ r2tr Ck;k

� �
and

E ~aT
k ~ak

� �
¼ r2c2

atr Ck;k

� �
: With these definitions and using

properties of the trace (17) can be written as:

Ukð0Þ ¼
1

2
~wT

k ~wkr
2 � tr Ck;k

� �� �

¼
tr Ck;k

� �

2
ðt2

k � 1Þ
ð19Þ

where

t2
k ¼

~wT
k ~wk

r2tr Ck;k

� � ¼ ~aT
k ~ak

r2c2
atr Ck;k

� � ¼
Prk�1

j¼1 ~a2
k;jPrk�1

j¼1 var ~ak;j

� �

using (18). Thus the BLUP of the QTL sizes and their

estimated variances under (14) are required to calculate the

statistic tk
2 and naturally provide the basis of outlier

detection. If C is the coefficient matrix of the mixed

model equations (see for example Henderson 1950;

Robinson 1991) and CMEME

k;j;k;j is the component of C–1

relating to ~ak;j; then r2CMEME

k;j;k;j is the prediction error

variance of ~ak;j that is generally available in mixed model

software. The estimated variances of ~ak;j can then be found

using

var ~ak;j

� �
¼ r2ca � r2CMEME

k;j;k;j

If there is no QTL on the chromosome, the score statistic

has mean zero and hence a ‘‘large’’ deviation of the

observed score from zero indicates a QTL may be present.

Thus large tk
2 suggest a QTL is present and the chromosome

with the largest tk
2 is selected as being most likely to contain

a QTL.

Having determined the chromosome most likely to

contain a QTL, the intervals within that chromosome are

examined. If we replace Ek in the derivation of the score by

a single column ek;j that selects interval j on chromosome k

(the selected chromosome), the score for each interval on

chromosome k can be determined. In fact for a single

interval j on chromosome k, (19) can be written as:

Uk;jð0Þ ¼
ck;j;j

2
t2
k;j � 1

� �

where

t2
k;j ¼

~w2
k;j

r2ck;j;j
¼

~a2
k;j

r2c2
ack;j;j

¼
~a2

k;j

var ~ak;j

� �

and the tk;j
2 reflect the importance of an interval with respect

to a putative QTL. Again if tk;j
2 is large this suggests a QTL

may be present in the interval and hence the interval with

largest tk;j
2 is chosen as the likely position for the QTL.

The selected QTL interval is now moved to the fixed

effects and the process repeated until the random effects

QTL component is not significant.

Final model

When the selection process concludes, all putative QTL

will appear as fixed effects. Thus if S putative QTL are

selected, the final model is

y ¼ Xsþ
XS

s¼1

mE;sas þ Zgpþ Zuþ ε ð20Þ

where mE;s ¼ ZgMskE;s is the appropriate vector for the sth

putative QTL, Ms is a n · 2 matrix of the marker scores

defining the interval and kE;s is the appropriate column of

KE:

The final step in the process is to fit (20) and to sum-

marise the QTL information. We call the approach

presented whole genome average interval mapping

(WGAIM).
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Implementation

The WGAIM approach presented above has been imple-

mented by Simon Diffey of the New South Wales

Department of Primary Industries. The implementation is

in R (R Development Core Team 2006) and is built on the

libraryqtl (Broman et al. 2005). The model fitting involves

using theasreml package (Butler et al. 2007) in R. The

implementation was used in the simulation study and the

analysis of the Sunco · Tasman flour yield trials presented

below.

Simulation study: details

To examine the performance of WGAIM, a simulation

study was conducted. The new method was compared to

composite interval mapping (CIM), because CIM is a

widely used approach. The simulation study was con-

ducted in two parts. The first part involves examining the

performance of the method for a single chromosome

while the second part is similar to the simulation study of

Broman and Speed (2002) and involves multiple

chromosomes.

The number of genetic lines and hence the population

size considered is l = 100, 200 and 400. These values were

chosen to reflect the size of population common in crop

trials (and hence differ from Broman and Speed 2002). In

all simulations, two replicates of each line were generated.

This differs from Broman and Speed (2002) who consider a

single replicate for each line. However, in the case of crops

and other plants, replication of genetic lines in trials is

common, and as described below, our simulations are

constructed to ensure that our results are comparable to

those of Broman and Speed (2002).

The simple model for the simulated yij, i = 1,...,l;j = 1,2

is given by

yij ¼ lþ gi þ eij

where eij * N(0, r2) are independent random variables.

