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Abstract Combining multiple classifiers has been actively exploited to improve classification
performance. It is required to construct a pool of accurate and diverse base classifier for obtaining a
good ensemble classifier. Conventionally ensemble learning techniques such as bagging and boosting
have been used and the diversity of base classifiers for the training set has been estimated, but there
are some limitations in classifying gene expression profiles since only a few training samples are
available. This paper proposes an ensemble technique that analyzes the diversity of classification rules
obtained by genetic programming. Genetic programming generates interpretable rules, and a sample is
classified by combining the most diverse set of rules. We have applied the proposed method to cancer
classification with gene expression profiles. Experiments on lymphoma cancer dataset, prostate cancer
dataset and ovarian cancer dataset have illustrated the usefulness of the proposed method. A higher
classification accuracy has been obtained with the proposed method than without considering diversity.
It has been also confirmed that the diversity increases classification performance.
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R: A set of extracted rules {r, s, ..., i}
S: A set of selected rules {s, sz, ..., Sn}

int calculate_diversity(r;, rj) {
cf; = common_feature_number(r;, r);
df; = different_feature_number(r;, r);
ed; = edit_distance(r;, r;);
return df; - cfj - a x ed;
}
Fori=1tom
For j=i+1tom
dj = calculate_diversity(r;, r);
Find a set S in which rules' diversity is maximized
S={s1, 8 ..., S}
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