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Efficient Algorithm for Mining Frequent Patterns over Offline Data Streams
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Abstract Mining frequent patterns from data streams is one of the hottest research topics in data mining nowadays.
The features of data streams,such as consecution, disorder and real-time, raise requirements for higher time and space
performance of mining algorithms, Vibration of pattern frequency in data streams,compels the present algorithms to re-
vise the synopsis structure continually,and leads up to disadvantage impact on both time and space efficiency. A more
scalable synopsis structure SP-tree was designed firstly, meanwhile the concept of vibration factor y was given for main-
taining vibrational information. Then an efficient algorithm for mining frequent patterns over offline data streams SPDS
was proposed, which relieves the performance from the impact of vibration effectively,and increases the count accuracy

of partial patterns. This algorithm adopts a divide-and-conquer mechanism to mine the current dataset, thereby improves

itself further.
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