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ABSTRACT

Data mining is a process of discovering useful patterns for decision making from an
amount of data. It has recently received much attention in a wide range of business and
engineering fields. Classifying a group into subgroups is one of the most important subjects
in data mining. Tree—based methods, known as decision trees, provide an efficient way to
finding classification models. The primary concern in tree learning is to minimize a node
impurity, which is evaluated using a target variable in the data set. However, there are
situations where multiple target variables should be taken into account, for example, such as
manufacturing process monitoring, marketing science, and clinical and health analysis. The
purpose of this article is to present several methods for measuring the node impurity, which
are applicable to data sets with multiple target variables. For iilustrations, numerical examples
are given with discussion.
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