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ORIGINAL ARTICLE

Action Potential Morphology Accurately Predicts 
Proarrhythmic Risk for Drugs With Potential to 
Prolong Cardiac Repolarization
William Lee , BSc, MBBS(Hons), PhD, DRCPSC*; Ben Ng, BSc(Med), PhD*; Melissa M. Mangala , BSc(Hons), PhD;  
Matthew D. Perry, BSc(Hons), PhD; Rajesh N. Subbiah, MBBS, PhD; Jamie I. Vandenberg , BSc(Med), MBBS, PhD;  
Adam P. Hill , BSc(Hons), PhD

BACKGROUND: Drug-induced or acquired long QT syndrome occurs as a result of the unintended disruption of cardiac 
repolarization due to drugs that block cardiac ion channels. These side effects have been responsible for the withdrawal of 
a range of drugs from market and are a common reason for termination of the development of new drugs in the preclinical 
stage. Existing approaches to risk prediction are expensive and overly sensitive meaning that recently there have been 
renewed efforts, largely driven by the comprehensive proarrhythmic assay initiative, to develop more accurate methods for 
allocation of proarrhythmic risk.

METHODS: In this study, we aimed to quantify changes in the morphology of the repolarization phase of the cardiac action 
potential as an indicator of proarrhythmia, supposing that these shape changes might precede the emergence of ectopic 
depolarizations that trigger arrhythmia. To do this, we describe a new method of quantifying action potential morphology 
by measuring the radius of curvature of the repolarization phase both in simulated action potentials, as well as in action 
potentials measured from induced pluripotent stem cell-derived cardiomyocytes. Features derived from the curvature signal 
were used as inputs for logistic regressions to predict proarrhythmic risk.

RESULTS: Optimal risk classifiers based on morphology were able to correctly classify risk to drugs in the comprehensive 
proarrhythmic assay initiative panels with very high accuracy (0.9375) and outperformed conventional metrics based on 
action potential duration at 90% repolarization, triangulation, and charge movement (qNet).

CONCLUSIONS: Analysis of action potential morphology in response to proarrhythmic drugs improves prediction of torsadogenic 
risk. Furthermore, morphology metrics can be measured directly from the action potential, potentially eliminating the burden 
of undertaking complex screens of potency and drug-binding kinetics against multiple cardiac ion channels. As such, this 
method has the potential to improve and streamline regulatory assessment of proarrhythmia in preclinical drug development.

GRAPHIC ABSTRACT: A graphic abstract is available for this article.
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Drug-induced or acquired long QT syndrome (aLQTS) 
is a potentially lethal condition associated with 
delayed repolarization of the cardiac myocyte, QT 

prolongation on the surface ECG and syncope or sudden 
cardiac death due to the arrhythmia Torsade de Pointes.1 

This proarrhythmic side effect of cardiac ion channel 
inhibition has resulted in the withdrawal of a range of 
drugs from the market over the past 30 years.2 In prac-
tice, most drugs that cause acquired long QT syndrome 
do so primarily through block of the Kv11.1 potassium 
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channel (also known as human ether-a-go-go-related 
gene [hERG]).3 Consequently, guidelines for preclinical 
safety screening of new drugs, described in the ICH S7B 
documents, have focused on drug potency against Kv11. 
1 and action potential prolongation as surrogates for Tor-
sade de Pointes risk.4,5 However, it is now accepted that 
while a hERG-centric screening is highly sensitive, it is 
not sufficiently specific, resulting in potentially inappro-
priate allocation of Torsade de Pointes risk and attrition 
of potential useful new therapeutic agents during early 
development.6,7

