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Introduction

The development of Interval Mapping is a landmark in QTL analysis, as it facilitates analyzes
of non-marker positions. This method was introduced at a time when marker maps were
sparse, with markers every 10 cM or so, but where each marker was selected for informativity.
Modern SNP-based marker maps are much more dense, with up to 100s of markers per cM.
The information in each SNP is more limited as the markers are bi-allelic and there is no
pre-selection based on informativity.

Haley-Knott regression (Haley and Knott, 1992; Haley et al., 1994) is a commonly used
method in QTL Mapping as it is computationally efficient and gives a good approximation
of the likelihood-based interval mapping method. The least squares method deviates from the
normal mixtures used in interval mapping, giving a lower estimate for the residual variance
(Kao, 2000; Xu, 1995).

Orthogonal estimates of genetic effects are desirable for providing a biological interpretation
of the selected genetic model. In this communication, we show that existing un-weighted
least-squares based approaches do not give orthogonal estimates in marker intervals regardless
of whether the genetic model used has this property or not. We also suggest an alternative
approach (IMI) that gives orthogonal estimates for the parameters of an orthogonal genetic
model in these cases.

Material and methods

Structure of a linear regression model for QTL mapping. The following linear system of
equations is used in a linear regression to obtain estimates of genetic effects:

G∗ = X · E + ε (1)

In this equation, ε is the vector of errors, E is a vector of genetic effects, and G∗ is the vector
of phenotypes of the individuals in the analysed population. X = Z ·S, where S is the genetic-
effects design matrix of the statistical formulation of the model of genetic effects, and Z is the
matrix linking the observed individual phenotypes to their corresponding genotypes (Álvarez-
Castro and Carlborg, 2007; Zeng et al., 2005).
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Concerning first the matrix S, a frequently used example of an orthogonal genetic model
comes from a single diallelic locus in an ideal F2 population. This model was originally
described by (Fisher, 1918), and it can be expressed as (Álvarez-Castro and Carlborg, 2007;
Zeng et al., 2005):

SF2 =

0@1 −1 −0.5
1 0 0.5
1 1 −0.5

1A (2)

Álvarez-Castro and Carlborg (2007) have provided a statistical model that is orthogonal in
non-ideal populations for any number of diallelic loci with epistasis under linkage equilibrium.
This model is useful in a wide range of populations including e.g. backcrosses and multi-
generational intercrosses.

The consequences of partial information. IM as described by Lander and Botstein (ref)
estimates the effects of the genetic model by EM based likelihood maximization assuming
that the phenotype distribution is a mixture of Gaussian components, one for each possible
genotype. These normal distributions are weighted by the genotype probabilities that are
updated in each iterative step until the EM algorithm converges and the final estimates of the
genetic effects are obtained.

If instead a least-squares linear regression is done for Z, the phenotype distribution is assumed
to consist of a single normal distribution, with a mean defined by a weighted average of the
phenotype values for the genotypes of the individual. If the broad-sense heritability is low,
or the probability for some genotype is close to 1, this distribution will be close to the one
realized with interval mapping.
Estimating genetic effects of QTL in regions with low information content. Consider
a fully informative marker, i.e. a marker in a line-cross for which the line origin can be
determined without uncertainty for all individuals in the pedigree, flanked by two markers with
no information at all, i.e. providing no information determining line origin. In least squares
based QTL mapping, the QTL genotype probabilities of all individuals will decay towards the
same population means as described by the Haldane mapping function. In mathematical terms,
the design matrix over this interval is subjected to a linear transformation, which will not affect
the model fitting. Consequently, there is no actual information lost from the perspective of
HKR. Statistical significance for a QTL will be identical over the region, even if the true QTL
is located at the marker.
Information, in the sense of an increasing residual in the model, is only lost when individu-
als show different recombination rates. A plateau arises in the LOD-score profile around an
isolated informative marker. This plateau will not appear when parameter estimation is done
using the EM based likelihood estimation of the original IM, as the likelihood based method
makes a distinction between explainable variance and the total likelihood. If the true QTL is
instead located within the possible plateau region, not coinciding with the informative marker,
the marker location and the true QTL location will still both be considered as equally good fits.
The statistical support for the QTL is, however, lower due to the confounding effect between
explained and residual variance (Feenstra et al., 2006; Xu, 1995).

