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A Data-Driven Intelligent Diagnostic Model for Alzheimer’s Disease *
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Abstract: How to use sensors to collect signals to improve the accuracy of Alzheimer’s disease diagnosis is a key issue in the field of
computational psychiatry. Therefore,a data-driven intelligent diagnosis model is proposed for Alzheimer’s disease. Firstly,feature extrac-
tion is performed on the signals obtained by sensors through ANOVA. Then,a decision tree model is constructed to diagnose diseases
based on brain structural features and cognitive behavioral features. Finally, the effectiveness of the proposed algorithm is verified by
using experimental data. The results show that in the three classification tasks, the proposed algorithm achieves an accuracy rate of
99.62% ,a precision of 99.62% ,a recall rate of 99.62% ,an F1 score of 0.996 2,and an AUC indicator of 0.999 1. In the five classifica-
tion task ,the proposed algorithm has a cross validation accuracy of 99.40% ,a precision of 99.40% ,a recall rate of 99.40% ,an F1 score
of 0.993 9,and an AUC indicator of 0.999 7. Compared with other classic methods,the proposed algorithm has obvious advantages.
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