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ABSTRACT

Introduction: Sudden cardiac death, often triggered by ventricular tachycardia and fibrillation, is a significant public 
health concern. Due to cardiotoxicity, a major issue in pharmaceutical research is drug-induced Torsades de Pointes 
(TdP). The O'Hara-Rudy dynamic (ORd) model, a popular in silico ventricular cell model, is used to assess TdP risk 
from drugs, but relying on a single in silico biomarker may inaccurately classify drug risk. This study aims to find 
the optimal paired features from the ORd model to improve predictions of torsadogenic drug effects. Materials and 
methods: Utilizing a dataset of 12 drugs (24,000 samples, 14 features), leading to 91 feature pairs, their performance 
was evaluated using ordinal logistic regression (OLR). Accuracy and the area under the curve (AUC) were used to 
assess the discriminative power of the identified feature pairs. Results: Catri and qInward were found to be the most 
influential in determining drug risk categories, indicating these features as the optimal pair. Achieving an accuracy of 
70% with excellent AUC values across risk categories, the pair demonstrates its efficacy in predicting torsadogenic 
risk.  Conclusion: This finding can enhance the management of torsadogenic drug adverse effects through better 
preventive and treatment strategies. By focusing on the combined effects of the optimal feature pair, researchers can 
improve drug safety assessments and reduce the incidence of TdP in clinical settings.
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INTRODUCTION

Sudden cardiac death poses a significant public health 
concern, primarily attributed to ventricular tachycardia 
(VT) and ventricular fibrillation (VF), resulting in an 
estimated 300,000 deaths annually in the United States 
alone (1). VT is strongly linked to coronary artery 
disease, affecting approximately 15% of patients with 
this condition. Long-QT syndrome, characterized by 
prolonged ventricular repolarization, contributes to VT, 
with Torsades de Pointes (TdP) emphasizing the severity 
of the condition (2,3). TdP is frequently induced by 
torsadogenic drugs, necessitating their withdrawal from 
the market. The issue of drug-induced TdP has become a 

major worry in this clinical setting, demanding a critical 
evaluation of pharmaceutical research and development 
initiatives. Cardiotoxicity is one of the main causes of 
drug termination during clinical trials due to its adverse 
effects (4,5). Concerning cardiotoxicity, a critical marker 
for events leading to sudden cardiac death, which 
also happens to be a persistent challenge in the drug 
developmental phase, is avoiding compounds that have 
a tendency to initiate TdP.

A new cardiac safety paradigm, known as the 
Comprehensive In Vitro Proarrhythmia Assay (CiPA), has 
the potential to improve drug research and development 
efforts as well as overcome the limitations of traditional 
assessment guidelines. It is based on an entirely 
novel set of nonclinical proarrhythmia evaluations, 
along with in silico predictive modeling of cellular 
electrophysiological effects (6). As part of the CiPA 
project, numerous researchers have proposed evaluation 
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methods and TdP metrics to assess the proarrhythmic 
risk of drugs through in silico simulations.

In an effort to assess drug-induced TdP risk, Li et al. 
(7) proposed a methodology categorizing the risk level 
into high and low by employing a logistic regression 
model. This approach involved modifying the O'Hara-
Rudy dynamic (ORd) ventricular cell model initially 
proposed by Dutta et al. (8), where human Ether-à-
go-go-Related Gene (hERG) dynamics were integrated 
to generate qNet (7,8). The ORd model was primarily 
chosen for its exceptional ability to accurately simulate 
various aspects of action potential duration, such as 
early afterdepolarizations (EADs), action potential (AP), 
and calcium transient alternans. The significance of 
the ORd model lies in its ability to precisely replicate 
EADs and alternans, which are crucial processes in 
arrhythmogenesis. Additionally, it accurately reproduces 
the ionic currents within the human body.