One aspect of cardiomyocyte electrophysiology that 
is now appreciated to be important in developing a more 
nuanced understanding of proarrhythmic risk for Kv11.1 
blocking drugs is that multiple ionic channels contribute 
to cardiac repolarization—the so-called repolarization 

reserve.8 Drugs with potency against multiple cardiac ion 
channels can either reduce or increase the repolariza-
tion reserve to modify the level of risk associated with 
Kv11.1 block9–11 This concept of multichannel pharma-
cology has been central to recent efforts by the compre-
hensive in vitro proarrhythmia assay (CiPA) investigators 
to develop a more accurate risk stratification workflow 
based around in silico simulations of the action poten-
tial, informed by in vitro screens of multichannel phar-
macology.12–14 These studies proposed a comprehensive 
measure of potency against 6 cardiac ion channel cur-
rents (the fast sodium current (INa/Nav1.5), late sodium 
current (INa,Late/toxin-modified Nav1.5), L-type calcium 
current (ICa,L/Cav1.2), Transient outward potassium cur-
rent (Ito/Kv4.3+KChIP2), the inward rectifier potassium 
current (IK1/Kir2.1), the slow delayed rectifier current 
(IKs/KCNQ1 + KCNE1), and the rapid delayed rectifier 
current (IKr/Kv11.1) IKr)

13–16 These simulations were then 
used to derive the “qNet” metric, calculated as the net 
charge movement across the cardiomyocyte over the 
duration of the action potential13 that was able to pre-
dict Torsade de Pointes risk more accurately than con-
ventional metrics such as action potential or calcium 
transient durations.13 Furthermore, the inclusion in the in 
silico models of a description of the kinetics of drug bind-
ing to hERG, rather than just potency of block, improved 
categorization of drugs according to their risk classes.14

Following this, other studies have explored alternative 
metrics which also take account of multichannel block. 
Lancaster and Sobie17 found that the inclusion of param-
eters related to calcium transients, in addition to action 
potential measures, improved risk prediction while Iseppe 
et al18 similarly demonstrated the importance of metrics 
related to calcium handling, particularly in the case of 
female sex-specific classifiers. Other studies have also 
explored derivatives of qNet, either alone, or in combina-
tion with other measures as predictors of risk.19,20 How-
ever, a potential limitation of metrics such as qNet, is that 
they cannot be directly measured in vitro—since deriva-
tion depends on simulations of each of the individual 
ionic currents that contribute to the action potential to 
calculate charge movement. As an alternative, we set out 
to identify novel metrics for risk prediction that could be 
directly measured from the voltage waveform. To achieve 
this, we focussed on the morphology of the repolarization 
phase of the action potential since (1) simple measures 
of morphology, such as triangulation21 have previously 
been shown to be associated with proarrhythmic risk; (2) 
the shape of the action potential in response to a drug is 
a manifestation of the block of multiple ionic channels, so 
providing a window into multichannel pharmacology (Fig-
ure 1A); (3) subtle changes in action potential morphol-
ogy during repolarization may precede the emergence of 
ectopic membrane depolarizations, so are mechanistically 
linked to proarrhythmia (Figure 1B); and (4) the shape of 
the action potential is driven by the charge movement 

WHAT IS KNOWN?
	•	 Regulatory guidelines around screening for 

proarrhythmic risk in preclinical drug develop-
ment conventionally focus on activity against the 
hERG potassium channel and prolongation of 
repolarization.

	•	 These metrics are now thought to be poor surro-
gates for risk that result in overly sensitive assays.

	•	 Recent efforts have focused on identifying new 
metrics, more mechanistically linked to proarrhyth-
mia, to allow more accurate risk classification.

WHAT THE STUDY ADDS
	•	 The application of curvature analysis as a novel 

approach to measuring shape changes in the repo-
larization phase of the cardiac action potential that 
occur as precursors to early after depolarizations 
and arrhythmia.

	•	 Metrics derived from curvature can categorize pro-
arrhythmic risk of drugs with very high accuracy.

	•	 The method can be applied to both in silico data, 
and to action potentials acquired from cardiomyo-
cytes in vitro, so represents a flexible analysis that 
has significant potential as a new approach to the 
assessment of proarrhythmic risk in preclinical drug 
development.

