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[ Abstract]  Objective

To understand the trajectory and classification of adult body mass index ( BMI) in Jiangsu

Province. Methods Based on China Health and Nutrition Survey, this study used the linear mixed model tree to explore the

trajectory and classification of BMI of people aged 18—-65 in Jiangsu Province. Results The linear mixed model tree had 13

nodes and the depth was 6. The classification nodes were baseline BMI, average calorie intake and baseline age. Conclusion

The linear mixed model tree can identify the trajectory of BMI and expand the research method of longitudinal data.
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