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Feature Selection as an Improving Step for Decision Tree
Construction

Mehdi Esmaeili; Mansour Tarafdar
Abstract

The removal of irrelevant or redundant attributes could benefit us in making decisions and analyzing data
efficiently. Feature Selection is one of the most important and frequently used techniques in data preprocess-
ing for data mining.

In this work, special attention is made on feature selection for classification with labeled data. Here an
algorithm is used that arranges attributes based on their importance using two independent criteria. Then, the
arranged attributes can be used as input one simple and powerful algorithm for construction decision tree.
Results indicate that this decision tree using featured selected by proposed algorithm outperformed decision
tree without feature selection. From the experimental results, it is observed that, this method generates
smaller tree having an acceptable accuracy.
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Distance2 = Z; P [(m, - m)(mz - m)T ]]/2 ()
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IF all the instances in the training set belong to the same class THEN
Return the value of class
ELSE (a) Select an attribute A from ranked list
(b) Sort the instances in the training set into subsets,
one for each value of attribute A
(c) Return a tree with one branch for each non-empty
subset,Each branch having a descendant subtree or
a class value Produced by applying the algorithm

recursively
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