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Abstract

Data Mining is mainly used for pattern extracting and information discovery from collected data. However previous
methods is difficult to reflect changing patterns with time. In this paper, we introduce Streaming Decision Tree(SDT)
analyzing data with continuity, large scale, and changed patterns. SDT defines continuity data as blocks and extracts
rules using a Decision Tree's learning method. The extracted rules are combined considering time of occurrence,
frequency, and contradiction. In experiment, we applied time series data and confirmed resonable result.
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? IF (HP=> 50) ~ (Distance =< 10) THEN State= attack
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Fig. 8. Example of Rule Confluence
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