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In this research, we developed a method that can significantly reduce the
annotation in biomedical image analysis by using positive and unlabeled learning, in which our
method automatically selects the positive samples using prior knowledge. We also applied this method

to several applications such as pathological image analysis and photoacoustic image analysis. As a
result, we have published 3 peer-reviewed papers (2 of them were accepted in a top conference in
medical image analysis; MICCAl), 2 submissions, 5 conference presentations, 1 book chapter writing.
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