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Abstract

Data mining is the exploration and analysis of large quantities of data in order to discover
meaningful patterns and rules. It is an important discipline, which has widely applied in fields
ranging from customer relationship management to marketing, and medicine. Mining association
rules from transaction databases is most commonly seen in data mining. However, most
conventional algorithms can not simultaneously and effectively satisfy the following requirements:
(a) the strong associations between the great diversity of products, (b) the desired rules at cross
level of concept, (c) the relationships among transactions using numeric values, (d) on-line mining,
and (e) incremental mining. In this paper, we integrate the taxonomy fuzzy partition method and
data cubes technique to propose a sophisticated multi-level association rules miner to achieve the
multi-aspect mining requirements for the users.
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FS FS FS
AL 1.0 1.0 2.0
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