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Temporal Association Rules Based on Item Time Interval

Kyong-Won Lee

» Jae-Yeon Kim

Dept. of Industrial Engineering, Hanyang University

In this paper, we present a temporal association rule based on item time intervals. A temporal association rule is an

association rule that holds specific time intervals. If we consider itemset in the frequently purchased period, we can

discover more significant itemset satisfying minimum support. Because the previous study did not consider the time
interval between purchased item, it could find itemset that did not satisfy the minimum support in case some item was
frequently purchased in a specific period and rarely or not purchased in other period. Our approach uses interval support
which is counted by period with support and confidence in the association rule to discovery large itemset.
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