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Probabilistic prediction methods

Prediction methods:
� binomial neighborhood model

S. Letovsky, S. Kasif, Bioinformatics 19 (Suppl. 1), i197, 2003

local enrichment around a given protein assignment

� linear Maximum-Likelihood Markov Random Field (MRF)
M. Deng, T. Chen, F. Sun, Proceedings: RECOMB '03

linear score for networks connecting same/different functions

� non-linear Maximum-Likelihood Markov Random Field (MRF)
extension to non-linear scores (! clusters)

� SVM classi�er
libsvm
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Neighborhoodclassi�cation maps
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Single-functionsensitivity-speci�city
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Full prediction
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Results:Yeast

Test data set: 6316 yeast genes
MIPS interaction network
GO/SLIM function/process assignments

Out of 2014 unique assignments:

METHOD #SUCCESS accuracy

binomial classi�er 623 31%
linear M.L. classi�er 655 33%
nonlinear M.L. classi�er 640 31.7%
linear SVM classi�er 601 29.8%

randomized network 101 11.4%

binomial classi�er , process 32.5%
randomized network 8.7%
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Results:Drosophila

Test data set: 7066 drosophila genes
Drosophila interaction network (Science 2003)
truncated GO function assignments

Out of 1230 unique assignments:

METHOD #SUCCESS accuracy

binomial classi�er 100 8.1%
linear M.L. classi�er 109 8.9%
non-linear M.L. classi�er 106 8.6%
SVM 97 7.8%

randomized 66 4.6%
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Conclusions

� Signi�cant correlation between protein interaction and GO
function/process assignments

� Simple and complex methods perform similarly
� Very different approaches turn also out to be methodically similar
� Perspectives:

� Combine protein interaction and gene expression information
� Identify interesting sub-structures in network
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