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Mining Technology and Development Tendency of
Negative Association Rule in Multi-database

SHANG Shi-ju, DONG Xiang-jun, ZHAO Long
(School of Information Science and Technology, Shandong Institute of Light Industry, Jinan 250353)

Abstract Negative association rules can catch mutually exclusive correlations among items and play an important role in decision-making. The
current mining algorithm is mainly directed against mono-database, and mining negative association rules in multi-database do not arouse people's
attention. This paper elaborates on the negative association rules of the status quo, mainly mining methods and redundant positive and negative
association rules pruning methods, and then expatiates the present situation and main technology of association rules in multi-database, and
developments tendency of negative association rules in multi-database is forecasted.
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