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Comparisons of Tree-based Data Mining Techniques:
Single vs. Multi-Decision Trees

Shin, Eun-Joo, Chang, Namsik

One widely used knowledge discovery technique is a decision tree inducer that
generates classifiers in the form of a single decision tree. As the number of pre-
specified decision outcome classes increases, however, the trees generated by this
approach usually become more complex than necessary with regard to the number of
leaves and nodes, and the predicting accuracy consequently drops. This paper
suggests an approach based on multi-decision-tree induction and compares it with a
traditional single-decision-tree induction approach. Seven empirical experiments have
shown that the multi-decision-tree approach outperformed the traditional approach in
terms of prediction accuracy and rule conciseness.
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