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Abstract: Type 2 diabetes mellitus (T2DM) is characterized by long duration of disease and latent onset. Risk predic-
tion models have shown potential for f early diagnosis and early treatment of diseases and formulation of targeted inter-
ventions. There is an increase in researches on risk prediction models for T2DM during the recent years, which pro-
vides the basis for precision tertiary prevention of T2DM; however, most studies suffer from problems of small sample
size, complicated variables and difficulty in extensive applications. This review summarizes the risk prediction models
for T2DM based on economic and easily available routine physical examination indicators, so as to provide insights into
further studies on easy—to—perform and —popularize risk prediction models for T2DM.
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