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Abstract The users often face difficulties in interpreting and exploiting the association rules extracted from large

transaction data with high dimensionality. There are two main reasons. Firstly, too many association rules can be
produced by the conventional association rule mining algorithms, and secondly, some association rules can be partly
overlapped. This problem can be solved if the users can select the relevant items to be used in association rule mining.
In this context, this paper aims to propose a new visual exploration tool, structured association map, which enables the
users to find the group of the relevant items in a visual way. For illustration, this procedure is applied to a mass health
examination result data set, and the experiment results demonstrate that structured association map with maximum sums
of 2 x2 regular contributions value helps to reduce the complexities of association analysis significantly and it enables to

focus on the specific region of the search space of association rule mining while avoiding the irrelevant association rules.
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