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Analysis of microarray gene expression data: using query-based learning methods and
genetic algorithms
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Abstract

There is a growing need for a method to analyze
massive gene expression data obtained from DNA
microarray. Over the last five years, many approaches
developed to categorize the gene expression data into
functionally meaningful groups. Most of these
methods are based on self-organizing maps or
k-means clustering method. However, there are some
difficulties in these approaches. In this study, we

introduced the query-based learning methods into

self-organizing maps. The experiment results show
that our method is more efficient and more stable than

the original SOM method.
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