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Comparison of early diabetes risk prediction models
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[ Abstract] Diabetes is a relatively common chronic disease, and there is a long asymptomatic stage. This article mainly introduces
five classification algorithms in machine learning, which are Naive Bayes, Support Vector Machine, Logistic Regression, Decision
Tree, and Random Forest, an integrated classifier. On the Weka data mining platform, the diabetes data is mined and analyzed. The
effect of the classifier is analyzed according to the confusion matrix, Kappa coefficient, ROC curve, root mean square error and
relative absolute error, and the most suitable algorithm for diabetic disease prediction is achieved, which could provide ideas for the

current medical industry data mining.
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Tab. 1 Confusion matrix R2 HBEERR
B 1 B 51 Tab. 2 Accuracy index
52 1 HLIEW) TP PG FN ERES TP Rate FP Rate Precision Recall — F-Measure
052k e FP ER A TN Naive Bayes  0.871  0.120 0.878  0.871 0.872
SVM 0.942 0.055 0.944 0.942 0.943
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Logistics 0.923  0.084 0.923 0.923 0.923
J48 0.960 0.035 0.961 0.960 0.960
Random Forest 0.962 0.037 0.962  0.962 0.962
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Tab. 3 Classification result

Bk Accuracy Kappa ~ RMSE RAE ROC Area

Naive Bayes 0.871 0.734 0.318 0.315 0.946
SVM 0.942 0.879 0.240 0.122 0.944
Logistics 0.923 0.838 0.252 0.235 0.969
J48 0.960 0.916 0.198 0.116 0.966
Random Forest 0.975 0.919 0.196  0.081 0.998
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