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Prediction of blood glucose level based on model combining support vector machine and autore-

gressive integrated moving average
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Abstract: The continuous glucose monito ring system (CGMS) is used to collect the blood glucose level of diabetics. Effectively
predicting the blood glucose level is the premise for the treatment of diabetes. A prediction model combining support vector
machine (SVM) and autoregressive integrated moving average (ARIMA) was proposed in the paper to predict the blood glucose
level over a period of time. Multiple sets of clinical trial data were processed for verifying the effectiveness of proposed method
and comparing the results of ARIMA model, SVM model, neural network model. The experimental result showed the precision
of the propose method for predicting the blood glucose level increased significantly, covering the shortage of signal prediction
model and taking the advantage of two models.
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Fig.1 Glucose concentration of patient in 24 h
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Fig.2 Comparison of blood glucose level predicted by three methods
SVM: Support vector machine; ARIMA: Autoregressive integrated

moving average
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Fig.3 Comparison of predicting performance of different methods
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Fig.4 Precision of different methods for predicting blood glucose level
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