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Abstract: Aiming at the problem of low prediction accuracy of traditional machine learning algorithms
on Cleveland and Hungary dataset, we proposed a heart disease prediction method based on Bayesian
hyperparameter optimization gradient boosting trees. Firstly, the K-nearest neighbor algorithm was
used to fill in the missing values in the dataset, Min-Max standardization and One-Hot encoding were
used to process the data, and the gradient boosting tree algorithm was used to predict the heart
disease. Secondly, Bayesian optimization and ten-fold cross validation were used to search for the best
combination of hyperparameters of the algorithm. The experimental results show that the prediction
accuracy of the optimized gradient boosting tree algorithm can reach 90.2% on the Cleveland heart
disease dataset, and the prediction accuracy can reach 81. 4% on the Hungarian heart disease dataset,
outperforming traditional machine learning methods such as decision tree, support vector machine and
the K-nearest neighbor, it can assist doctors in the diagnosis of heart disease.
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Table 1 Feature information of heart disease dataset
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Fig. 1 One-Hot encoding deals with chest pain (cp) type features
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Table 2 Confusion matrix
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Fig. 2 Flow chart of model comparison of gradient boosting tree prediction algorithms based on optimization
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Table 3 Range of each parameter setting
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Table 4 Performance comparison of different prediction algorithms on Cleveland dataset

RIUKERTS T 2% R e % 1 [5]% AUC
DT 0.711 0.571 0.615 0. 69
KNN 0.803 0.778 0. 800 0. 85
SVM 0. 829 0. 806 0. 829 0.91
GBDT 0.803 0. 800 0.821 0.88
KNN-GBDT 0.902 0.933 0. 875 0. 94
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Table S Performance comparison of different prediction algorithms on Hungarian dataset

RS HRLES i HE R eIk AUC
DT 0. 689 0. 560 0.538 0. 65
KNN 0.811 0. 850 0. 607 0. 87
SVM 0. 743 0. 708 0. 586 0.76
GBDT 0.743 0. 647 0. 458 0.81
KNN-GBDT 0. 814 0. 750 0.714 0.92
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AT E S (E HAD . Min-Max Fr#EL . One-Hot Zi b X 80 4E g7 40 3, F-454 Bayes LAk f138 L8 E )7
TR e R S R A AT TR, KA ORI AL TR MERG R L A RR RS HER T AUC L 55 HLE#
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Fig.3 ROC curves of each algorithm Fig. 4 ROC curves of each algorithm
on Cleveland dataset on Hungarian dataset
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