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Abstract

In cancer care, radiation therapy plays a crucial role in the eradication of cancer and the
alleviation of symptoms such as pain. However, with the increasing precision of radiation delivery
methods, the human and time costs are rising, leading to an increased burden on clinical staff involved
in radiation therapy, including physicians. Artificial intelligence (AI) has the potential to effectively
address this issue, and expectations for Al in clinical practice are growing. Given the nature of
radiation therapy, which involves handling large amounts of data, it has a high affinity with Al. For
example, it can be extremely useful in the creation of treatment plans and the outlining of tumors and
normal organs, processes that are particularly time-consuming in actual clinical practice. Currently,
the clinical introduction of Al is progressing worldwide, and it is expected that new algorithms and
systems will continue to be introduced in the future. In this paper, from the perspective of a medical
physicist involved in radiation therapy, we will discuss an overview of machine learning and the role of
machine learning in radiation therapy.

Key Words: Radiotherapy, Artificial Intelligence, Machine learning, Deep learning, Reinforcement
Learning.
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