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ABSTRACT Objective: To compare the effects of BP and RBF neural network for predicting Alzheimer's disease progression.
Methods: Gender, age, education level, presence versus absence of hypertension, hypercholesterolemia, heart disease, stroke, and family
dementia history were selected as input variables, the MMSE difference of five years follow-up was selected as the output variable for BP
and RBF Neural networks prediction models. Results: Compared with the BP neural network model, RBF neural network prediction
results was better and can effectively predict the progression of Alzheimer's disease. Conclusions: Neural network models transform the
Alzheimer's disease progression prediction into the nonlinear problem of follow-up data on relevant measurement index and MMSE
difference, which provides a new idea for the prediction of the complex Alzheimer's disease progression.
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Fig.1 Topology structure of BP neural network
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Fig.3 Comparison of BP neural network training fitting
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Fig.4 The predicted outputs and actual outputs
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