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Abstract

Acute Coronary Syndrome (ACS) is a significant disease that threatens human health, and the rap-
id differential diagnosis technology for acute myocardial infarction still requires further research.
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This study involved clinical data from 813 patients at the Cardiovascular Hospital of Shanxi Medi-
cal University, described by 24 predictive variables related to demographic/comorbidity charac-
teristics and in-hospital complications. Using “Acute Myocardial Infarction (AMI) and Unstable
Angina (UA)” as binary classification variables as the target variables, an interpretable machine
learning (ML) model was established to identify significant related indicators to assist clinicians in
making rapid and effective identification of ACS patients. The performance of these seven ML models
was trained and evaluated, and the Xgboost, Adaboost, and Randomforest models that performed
better in the test set were fused into the best-performing interpretable Stacking ensemble model
(named: ACS-Stacking prediction model). The ACS ensemble prediction model achieved an AUC
value of 0.96562 in the test set and an accuracy rate of 89% under 10-fold Cross-Validation. This
model helps doctors quickly identify ACS patients in clinical diagnosis by combining model pre-
diction results, model visualization, and clinical experience.
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Figure 1. Pearson correlation heat map
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Figure 2. A line chart showing the ranking of the absolute weight coefficients of each feature variable under the Relief
algorithm
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Figure 3. Histogram showing the number of times each feature is selected in the genetic algorithm
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2.4, FERNEG SR

2.4.1. MR ER 5
AN FE R AL R N A IGAE[12] B R iR 7575, 8 sklearn F1 AT train_test_split #E47 %14, %
8 9:1 K43 ZRdE AR 4L o

24.2. B#BNES5ES
A HLIZE Xgboost, Adaboost, Randomforest, KNN, SVM, Naive_Bayes, Logistic LR #
IR, FRe R AE bk BB E A 4T i Xgboost, Adaboost, Randomforest fili 5 il Bl £E /1 Stacking
I (oA 44 2 ACS-Stacking T 2) , 1 10-fold [P A% 5 28 75 15 WL as 2 2 IR S B0 AT IL40[13]
7 Bl ML 23 A ALLL K ACS-Stacking FINNASE AL (1 i AR S HULE 1.

Table 1. Model hyperparameters
=1 REESHER

A WS

n_estimators = 22, max_depth = 6, alpha = 0.15, colsample_bytree = 0.9, subsample = 0.7,

Xgboost gamma = 0.6, eta=0.17
Adaboost DecisionTreeClassifier (max_depth = 9), n_estimators = 80, learning_rate = 0.83
Randomforest n_estimators =80, boots_trap = “true”, max_dgpt_h =7, max_feature_s =0.1,
min_samples_leaf = 1, min_samples_split = 2, random_state =0
KNN algorithm = “brute”, n_neighbors = 19, p = 1, weights = “distance”
SVM C =100, kernel = “rbf”, gamma = “scale”, degree = 1, probability = True
Naive_Bayes p
Logistic “C™:0.1, “penalty”: “I2”, “solver”: “newton-cg”

(Randomtree: n_estimators = 80, bootstrap = “true”, max_depth = 7, max_features = 0.1,
min_samples_leaf = 1, min_samples_split = 2, random_state = 0)
ACS-Stacking (AdaBoost: DecisionTreeClassifier (max_depth = 7), n_estimators = 80, learning_rate = 0.1)
(Xghoost: n_estimators = 80, max_depth = 6, alpha = 0.15, colsample_bytree = 0.9,
subsample = 0.7, gamma = 0.6, eta = 0.17)
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AW TR ] 10-fold B6AE 5 M 28 R THIAL(AUC). f1 2%, Jr R 45 iR =8 AN 7 [ 3R (Recall) . SR
FERVEAL 8 MR PERE

il 28 R T AL (AUC) R LS F- 2840 AR 1 4 F AR VR RE IO T M 7 HAb M BB FE bR, BLFE FL 0% 1Rl
R, HURE T3 SRR R . ABTAUN FL 2030, AR, BUR DL 10-fold-cv T T 1k
HRDUANEAR R AR T TH, VP4l T 7 Bl ML 43 28584 L)L J2 ACS-Stacking TR 7Y i i 25 S . MR A
FAVEMHRRR R RIS R 2, ROC HhZ I 4.

Kl 4(a) e A FE R NG 7 FhbLAS 2 2] 7 2B ) ROC HZE 1, 14 4(b)+& ACS-Stacking TRl 1)
ROC 4Kl nJLLEH, DL E 4 7 Pflass: 214> B AYE 2 ACS-Stacking T AL, Xf M
ROC 11 It J 7 28 R 8 2 B 4 147 o 6T BE 5 R B ACS-Stacking TR 7Y (it 25 SR A e FoAth 20 SRR RS B8 A0 55

Table 2. Model evaluation results
2. BN ERE

ik F1 /3% FEIES U A SAIE
Xgboost 0.887 90.0% 87.5% 0.87
Adaboost 0.903 90.0% 90.625% 0.86
Randomforest 0.889 94.0% 84.375% 0.88
KNN 0.816 82.0% 81.25% 0.82
SVM 0.832 82.0% 84.375% 0.87
Naive_Bayes 0.838 78.0% 90.625% 0.84
Logistic 0.825 78.0% 87.5% 0.87
ACS-Stacking 0.923 94.0% 90.625% 0.89

Receiver Operating Characteristic
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Figure 4. ROC curve of fusion model
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Figure 5. SHAP analysis results
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Figure 6. Model decision diagram
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