Nonstandard Abbreviations and Acronyms

aLQTS	 acquired long QT syndrome
APD90	� action potential duration at 90% 

repolarization
CiPA	� comprehensive in vitro proarrhythmia 

assay
EAD	 early after depolarization
Herg	 human ether-a-go-go related gene
iPSC	 induced pluripotent stem cell
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across the membrane, meaning changes in morphology 
potentially reflect the same cellular processes measured 
by qNet that have proved effective in risk allocation. To 
quantify changes in action potential morphology, we 
analyzed the radius of curvature of the repolarization 
phase. Radius of curvature is a method from differential 
geometry, in which the radius of a circular arc, which best 
approximates the waveform at each point is measured. A 
similar approach has previously been applied to electro-
cardiograms, particularly in relation to identification of T 
wave notching.22,23 However, to our knowledge, this is the 
first application to cellular action potentials.

Using the CiPA panel of 28 drugs, we show that a clas-
sifier based on metrics from the radius of curvature signal 
can more accurately classify proarrhythmic drug risk com-
pared with existing metrics including action potential dura-
tion at 90% repolarization (APD90), triangulation and qNet. 
Furthermore, we demonstrate very high classification accu-
racy, even in the absence of any description of drug-binding 
kinetics in action potential simulations. The benefits of this 
new approach include more accurate risk classification, a 
reduction in workload associated with the acquisition of 
complex datasets required to constrain drug-binding kinet-
ics, and the future potential for direct application to action 
potential waveforms measured in vitro—thereby abolishing 
the need for screens of potency against multiple ion chan-
nels. Together these advances will help accelerate the pro-
cess of drug development and preclinical safety screening 
and reduce the costs associated with these assays.

METHODS
In Silico Modelling
Action potentials were simulated in Matlab (Mathworks, MA) 
using the CiPAORdv1.012,16 adaptation of the O’Hara- Rudy 
model of the ventricular action potential.24 All data used in the 

study (simulated action potentials and associated R-signals) 
are available in Table S1.

Calculation of the Inverse Signed Radius of 
Curvature signal
To quantify the action potential morphology we used the inverse 
signed radius of curvature (R) signal25:

R = v′′

(1+ v ′2)
3
2

�Equation 1

where v’ is the first derivative dvdt  and v’’ is the second deriva-

tive d
2v

dt2  of v (where v is membrane potential and t is time).

Features for Classification
For each action potential waveform, 8 timepoints were iden-
tified based on the degree of repolarization (APPeak, APD15, 
APD30, APD45, APD60, AP75, APD90, and APDend). Based on 
these timepoints, the repolarization phase was divided into a 
total of 28 different timespans and for each timespan, the dura-
tion of the interval, as well as the area under the R signal (ΣR), 
were measured from action potentials at both 1 and 0.5 Hz, 
giving a total of 112 features.

Drug Risk Classification
Risk labels for individual drugs were those assigned by the CiPA 
clinical translation subgroup,15 based on published data,26–28 
publicly available data repositories (Credible Meds, FAERS), 
and FDA labeling. For classification of risk (low, intermediate, 
and high), multinomial logistic regression was implemented 
using scikit-learn in Python.29 Model training was done using 
data from the twelve drugs in the predetermined training panel, 
with strict separation from the test panel, before model perfor-
mance was evaluated on the predetermined test panel. This 
approach to model assessment is consistent with best practice 
guidelines30 and other publications using this dataset16 and will 
also facilitate direct comparison of measures of accuracy with 
other studies using this study design. Classification error for 
each metric was calculated as the mean (across 16 test drugs) 

Figure 1. Drug-induced changes to 
action potential morphology precede 
emergence of arrhythmia.
A, Schematic showing AP prolongation 
and morphological changes in response 
to pure IKr block (red) or mixed ion 
channel block (IKr, ICaL, INaL; Blue). B, 
Action potentials simulated in response 
to increasing IKr block showing changes 
in waveform morphology (red highlight) 
preceding emergence of ectopic activity 
(asterisk).
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of the absolute error (difference between predicted and known 
risk categories), where low risk=1, intermediate risk=2, and 
high risk=3.

iPSC Culture and Maintenance
Human-induced pluripotent stem cells (iPSC) from healthy 
patients were obtained from the Stanford University Cardiovascular 
Institute Biobank. Human-induced pluripotent stem cells were 
maintained and differentiated as previously described.31

Kinetic Imaging Cytometry
Optical action potentials were acquired using voltage-sensitive 
BeRST dye,32 a gift from Dr Evan Miller, UC Berkeley, CA using 
an IC200 kinetic imaging cytometer (Vala Sciences, San Diego, 
CA). Before the generation of R-signals, optical action poten-
tials were normalized to peak membrane voltage and the repo-
larization phase fitted using a polynomial function to account 
for noise.

