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Abstract

An artificial intelligence, especially deep learning, is also applied in medical image analysis, e.g.
included in computer-aided diagnosis (CAD) system, and have shown to achieve outstanding
performance compared with conventional CAD system with combination of handcrafted features and
a classifier. In this article, I will first explain the CAD system with the traditional procedure based on
hand-crafted features and classifiers, and then introduce the CAD system with deep learning
techniques. Finally, I will describe future prospects of the CAD and the Al
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