Feature selection as pre-screening tool for multifactor dimensionality reduction

Understanding the effects of genes and environrh&atdtors on the development of
complex diseases, such as cancer, is a major agardtic epidemiology. These

kinds of diseases are controlled by complex mobecmechanisms characterised by
the joint action of several genes, each having ardynall effect. In this context
traditional methods involving single markers hawated use and more advanced and
efficient methods are needed to identify gene adons or epistatic patterns.

The Multifactor Dimensionality Reduction method, RD(Ritchie et al. 2001) has
recently achieved a great popularity. The MDR sggttackles the dimensionality
problem related to interaction detection and redube multiple dimensions to one by
pooling multi-locus genotypes into two groups skrihigh and low. It is an attractive
technique to detect gene-gene interaction in casé-a studies because it allows for
the detection of multiple genetic loci jointly asgaed with a discrete clinical
endpoint in the absence of a main effect, it is-parametric in nature, no
assumptions need to be formulated about the undgrgenetic inheritance model, it
generates low false positive rates.

Figure 1 shows the six steps involved in a clasditfaR analysis. In step 2, the
starting point is a subselection of N genetic meskeom the initial pool that can be
as large as 1,000,000 markers. Taking a subseteistiessential because of
computational considerations: it makes a largesdtifice to investigate all possible
couples or trios of markers in a group of N=250et1,000,000 markers! However,
whether or not being successful in detecting higirder genetic interactions, using N
markers only, may heavily depend on the choicéefsubset. The topic of this
project is to investigate several existing stragedo select favorable combinations of
features (for instance wrapper models or filter gledncluding the TURF method of
Moore and White 2007 and Bayesian modeling of gemessociations as performed
by Sebastiani et al 2008).
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Figure 1: The six steps involved in MDR methodologlge dark shaded cells in step 4 are high risls cel
the light shaded cells are low-risk (Ritchie ep@01).
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