Ethical Approval and Informed Consent
This project does not include any interaction or intervention 
with human subjects or include any access to identifiable pri-
vate information. As a result, it does not require IRB review

RESULTS
Using Curvature to Quantify Changes in Action 
Potential Morphology
To measure changes in action potential morphology, 
the inverse signed radius of curvature (R; see methods) 
was calculated from the repolarization phase of the volt-
age waveform. At each point, the R signal describes the 
instantaneous radius length of a theoretical circle which 
forms a tangent at any given point P along a curve (Fig-
ure 2A). A greater rate of change in curvature (tighter 
curve) will result in a large R signal. Conversely a lower 
rate of change in curvature (shallower curve) will result 
in a smaller R signal. Concave-up curves result in a posi-
tive R value and concave-down curves result in a nega-
tive R value. An example of the R signal derived from a 
simulated cardiac action potential is shown in Figure 2B 
where an increasing rate of repolarization results in a 
negative R signal, and a slowing rate of repolarization 
or a shift from repolarization to depolarization results in 
a positive R signal. To quantify the shape of the action 
potential over discrete time periods of repolarization, the 
area under the R signal was calculated (∑R). For exam-
ple, in Figure 2B, the area under the R-signal from APD30 
to APD60 (∑R30-60) is shaded in red/blue.

Relationship Between IKr Block and Action 
Potential Morphology
First, we examined how parameters extracted from the 
R-signal changed in response to block of IKr (Figure 3). Action 

potential waveforms (Figure 3Ai), IKr current (Figure 3Aii) 
and associated R-signals (Figure  3Aiii) corresponding to 
0%, 50%, and 90% reduction in IKr conductance are shown 
in Figure 3A. For simplicity, only 3 consecutive timespans 
are highlighted (APDpeak to APD30 [orange], APD30 to APD60 
[cyan] and APD60 to APD90 [pink]) with the area under the 
curve (∑R) and the duration of each timespan shown in 
Aiv and Av, respectively. A summary for the relationship 
between these measures and IKr block between 0% and 
90% is shown in Figure 3B. Importantly, each parameter 
has different dependence on the degree of IKr block. For 
example, the ∑R for APDpeak to APD30, APD30 to APD60, 
and APD60 to APD90 increase, change sign, and decrease 
respectively with greater IKr block.

Relationship Between Changes in Action 
Potential Morphology and Risk
Next, we investigated whether drug-induced changes 
in action potential morphology, measured using radius 
of curvature, reflect torsadogenic risk. Action potential 
waveforms (Figure 4A), R-signals (Figure 4B), ΣR (Fig-
ure 4C), and timespan duration (Figure 4D) for a 3-fold 
Cmax dose of typical drugs from the low, intermediate, and 
high-risk categories of the CiPA training set are shown 
for the same 3 exemplar timespans illustrated in Fig-
ure 3 (action potentials and derived curvature signals for 
all training and testing drugs are presented in Figures 
S1 and S2). In this case, the multichannel pharmacol-
ogy of each drug was incorporated using previously pub-
lished potencies10 as well as descriptions of the kinetics 
of drug binding to hERG.16,33 Importantly, subtle changes 
in the shape of the repolarization phase that are diffi-
cult to detect and measure on the voltage waveform are 
clearly reflected in the R signal. For example, the slowing 
of repolarization that occurs between APD30 and APD60 
in the presence of bepridil results in a clear positive peak 
in the R signal in this timespan, which is not present for 
other risk classes. Overall, comparison of the ΣR for each 
risk category (Figure 4C) shows a distinct pattern asso-
ciated with each risk category. We therefore examined 
whether metrics derived from the R signal could be used 
to build a classifier for assignment of drug risk.

