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Application of SMOTE Technique and Optimization Algorithm Support

Vector Machine in Predicting Adverse Outcome of Chronic Heart Failure
Li Xiaotong,Cheng Fan, Tian Jing, et al ( Department of Physiology, School of Basic Medicine, Shanxi Medical University ,
Taiyuan 030001)

[ Abstract] Objective Support vector machine( SVM) of optimization algorithm combined with SMOTE technique was
used to predict the adverse outcome of patients with chronic heart failure and improve the prediction performance of classification
model. Methods From January 2014 to December 2017, 1183 inpatients diagnosed with chronic heart failure in the cardiology
department of two Third—class hospitals in Shanxi Province were enrolled in this study. The medical records of the patients were
collected. Construct logistic regression( LR) and support vector machine model based on the original training set, and combine
SMOTE algorithm to construct LR, SVM, genetic algorithm support vector machine ( GA-SVM ) and particle swarm support
vector machine ( PSO-SVM ). The classification performance of each model was comprehensively evaluated by sensitivity
(SEN) , accuracy( ACC) , specificity( SPE) , G-means, F-measure, area under receiver operating characteristic curve ( AUC)
and other indicators. Results Compared with classifying the original data directly, SMOTE technique was applied to equalize
the data set, and the model performance was significantly improved. The results of equalization training set to construct LR,
SVM, GA-SVM and PSO-SVM models show that GA-SVM and PSO-SVM are lower than LR in SPE and ACC indicators, and
SEN, G-means, F-measure and AUC are better than LR. The comprehensive effect of GA-SVM and PSO-SVM is significantly
higher than that of SVM ( SEN, G-means and F-measure are better than SVM ). Conclusion The GA-SVM or PSO-SVM
model based on the equalization dataset can improve the prediction performance of SVM for the prognosis of heart failure.

[ Key words] SMOTE; Support vector machine; Genetic algorithm optimization; Particle swarm optimization; Chronic
heart failure
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