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Class prediction of an independent sample using a set of
gene modules consisting of gene—pairs which were
condition(Tumor, Normal) specific.
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Abstract
Using a variety of data-mining methods on high-throughput cDNA microarray data, the level of

gene expression in two different tissues can be compared, and DEG(Differentially Expressed Gene)
genes in between normal cell and tumor cell can be detected. Diagnosis can be made with these
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genes, and also treatment strategy can be determined according to the cancer stages. Existing
cancer classification methods using machine leaming select the marker genes which are differential
expressed in normal and tumor samples, and build a classifier using those marker genes. However,
in addition to the differences in gene expression levels, the difference in gene-gene correlations
between two conditions could be a good marker in disease diagnosis. In this study, we identify gene
pairs with a big correlation difference in two sets of samples, build gene classification modules using
these gene pairs. This cancer classification method using gene modules achieves higher accuracy
than current methods. The implementing clinical kit can be considered since the number of genes in
classification module is small. For future study, Authors plan to identify novel cancer-related genes
with functionality analysis on the genes in a classificaion module through GO(Gene Ontology)
enrichment validation, and to extend the classification module into gene regulatory networks.
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Fig. 1. Microarray Data
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Fig. 3. Constructing Gene Modules
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