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What did we you find ?




Experimental protocol

* We have to set the regularization
parameter

o =2 for i=-25...25
* For each value of B, 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 !!

All peaks :

Correlatipn
coefficient = 0.50

o =

Peaks with
_ Q—Vziﬁl_ue
- Correlat1

coefficiel

<103 :
ONn
1t = (.65

Peak score
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Identification of STAT1 rSNPs

* rSNP = regulatory Single Nucleotide
Polymorphism

* ISNP ™ perturbation of gene transcription

= genetic disease

* Assumption : true binding sites have less
QAN Pc¢ than nther NMINTA cenniencec

Fisher’s exact test:p < 7.8 * 10-°
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* PeakRegressor

o First tool using ChIP-Seq for TFBM
identification

o Successful TFBM identification for STAT1
and RNA Polymerase 11

o Exploration of composite motifs and potential
rSNPs
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PeakRegressor implementation
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* Runs on Linux A
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* External programs : 0 MEME

Multlnle Em for Motif Elicitation
- MEME (standalone)

- Lasso (R package “LARS”)

Will be released as open software soon !
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Multlnle Em for Motif Elicitation
- MEME (standalone)

- Lasso (R package “LARS”)

Will be released as open software soon !
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vector representation, regression... )

 Compare with other regression methods (partial
least-squares, ridge regression...)
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Perspectives

* Application to other ChIP-Seq datasets / TFs

* Analyze the influence of each parameter (MEME,
vector representation, regression... )

* Compare with other regression methods (partial
least-squares, ridge regression...)

e Non-linear extension of PeakRegressor

Linear




Software References

* MEME http://meme.sdsc.edu/
* Lasso http://www-stat.stanford.edu/

* Promoter region
o http://hgdownload.cse.ucsc.edu/


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