Interval Mapping by Imputations (IMI). Rather than creating a mixture on the individ-
ual level, as is done in HKR, it is possible to create a mixture, or imputations, of individual
realizations. We suggest doing a single set of imputations based on weighted least-squares



regression. This approach can conceptually be viewed as the creation of a virtual full informa-
tion population, such that a linear model will be orthogonal within this framework. In cases of
partial information, as in marker intervals, the estimated phenotype for all genotypes will tend
towards the overall mean. The result of this might be lower detection power in these regions
and a preference for selecting (informative) markers as the most likely location for QTL.

Example datasets. Consider a theoretical numerical example of one locus with two alleles,
A1 and A2, in a sample population of seven individuals where individual 1, 2, and 3 lack
marker information. The Z matrix in HKR is an n × n matrix, where n is the number of
individuals and m the number of genotypes. The phenotypes of the 7 individuals are G∗ =
(5, 8, 8, 4, 6, 6, 9)T . The genotype probabilities are:

ZHK =

0BBBBBBB@

0.75 0.25 0
0 0.75 0.25
0 0.5 0.5
1 0 0
0 1 0
0 1 0
0 0 1

1CCCCCCCA
(3)

We also reanalyze data from an dataset from an intercross between Red Junglefowl and White
Leghorn chicken. Several QTL have previously been mapped on chromosome 1 affecting body
weight (Kerje et al., 2003). Renalysis of this dataset was used to illustrate the properties of
HKR and IMI when applied to experimental data.

Results and discussion
Numerical example. Note that the first three rows in ZHK contain multiple non-zero ele-
ments. The column averages of this matrix are exactly corresponding to the properties of an
ideal F2 population. Orthogonality is thus expected when F2 genetic model is used. From
matrices (3), (2) we can compute XT X:

XT X =

0@7 0 0
0 2.875 0.25
0 0.25 1.125

1A (4)

Since XT X is not diagonal, the system in (1) is not orthogonal. If the marker was fully
informative, then each row of ZHK (3) would contain a single non-zero value, and so XT X
would be diagonal as shown by Álvarez-Castro and Carlborg (2007). Thus, HKR is not able
to maintain orthogonality in positions other than fully informative markers.

Table 1: Estimates of genetic parameters and variances with HKR and IMI, for full and
reduced models based on numerical example.

ZHK ZIMI

Full Red. α Red. δ Full Red. α Red. δ
µ 6.57 6.57 6.57 6.57 6.57 6.57
α 2.55 2.52 - 2.07 2.07 -
δ −0.34 - 0.22 0.14 - 0.14
σ2

res 0.1858 0.2045 2.8084 0.6658 0.6709 2.8112
σ2

expl 2.6305 2.6118 0.0079 2.1505 2.1454 0.0051

σ2
sum 2.6305 2.6197 2.1505 2.1505

Under orthogonality, the genetic effects are identical in full and reduced models. The sum of
the variances explained by the reduced models should also equal the variance explained by the
full model. This is provided by IMI but not HKR. It is noteworthy that the estimated phenotype



mean for the A2A2 genotype differs; 9.30 for HKR and 8.57 for IMI. As the highest observed
phenotype is 9 no actual set of genotypes would give an estimated class mean above 9.

Re-analysis of experimental data. Figure 1 shows that HKR and IMI, as expected, pro-
duce similar LOD-score profiles in a chromosome scan of GGA1 for QTL affecting body-
weight at 112 days of age. Scores were based on a generalized extreme-value distribution
derived from 1, 000 permutations of the dataset (Rönnegård et al., 2008; Valdar et al., 2008).
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Figure 1: Log probability scores for IMI (dashed) and HKR (solid) for a QTL scan.

Conclusion

We show that when there is partial genetic information, Haley-Knott Regression is not suit-
able for estimating genetic effects of orthogonal genetic models. We suggest an alternative
approach, IMI, which solves this problem. Theoretically, IMI could lead to lower detection
power in regions of low information, but this was not observed in a re-analysis of experimental
data.
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