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Abstract: This article mainly introduced the application progress of machine learning in global mosquito and mosquito-
borne disease research, systematically searched domestic and foreign databases for literature research, briefly reviewed
the main methods of machine learning, and systematically summarized several major applications of machine learning in
mosquito and mosquito-borne disease research. It is mainly concentrated in the research fields of mosquito and mosquito-

borne disease prediction and early warning, mosquito image and sound recognition, and mosquito biology, providing a

new perspective for domestic mosquito and mosquito-borne disease prevention and control .
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