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Feature selection using Boolean kernels for the learning of Boolean funtions
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This paper considers a variable selection algorithm that learns classifiers of bit-vectors and identifies useless
variables for the classification by analyzing the classifiers. By using Boolean kernels, it learns the linear thresholding
hypothesis over conjunctions of given variables and, for each variable, it computes the square sum of weights of
conjunctions containing the variable. Then the variable yielding the smallest square sum is identified as the most
useless variable. It is shown that the algorithm outperforms several existing algorithms in experiments on artificial

datasets and a dataset for text categorization.
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