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Satidicd Decison making of Assodaion Threshod
in Asocidion Rule Data Mining

Hee Chang Park', Geum Min Song’

Abdract

One of the well-studied problems in data mining is the search for association rules. In
this paper we condder the dtatistical decison making of association threshold in association
rule. A chi-squared stetigic is used to find minimum associdion threshold. We can
cdculate the range of the value that two item sets are occurred sSmultaneoudly, and can
find the minimum confidence threshold values.
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