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« RL able to better capture predictive performance
close to the full ensembles with a much smaller
number of base predictors.

* More capable of achieving this balance than
CES, especially for larger datasets.
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as compared to other, more ad-hoc ES methods.
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* Proven to converge to an optimal solution (i.e. find an
optimal action-selection policy) under certain constraints. ) s

D. melanogaster C. elegans P. pacificus C. remanei A. thaliana

Acknowledgements:

Target problem: Splice Site Prediction This work was partially supported by NIH grant # R01-GM114434 and an IBM faculty award to GP. We thank the lcahn
Institute for Genomics and Multiscale Biology and the Minerva supercomputing team for their financial and technical support.

LN A — Llass We also thank Om P. Pandey and Gustavo Stolovitzky for their technical advice.
ACATGCTA ... ATCGATCTAG GGATGCTACATCGCGAT ... ATCGATCTC | +
. learn a o Fostion REFERENCES:
141 Nucleotides  A. Stanescu and G. Pandey, Learning parsimonious ensembles for unbalanced computational genomics
o ‘%o problems. In: Pacific Symposium on Biocomputing, PSB 2017 (In press.)
Problem  C. elegans D. melanogaster F. pacificus C. remanei  A. thaliana « S. Whalen, O. P. Pandey and G. Pandey, Predicting protein function and other biomedical characteristics. Methods 93(15):
90| e #Features 141 141 141 141 141 92-102, 2016.
_  R. Caruana, A. Niculescu-Mizil, G. Crew, and A. Ksikes, Ensemble selection from libraries of models. ICML 2004.
0 #Positives 1,598 997 1,596 1,600 1,600  R. Caruana, A. Munson and A. Niculescu-Mizil, Getting the Most Out of Ensemble Selection. ICDM 2006.
s o |l |e® #Negatives 158,150 99,003 156,326 157,542 158,377 « CJCH Watkins and P. Dayan, Q-Learning. Machine Learning 8(3-4), 1992.
- .o - . . . . . . . . . .
o oo oal 150 748 100.000 157022 159142 159.977 G. Schweikert, G. Ratsch, C. Widmer, and B. Scholkopf, An empirical analysis of domain adaptation algorithms for

genomic sequence analysis. NIPS 2009.




