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[ Abstract] Crime prediction serves as a technical approach to crime prevention. In recent years, with the rapid
development of big data and artificial intelligence, machine learning methods have been increasingly applied to crime
prediction, yielding substantial research progress. This paper provides a systematic review of research advancements
in crime prediction based on machine learning. Grounded in environmental criminology, it summarizes the theoretical
foundations and methodological evolution of crime prediction, and outlines the main technical pathways of machine
learning models in this field. From the dual perspectives of prediction targets and prediction scenarios, this study
focuses on the applications of machine learning in crime trend prediction, crime hotspot detection, spatiotemporal
crime forecasting, crime type identification, as well as suspect and offender location prediction. It further synthesizes
representative findings across major crime categories, including property crimes, homicides, financial crimes, and
cybercrimes. The results indicate that machine learning approaches can significantly enhance the accuracy and
timeliness of crime prediction, offering new insights for social security and crime prevention. Nevertheless, current
research still faces challenges in data sparsity, spatiotemporal correlation processing, regional partitioning rationality,
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model interpretability, prediction performance evaluation, as well as ethical and privacy protection issues.
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