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Abstract

Artificial intelligence (AI) is a machine system that mimics functions of human intelligence, such as
learning and problem solving. Recently, the computer-aided image classification using Al is explosively devel-
oped, and in a few years, thought to be applied practically in the field of dermatology. The advent of the deep
convolutional neural networks (CNN) has dramatically improved the quality of the computer-aided image
classification. The CNN achieved performance demonstrating an Al capable of classifying skin cancer with
a level of competence comparable to dermatologists. Dermatologist and general physicians working on the
community-based health care need to cooperate and consider how to use the computer-aided image classi-
fication effectively.
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