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Comparison of Data Mining Classification Algorithms
for Categorical Feature Variables

So-Young Sohn + Hyung-Won Shin

In this paper, we compare the performance of three data mining classification algorithms(neural network,
decision tree, logistic regression) in consideration of various characteristics of categorical input and output
data. 2*". 3 fractional factorial design is used to simulate the comparison situation where factors used
are (1) the categorical ratio of input variables, (2) the complexity of functional relationship between the
output and input variables, (3) the size of randomness in the relationship, (4) the categorical ratio of an
output variable, and (5) the classification algorithm. Experimental study results indicate the following:
decision tree performs better than the others when the relationship between output and input variables is
simple while logistic regression is better when the other way is around; and neural network appears a
better choice than the others when the randomness in the relationship is relatively large. We also use
Taguchi design to improve the practicality of our study results by letting the relationship between the
output and input variables as a noise factor. As a result, the classification accuracy of neural network and
decision tree turns out to be higher than that of logistic regression, when the categorical proportion of the

output variable is even.
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F 3. YE Q1A & H(Mixed Level Fractional Factorial Design)
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