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ATG[GC]TGG               TTGTGA[AGT]C           GCGTAAGCG
AAATTAGTA         [TG]CGCGTACCA        CGCTAGCGC
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…  …   …
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What did we you find ?What did we you find ?



Experimental protocolExperimental protocol
 We have to set the regularization 

parameter
◦ β= 2i    for    i = -25 … 25

 For each value of β, we perform a 30-folds 
cross-validation

 For each CV fold, we split the dataset 
◦ 90% training set
◦ 10 % test set 
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Filtering works !!Filtering works !!

All peaks :
Correlation 
coefficient = 0.50

Peaks with 
Q-value < 10-3 :
Correlation 
coefficient = 0.65
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Identification of STAT1 rSNPsIdentification of STAT1 rSNPs
 rSNP = regulatory Single Nucleotide 

Polymorphism
 rSNP        perturbation of gene transcription
         genetic disease
 Assumption : true binding sites have less 

SNPs than other DNA sequences

Fisher’s exact test : p < 7.8 * 10-5
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Software ReferencesSoftware References
 MEME http://meme.sdsc.edu/
 Lasso http://www-stat.stanford.edu/
 Promoter region 
◦ http://hgdownload.cse.ucsc.edu/

http://meme.sdsc.edu/
http://www-stat.stanford.edu/
http://hgdownload.cse.ucsc.edu/
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