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ABSTRACT

We consider the problem of exploiting a taxonomy of propositionalized attributes in order to
learn compact and robust classifiers. We introduce Propositionalized Attribute Taxonomy guided
Naive Bayes Learner (PAT-NBL), an inductive learning algorithm that exploits a taxonomy of
propositionalized attributes as prior knowledge to generate compact and accurate classifiers.
PAT-NBL uses top-down and bottom-up search to find a locally optimal cut that corresponds to
the instance space from propositionalized attribute taxonomy and data. Our experimental results
on University of California-Irvine (UCI) repository data sets show that the proposed algorithm
can generate a classifier that is sometimes comparably compact and accurate to those produced
by standard Naive Bayes learners.
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