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A NEW INDUCTIVE LEARNING ALGORITHM——SEPAR-
ABILITY-BASED INDUCTIVE LEARNING ALGORITHM

Wang ZueNncou LN YanN
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ABSTRACT

A new separability-based inductive learning algorithm is proposed in this paper. The al-
gorithm 1s different from existing inductive learning algorithms. Starting directly from the se-
parability of features for different classes, building a separability criterion, then forming a de-
cision tree, the algorithm can classify multiclass concepts. The algorithm 1s intuitive, simple,
and convenient for computation. Its effectineness is 1llustrated by an example in this paper.
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