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Motivation
 Personalized prediction should use all the genetic data 
available to predict each person's risk of developing a 
complex disease.
 Only one¹ earlier attempts to do this took into account 
phase information: the information that neighboring 
mutations are on the same chromosome or on the 
homologous chromosome. This information is 
biologically important. Here, we propose a method PH 
(Prediction with haplotypes) to use it to improve genetic 
risk estimation. 

Method
 Phasing of genomic data can be done probabilistically using Shapeit². This method has 
reasonable accuracy but it means that long distance haplotypes are not reliable. It is also 
reasonable to think that short distance haplotypes are more likely to have functional 
consequences. We therefore limited our approach to use short haplotypes.
 We took the strongest association signals and defined blocks of a given length around them as 
shown in fig.2.
 Inside each block, we trained randomForest on the haplotypes. Each haplotype is taken as a 
different  observation even if it comes from the same individual. The results are then combined to 
define a new variable, one for each block. Cf fig.3. This allows for parallel computation.
  These new variables are then used to train a lasso regression.
  This method captures interactions in cis. It keeps the interpretability of a sparse method like 
lasso. It is summarized in the pipeline of figure 4.
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Figure 1 : Definition of phase information
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Figure 4: Bioinformatics pipeline of the method

  Figure 2: Block around association signal  
Here, a block of 300 kb around a peak for T1D 

on chromosome 1
Figure 3 : Data analysis in each block using randomForest

Results
 We used the WTCCC1 data on seven 
diseases to test our method. We compared our 
method with standard preselection and lasso 
regression as well as a variant of our method 
where we do not use haplotypes (PwoH). 
Results were similar for all three methods on 5 
diseases. For Crohn's disease and type 2 
diabetes, we saw an increase in performance 
for PH and PwoH. This shows there are 
interactions in cis but that they can be captured 
without phase information.
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