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[ Abstract] In recent years, chronic diseases have developed rapidly and are becoming more and more harmful. Among them,
diabetes is a chronic disease with genetic characteristics, which is extremely harmful. Therefore, it has very important research
significance for diabetes prediction. With the continuous development of artificial intelligence technology, more and more machine
learning and deep learning methods have been used to predict disease occurrence. Therefore, this paper proposes a diabetes prediction
method based on ensemble learning. In this method, the ensemble learning method of stacking is adopted, three machine learning
methods including Support Vector Machine, Random Forest and Artificial Neural Network are used as the primary learner, and
logistic regression is used as the secondary learner to establish the diabetes prediction model. In this paper, pima Indian diabetes data
set in UCI is taken as experimental data. Through experimental analysis, the model fusion method proposed in this paper can achieve
better prediction effect.
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Tab. 1 Predictive variables in Pima Indian dataset
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Fig. 1 SVM optimal classification diagram
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Tab. 2 Comparison of accuracy of different models and other

prediction methods

HRL J ik HETRAS/ %
SVM 85.7
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Tab. 3 Comparison of evaluation indexes of different models and

other prediction methods %
TR accuracy precision recall F,
SVM 85.7 83 83 83
BEHLAR 88.3 86 89 87
ANN 86.4 82 83 81
il A2 92.2 88 89 88
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