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[ Abstract]) Transfer learning is a method of learning new tasks in related domain using
existing knowledge from source data. In rare disease research, data are often limited. Transfer
learning can effectively use data from other related diseases or fields to enhance model performance
and research efficiency. This approach helps researchers rapidly identify characteristics and develop
potential treatments of rare disease. Currently, transfer learning has been applied in the systematic
characterization and drug development of rare diseases. It also shows potential in optimizing rare
disease classification, accelerating early diagnosis, and supporting multi-task research. However,
challenges arise in the application of transfer learning in rare disease research. In the future, if transfer
learning can be combined with techniques such as reinforcement learning, federated learning, and

deep learning, greater breakthroughs are expected to be achieved in the field of rare diseases.
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Figure 1. Diagram of various transfer learning methods
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Table 1. Application of transfer learning in medicine and pharmacy related to rare diseases
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