Previous investigations mostly relied on deriving a 
single feature that was deemed highly correlated 
with TdP risk and obtained favourable results through 
binary classification methods (10). Despite these 
advancements, the reliance on a single in silico feature 
for categorizing drugs into the three TdP risk levels 
was acknowledged as a limitation, as it may not fully 
encompass the diverse factors contributing to TdP risk 
(7). Single biomarkers may be unable to capture the 
complex relationship of several parameters of cardiac 
electrophysiology (9). When considering just one 
biomarker, the interdependencies and complicated 
connections between numerous biomarkers must be 
handled thoroughly. This shortcoming can lead to an 
inaccurate understanding of drug-induced TdP risk, 
which can result in inaccurate and invalid classifications 
(10). 

Moreover, current regulatory guidelines, including the 
S7B nonclinical evaluation and E14 clinical evaluation, 
primarily rely on two key biomarkers. These biomarkers 
are used to assess the risk of drug-induced TdP, which 
includes the blockage of the hERG channel and the 
prolongation of the QTc interval in humans (11). 
However, these biomarkers are considered unreliable 
indicators of TdP risk, as hERG channel blockage can be 
affected by interactions with other cardiac ion currents. 
Additionally, certain drugs, such as amiodarone, prolong 
the QTc interval but have a low risk of causing TdP. 
Following these guidelines requires complex testing, 
which increases sensitivity but reduces specificity in 
drug risk classification (6). Consequently, drugs that 
do not induce TdP may still face stringent regulations, 
market withdrawals, or halted development (12).

Therefore, this study aims to identify the optimal 
paired features derived from the ORd ventricular 
cell model to enable more accurate predictions and 

better management of torsadogenic drug-associated 
adverse effects. In particular, electrophysiological 
characteristics of the ORd Ventricular cell model, such 
as action potential duration, peak calcium influx, and 
repolarization dynamics, are paired and then trained 
using ordinal logistic regression (OLR) to enhance 
prediction accuracy for TdP risks.

MATERIALS AND METHODS 

Identifying optimal paired features involves data pre-
processing, paired feature selection, and performance 
evaluation, as shown in Figure 1.

Figure 1: Overall flow of in silico study protocol.

Dataset description
Data pertaining to the ORd ventricular cell model, 
sourced from the Computational Medicine Laboratory 
at Kumoh National Institute of Technology (KIT), South 
Korea, was collected. This study utilizes 12 drugs 
aligned with the CiPA paradigm, each comprising 
2000 samples, resulting in 24,000 data samples. The 
training dataset of 12 drugs was previously subdivided 
from CiPA by a team of clinical cardiologists and 
electrophysiologists. Following the data collection 
process, the training dataset is organized in a Microsoft 
Excel Comma-separated Values (CSV) file format. After 
selecting the best-paired feature, the model is trained 
with the 12 training drugs listed in Table I. The drugs 
have been classified into their respective risk categories, 
which are the high, intermediate, and low target classes.
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Data Preprocessing
Previous machine learning (ML) approaches have faced 
challenges primarily due to their classifications being 
either (a) directly applied to raw data without feature 
extraction, (b) performed on raw data without outlier 
removal, (c) lacking the addition of replacement values 
for missing data, or (d) involving the simplistic filling 
of missing values with the mean value (13). Therefore, 
several data preprocessing techniques are implemented 
to ensure the quality and integrity of the dataset. These 
include conducting exploratory data analysis (EDA), 
handling missing values, removing outliers, and data 
encoding.

As a foundational analytical approach, EDA is an 
essential preliminary step in any data analysis endeavour 
that unveils inherent patterns in data, identifying outliers 
and unexpected features. In pandas, the .info() and 
.describe() command functions were used to understand 
and analyze data effectively. The .info() function 
provides a concise summary of a DataFrame, including 

the number of non-null entries, data types of each 
column, and memory usage while .describe() function 
generates simple summary statistics for numerical 
columns, including measures such as count, mean, 
standard deviation, minimum, and various percentiles. 
This allows for a quick assessment of the distribution 
of the data. Based on the EDA, no missing values are 
present in the data; thus, handling missing values is 
unnecessary.

