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Abstract As a new approach to the diagnosis of cancers, bicinformatics attracts great interest
these days. Machine learning techniques have produced valuable results, but the field of medicine
requires not only highly accurate classifiers but also the effective analysis and interpretation of them.
Since gene expression data in bioinformatics consist of tens of thousands of features, it is nearly
impossible to represent their relations directly. In this paper, we propose a method composed of a
feature selection method and genetic programming. Rank-based feature selection is adopted to select
useful features and genetic programming based arithmetic operators is used to generate classification
rules with features selected. Experimental results on Lymphoma cancer dataset, in which the proposed
method obtained 96.6% test accuracy as well as useful classification rules, have shown the validity of
the proposed method.

Key words ' genetic programming, knowledge discovery, cancer classification, feature extraction
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