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ABSTRACT

Medical domain has a massive number of data records without the response value. Self-supervised learning is a

suitable method for medical data since it learns pretext-task and supervision, which the model can understand the

semantic representation of data without response values. However, since self-supervised learning performance depends on

the expression learned by the pretext-task, it is necessary to define an appropriate Pretext-task with data feature

consideration. In this paper, to actively exploit the unlabeled medical data into artificial intelligence research,
experimentally find pretext-tasks that suitable for the medical data and analyze the result. We use the x-ray image

dataset which is effectively utilizable for the medical domain.
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