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Recent Breast Cancer Screening with Thermography

by Using Machine Learning: A Review
Hajime Takeno™, Ayako Kohyama™, Daisuke Ichikawa™, Toki Saito™, Hiroshi Oyama™
*1 Department of Clinical Information Engineering, School of Public Health, Graduate School of Medicine, The
University of Tokyo

[Background] Thermography is a non-contact, non-invasive, and cost-effective modality for breast cancer screening.
However, the false positive rate of thermography remains to be dissolved. Recently, machine learning has been
introduced to enhance predictability of the early breast cancer detection using thermography.

[Object] The purpose of this research was to examine trends in breast cancer detection by using thermography with

machine learnings.

[Method] We investigated recent works for breast thermography with machine learning. Databases of PubMed, IEEE,
Web of Science, Cochrane Review were searched systematically between 2011 and 2017.

[Result] There were 16 publications searching the effect of thermography on the early breast cancer detection with
various machine learning techniques. Machine learning is used in classification and/or feature selection for image

processing.

[Conclusion] The study reveals that effectiveness of thermography on the breast cancer detection with machine

learning techniques.

Keywords: machine learning, thermography, breast cancer screening
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