Outliers, characterized as objects deviating from typical 
data, can be a representative of critical information 
crucial for applications like fraud detection and network 
intrusion, impacting statistical conclusions derived from 
significance tests (14,15). One commonly employed 
method for outlier detection involves visualization 
techniques using a scatter plot to identify any abnormal 
behavior between two or more variables in a dataset. If 
the observation data point does not fit the pattern, it is 
considered an outlier. By setting a cut-off threshold, data 
points outside the threshold are removed.

Data encoding converts textual or categorical information 
into a numerical representation that algorithms can 
process. Since the majority of ML algorithms only work 
with numerical variables, this step is essential to allow 
the model to understand and extract useful data. In this 
instance, the label column has been encoded such that 
"low" is assigned a value of 0, "intermediate" a value of 
1, and "high" a value of 2.

Paired Feature Selection
The ORd ventricular cell model incorporates a 
comprehensive set of 14 features, encompassing crucial 
aspects such as dVm/dt_repol, Max_dVm/dt, Vm_Peak, 
Vm_Resting, APD90, APD50, APDtri, Ca_Peak, Ca_
Diastole, CaD50, CaD90, Catri, qNet, and qInward. 
Table II tabulates the features derived from the ORd 
ventricular cell model.

Table I: CiPA training drugs and their respective risk catego-
ries.

CiPA training drugs Risk categories

Bepridil

High
Dofetilide

Quinidine

Sotalol

Chlorpromazine

Intermediate
Cisapride

Ondansetron

Terfenadine

Diltiazem

Low
Mexiletine

Ranolazine

Verapamil

Table II: Features derived from the ORd ventricular cell model.

Features Descriptions

dVm/dt_repol The rate at which the membrane potential decreases during the repolarization phase of an action potential.

Max_dVm/dt The maximum rate of change of the membrane potential during the upstroke of the action potential.

Vm_Peak The peak membrane potential reached during the action potential.

Vm_Resting The resting membrane potential of the cell when it is not actively firing an action potential.

APD90 The duration from the start of the action potential to the point where the membrane potential has repolarized 
to 90% of its peak value.

APD50 The duration from the start of the action potential to the point where the membrane potential has repolarized 
to 50% of its peak value.

APDtri The triangulation of the action potential duration, often defined as the difference between the action potential 
duration at 90% repolarization (APD90) and the duration at 50% repolarization (APD50).

Ca_Peak The peak intracellular calcium concentration reached during a calcium transient

Ca_Diastole The baseline intracellular calcium concentration during diastole, when the cell is at rest

CaD50 The duration from the start of the calcium transient to the point where the calcium level has decreased to 
50% of its peak value

CaD90 The duration from the start of the calcium transient to the point where the calcium level has decreased to 
90% of its peak value
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is tailored to accommodate the unique considerations 
of using paired in silico features for predicting drug-
induced cardiotoxicity.

These 14 features derived from the ORd Ventricular cell 
model were paired to select the best-paired features, 
resulting in 91 possible pairs. Figure 2 illustrates the 
correlation map revealing the intricate relationships 
between these features. The first pair, for example, 
which consists of dVm/dt_repol (Feature 1) and Max_
dVm/dt (Feature 2), was trained using OLR to assess the 
risk of TdP. The training process was repeated for the 
subsequent 90 pairs.

Table II: Features derived from the ORd ventricular cell model. (CONT.)

Features Descriptions

Catri The triangulation of the calcium transient duration, defined as the difference between the duration at which 
the calcium transient has decayed to 90% of its peak value (CaD90) and the duration at which it has decayed 
to 50% of its peak value (CaD50).

qNet The amount of ionic charge crossing the six ionic channels which are INaL, ICaL, IKr, IKs, IK1and Ito

qInward The amount of ionic charge that moves inward through INaL and ICaL

Figure 2: 91 paired features of the ORD ventricular cell model.