The genetic line effects gi are given by

gi ¼
XS

s¼1

qisas þ pi

where there are S QTL, and qis for QTL s is either –1 or 1

depending on the parental allele that line i carries. The

polygenic effects pi * N(0, rg
2) are independent and also

independent of eij. The leading term represents the QTL

present in the simulations, with the number S and their

configuration being presented below for the two parts of

the simulation study. For each simulation scenario, 2000

simulations were carried out.

In all simulations, r2 = 1, rg
2 = 0.5 and as = 0.378.

Thus genetic line means will have a variance of r2/2 + rg
2

= 1 and we call this the line mean variance below as it

relates to the stratum of variation due to the genetic lines.

This is equivalent to the phenotypic variance of 1 in the

simulation study of Broman and Speed (2002). The total

line mean variance will depend on the number of QTL in

the simulation and also on whether they are linked. For

example, for a single chromosome with two QTL in cou-

pling of size a1 and a2, respectively, and a distance of d

Morgans apart, the total mean line variance is

a2
1 þ 2e�2da1a2 þ a2

2 þ 1

where we have assumed Haldane’s distance (4).

The underlying chromosomal structures are 100 cM in

length, with 11 equally spaced markers. Broman and Speed

(2002) locate the QTL at markers, but in our study, the

QTL are located at midpoints of intervals in configurations

to be discussed below. This is the more likely situation in

practice. The genetic lines are simulated on the basis of this

underlying structure, and hence each line in the simulation

has scores on the 11 markers for each chromosome and on

the QTL.

For each population size (l = 100,200,400), a linkage

map was constructed on the basis of the simulated marker

scores, and also including the simulated QTL scores to

accurately place the QTL on the estimated linkage map.

This was required to confirm the detection or non-detection

of a QTL using WGAIM and CIM. Note that while the

underlying structure has chromosomes of length 100 cM

and equally spaced markers, the estimated linkage map for

a chromosome varied in length from 80 to 120 cM, with

marker spacing varying from 4 to 25 cM. The qtl (Broman

et al. 2005) package in R (R Development Core Team

2006) was used to develop the linkage map and then to

check the order of the markers and QTL. The final linkage

map was used for all 2000 simulations for the particular

scenario and population size. Thus map uncertainty was

included in the simulation study.

Analysis for each simulation using WGAIM was carried

out as outlined in the Methods section. For composite

interval mapping, an initial interval mapping scan was

conducted every 5 cM at what we call imputed markers. As

the length of a chromosome varied, the number of locations

for the interval mapping scan varied. A number of co-

factors (with the number depending on the scenario) were

determined using forward selection and were included in

the model for analysis. A parametric bootstrap was used to

set the genome-wide threshold for the F test for significant

QTL; see Broman and Speed (2002) for further details

regarding the parametric bootstrap. Either 25,000 (Part 1)

or 20,000 (Part 2) bootstrap samples were used (and found
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to yield a stable threshold). This was a very time-con-

suming process.

QTL under the CIM model were selected based on an F-

statistic, with peaks in a 5 cM scan above the threshold

being selected. For scan positions within 10 cM of a co-

factor, the co-factor was removed from the augmented

model. Two peaks were deemed to be separate QTL if the

minimum F-statistic between the peaks was less than half

the larger of the two peaks.

Comparison of WGAIM and CIM is complicated by the

fact that one method is based on intervals while the other is

based on marker or specific position. In the context of

markers rather than intervals, Broman and Speed (2002)

defined successful detection of a QTL if the correct marker

or a marker 10 cM either side of the correct marker is

selected. However, those authors assumed a fixed map and

in reality the map distances will vary depending on the

simulated population of lines. For WGAIM we define

correct detection of a QTL if the interval containing the

QTL or either of two neighbouring intervals are selected.

In effect, WGAIM uses the midpoints of the intervals as

pseudo-markers and hence in this sense our definition of

correct detection provides for an average interval of 20 cM

and approximately matches the approach of Broman and

Speed (2002). For CIM, an equivalent approach is to allow

the five imputed markers about the QTL to be included in

the definition of correct detection. On average this will also

mean a width of 20 cM. However for both WGAIM and

CIM, there will be variation in this width of 20 cM across

the genome. With these definitions for WGAIM and CIM,

the comparisons should be fair, if not providing exactly

equivalent results.

All methods can falsely discover QTL. The type I error

rate for WGAIM in the case of no QTL is based on the

(REML) likelihood ratio test (REMLRT) that the variance

component for the distribution of size of QTL is zero. At

each stage of testing, the REMLRT is compared to the 95th

percentile of the asymptotic null distribution, namely the

mixture distribution 0.5v0
2 + 0.5v2

1 (Stram and Lee 1994).

