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Abstract: Cardiotoxicity assessment of all drugs has been performed according to the ICH guidelines since 2005.
Non-clinical evaluation S7B has focused on the hERG assay, which has a low specificity problem. The comprehensive
in vitro proarrhythmia assay (CiPA) project was initiated to correct this problem, which presented a model for clas-
sifying the Torsade de pointes (TdP)-induced risk of drugs as biomarkers calculated through an iz silico ventricular
model. In this study, we propose a TdP-induced risk group classifier of artificial neural network (ANN)-based. The
model was trained with 12 drugs and tested with 16 drugs. The ANN model was performed according to nine fea-
tures, seven features, five features as an individual ANN model input, and the model with the highest performance
was selected and compared with the classification performance of the gNet input logistic regression model. When
the five features model was used, the results were AUC 0.93 in the high-risk group, AUC 0.73 in the intermediate-
risk group, and 0.92 in the low-risk group. The model's performance using gNet was lower than the ANN model in
the high-risk group by 17.6% and in the low-risk group by 29.5%. This study was able to express performance in
the three risk groups, and it is a model that solved the problem of low specificity, which is the problem of hERG assay.

Keywords: Drug safety assessment, Drug cardiovascular toxicity assessment, Artificial neural network, Machine
learning, CiPA
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olo] 20054 oJokE 1A 23} 3] (The International
Council for Harmonisation, ICH)E &3 A|A|=]3ItH2,3].
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Fig. 1. The schematic diagram of the research process
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Table 1. A list of 28 drugs used for training and testing of artificial neural network models
Used / risk level High Intermediate Low
Quinidine Cisapride Verapamil
Trainin Sotalol Terfenadine Ranolazine
g Dofetilide Chlorpromazine Diltiazem
Bepridil Ondansetrom Mexiletine
Disopyramide Clarithromycin Metoprolol
Ibutilide Clozapine Nifedipine
Vandetanib Domperidone Nitrendipine
Testing Azimilide Droperidol Tamoxifen
Pimozide Loratadine
Risperidone

Astemizole
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APD90( )
S0 e de/dtma,O—{\{
) 3 ' O Intermediate can90(’} )
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7 2. ¥ A Fof W= ANN 2dll L% (a) 97l 924 #F(dVm/dtmax, APresting, APD90, APD50, Caresting, CaD90, CaD50,
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ANN 29, (¢) 57l 921X #(dVm/dtmax, APD90, CaD90, qNet, gInward)S A3 ANN =&
Fig. 2. ANN model structure according to input indicators (a) 9 input indicators (dVm/dtmax, APresting, APD90, APD50,
APD50, Careing, CaD90, CaD50, qNet, qInward), and (b) 7 input indicators (dVm/dtmax, APD90, APDD50, APD50, APD50,

APD50
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H 2. 9FE B4 B2 ANN 2 J9] Q%) 30 2 A5 H]ul. AUC; Area under the curve of ROC, 9 features (dVm/dtmax, APresting,
APD90, APD50, Caresting, CaD90, CaD50, gNet, qInward), 7 features (dVm/dtmax, APD90, APD50, CaD90, CaD50, qNet,
qlnward), 5 features (dVm/dtmax, APD90, CaD90, qNet, gInward)

Table 2. Comparison of performance according to input features of drug toxicity classification ANN models. AUC; Area
under the curve of ROC, 9 features (dVm/dtmax, APresting, APD90, APD50, Caresting, CaD90, CaD50, qNet, qInward), 7
features (dVm/dtmax, APD90, APD50, CaD90, CaD50, qNet, qIlnward), 5 features (dVm/dtmax, APD90, CaD90, qNet,

qlnward)
Number of ANN AUC of AUC of AUC of Specificit Sensitivit
input feature High Intermediate Low pechcity ensitivity

9 features 0.932(0.681-0.977) 0.722(0.629-0.833)
7 features 0.931(0.704-0.977) 0.759(0.685-0.833)
5 features 0.932(0.909-0.954) 0.722(0.667-0.778)

0.820(0.7-0.92)
0.880(0.78-0.96)

0.811(0.741-0.872)
0.828(0.764-0.865)
0.828(0.795-0.858)

0.830(0.748-0.881)
0.840(0.768-0.870)

0.920(0.879-1) 0.840(0.809-0.870)
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I ANN
1.04 [ Logistic regression
0.8+
0.6+
0.4+
0.2
0.0+
specificity ~ sensitivity high AUC  low AUC

T3 3. ListEol A AlAEE qNet Qg oz AMgel =2lg]7nd
O] B (8] 2 Aol A AAIRE 57 YA o] B A
% H]@ AUC; Area under the curve of ROC, ANN; Artificial
neural network as input 5 features, Logistic regression;
Logistic regression model using gNet as input

Fig. 3. Comparison of classification performance between
the logistic regression model using qNet presented in Li
group [8] and the model using five input indicators presented
in this study. AUC; Area the curve of ROC, ANN; Artificial
neural network as input 5 features, Logistic regression;
Logistic regression model using gNet as input
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