Various supervised ML classification algorithms were 
examined to categorize torsadogenic drugs into three 
risk levels: high, intermediate, or low. Techniques 
such as Random Forest, XGBoost, k-Nearest Neighbors 
(KNN), and Convolutional Neural Networks (CNN) 
were evaluated for their respective strengths in handling 
non-linear relationships, ensemble learning, and pattern 
recognition. Additionally, Uncertainty Quantification 
(UQ) was applied to improve the robustness of the 
models by assessing variability in predictions. Among 
these methods, OLR emerged as the most suitable 
approach due to its ability to model ordered categorical 
outcomes effectively.

In logistic regression, establishing thresholds is crucial 
for assessing TdP risk categories associated with drugs. 
Two significant threshold values, denoted as Eq. (1) 
and Eq. (2), are identified through OLR models. These 
thresholds contribute to nuanced differentiation across 
three proarrhythmic risk levels, relying on paired in 
silico features. Mathematical analysis inspired by a 
study by Li et al. (7) delves into calculating classification 
thresholds from training data, initially focused on a single 
in silico feature. The adaptation of the sigmoid function 

P (risk≤Low) = 1

1+e - (I1
 -β1𝑥1 -β2𝑥2)

(1)

P (risk≤Intermediate) = 1

1+e - (I2
 -β1𝑥1 -β2𝑥2)

(2)

Performance Evaluation
The performance of the developed OLR model was 
evaluated based on accuracy and Area Under Curve 
(AUC). Accuracy is defined as the ratio of the total number 
of correctly calculated predictions, as depicted in Eq. 
(3). Meanwhile, Figure 3 illustrates the categorization of 
Receiver Operating Characteristics (ROC) curves based 
on AUC values, representing the overall performance 
of a classification model. The ROC curve provides a 
visual depiction of the trade-off between sensitivity 
and specificity at different threshold settings. Evaluating 
model performance through ROC curves and AUC 
values is crucial for assessing a model's performance.

Accuracy =
Number of correct predictions

Total number of predictions
x 100% (3)

Figure 3: Categorisation of ROC Curves based on AUC values 
(Trifonova et al., 2014).

RESULTS 

Evaluation of paired features
Table III highlights the best nine paired features out of 
the 91 pairs, based on accuracy greater than 60% and 
their respective AUC values. The top pair, Vm_resting, 
and Catri, achieved an accuracy of 73%, with AUC 
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values of 0.97 for low risk, 0.72 for intermediate risk, 
and 0.83 for high risk, indicating excellent test quality for 
low-risk cases and good to above-average performance 
for intermediate and high-risk cases. The second-best 
pair, Catri, and qInward, demonstrated an accuracy of 
70%, with AUC values of 0.94 for low risk, 0.74 for 
intermediate risk, and 0.90 for high risk, reflecting good 
to excellent test quality across all risk categories. These 
results suggest that the selected feature pairs are highly 
effective in distinguishing different drug risk categories. 
It can be observed that both pairs consistently achieved 

a training accuracy of 70% or higher, consisting of 
Catri. Catri is the distinct feature that presents in both 
pairs with the highest accuracy. Catri involves the 
calcium channels, the sodium-calcium exchanger, and 
intracellular calcium handling, which are crucial for 
cardiac rhythm. Disruptions in calcium homeostasis can 
prolong action potential duration and promote EADs, 
triggering TdP. Excessive intracellular calcium increases 
sodium-calcium exchanger activity, generating a 
depolarizing current that prolongs the QT interval and 
increases TdP risk (16,17).

Table III: Accuracy and AUC values of the best nine paired features.

