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Construction and Analysis of a Predictive Model for Alzheimer's Disease Based on BP Neural
Network and Behavioral Impairment
Shujuan Liu  Chidao Chen Zhonghao Huang
Qilu Medical University

[Abstract] Objective: To investigate the feasibility and performance analysis of combining behavioral
impairment features with a BP neural network for predicting Alzheimer's disease (AD), and to construct and
validate a corresponding predictive model. Methods: Based on data from the Alzheimer's Disease Neuroimaging
Initiative (ADNI) database, a total of 242 subjects were enrolled in this study, including 106 patients with
Alzheimer's disease (AD) and 136 cognitively normal (CN) controls. All subjects had complete behavioral
assessment scores and demographic information. The BP neural network was employed as the primary classifier,
and cross—validation was used for model training, hyperparameter tuning, and robustness evaluation.
Additionally, the SHAP method was applied to visualize the feature importance of the BP neural network model.
Results: The model demonstrated good classification performance, achieving an accuracy of 84.5%. SHAP
analysis revealed that apathy (NPIG) contributed the most to AD prediction and was the most important feature
in the model. Conclusion: The predictive model based on BP neural network and behavioral impairment
features can stably and accurately identify the risk of Alzheimer's disease, among which behavioral indicators
such as apathy, depression, and appetite/eating disorders hold significant predictive value.
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