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decision support analysis in the modern world. Tlus paper gives a comprehensive introduction about
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New Technology of Decision Support Analysis — Data Mining
YIN Yong
(Cadlege of Communication Engineering . Chongqing Unrversity. Chungging 400044 .Chinu) Abstract:

Data mining is one of the most advanced research directions of intelligent information processing and

the basic ideas of data mining. main techniques involved. and the content of the main researches,
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