For the case of no QTL, a type I error occurs if the first

such test is rejected.

For simulations where QTL are present, falsely dis-

covered QTL are called extraneous. These extraneous QTL

may be linked, so that a falsely selected QTL is on the

same chromosome as a true QTL, or unlinked in the case of

a chromosome that does not contain a QTL. This latter

situation results in a false discovery rate (FDR). WGAIM

and CIM were examined for both types extraneous QTL. In

the simulations the rate of detection of extraneous QTL is

measured by the mean number of extraneous QTL per

simulation; this is defined as the sum of the number of

extraneous QTL found by the number of simulations for

that number of extraneous QTL divided by the total

number of simulations. By definition, the FDR will be at

least the Type I error rate. FDR is often viewed as an

important measure of the performance of an approach, as

discovering extraneous QTL can result in poor decision

making for marker assisted selection.

Part 1

The first simulation study is based on a single chromosome.

Four scenarios were considered, namely

1. No QTL, to establish the Type I error rate and false

discovery rate (FDR) for WGAIM.

2. S = 1 QTL at 45 cM in the underlying chromosome,

comprising 12.5% of the total line mean variance.

3. S = 2 QTL in coupling, at 45 and 85 cM, respectively,

jointly 29.3% of the total line mean variance because

of linkage.

4. S = 2 QTL in repulsion, again at 45 cM and 85 cM

respectively, jointly 13.6% of the total line mean

variance because of linkage.

The methods of QTL analysis are WGAIM, and CIM with

1 co-factor (CIM1) for S = 1 and 2 co-factors (CIM2) for

S = 2. The aim was to compare WGAIM with the best

equivalent CIM approach.

Part 2

The second simulation is based on the comprehensive

simulation study of Broman and Speed (2002). Genetic

lines are assumed to have a total of 9 chromosomes, each

with 11 equally spaced markers at a spacing of 10 cM.

There are two scenarios, namely

1. No QTL, to establish the Type I error rate and FDR for

more than a single chromosome.

2. S = 7 QTL. The locations of the QTL are denoted by

(Ck, Ij) where Ck is chromosome k and Ij is interval j

on that chromosome. QTL are located at the midpoints

of the intervals (C1, I4), (C1, I8), (C2, I4), (C2, I8),

(C3, I6), (C4, I4), (C5, I1), unlike Broman and Speed

(2002) who assumed that each QTL was located at the

left-hand marker of each interval. The favourable QTL

allele is coded as 1 for all but the second QTL (C1, I8),

for which it is –1. Thus the two QTL on chromosome

1 are in repulsion while the two QTL on chromosome

2 are in coupling. The proportion of the total line mean

variance due to the 7 QTL was 7 · 0.3782/(7 ·
0.3782 + 1) = 1/(1 + 1) = 0.50, again matching

Broman and Speed 2002). There are additional terms

in this calculation for the QTL in coupling and
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repulsion due to linkage, but these additional terms

cancel.

The methods of QTL analysis are WGAIM, and CIM with

7 co-factors (CIM7), the latter chosen by forward selection.

Broman and Speed (2002) found that CIM7 performed well

in their simulation study, and as the correct number of

cofactors are included our comparison is again with the

best CIM approach.

Simulation study: results

Part 1: Type I error rate and FDR

For case of a single chromosome with no QTL, the Type

I error rate and FDR for WGAIM are presented in

Table 1. The Type I error rate of the our test is generally

less than the set nominal 5% level, as can be seen in

Table 1. This result is consistent with the results reported

by Crainiceanu and Ruppert (2004); see also an unpub-

lished PhD thesis by Welham (2006). The second measure

presented in Table 1 is the mean number of extraneous

QTL or FDR. The rates are consistent across population

sizes and are very low.

We did not investigate Type I error rates for CIM as

these are well established and found using parametric

bootstrap methods.

Part 1: Single QTL

Turning to the simulation results for a single QTL, the

proportion of correct identifications of the QTL for

WGAIM and CIM1 are given in Table 2. The trends are

very clear. For both WGAIM and CIM1 the proportion of

simulations in which the QTL is correctly identified

increases as the population size increases. WGAIM is best

overall.

WGAIM has a higher mean number of extraneous (and

of course in this case linked) QTL. CIM1 has a lower rate

of false positives than WGAIM at the larger population

sizes. For a small population size, detection of a QTL is

difficult. In this case, it may be considered an advantage to

at least find a QTL, which while not located in the correct

interval, is linked to the correct QTL. WGAIM does this

for a population size of 100.

