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Association rule generation in the Apriori algorithm

Hyung Chang Kang - Chul Soo Kim - Gyung-Leen Park
Department of Computer Science and Statistics Cheju National University

Abstract. Association rule mining finds interesting association rule among a large set of data itemsets. In

general, association rule is determined by a minimum support threshold and minimum confidence threshold.
But the strong association rules could not be obtained by such measures. In this article. we discuss the lift
value which can be a good method to find frequent itemsets in Apriori algorithm

- 158 -



	요약
	1. 서론
	2. 연관 규칙 기본 개념과 Apriari 알고리즘
	2.1 연관 규칙 기본 개념
	2.2 Apriari 알고리즘

	3. Apriari 의 문제점과 제안된 방법
	3.1 Apriari의 문제점
	3.2 제안하는 방법

	4. 적용 예
	5. 결론
	참고문헌
	ABSTRACT



