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[ Abstract] Rare events are widely prevalent in various disciplines, including rare adverse
reactions to vaccines and drugs, clinical rare diseases, and low-probability clinical outcomes. The
reason for research interest on such events is that their occurrence often brings incalculable and
serious consequences. In the context of big data, numerous methods have emerged for rare event data
analysis, including sampling based, category weighting, ensemble learning, and deep learning. This
article systematically summarizes the research progress of current rare event data analysis methods,
and introduces their basic principles and applicable scenarios. By analyzing the advantages and
disadvantages of existing methods, the challenges of rare event research are sorted out and summarized,

and potential research directions in related fields are explored to provide references for researchers.
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Figure 1. Sources and mechanisms of rare events
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Table 1. Variants of the SMOTE algorithm
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