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A Multidimensional Scaling Based Algorithm for Fast Mining Assoclation Rules
XIAOQ Li  JIN Yuan-ping XU Hong-bing WANG Neng-bin
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Abstract Mining association rules is a major aspect of data mining research. In this paper, on the basis of

analyzing the basic properties of the problem of mining association rules and multidimensional scaling. the

authots propose a new multidimensional scaling based algorithm for fast mining association rules, which projects

each data item on multidimensional space according to the association scaling between data items, and then

reduces the dimensions of the space. Finally, the algorithm generates association rules more focused and

presents them in a visual style.

Key words Data mining, knowledge discovery, assaciation rules, multidimensional scaling technigue,

visualization.



