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Uncertain Data Preconditioning Method in Frequent Itemset Mining

LI Hai-feng ZHANG Ning CHAI Yan-mei
(School of Information,Central University of Finance and Economics, Beijing 100081, China)

Abstract Traditional studies of frequent itemset mining cannot obtain information from uncertain data efficiently. We
studied the frequent pattern tree and proposed an effective uncertain data preconditioning method, the PCAFP-Growth,

which can reduce the itemset dimensions with principal component analysis method,and prune data with fuzzy associa-

tion analysis. OQur experimental results over real world datasets show that our method is effective and effictent.
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