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Abstract One of the popular methods used for pattern classification is the MBR (Memory-Based
Reasoning) algorithm. Since it simply computes distances between a test pattern and training patterns
or hyperplanes stored in memory, and then assigns the class of the nearest training pattern, it cannot
explain how the classification result is obtained. In order to overcome this problem, we propose an
incremental learning algorithm based on RPA (Recursive Partition Averaging) to extract IF-THEN
rules that describe regularities inherent in training patterns. But rules generated by RPA eventually
show an overfitting phenomenon, because they depend too strongly on the details of given training
patterns. Also RPA produces more number of rules than necessary, due to over—partitioning of the
pattern space. Consequently, we present the IREA (Incremental Rule Extraction Algorithm) that
overcomes overfitting problem by removing useless conditions from rules and reduces the number of
rules at the same time. We verify the performance of proposed algorithm using benchmark data sets
from UCI Machine Learning Repository.
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