Risk Classification Using Morphology-Based 
Metrics
To develop a risk classifier based on morphology, we con-
sidered a broad range of measures extracted from the 
R signal at both 1 and 0.5 Hz (see methods, Table S2). 
Overall, the best performing classifier included descrip-
tions of drug-binding kinetics in the cell model, and com-
bined 3 parameters: (1) the duration of the timespan from 
APD15 to APD30 at 1 Hz; (2) ΣR from APD15 to APD90 at 
1 Hz; and (3) the duration of the timespan from APDPeak 
to APD90 at 0.5 Hz (Figure 5A). The distributions of each 
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of these parameters for the test (red) and training (blue) 
drug panels are shown in Figure 5B (Figure S3). If kinet-
ics of drug binding to hERG were not included in the 
model (ie, hERG block was described as simple reduc-
tion in conductance) the optimum combination included 
just two parameters: ΣR from APD15 to APD60 at 1 Hz 
and ΣR from APD30 to APD90 at 0.5 Hz (Figure S4).

Both morphology-based classifiers (with and with-
out kinetics of drug binding to hERG) performed better 
than existing metrics including qNet,13 triangulation,21 and 
APD90

34 in 3-way classification of the test set of drugs. 
The confusion matrices in Figure 6A show that for the 
morphology+kinetics metric, only a single high-risk drug 
(disopyramide) was misclassified as intermediate risk 
(Figure  6Ai). The same drug was also misclassified by 
Qnet, APD90 and triangulation, although in these cases 
it was classified as low risk (Figure 6Aiii through 6Av). 
For intermediate risk drugs, both morphology metrics, as 
well as qNet classified every drug correctly, while APD90 
and triangulation misclassified 5/7 and 6/7 incorrectly, 
respectively. Finally, for low-risk drugs, the morphology 
metrics again classified every drug correctly while qNet, 
APD90 and triangulation misclassified 3/5, 1/5, and 1/5, 
respectively. Previous studies have also demonstrated the 
utility of sex-specific classifiers, as well as the requirement 
for different features in female versus male classifiers.18 

We therefore also repeated our analysis to identify the 
best combination of parameters for classification of risk 
based on simulations of female ventricular cell electro-
physiology. In this case, the best classifier had identical 
accuracy (0.94) to that based on male simulations, albeit 
with a different combination of features (ΣR from APD15-
APD90 at 1 Hz, timespan from APDpeak-APD15 at 1 Hz, and 
timespan from APD15-APD30 at 0.5 Hz; Figure S5).
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Of note, only the morphology-based classifiers were 
able to perfectly separate low risk drugs from other 
classes (intermediate/high), reflected in an AUC of 1 for 
the radius of curvature curve (Figure 6B; Table 1), com-
pared with 0.8, 0.818, and 0.836 for qNet, APD90, and 
triangulation, respectively (Table 1). Overall, classification 
accuracies were 0.938, 0.875, 0.75, 0.563, and 0.5 for 
morphology+kinetics, morphology—kinetics, qNet, trian-
gulation, and APD90, respectively (Table  1; Figure  6C). 
Corresponding error scores were 0.063, 0.125, 0.375, 
0.5, and 0.563, respectively, reflecting that in the cases 
where drugs were misclassified, the degree of misclas-
sification was greater for qNet, triangulation, and APD90 
than for morphology (Table 1; Figure 6C).

Proof of Concept Application to In Vitro 
Recorded Action Potentials
To assess whether our method might be applicable to 
action potentials recorded in vitro, we applied the analysis 
to action potentials from iPSC-derived cardiomyocytes 

measured using a voltage-sensitive dye (Berst-1). Typical 
action potential waveforms recorded from cells exposed 
to either 500 nmol/L bepridil (a high-risk drug), or 2 μM 
diltiazem (a low-risk drug), corresponding to a 15-fold 
Cmax concentration of each, are shown in Figure 7A. To 
minimize the effect of signal noise, we fitted the repo-
larization phase of the action potential with a polynomial 
function (blue dashed lines, Figure 7A) from which the 
R-signal was then calculated (red lines, Figure 7A). Data 
for 3 exemplar parameters (∑R for APpeak-APD30, APD30-
APD60, and APD60-APD90) derived from the R-signal of 
in vitro action potentials (n=19/24 cells for bepridil/
diltiazem, respectively) are shown in Figure  7B, along 
with equivalent parameters derived from in silico action 
potentials at the same 15-fold Cmax dose. While there is 
the expected variability in parameters measured from 
individual in vitro action potentials, the data show that 
this approach to measuring morphology of the action 
potential can be applied to action potentials recorded 
from cardiomyocytes in vitro.

