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ART Neural Network

A Text Adaptive Resonance Theory Neural Network
ABSTRACT

This research proposes a Text Adaptive Resonance Theory Neural Network for document
clustering. Unlike the conventional clustering algorithms, a Text Adaptive Resonance Theory Neural
Network works direct!v on textual information without transforming text data into a numerical value,
The main contribution of this paper is to show how to adapt the concepts of ARI clustering on a data
set, which has a qu native feature values. The Text Adaptive Resonance Theory Neural Network
utilizes the concept of similarity measure for symbolic objects, which is different from the
conventional similar!:\ measure for objects whose feature values arc numerical values.
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