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Combination of Random Forest and SHAP for
heart disease prediction and feature analysis research

CHENG Zhiyuan, ZHANG Boliang, CAI Yuchen, MA Yusheng, SHAO Zeguo, LIU Qiaohong

( School of Medical Instrumentation, Shanghai University of Medicine and Health Sciences, Shanghai 201318, China)

Abstract. Heart disease is a common cardiovascular disease, which further poses threats to human health. Accurate prediction of
heart disease can foster the early detection and treatment of heart disease, and furthermore improve the life quality and longevity of
patients with heart disease. This study is based on the Cleveland heart disease dataset. In the research, on the basis of data
transformation and normalization of the raw data set, the processed data are trained as the input of random forest model. The
prediction results are compared with LR, KNN, decision tree and other machine learning models. The results show that the model is
superior to the comparison model in five performance evaluation indexes, such as accuracy, precision, recall, F1 — score and AUC.
Therefore, the SHAP model is introduced to enhance the interpretability of prediction model, and the main factors affecting heart
disease are identified by feature analysis, providing a reference basis for clinical decision making.
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Fig. 1 Flow chart of heart disease risk prediction and characteristic
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Tab. 1 Basic characteristics of the Cleveland heart disease data set

H5 FHEEME A S P X bEgnE il
1 age A%, 1~100 gl
2 sex P51, 1=male,0=female sl
3 cp WA 0=BALL B0, 1=9F  432Al

WARLOZUR , 2=30 080, 3=1%
HARER
4 trestbps # R L, 90 ~ 200 QIR
5 chol 1375 AR [ 5, 100 ~ 600 e A
6 restecg FECHE, 0=1ER, 1=84 4%
ST-T . 54,2 = R Estes #Y
i i 7 T AR B E A A2 0
UN
7 fbs 25 @ IMAE , > 120mg/dl ; 1 = true, ey
0=false
8 thalach KRB IR0 5,90~ 200 e A
9 exang BEERILLIR, 1 =yes, Gy
0=no
10 oldpeak X TR BB 5l e ST KB
{4,0~5
11 slope BE I ST BEMLRE, 1= up  4p2EHL
sloping . [0] [0}, 2 =flat F5F-,
3= down sloping., [f] T {54}
12 ca KIMAEEE,0~3 BE A
13 thal MR VEAIn, 1 =IE% 2= fEs  4rkm
W4, 3 =T i s
14 target FERETE, 1=yes,0=no e

30 e TSR Jo s 1) 4 R ANV BCHE R 1 43 AT, O
FRARAEAS FRRAIE I 8300 | 85 28 760 S B e 3 40
AR, T8 5 PO B R 37 AR X0 0 e
J IR BRI IR S 1o R I, R R AR 5
PERT 5 H BB Lo v i RO R R B o e 2
Ttk ARSI B0 s e 2 1 9 AR e
oA anE 2 frs, w2 AL, JAR B LR
K,



FEAbIC, 5. BABEVLERARS SHAP .0l B0 S HLARAE A i 58

count

2 RFPERDTEFBER

Fig. 2 Analysis of prevalence by age
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Fig. 3 Statistical distribution of univariate characteristics
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Fig. 4 Thermodynamic diagram of correlation between features
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Tab. 2 Meaning and value of random forest algorithm parameters
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Tab. 3 The predictive ability of different classification models for

positive samples
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Fig. 5 ROC curves for the four models
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Tab. 4 Comparison of time performance of each model
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Fig. 6 Confusion matrix of random forests
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Tab. 5 Comparison of accuracy of different methods
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Fig. 7 Sorts by features importance based on SHAP value
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