DISCUSSION
In this study, we describe a new approach to measuring 
changes in morphology of the cardiac action potential 
based on the curvature of the voltage waveform. Using 
metrics derived from the curvature signal, we show that 
we can assign proarrhythmic risk labels to drugs with 
potential to prolong repolarization with very high accuracy.

Measurement of Action Potential Morphology 
Using Curvature Analysis
The concept that changes in morphology of the cardiac 
action potential might be a window into proarrhythmic risk 
is well established.21 Triangulation of the action potential, 
measured as an increase in the ratio between APD30 
and APD90 in response to drugs that prolongs repolar-
ization, has been associated with increased risk21 and 
explored as part of the triangulation, reverse use depen-
dence, instability, dispersion criteria as an approach for 
detection of drug-induced proarrhythmia.35,36 However, 
triangulation is limited as a measure of more complex 
morphology since the subtleties of shape changes that 
occur between APD30 and APD90 are not captured. The 
corollary of this is that many waveforms, with different 
shapes, might have the same APD30:APD90 ratio mean-
ing much of the information content of the waveforms 
is lost.

To improve on these established approaches, and 
more fully quantify shape changes in the action potential 
waveform, we analyzed the radius of curvature (R) of the 
repolarization phase. The R-signal essentially measures 
the concavity of the action potential waveform. More 
tightly concave phases of the action potential have a 
greater radius of curvature, with the sign of the curvature 
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signal indicating the direction of concavity. Most signifi-
cantly, a positive radius of curvature indicates that the 
action potential is concave up, reflecting that the mem-
brane is being depolarized. We therefore considered that 
a shift from a negative toward a more positive radius of 
curvature in the repolarization phase might be an early 
indicator of the emergence of an early after depolar-
ization (EAD), and so represent a metric that is directly 
linked to mechanism of arrhythmogenesis and risk.

A Morphology-Based Risk Classifier for 
Proarrhythmic Drugs
Overall, the most accurate classifier was based on sim-
ulations that included the kinetics of drug binding to 
hERG and combined 3 morphology-related parameters: 
the duration of the voltage window from 15% to 30% 
repolarization (APD15:APD30), the area under the R signal 
(ΣR) from APD15 to APD90, and the duration from APD-

peak to APD90 (conventional APD90). This combination 
classified the test panel with an accuracy of 0.9375 and 
an error of 0.065. It is interesting to note that despite the 
unbiased selection of features, this combination is con-
sistent with what we know about cardiac electrophysiol-
ogy and risk. First, the duration from APD15 to APD30, 
reflects the duration of the plateau, where calcium chan-
nels are in the voltage window for reactivation. Second, 
ΣR from APD15 to APD90 reflects the overall shape of the 
repolarization phase and the propensity for ectopic depo-
larization in response to drugs, and third, APD90 has long 
been a key indicator, albeit imperfect, of proarrhythmia.37 
In relation to APD90, it is perhaps not surprising that 
this measure of repolarization duration is an important 

contributor to the optimal metric best metric. Among the 
28 CiPA drugs analyzed in this study, most of the unam-
biguously high-risk drugs prolong APD, and most of the 
low-risk drugs do not. However, while APD90 alone does 
not perform perfectly in either of these classes (see Fig-
ure  6Aiv), perhaps the clearest illustration of what our 
method adds over and above APD prolongation is in the 
classification of intermediate drugs. In this case, APD90 
performs particularly poorly (0.29 sensitivity). By com-
parison, our metric performs perfectly, with a sensitivity 
of 1 in this class (Table  1). Overall, the only drug that 
was labeled incorrectly with this optimum classifier was 
disopyramide, which was also misclassified in 3 separate 
studies,16,20,38 potentially as a result of complex pharma-
cokinetics in vivo that are not captured in the cell model.20

