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[Abstract]

Data mining is the process of extracting desirable knowledge or interesting patterns from existing databases for specific purposes. In
real-world applications, transactions may contain quantitative items and each item may have a lifespan. The existing researches in
temporal data mining considers only lifespan of items to find general association rules. However, an infrequent item for the entire time
may be frequent within part of the time. In this paper, we propose a time period based hierarchical level association rule mining
algorithm to fine frequent pattern itemsets in specific time period. Experimental results show that our algorithm finds more frequent

items than the existing algorithm.
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