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Research on Construction of Parkinson’ s Disease Diagnosis

Model Based on Random Forest

WANG Xiao-ke, YAN Jun-feng *

(School of Information Science and Engineering, Hunan University of Chinese Medicine ,Changsha 410208 , China)

Abstract : In recent years, the diagnosis of Parkinson’ s disease based on the speech data of patients with Parkinson’ s disease has become
an effective disease diagnosis method. Firstly , we use the SVM SMOTE oversampling technique to solve the problem of unbalanced data
and noise samples in the speech data set,and use the SVM classifier to find the support vector and synthesize new samples on this basis to

achieve the purpose of the balanced data set. In order to reduce the data dimension and the difficulty of learning, we use the information

0 35

Key words:SVM SMOTE ; information gain;random forest;grid search ;cross—validation

=

gain feature selection to calculate the value of all feature attributes and divide the data set to obtain the information gain,and select eight
features as the optimal feature combination according to the size of the information gain. Finally,a random forest Parkinson’ s disease di-
agnosis model is constructed,and the parameters are optimized by the combination of grid search and cross—validation to further optimize

that of support vector machine , nearest neighbor algorithm,naive Bayes and decision trees.

the model, so as to further improve the accuracy of the diagnosis model. The experimental results show that the accuracy , sensitivity and
specificity of the optimized model are improved, which are 96.59% ,94.81% and 95.49% ,respectively ,and the accuracy is higher than
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