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[ Abstract] Fall risk assessment is of significant importance in the elderly population as falls constitute a primary cause
of injuries and fatalities among the elderly. This paper comprehensively outlines the commonly used algorithms and classification
features in fall risk assessment tools constructed using machine learning techniques. By comparing the performance of these models
on real-world datasets, it delves into the strengths and weaknesses of various algorithms and their applicable scenarios. The article
provides detailed insights into the data prepossessing steps and model construction processes commonly employed in each model,
offering a comprehensive comparison. In conclusion, the paper summarizes the current shortcomings in research and anticipates

potential directions for future developments in this field.
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