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A new kind of dynamic association rule and its mining algor ithms
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Abgtract : In order to improve the shortcomings of the origina dynamic association rule (DAR for short) , this paper
presents a new kind of DAR, which can reflect the dynamic information of rule with time better. Its defintions of
support vector and confidence vector are accord with the classcal defintions of support and confidence. Two new
mining algorithms are also provided, which are ITS agorithm and EFP-growth agorithm. ITS agorithm has two
stages, and can be well comprehended. EFP-growth algorithm is based on extended FP-tree and suitable for large
volumes of data with high density. The experiment results show that the proposed algorithm has good performance
and isfit for mining DARs.
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