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Abstract

Project Code: RMUS5080026
Project Title: Approximate frequent pattern discovery over data stream

Investigator: Dr. Kittisak Kerdprasop, Asscociate Professor
School of Computer Engineering, Suranaree University of Technology

E-mail Address: kerdpras@sut.ac.th, KittisakThailand@gmail.com
Project Period: 25 June 2007 — 24 June 2010
' 246593
Frequent pattern discovery is an essential operation for association analysis. The
discovery process concerns an automatic extraction of interesting patterns and correlations
from a large database. These patterns can reveal implicit relationships among set of objects
(or items) that lead to the generation of association rules to be used for decision support,
financial forecast, medical diagnosis and many other applications. Current studies in
association rule mining concentrate on how to effectively find all objects frequently co-
occurring. Given m objects, there are as much as 2” frequent patterns to consider. Frequent
pattern discovery is thus a computationally expensive problem. It is even harder over data
stream because a continuously generated nature of stream does not allow a revisit on each
data element. Furthermore, pattern discovery process must be fast to produce timely results.
Based on these requirements, we devise an approximate approach to tackle the problem of
discovering frequent patterns over continuous stream. Qur approximation algorithm is
intended to be applied to process a stream prior to the pattern discovery process. We propose
a stochastic method to get a good guess of the stream characteristics, and then draw a set of
representatives from the incoming stream. These representatives are subsequently used in the
process of frequent pattern mining. Our design had been implemented with the functional
programming paradigm and the experimental results confirm the efficiency and reliability of
our method. For a massive database, parallel method is a solution for the scalability problem.

That is the main direction of our future research.

Keywords: Frequent pattern discovery, Data stream, Approximation method
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