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Abstract

Discovering Association Rules using Item Clustering

on Frequent Pattern Network

Kyeong-Jin Oh” - Jin-Guk, Jung - Inay Ha - Geun-Sik Jo

Data mining is defined as the process of discovering meaningful and useful pattern in large
volumes of data. In particular, finding associations rules between items in a database of customer
transactions has become an important thing. Some data structures and algorithms had been proposed
for storing meaningful information compressed from an original database to find frequent itemsets
since Apriori algorithm. Though existing method find all association rules, we must have a lot of
process to analyze association rules because there are too many rules. In this paper, we propose a
new data structure, called a Frequent Pattern Network (FPN), which represents items as vertices and
2-itemsets as edges of the network. In order to utilize FPN, We constitute FPN using item's
frequency. And then we use a clustering method to group the vertices on the network into clusters
so that the intracluster similarity is maximized and the intercluster similarity is minimized. We
generate association rules based on clusters.

Our experiments showed accuracy of clustering items on the network using confidence,
correlation and edge weight similarity methods. And We generated association rules using clusters and
compare traditional and our method. From the results, the confidence similarity had a strong influence

than others on the frequent pattern network. And FPN had a flexibility to minimum support value.

Key Words : Frequent Pattern Network, Cluster, Association Rules
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