Classification Without Drug-Binding Kinetics
A significant practical limitation to the application of risk 
assessment pipelines that rely on models of the kinetics 
of drug binding is the difficulty associated with acquisi-
tion of the experimental datasets. For example, the CiPA 
dynamic protocol39,40 that has been used to constrain 
models of drug-binding kinetics for derivation of the 
qNet metric using the CiPAORdv1.0 model14,16 is difficult 
to implement in a robust and reproducible manner, par-
ticularly on high-throughput automated patch clamp plat-
forms.41 We therefore also evaluated the performance of 
a morphology-based classifier based solely on conduc-
tion block (ie, without the inclusion of a description of the 
kinetics of drug binding to hERG). In this case, the opti-
mum combination of morphology parameters included 
just 2 measures from the R signal: ΣR from APD15 to 
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APD60 at 1 Hz and ΣR from APD30 to APD90 at 0.5 Hz. 
These features are quite different from those identified 
as optimal based on datasets that include drug-binding 
kinetics. Perhaps most notably, APD90 (Timespan of 
APpeak-APD90), or in fact any measure of timespans, are 
not in this optimal feature set. This likely reflects that, 
although these are 2 approaches to describing the same 
process (drug block of hERG), the observed effects on 
repolarization for the same concentrations of each drug 
can be markedly different when kinetics is included ver-
sus when it is not (Figure S6), resulting in a different set 
of optimal features for classification when the model is 
trained on each of the 2 datasets. Classification accu-
racy in the absence of kinetics was 0.875. While this cor-
responds to an additional misclassification compared to 
when drug-binding kinetics were included (2 versus 1 
high-risk drug misclassified at intermediate; Figure 6), it 
still outperforms all the other metrics tested here (qNet, 
triangulation, APD90), even when those other metrics 
were derived from simulations that included drug-bind-
ing kinetics. Furthermore, this simpler morphology-based 
classifier (as well as the more complex version that 
included kinetics) was able to perfectly separate true 
low-risk drugs from intermediate/high, which none of 
the other tested metrics was able to do. Therefore, while 
the morphology-based classifier performed slightly bet-
ter than when kinetics was included compared with when 
without, this is balanced by the fact that the requirement 
for simpler in vitro datasets potentially makes it a more 
realistic prospect for preclinical risk prediction.

Link Between Morphology Changes and EADs
One of the key aims of the CiPA initiative was to develop 
a new metric for risk allocation, mechanistically linked 
to proarrhythmia,14,16,30 which would be a more accurate 
predictor of risk than hERG potency alone. In this regard, 
several studies have focussed on using the emergence 
of EADs in simulations of action potential responses to 
proarrhythmic drugs as potential markers for risk. How-
ever, Lopes-Lorente19 found that a TEAD metric was no 
better than hERG potency alone in correctly categorizing 
risk, and similarly, Parikh et al42,43 found their EAD met-
ric performed relatively poorly. While other studies have 
demonstrated greater accuracy for EAD related metrics, 
particularly in the background of population simulations 
of drug responses44,45; in general, this approach has not 
proven effective. The emergence of an EAD in the ven-
tricular cell model is the final, extreme manifestation of 
disruption of repolarization. For example, in the O’Hara-
Rudy cell model and its derivatives, approximately 90% 
block of IKr is required to precipitate an EAD.24 In this 
parameter space, model behavior is highly nonlinear, 
meaning predictions of physiologically relevant drug 
responses might be challenging. The behavior of the 
models at these extremes is also relatively unconstrained 
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since parameterization is typically undertaken at base-
line/normal conditions, or in circumstances of moderate 
disease46 or mild drug block.14,16,30 As an alternative, we 
reasoned that analysis of action potential morphology at 
a stage before repolarization had become grossly dis-
rupted, might allow detection of subtle changes in the 
shape of the repolarization phase that precedes the 
emergence of EADs, so act as an “early warning” marker 
of risk. Consistent with this, our analysis is based on drug 
doses between 0.5- and 3-fold Cmax, a range at which 
none of the 28 drugs tested cause EADs. This is also 
broadly consistent with the dose range that has proven 
most effective in training other recently published classi-
fiers, such as qNet.16