Part 1: Two QTL in coupling or repulsion

For two QTL in coupling or repulsion on a single chro-

mosome, the results for each QTL are presented in Table 3.

Two-way tables of non-detection (labelled not D) and

detection (labelled D) of the intervals I4 (left of the table)

and I8 (top of the table) are presented for the two QTL in

coupling or repulsion. The marginal Totals are also pre-

sented in this table. Examining the two-way tables allows

us to investigate the ability of WGAIM and CIM2 to detect

the two QTL simultaneously. The mean number of linked

extraneous QTL found in the simulations is also reported in

Table 3.

We begin with two QTL in coupling. Firstly, the rate of

correctly identifying either QTL for a population size of

100 is low for both methods. WGAIM correctly detects the

two individual QTL with rates of 0.709 and 0.587, while

CIM2 has corresponding rates of 0.528 and 0.489. WGAIM

is able to correctly detect both with a rate of 0.337, while

CIM2 is at a low rate of 0.118. Both methods improve as

the population size increases, with WGAIM being uni-

formly better than CIM2.

The rate of extraneous QTL for WGAIM is higher than

CIM2. For small population sizes where it is hard to find

QTL, it may be helpful to find a QTL for which the interval

is not correct, but which is linked to the correct QTL. This

component of the simulation study shows that increased

correct detection of coupled QTL by WGAIM comes with

an increase in extraneous QTL.

For two QTL in repulsion, a population size of 100 is

again too small for reliable QTL detection. WGAIM has

rates of correct detection at 0.528 and 0.550 for the two

individual QTL, compared to 0.489 and 0.553 for CIM2.

Note however that WGAIM correctly identifies both QTL

at a rate of 0.433 compared to 0.317 for CIM2. Again the

rate of detection of the two QTL for all methods improves

as the population size increases. WGAIM is again best

overall in terms of correctly finding the QTL.

Table 1 Simulation study Part 1: single chromosome

l Type I error FDR

100 0.031 0.037

200 0.026 0.037

400 0.029 0.036

Type I error rates and mean number of extraneous QTL (FDR) for

WGAIM

Table 2 Simulation study Part 1: single chromosome and single QTL

Population size Correct Linked extraneous

WGAIM CIM1 WGAIM CIM1

100 0.720 0.701 0.165 0.180

200 0.962 0.958 0.097 0.057

400 0.991 0.995 0.112 0.026

Rate of correct identification of the single QTL and the mean number

of linked extraneous QTL found
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The mean number of extraneous QTL selected with the

two QTL in repulsion is higher for WGAIM than for CIM2,

as for two QTL in coupling.

Overall WGAIM is more powerful than CIM in

detecting true QTL, but the method also detects a higher

number of extraneous QTL.

Part 2: Type I error rate and FDR

We turn to the more realistic setting of multiple chromo-

somes that mirrors a typical QTL mapping situation. For

the simulation scenario of no QTL, the type I error rates

and false discovery rates (FDR) for WGAIM are presented

in Table 4. As for the single chromosome situation, the

type I error rates are below the nominal 5% level but with

the increased number of intervals (and hence levels of the

working model random effects) the rate is larger than the

single chromosome case given in Table 1 which is very

positive. In addition, as the population size increases, the

type I error rate tends to the nominal 5% level, as would be

expected.

The FDR in Table 4 are very stable across population

sizes and again are low.

Part 2: Identification rates for each QTL

The correct detection rates for individual QTL are pre-

sented in Table 5. CIM7 performs quite badly for

population size 100. This is particularly true for the QTL in

coupling. The performance of both methods improves as

the population size increases. WGAIM again has the best

overall detection rates. One interesting feature is the

decrease in the rate of correct detection in comparison with

the single chromosome simulations, particularly when

compared with CIM2 in the case of QTL in coupling or

repulsion.

There are seven QTL in the simulations. The total

number of correctly identified QTL for the three methods

and three population sizes are also given in Table 5. The

results found in our study with regard to CIM are consistent

with those found by Broman and Speed (2002). All three

methods improve their power as the population size

increases. The mean number of correctly identified QTL

using WGAIM is always higher than for CIM7, often

considerably so. This shows that WGAIM is much more

powerful than CIM at finding true QTL.

The rates of detection of extraneous QTL are presented

in Table 6. The mean numbers of linked extraneous QTL

are presented for each chromosome, together with an

overall total. The mean number of unlinked extraneous

QTL are presented as a total for chromosomes 6–9.

