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Abstract 1In this paper, we propose a graph-based semi-supervised learning method for accurate
prediction of cancer prognosis. Our method consist of two parts, one is about transforming mRNA
microarray data into graph data structure for learning and the other is about predicting the class labels
of unlabeled samples using cost function. As a result, we achieved that our method has outstanding
accuracy compared to other methods in the prognosis related cancer data which have many unlabeled
samples.
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