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Abstract

This paper constructs a risk prediction model for coronary heart disease (CHD) using machine
learning methods based on the UCI Cleveland Heart Disease dataset. After data preprocessing, five
classification models—Logistic Regression, Support Vector Machine, Random Forest, XGBoost, and
LightGBM—were established. Their performances were compared using cross-validation, multi-
metric evaluation, and reliability analysis. Meanwhile, the SHAP (SHapley Additive exPlanations)
method was applied to interpret the optimal model and to analyze the influence of key clinical fea-
tures on prediction outcomes. Experimental results show that all five models exhibit good risk dis-
crimination ability, with the Logistic Regression model achieving the best overall performance, at-
taining a test-set ROC-AUC of 0.9436. Bootstrap resampling, calibration curve, and decision curve
analyses indicate that the model has satisfactory stability and clinical utility. SHAP analysis further
reveals that age, maximum heart rate, exercise-induced angina, and ST-segment depression are
among the most influential factors in model predictions. The proposed approach, combining ma-
chine learning with interpretable analysis, can effectively predict CHD risk and enhance the trans-
parency of model outputs, thereby providing a reference for clinical decision support.
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Table 1. Hyperparameter search ranges and optimal parameters for each model

=1 SRABSERRTESHMESH

A RS (FIEME) wSH
g EAEIE| C: 0.01/0.1/1/10 c=01
SVM (RBF) C: 0.1/1/10/100; y: scale/0.01/0.1 C=1.0; y=0.01

n_estimators: 100/200/300; max_depth:

H = . = . i it=
BEBLARH None/5/10; min_samples_split: 2/5 n=100; depth =None; min_split =5
n_estimators: 100/200; max_depth: 3/5/7; _ _ _ _
XGBoost learning_rate: 0.05/0.1; subsample: 0.8/1.0 n=100; depth=5; Ir=0.05; sub=0.8
LightGBM n_estimators: 100/200; num_leaves: 15/31/63; n=100: leaves=15: Ir=0.1

learning_rate: 0.05/0.1
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[ml 25 & M R A, ROC-AUC il PR-AUC 73 7liA %] 0.9436 F1 0.9429, #Effi %y 0.8681, F1 A 0.8571;
YRF LS BT, 7EMERRR(0.8791)F1 F1 1E(0.8675) /7 il i T2 # R . FEHLARA . XGBoost
A1 LightGBM ] ROC-AUC 43 %1l 0.9339. 0.9096 F 0.9052.
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Table 2. Performance comparison of different models on the test set
2. TEMEREMNKE ERYMRELLER

it Accuracy Precision Recall F1 ROC-AUC PR-AUC
bz AEIE| 0.8891 0.8871 0.8571 0.8721 0.9052 0.9035
SVM (RBF) 0.8791 0.8780 0.8571 0.8675 0.9427 0.9425
FEHLARAR 0.8242 0.7826 0.8571 0.8182 0.9339 0.9313
XGBoost 0.8242 0.8250 0.7857 0.8049 0.9096 0.9077
LightGBM 0.7912 0.7805 0.7619 0.7711 0.9052 0.9035

Table 3. 5-fold cross-validation ROC-AUC for the five models
< 3. IMHRE 5 3z X IE ROC-AUC

LAY HfH prifEE
BaHLAR K 0.9067 0.0232
g A mYE 0.9030 0.0301

SVM (RBF) 0.8968 0.0276

XGBoost 0.8930 0.0369

LightGBM 0.8885 0.0377
Confusion Matrix — Logistic Regression

T

True Label

B

T FR IR
Predicted Label

Figure 1. Confusion matrix of the optimal model (Logistic Regression)
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5.2. ROC-AUC S5iRBI AT FEM4 4T

ROC-AUC 45 KB, B[R BRI /e MR A b HUAS e 10 A BB (AUC = 0.9436), SR ) AR IL
HE(AUC = 0.9427), TiBEHLGA. XGBoost il LightGBM B& . %45 5068, JET 13 Tl PRASAT 22 57
(RIS 7R 28] FA B (0 SR A RE o 5 A B IR A B, B AR RIS AR /INRE AR S5 1 T R B B A7
P, WRe SRR IEL AR .

Bootstrap HRAE /T — B UG IE T BRI MERE R AT SR . i 2 K BEALE RAR T ROC-AUC B 5 X
], T DA FA A B A ) 40 R IR SR M, 435 B30 W 3 8 [ ) A EL A A 1) TR

FEASS TR IR AN P S AR 5 T, A f 2% S5 7 O X 5 5 B 45 SR LA e — 850, Brier 23 %t
— 3 I ISR N S TN () T SRR R 5 w5 i 2R MR B, A AT — s IR R S R P e s IR AT A 3
LA 1 0 e L9 IR DP-Aly 10 2 FH 75 7 (B 2~41) 6
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Figure 2. ROC curves of the five models
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Figure 3. Calibration curve of the optimal model
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Decision Curve Analysis
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Figure 4. Decision curve analysis (DCA) of the optimal model

B 4. BRERRERZ(DCA)
5.3. FHEEEM DT
FETPI4ant SHAP (ETHEAS 2 FREE 2P EHE T Qi 4 FE] 5 o, SRR, S2ma Ay Fii )

s B2

T BRAE AR A B BL(0.4523) b 7E 11.(0.4226) . 2 I 45 KB (0.4078) 4 51)(0.3134) Fl fix Kt
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Table 4. Feature importance ranking based on SHAP values

< 4. BT SHAP ERVFEEEMHIF

H4 HFAE “F1Y|ISHAP H4 FAE “F1Y|ISHAP

1 cp (HajmsAY) 0.4523 8 slope (ST BtA#L%) 0.1788
2 thal (Hh =37 IfiL) 0.4226 9 restecq (i S0 HLE]) 0.1352
3 ca (EE M EH ) 0.4078 10 age (FFi) 0.1129
4 sex (TE51) 0.3134 11 trestbps (i 2 1f1J%) 0.0847
5 thalach (K00 %) 0.2770 12 chol (fIH [ i) 0.0512
6 exang (230> J) 0.2137 13 fos (7= fE 1LHE) 0.0397
7 oldpeak (ST Bt %) 0.2043

5.4. SHAP AT R4 4T

6 J7R T SHAP Summary ] &R XA R N 25 R A2 7 ). S5 3007, R, i
EHCRE L W BT fe R0 DA S ) AR I RS At R R e, RS T U T e
TR RS T ok SR A B B BRI LA thal BUEE R, b JN XS BAT IE R R2m ;- Bk
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OFRRBUN SR TR, RV A 5 0 N B e (R U I s SRR A (sex = 1) B4 S I IE 17 Dk

SHAP Feature Importance (Logistic Regression)

ca | 0.-4078
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mean |SHAP value|

Figure 5. SHAP feature importance ranking
5. SHAP #HEEZE M1 HEF
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SHAP Summary Plot (Logistic Regression)
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Figure 6. SHAP summary plot for the optimal model
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Figure 7. SHAP dependence plot for chest pain type (cp)
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Figure 8. SHAP dependence plot for maximum heart rate (thalach)
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