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ABSTRACT

Data stream mining is a hot research topic in
recent years ,which can sovle the increasingly
extensive transactions data. However, the traditional
mining methods merely use the single model to find
out these frequent trading patterns, which may ignore
the practial trading activities in trading patterns easily.
For instance, if the ices are sold much better than the
hot foods in the daytime, the trading patterns of the
hot foods may not be find out and it may be ignored
esaily. The study uses dynamic data stream tree and
mining multiple association rules. Using the multiple
dynamic cycle models to look for the numerous
transactions patterns would be more various, accurate
and correspondent with the practical transaction
patterns than the single model algorithm.
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