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Abstract Finding frequent items is one of the most basic problems in the data streams. The limitless and
mobility of data streams make the traditional frequent-pattern algorithm difficult to extend to data streams.
According to data streams characteristic inspired by the fact that the FP-growth provides an effective
algorithm for frequent pattern mining a new FP-DS algorithm for mining frequent patterns from data
streams is proposed. In addition the method in which data streams are partitioned and frequent items are
mined step by step is adopted in the algorithm. So users may continuously get present frequent items
online and any length frequent patterns for data streams can effectively be mined. Through introducing
error € a large number of non- frequent items will be cut down and the storage space of the data streams
can be reduced. Based on this algorithm the error of support is guaranteed not to exceed €. The analysis

and experiments show that this algorithm has good performance.
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In recent years data stream mining has become a new research issue. To find the frequent items over data stream is one of the
fundamental problems in this field which has found application in many problem domains such as network traffic measurements
data mining web-server logs analysis telecom call records analysis sensor network and so on.

But the peculiarity of data stream makes it difficult to apply the traditional frequent items mining algorithm and the frequent
pattern mining based on data stream is an arduous challenge. In this paper inspired by the fact that the FP-growth provides an
effective algorithm for frequent pattern mining a new FP-DS algorithm for mining frequent patterns from data streams is proposed.
Compared with the existing related algorithms there is not a pattern-delay and the algorithm efficiency doesn’ t descend dramatically
with the growth of length of frequent pattern. Consequently it is especially suitable for the mining of long frequent itemsets over data
streams. Our work also widens the application field of FP-growth algorithm.
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