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Abstract

This study aims to explore machine learning-based cardiotoxicity prediction models, particularly
for predicting hERG cardiotoxicity. hERG cardiotoxicity is a critical safety issue in drug development,
as it can lead to QT interval prolongation syndrome and increase the risk of arrhythmia. Using ma-
chine learning methods, we predict the cardiotoxicity of compounds based on molecular fingerprint
features. The key findings of this study include the development of predictive models using logistic
regression, random forest, support vector machines, and neural networks, which accurately predict
hERG cardiotoxicity. This provides a novel data-driven approach for drug safety assessment. Re-
sults show that the RF model achieves the best predictive performance with an accuracy of 85%,
demonstrating its potential application in drug safety assessment. Additionally, the SVM and MLP
models also exhibit high accuracy, while the LR model has relatively poor generalization ability.
This study provides a data-driven method for predicting cardiotoxicity, contributing to improving
drug development safety and efficiency.
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Figure 1. Molecular fingerprinting method for encoding mo-
lecular structure information into binary vectors

B 1. 9 Fe8UE S TR BRI A ZHEFIRERN T E

2.3. IERNEFE SIS

AT EE T VUFhH AL 2% 27 2] Bk AT BRI 2R AT . 32 %5 [7] 9 (Logistic Regression, LR). [
WA #L(Random Forest, RF). 3 [r &EAHL(Support Vector Machine, SVM)F1% JZ %0 2% (Multi-Layer Percep-
tron, MLP) [16]-[18]. ixX4&AE A fil SRANSGUE AR A B4R LadhaT, DARAIR &S R mT Eb i [19] [20].
RNTBIEEE, KM T 5 #5387 AT B A5 [21] [22]. B AR AC B A PPAL W

BHEIH(LR): L2 EN{L, %:>]% 0.01;

FENLAR#R(RF): n_estimators = 200, max_depth = 15;

ZEFREENL(SVM): [ (RBF), C=1.0, gamma = 'scale’;

Z BRI (MLP): 3 JZ[08Z (256-128-64), RelLU M%K%, Adam fLfbgs.

SR : KA RS 2295(5 $758 XIRHIE), % SVM (1 C (0.1, 1, 10)F1 gamma (0.001, 0.01, 0.1),
PL A MLP [#)%% 2] %:(0.001, 0.0001).

PPAGTRAR: (RS EVPAL SRR R RE, 3 BER AR AL FEHE R 2 (Accuracy) . R 2 (Precision). 7 A
% (Recall)f1 F1 4 #((F1 Score).
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Table 1. Performance of different methods on the cardiotoxicity dataset, results are the means of 5-fold cross validation
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A AUC Accuracy Precision Recall F1 Score
B RA(LR) 82% 70% 75% 65% 70%
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Z JZ I 2 (MLP) 84% 7% 80% 79% 79%
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Figure 2. Comparison of MLP and SVM on the main performance metrics
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Figure 3. Radar plot comparison between MLP and SVM
on the main performance metrics
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