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Generation of Efficient Fuzzy Classification Rules Using
Evolutionary Algorithm with Data Partition Evaluation
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Abstract

Fuzzy rules are very useful and efficient to describe classification rules especially when the attribute values are
continuous and fuzzy in nature. However, it is generally difficult to determine membership functions for generating
efficient fuzzy classification rules.

In this paper, we propose a method of automatic generation of efficient fuzzy classification rules using evolutionary
algorithm. In our method we generate a set of initial membership functions for evolutionary algorithm by supervised
clustering the training data set and we evolve the set of initial membership functions in order to generate fuzzy
classification rules taking into consideration both classification accuracy and rule comprehensibility. To reduce time to
evaluate an individual we also propose an evolutionary algorithm with data partition evaluation in which the training
data set is partitioned into a number of subsets and individuals are evaluated using a randomly selected subset of
data at a time instead of the whole training data set. We experimented our algorithm with the UCI learning data sets,
the experiment results showed that our method was more efficient at average compared with the existing algorithms.
For the evolutionary algorithm with data partition evaluation, we experimented with our method over the intrusion
detection data of KDD'99 Cup, and confirmed that evaluation time was reduced by about 70%. Compared with the
KDD’99 Cup winner, the accuracy was increased by 1.54% while the cost was reduced by 20.8%.

Key Word : fuzzy classification rule, evolutionary algorithm, data partition evaluation, membership function, supervised
clustering
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generated by C4.5
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pima 768 8 2 (500,268)
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Fig. 8 Experimental result of the thyroid data set
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Fig. 9. Experimental result of the ionosphere data set
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Table 3. Composition of KDD'99 intrusion detection data
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