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An improved sequential pattern mining algorithm based on bitmaps

Zhang Changhai™ , Hu Kongfa™ ™ , Chen Ling™ , Song Aibo™
(* College of Information Engineering, Yangzhou University, Yangzhou 225009)
(™ School of Computer Science & Engineering, Southeast University, Nanjing 210096)
Abstract
For mining valuable sequence data in large transaction databases, the paper proposes an algorithm for sequential pat-
tern mining based on bitmap representation (SMBR) . The SMBR algorithm uses bitmaps to represent databases, and pre-

sents a simplified bitmap structure. First the algorithm generates candidate sequences by sequence extension (SE) and

item extension (IE), and then obtains all frequent sequences by comparing the original bitmap and the extended item
bitmap. The experiments show that when using the algorithm in large transaction databases the required memory size for

storing temporal data during mining process is greatly decreased, and all sequential patterns can be efficiently mined.

Key word: data mining, sequential patterns, bitmap
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