TMVA 4 - Toolkit for Multivariate Data Analysis in ROOT
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TMVA core developer team: A. Hocker, P. Speckmayer, J. Stelzer, J. Therhaag, E. v. Torne, H. Voss

TMVA provides a large set of sophisticated multivariate analysis techniques for both classification and regression tasks in HEP. All
methods are embedded in a powerful yet user-friendly framework capable of handling the preprocessing of the input data as well as
the evaluation and comparison of the MVA algorithms. TMVA is fully integrated in the popular ROOT data analysis framework.
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