No Feature 1 Feature 2 Accuracy
AUC score
(low-risk)

AUC score
(intermediate-risk)

AUC score
(high-risk)

1 Max dVm/dt qInward 0.66 0.92 0.69 0.90

2 Vm_Peak Catri 0.67 0.93 0.77 0.76

3 Vm_Peak qInward 0.67 0.95 0.73 0.91

4 Vm_Resting CaD90 0.64 0.84 0.74 0.90

5 Vm_Resting Catri 0.73 0.97 0.72 0.83

6 Vm_Resting qInward 0.69 0.90 0.77 0.91

7 CaD90 qInward 0.65 0.91 0.75 0.91

8 CaD50 qInward 0.60 0.90 0.70 0.87

9 Catri qInward 0.70 0.94 0.74 0.90

In comparison to single features
In the study conducted by Jeong et al. (18), 12 single 
in silico features were evaluated to determine their 
effectiveness in assessing drug-induced TdP risk. Among 
these features, qInward demonstrated the highest 
accuracy and consistently good AUC values across the 
three risk categories, indicating its strong predictive 
capability. Table IV presents the accuracy and AUC 
values for the 12 single features, highlighting the superior 
performance of qInward. Towards comparing paired 
features with single features, qInward is compared 

to a pair that includes qInward. In this case, the pair 
achieving the highest accuracy is chosen, which is Catri 
and qInward. Although the single qInward achieves a 
slightly 3% higher accuracy than the Catri and qInward 
pair, the pair displayed excellent AUC values of more 
than 0.9 for low-risk and high-risk. However, it is 
important to note that this is an indirect comparison. 
The results of the single features were obtained using 
the validation dataset, while the paired features were 
obtained using only the training dataset.

Table IV: Accuracy and AUC values of 12 single in silico features (adapted from Jeong et al. (2022).

No Feature 1 Accuracy AUC score (low-risk) AUC score (intermediate-risk) AUC score (high-risk)

1 dVm/dt_repol 0.68 0.67 0.53 0.75

2 Max_dVm/dt 0.59 0.58 0.52 0.58

3 Vm_Peak 0.64 0.56 0.56 0.62

4 APD90 0.68 0.68 0.57 0.75

5 APD50 0.69 0.68 0.59 0.75

6 APDtri 0.66 0.64 0.57 0.75

7 Ca_Peak 0.53 0.61 0.42 0.42

8 CaD50 0.54 0.44 0.50 0.62

9 CaD90 0.55 0.44 0.39 0.71

10 Catri 0.51 0.56 0.52 0.33

11 qNet 0.70 0.67 0.55 0.75

12 qInward 0.73 0.70 0.65 0.71

DISCUSSION

Optimal paired features
Based on the comparison, another prominent feature 
identified besides Catri was qInward. Analysis of the 
nine best pairs revealed that six pairs included qInward, 
achieving an accuracy of 60% or higher. This indicates 

that qInward, when paired with another significant 
feature, has a better tendency to predict TdP. The 
prominence of qInward in most pairs can be attributed 
to its demonstrated superiority in classifying TdP risk, 
as highlighted by Jeong et al. (18). This study examined 
qInward variability and found it to be more effective than 
other in silico features for this purpose. As stated in Table 

Mal J Med Health Sci 21(SUPP11): 95-101, Nov 2025



100

Malaysian Journal of Medicine and Health Sciences (eISSN 2636-9346)

based validation dataset.

This study advances drug safety assessment by offering a 
more precise and reliable approach to evaluating cardiac 
toxicity, particularly in addressing the risk of drug-
induced TdP. By integrating advanced computational 
methods, it enhances predictive accuracy, enabling 
better-informed decisions throughout the drug 
development and regulatory process. This approach 
not only supports safer drug approval and monitoring 
but also reduces the likelihood of late-stage failures 
or market withdrawals. Ultimately, it contributes to a 
paradigm shift toward more proactive and cost-effective 
cardiac safety evaluations, reinforcing patient safety and 
improving healthcare outcomes.
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