Table 3 Simulation study Part 1: single chromosome and two QTL in coupling or repulsion

Population Size Coupling Repulsion

WGAIM CIM2 WGAIM CIM2

100 Not D D Total Not D D Total Not D D Total Not D D Total

Not D 0.041 0.250 0.291 0.201 0.271 0.472 0.307 0.117 0.424 0.275 0.236 0.511

D 0.372 0.337 0.709 0.410 0.118 0.528 0.143 0.433 0.576 0.172 0.317 0.489

Total 0.413 0.587 E: 0.214 0.611 0.389 E: 0.129 0.450 0.550 E: 0.237 0.447 0.553 E: 0.145

200 Not D D Total Not D D Total Not D D Total Not D D Total

Not D 0.002 0.067 0.069 0.028 0.134 0.162 0.017 0.064 0.081 0.034 0.095 0.129

D 0.043 0.888 0.931 0.090 0.748 0.838 0.053 0.866 0.919 0.088 0.783 0.871

Total 0.045 0.955 E: 0.153 0.118 0.882 E: 0.071 0.070 0.930 E: 0.195 0.122 0.878 E: 0.112

400 Not D D Total Not D D Total Not D D Total Not D D Total

Not D 0.001 0.005 0.006 0.017 0.017 0.034 0.000 0.014 0.014 0.002 0.013 0.015

D 0.028 0.966 0.994 0.061 0.905 0.966 0.024 0.962 0.986 0.025 0.960 0.985

Total 0.029 0.971 E: 0.146 0.078 0.922 E: 0.102 0.024 0.976 E: 0.188 0.027 0.973 E: 0.058

Rate of correct identification of the two QTL is presented as a series of two by two tables. Interval I4 is represented on the left and interval I8 at

the top of each two by two table. D denotes correctly detected or identified and not D means not identified. Rate of extraneous linked QTL is

presented in the lower right of each two by two table and is prefaced by E: for extraneous

Table 4 Simulation study Part 2: nine chromosomes

l Type I error FDR

100 0.039 0.054

200 0.041 0.052

400 0.046 0.055

Type I error rates and mean number of extraneous QTL (FDR)

106 Theor Appl Genet (2007) 116:95–111

123



The rates for linked extraneous QTL show that for

population size 100, where correct detection is difficult,

WGAIM has higher rates than CIM7. For l = 200,

WGAIM has higher rates, except for chromosome 2 where

the two QTL are in coupling. Here CIM7 has much higher

rates. The total rates are very similar for both methods.

For a population size l = 400, the rates for both methods

are very good and are very similar.

The detection of unlinked extraneous QTL is always

higher for WGAIM, but decreases as the population size

increases. Thus the increased power of detecting true QTL

that WGAIM affords, is accompanied by an increase (albeit

small) in detection of false QTL.

Part 2: Rates for QTL in repulsion and coupling

Table 7 gives the rates for correct identification of QTL in

repulsion and coupling presented as two-way tables.

For the two QTL in repulsion, CIM7 is very poor for

population sizes of 100 and 200, where results are much

worse than in Table 3. There is considerable improvement

for a populations size of 400. In contrast, WGAIM grad-

ually improves detection of both QTL, and has much better

rates of detection than CIM across the board, with a

marked improvement in performance with a population

size of 200.

The patterns are similar for two QTL in coupling. Again

CIM7 performs poorly for population sizes of 100 and 200,

improving considerably for a size of 400. WGAIM grad-

ually improves detection of both QTL, and has much better

rates of detection than CIM7 across the board. This study

highlights the difficulty in detecting QTL in coupling for

small and moderate populations sizes, even with a more

powerful method, namely WGAIM.

Analysis of Sunco–Tasman flour yield experiment

The analysis commences with determining the appropri-

ate non-genetic model for the flour yield data. Smith

et al. (2006) present an approach to the analysis of

quality trait data from so-called multi-phase experiments.

Flour yield is measured in a two-phase (field and milling

phases) experiment. Their modelling includes both

blocking factors to respect the randomisation processes in

the design phases as well as accounting for other sources

of non-genetic variation and spatial and/or temporal

correlation from the field and laboratory processes. They

demonstrate that such modelling significantly increases

the response to selection in traditional breeding analysis

and suggest that this modelling should also enhance

accurate detection of QTL for quality traits. We exclude

the QTL terms from the initial modelling to establish an

appropriate phenotypic model that can be used as the

baseline model in the outlier QTL detection methodol-

ogy, WGAIM.

