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1 Introduction.

Recent improvements in the accessibility of high-throughput genotyping have brought a
great deal of attention to disease association studies[6]. It is believed that more accurate
disease association is achieved with inferred haplotypes rather than with directly available
genotypes. The main goal of disease association analysis is to identify gene variations or, in
general, haplotypes which contribute to the risk of a particular disease. There are basically
two main steps in disease association: (i) the population haplotyping and (ii) the haplotypes
associating with diseases. We propose scalable methods for haplotyping family trio data and
combinatorial methods for predicting susceptibility for complex diseases. We validated these
methods by using a leave-one-out framework to estimate the predictive power of different
predicting algorithms.

2 Methods.

We applied an integer linear program (ILP) to Pure-Parsimony phasing genotypes of trios.
Compared to the two known phasing ILP formulations for phasing from [3] and [2], our ILP
has much smaller variables, constraints and runtime.

Genotype/Haplotype Statistics. This method decide a given genotype is case or
control based on the frequency of each allele in case/control.

Neighbor-Joining. This method use hamming distance to find the closest geno-
type(case or control) as a reference.

Graph Neighbor. The phased data is represented as the graph X = {H, G}, where
vertices H are distinct haplotypes and the edges G are genotypes, each connecting its two
haplotypes. Each edge has a case/control marker m(g;) € {—1,1}, indicating it is healthy
(1) or sick (-1). To predict the case/coontrol marker of a given edge, we want to find if the
edge collapsed with any edge of X. if so, we can assign marker to this edge. Otherwise, we
apply the following method for computing m(g;) .

m(g;) attains -1 if

Ze’ adjacent to e m(e/)
Z <m(€) - 5¢) ) <0

e adjacent to gp,

and 1, otherwise.

Disease Tagging. When applying graph heuristics to X, we found that it is necessary to
increase density of X, i.e., average degree of a vertex. This is achieved by dropping certain
SNP’s (or, equivalently, keeping only certain tag SNP’s). Dropping SNP’s may result in
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collapsing of edges or vertices. A SNP can be dropped only if no collapsing edges from case
and control exist after dropping. Our experiments show that on average, we are left with 20
tag SNP’s for data of Daly et al[1].

3 Results.

The proposed methods for disease susceptibility prediction have been applied to Crohn’s
diseases data of Daly et al[1]. We applied the leave-one-out test for all methods. In this test,
we remove the case/control marker for each sample and try to predict the marker by using
the rest of population as training data. We also found that phasing results of PHASE[5],(P)
and GERBIL[4](G) are not feasible. We fixed solutions to get feasible result of PHASEP(f)
and GERBILG(f). After deleted recombination, we can get result (Px) and (Gx) for PHASE
and GERBIL, respectively.

The best prediction rate for different phasing methods is 75-81% when recombinations
are forbidden and 62-70% when recombinations are allowed by PHASE or GERBIL. We
confirm the prediction rates by bootstrapping. We randomly sample 20 sick and 200 health
genotypes as training data to predict all the others. The average prediction rate of 20/200
bootstrapping is 59.75% for sick population, 74.17% for health population, and 72.96% for
total.

Recombination Forbidden Allowed
Prediction Methods G* p* ILP G G(f) P P(f)
Genotype Statistics | 56.12 | 57.36 | 57.63 | 57.88 | 57.11 | 58.14 | 59.17
Haplotype Statistics | 56.12 | 56.19 | 56.85 | 56.85 | 55.81 | 57.36 | 56.59
Neighbor-Joining 52.19 | 57.88 | 57.11 | 57.11 | 50.91 | 57.11 | 57.63
Graph Neighbor 77.48 | 74.65 | 81.62 | 62.44 | 64.51 | 67.21 | 70.24

Table 1: The comparison of the prediction rate for all methods
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