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Abstract As the amount of electronic documents

C EAAFER, FP-Tree, 43532, JEZT

increases explosively, automatic text

categorization methods are needed to identify those of interest. Most methods use machine learning
techniques based on a word set. This paper introduces a new method, called FPTC (FP-Tree based
Text Classifier). FP-Tree is a data structure used in data-mining. In this paper, a method of storing
text sentence patterns in the FP-Tree structure and classifying text using the patterns is presented.

In the experiments conducted, we use our algorithm with a 'Mutual Information and Entropy’
approach to improve performance. We also present an analysis of the algorithm via an ordinary

differential categorization method.
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