Smith et al. (2006) provide details of the analysis of

the phenotypic data for the 1999 data. The baseline model

included terms for spatial correlation, temporal correlation

within mill days, an overall regression on mill order and a

random regression for mill days on mill order. A similar

approach was used for the 2000 data, where the final

model included temporal correlation within mill days,

mill days and regressions on mill order and field row.

Both models include a polygenic effect for the doubled

haploid lines.

Tables 8 and 9 present a summary of the QTL iden-

tified for 1999 and 2000, respectively using WGAIM and

a 5% threshold for the likelihood ratio test. Using the full

non-genetic modelling approach together with the outlier

method resulted in 13 and 9 QTL being identified for

1999 and 2000, respectively. Of these a total of 8 could

be realistically regarded as the same QTL. The Z statistic

reflects the importance of the selected QTL (it is the

estimate of the size of the QTL divided by it’s standard

error) and a value larger than 2 in absolute magnitude is

associated with a significant effect in standard statistical

analysis.

The estimated polygenic variance for the final models

including the QTL were greatly reduced when compared to

the baseline models; in fact the detected QTL represent 70

Table 5 Simulation study Part

2: nine chromosomes

Rate of correct identification of

each QTL and the total mean

number out of 7

Size Method Interval Total

(C1, I4) (C1, I8) (C2, I4) (C2, I8) (C3, I6) (C4, I4) (C5, I1)

100 WGAIM 0.470 0.445 0.468 0.722 0.679 0.603 0.564 3.951

CIM7 0.132 0.056 0.208 0.223 0.335 0.241 0.181 1.376

200 WGAIM 0.940 0.952 0.623 0.733 0.790 0.787 0.773 5.598

CIM7 0.706 0.810 0.234 0.330 0.584 0.555 0.614 3.833

400 WGAIM 0.961 0.968 0.937 0.918 0.980 0.994 0.997 6.755

CIM7 0.900 0.946 0.919 0.896 0.990 0.989 0.998 6.638
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and 85% of the original total genetic component of flour

yield found under the baseline model in the 1999 and 2000

trials, respectively.

The impact in the QTL analysis of incorporating the

variation due to the environment, and also due to the

experimental design and conduct of the experiment was

also examined. The outlier QTL procedure was repeated

using the simplistic model of independently normally dis-

tributed genotype or line effects and phenotypic error,

respectively. Thus the field variation and laboratory vari-

ation are condensed to a single error variance parameter.

The QTL found under this simplistic model are presented

in Tables 8 and 9 under the heading ‘‘No modelling’’.

There were only 5 and 6 QTL identified at each of the two

sites with three in common. These results demonstrate the

potential benefits of using the most efficient non-genetic

models for these types of data.

The results using the outlier method can also be com-

pared with the results of Lehmensiek et al. (2006). These

authors only identified 3 and 4 QTL for 1999 and 2000,

respectively, with 3 QTL in common. Importantly, the

outlier method identified the same QTL that were identified

by Lehmensiek et al. (2006), but in addition detected fur-

ther QTL, most of which were common across the two

years. This is a remarkable result, given that Lehmensiek

et al. (2006) used efficient non-genetic models in their

analyses. Thus WGAIM exhibits increased power of

detection of QTL in comparison to the random effects

multi-environment interval mapping method due to Verb-

yla et al. (2003).

Discussion

The outlier approach presented in this paper provides a

mechanism to simultaneously incorporate all intervals on a

linkage map into a model and hence into a method for QTL

analysis. The model is based on an extension of the simple

interval mapping approach of Whittaker et al. (1996) that

results in a regression on flanking markers. Our extension

of interval mapping introduces the notion of a working

model that is used to determine QTL using forward

selection. The exact location of a QTL in an interval is not

estimated in order to overcome the problem of having a

very large number of parameters that would need to be

estimated. At the final stage of analysis, when all selected

QTL are fitted as fixed effects, the location of a QTL in an

interval can be estimated. We have avoided doing so

because the point location of a QTL is typically very poorly

estimated.

