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Data Mining Tool KINO

Hiroshi Tsukimoto, Chie Morita
Research & Development Center, Toshiba Corporation

This paper describes Data Mining Tool KINO(Knowledge INference by Observation). The tool consists of
three modules: NNE(Neural Networks with Explanations), IDF(Induction of Decision trees with Fuzziness),
and MCH(Multiple Classified concept Hierarchies). NNE consists of neural network learning submodule and
rule extraction submodule NEX(Neural network EXplainer). NEX extracts simple and accurate rules in
a short time from trained neural networks. NEX can solve the problem that trained neural networks are
black boxes. NEX discovers rules (hypotheses) based on well trained neural networks. When classes are
continuous, decision tree learning cannot work, so rules (hypotheses) extracted from trained neural networks
are significant.
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