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Background

One of the greatest promises of modern genetics is the ability to identify loci re-
sponsible for, or at least highly correlated with, important physical traits and dis-
ease susceptibility. This will enable benefits ranging from improved disease risk
assessment and crop design to ultimately a better understanding of how genotype
variation effects variations in phenotypes. A key component in this task is asso-
ciation mapping where correlations between the clustering in the trait of interest
and the clustering observed in the genealogy of a set of sampled sequences has the
potential to localise causative genomic locations with relatively high precission.

Association mapping is commonly based on single nucleotide polymorphism
(SNP) data, where individuals have been typed on a number of marker loci where
two different nucleotides are present with reasonably high frequency in a popu-
lation. However, more complex data including multi-allelic loci and insertion-
deletion variation, in particular microsatellite repeat count variation can also be
utilised. The human HapMap project International HapMap Consortium [2005]
identified and continues to refine a dense set of SNP marker locations, and similar
data is becoming available for other organisms. The availability of high density
chips harnessing this information Barrett and Cardon [2006] allows genome-wide
scans to be performed in large sets of individuals, and with the constant decrease in
cost and increase in fidelity of sequencing and chip technologies it is to be expected
that high density association mapping on large data sets becomes standard for the
study of within-population phenotypic variation.

The two fundamental features of SNP data, and similar types of population
variation data, that makes association mapping feasible is a relatively low muta-
tion rate and the presence of recombinations in the evolutionary history of the data
across the region covered. The low mutation rate causes both variation in the trait
of interest and the type of a marker locus to be clustered into one or at most a few
clades in the local genealogy of a sample. Recombination causes the genealogy to



change across the data, but with a high degree of correlation between positions sep-
arated by only a limited number of recombinations. For simple traits this allows as-
sociation mapping based on simple marker-by-marker approaces, just considering
the correlation between the observed marker variation and the trait variation across
samples. However, this is not feasible for more complex traits, and even when the
genealogy is unchanged between a marker locus and a trait affecting locus we can-
not use the observed variation in the marker locus as a proxy for the variation in the
trait affecting locus as the relevant mutations in most cases will have occurred in
different parts of the genealogy. As observed in Zollner and Pritchard [2005], when
the trait affecting variants are not present in the data “...the best information that
we could possibly get about association is to know the full coalescent genealogy
of our sample at that position”. The availability of good methods for inferring the
genealogical history of large data sets is thus crucial for harvesting the maximum
amount of information from present day population variation data.

Traditionally the Kingman coalescent Kingman [1982] combined with an infi-
nite sites model of mutations has proved a robust and useful model for SNP type
data. Recursions describing data probability under this model in the presence of
recombination are known Griffiths and Marjoram [1996], but even when apply-
ing a discretising approximation it is only infeasible to solve these recursions for
relatively small data sets even when heuristics are applied Zollner and Pritchard
[2005]. To address data sets of realistic sizes, current methods either only consider
the combinatorial structure of the problem Lyngsg et al. [2005], Minichiello and
Durbin [2006], Wu [2008] or restrict genealogy reconstruction to blocks without
recombination Mailund et al. [2006], Ding et al. [2008]. One interesting prob-
lem to investigate is how well these methods reconstruct local phylogenies and
in particular how performance depends on parameters such as data set size and
recombination rates.

When working with species that can be subjected to laboratory cultivation
where we can create inbred stocks and use programmed interbreding of these
founders to create a heterogeneous stock of individuals with genomes that con-
stitutes fine grained mosaics of the (known) genomes of the inbred stocks Mott
et al. [2000], Durrant and Mott [2010]. In this particular context, we would expect
the genome variation causing phenotypic variation to be present in the founder se-
quences. Hence, we don’t need to reconstruct the full genealogical structure back
to the common ancestor of the inbred founder lineages — just knowing the founder
lineages each individual is derived from at a particular locus should provide suffi-
cient information about their clustering.

As the genomes of the founders are known, at least to a reasonable degree,
identifying the founder ancestry of an individual can be done by matching local
sequence to these genomes. Rather than making a discrete call, it is preferable to



work within a probabilistic framework and compute probabilities of a particular
loci being inherited from any particular pair of founders. This can be done using
an HMM framework Mott et al. [2000], where states correspond to a particular
pair. This works well when all individuals are typed at most markers, but with
modern sequencing techniques it is usually more cost-effective to obtain sequence
data from random marker positions. It will therefore be useful to develop methods
that can perform inference of founder ancestry without considering positions not
sequenced for the individual in question. Moreover, the types of uncertainties in-
volved in both founder genome and individual sequence data should be investigated
to fully incorporate this in the model developed.
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