Table 7 Simulation study Part

2: nine chromosomes and two

QTL in repulsion at (C1, I4) and

(C1, I8) and coupling at (C2, I4)

and (C2, I8)

Rate of identification of the

QTL is presented by two by two

tables, with I4 on the left and I8

on the top of each two by two

table. D denotes correctly

detected or identified and not D
means not identified

Population Size Repulsion Coupling

WGAIM CIM7 WGAIM CIM7

100 Not D D Not D D Not D D Not D D

Not D 0.418 0.112 0.830 0.038 0.057 0.475 0.574 0.218

D 0.137 0.333 0.114 0.018 0.221 0.247 0.203 0.005

200 Not D D Not D D Not D D Not D D

Not D 0.017 0.043 0.095 0.199 0.060 0.317 0.468 0.298

D 0.031 0.909 0.095 0.611 0.207 0.416 0.202 0.032

400 Not D D Not D D Not D D Not D D

Not D 0.015 0.024 0.018 0.082 0.006 0.057 0.007 0.074

D 0.017 0.944 0.036 0.864 0.076 0.861 0.097 0.822

Table 6 Simulation study Part

2: nine chromosomes

Mean number of linked

extraneous QTL on

chromosomes 1–5 and unlinked

extraneous QTL on

chromosomes 6–9

Size Method Linked Unlinked C6–C9

C1 C2 C3 C4 C5 Total

100 WGAIM 0.227 0.203 0.150 0.100 0.069 0.749 0.199

CIM7 0.038 0.092 0.040 0.023 0.005 0.198 0.005

200 WGAIM 0.098 0.145 0.105 0.144 0.049 0.541 0.090

CIM7 0.043 0.258 0.044 0.105 0.018 0.468 0.001

400 WGAIM 0.032 0.029 0.029 0.009 0.008 0.107 0.025

CIM7 0.038 0.025 0.009 0.009 0.001 0.082 0.003
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The effectiveness of the random effects formulation for

selecting putative QTL reflects the stability offered by

this model, and thus while QTL sizes are shrunk toward

zero, these sizes together with the outlier approach pre-

sented are able to isolate genuinely important effects very

effectively. Rather than requiring a LOD score, our

approach uses a sequential test procedure based on the

residual likelihood ratio statistic allows a genome-wide

assessment of significance. The simulation studies pre-

sented show that while a theoretical justification for a

critical value for a specified type I error rate is not

available, a simple approach of using a 5% test at each

stage leads to Type I error rates that are conservative and

tend to the nominal 5% as the population sizes increases.

The false discovery rate in the case of no QTL is also

shown to be very low.

The simulations show that the WGAIM outlier approach

detects a much higher number of genuine QTL than CIM

and hence is a much more powerful at detecting genuine

QTL than CIM. The performance of WGAIM is particu-

larly striking in situations where QTL are in coupling or

repulsion, where CIM fails quite badly, even for quite large

populations sizes.

A consequence of the increased rate of correct detection

of QTL using WGAIM, is the increase in the rate of false

positives or FDR compared to CIM. The FDR for WGAIM

decreases as the population size increases. However, a

higher FDR might be expected for a method that has much

Table 8 QTL summary for

1999 Sunco · Tasman data for

QTL using a full non-genetic

model (full modelling) and QTL

analysis using the outlier

method but without modelling

non-genetic variation (No

modelling)

Ci Ij gives the chromosome and

the interval on the chromosome

of the QTL, while Position is

the distance in cM along the

chromosome to the left and right

flanking markers for each QTL.

The Z-statistic is the estimate of

the size of QTL divided by the

standard error of the estimate

QTL Full modelling No modelling

Ci Ij Position Z statistic Ci Ij Position Z statistic

1 2B I5 (51.2, 54.8) 4.63 2B I5 (51.2, 54.8) 6.68

2 1B I16 (247.3, 256.7) –3.46 1B I14 (90.9, 239.5) –2.89

3 5A I13 (90.6, 95.1) –3.48 5A I13 (90.6, 95.1) – 3.13

4 3D I13 (161.5, 175.3) 3.46

5 6B I4 (5.1, 7.2) –3.37

6 1D I5 (36.6, 68.9) –2.70 1D I5 (36.6, 68.9) –2.49

7 6D I6 (50, 51.2) –2.71

8 7D I4 (94, 98.2) 2.07 7D I4 (94, 98.2) 1.86

9 1B I4 (10.7, 11) 2.39

10 2B I10 (61.8, 95.9) 2.39

11 4D I4 (18.9, 30) 2.46

12 4A I14 (154.7, 157.6) –2.31

13 5D I8 (117.9, 132.1) –2.62

Table 9 QTL summary for 2000 Sunco · Tasman data for QTL using a full non-genetic model (Full modelling) and QTL analysis using the

outlier method but without modelling non-genetic variation (No modelling)

QTL Full modelling No modelling

Ci Ij Position Z statistic Ci Ij Position Z statistic

1 2B I6 (54.8, 59.6) 9.31 2B I6 (54.8, 59.6) 7.34

2 7D I3 (86.6, 94) 4.01 7D I4 (94, 98.2) 4.42

3 4B I2 (0, 12) –4.82 4B I2 (0, 12) –4.11

4 4D I2 (0, 1.8) 3.90 4D I2 (0, 1.8) 3.27

5 1B I14 (90.9, 239.5) –4.50

6 6B I6 (8.9, 9.4) –5.45 6B I6 (8.9, 9.4) –4.73

7 5A I14 (95.1, 102.1) –3.79 5A I14 (95.1, 102.1) –3.82

8 1B I2 (0, 9) 2.57

9 4A I3 (10.3, 11.4) 2.49

Ci Ij gives the chromosome and the interval on the chromosome of the QTL, while Position is the distance in cM along the chromosome to

the left and right flanking markers for each QTL. The Z-statistic is the estimate of the size of QTL divided by the standard error of the

estimate
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greater power of detection of genuine QTL. Thus WGAIM

results in a trade-off of detection of real and false QTL,

with the trade-off greatly favoring correct detection. Thus

we believe the discovery rate of true QTL out-weighs the

increase in the rate of false positives when compared to

CIM.

A very important aspect of WGAIM, is the reduction in

computational complexity. The selection of co-factors,

both in terms of number and location is not required as all

intervals are included. Obtaining thresholds for CIM is

very time-consuming and is not required for WGAIM. The

thresholds used in WGAIM are based on asymptotic the-

ory. This might be seen as a negative, but with the complex

nature of analysis of crop trials, the fact that this approach

works is in fact a bonus. Lastly, the model fitting can be

carried out in available software, namely ASReml (Gil-

mour et al. 2007; Butler et al. 2007).

The regression approach for QTL analysis also allows

non-genetic effects to be included in the analysis in a

routine fashion. Thus the outlier method for QTL analysis

is available in complex experimental situations. The Sun-

co · Tasman doubled haploid wheat population data from

trials in 1999 and 2000 provide an example of the ability of

the method to incorporate important sources of non-genetic

variation. Flour yield is a complex trait and the outlier

approach enabled the determination of many putative QTL.

The number both for individual trials and those in common

across trials greatly surpasses the results from previous

QTL analyses.

The impact of non-genetic variation on the detection of

QTL can be substantial. The analysis of flour yield for the

Sunco · Tasman population highlighted the improvement

possible in incorporating the multi-phase nature of the data

generation process. More genuine QTL and fewer extra-

neous QTL should be the result. Thus the manner in which

phenotypic data or trait data are generated must be

understood and incorporated in the analysis.

Our approach uses a forward selection strategy. Forward

selection does not always produce optimal solutions and

we are currently investigating an alternative approach. In

addition, methods for more complex situations, such as

multi-environment analysis that allows for QTL · envi-

ronment interactions, multi-trait QTL analysis and the

impact of treatments on the size of QTL are being

developed.
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Appendix

The expectation result (12) relies on Haldane’s mapping

function (4). In terms of recombination frequencies,

hk;j ¼
1

2
ð1� e�2dk;jÞ; 1� hk;j ¼

1

2
ð1þ e�2dk;jÞ;

1� 2hk;j ¼ e�2dk;j

Thus for example, on substituting for hk;j in (7)

kk;jþ1;jðdk;jÞ ¼
1� 2hk;j;jþ1

hk;j;jþ1ð1� hk;j;jþ1Þ
e2dk;j � e�2dk;j

4

and hence assuming dk;j * U[0, dk;j,j+1] we find (using x as

the dummy variable for integration of the distance)

E kk;jþ1;j

� �
¼
Zdk;j;jþ1

0

kk;jþ1;jðxÞ
1

dk;j;jþ1

dx

¼ 1� 2hk;j;jþ1

4dk;j;jþ1hk;j;jþ1ð1� hk;j;jþ1Þ

� e2dk;j;jþ1

2
þ e�2dk;j;jþ1

2
� 1

� �

¼ 1� 2hk;j;jþ1

4dk;j;jþ1hk;j;jþ1ð1� hk;j;jþ1Þ

� 1

2ð1� 2hk;j;jþ1Þ
þ 1� 2hk;j;jþ1

2
� 1

� �

¼ hk;j;jþ1

2dk;j;jþ1ð1� hk;j;jþ1Þ

as given in (12). The result for kk;j,j follows by symmetry or

by repeating the integration process explicitly using (6).
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