Comparison to Existing Metrics
In this study, we compared the performance of morphol-
ogy-based classifiers to those based on conventional 
metrics APD90 and triangulation, as well as qNet (perhaps 
the most well-validated of recently published predictors 
of proarrhythmic risk13,16). Our data show that (1) more 
drugs were correctly classified using morphology; and 
(2) for those drugs that were misclassified, the degree of 
misclassification is less (reflected in lower error scores). 
One of the issues that has been identified as a shortcom-
ing of the standard HERG potency assays, and hence 
was a motivating factor for CiPA, is the overestimation of 
risk.15 In this regard, the sensitivity of our metrics for low-
risk drugs was 1, indicating that all low-risk drugs were 
correctly predicted as such, and not predicted as higher 
risk. In comparison, the sensitivity of Qnet in the low-risk 
category was 0.4, with 3 of 5 low-risk drugs predicted as 
either intermediate or high-risk (Table 1). Similarly, of all 
the metrics tested, our metrics have the highest precision 
for the high-risk class, indicating that no lower risk drugs 
were identified as high risk. These scores demonstrate 
that on this set of test compounds, the issue of overpre-
diction of risk is largely overcome using our metric.

A range of other classification metrics, or combina-
tions thereof, have also been assessed in the litera-
ture. Recently, Llopis-Lorente proposed a decision tree 
approach based on 3 previously published parameters: 

Tx (the ratio of the drug concentration causing 10% pro-
longation of APD90 to Cmax); TqNet (the ratio of qNET 
at 10 fold Cmax to control conditions); and Ttriang (a 
measure of action potential triangulation). Individually, 
these parameters classified drugs with accuracies of 
0.899, 0.908, and 0.917, respectively. When combined 
this increased to between 0.927 and 0.945, depending 
on the ion channel targets included in the model. How-
ever, these scores are not directly comparable to our 
study since they relate to binary classification (ie, low 
versus high risk) of a separate drug panel, and perfor-
mance was not assessed on a separate test dataset. 
More comparable is a recent study by Yoo et al who used 
a combination of 9 parameters derived from the O’Hara 
cell model (dVm/dtmax, APresting, APD90, APD50, Caresting, 
CaD90, CaD50, qNet, and qInward) as inputs for a neu-
ral network classifier that was trained on the 12 drug 
CiPA test panel and tested on the 16 drug test panel. 
Using that approach, 4 drugs were incorrectly classi-
fied (disopyramide, azimalide, loratadine and tamoxifen), 
corresponding to an accuracy of 0.75 and an error of 
0.25. Overall then, our morphology-based classifier, even 
without inclusion of drug-binding kinetics, performs bet-
ter than other directly comparable published methods 
applied to the CiPA drug panels.

Potential for Direct Measurement From Voltage 
Waveforms
A general issue with in silico based classifiers, such as 
that described here and those published as part of CiPA16 
and in other studies,19,20 is the significant cost, time and 
technical burden of in vitro data collection required to 
inform the models—that is, the measures of potency and 
binding kinetics against multiple cardiac ion channels. 
The measurement of kinetics, in particular, has proven 
difficult to implement,47 particularly on high-through-
put patch clamp platforms. However, while the method 
described here is based on simulated action potentials, 
a potential future implementation is that the metric could 
be derived directly from in vitro action potential wave-
forms. This has 2 major advantages. First, there is no 
requirement for screening for potency or kinetics in 

Table 1.  Classification Scores for Test Panel of 16 Drugs

 

Morphology with kinetics Morphology without kinetics Qnet APD90 Triangulation

H I L Total H I L Total H I L Total H I L Total H I L Total 

Accuracy    0.94    0.88    0.75    0.56    0.5

Error    0.06    0.13    0.38    0.5    0.56

Precision 1 0.88 1  1 0.78 1  0.75 0.78 0.67  0.75 0.67 0.44  0.75 0.5 0.4  

Sensitivity 0.75 1 1  0.5 1 1  0.75 1 0.4  0.75 0.29 0.8  0.75 0.14 0.8  

Specificity 1 0.89 1  1 0.78 1  0.92 0.78 0.91  0.92 0.89 0.55  0.92 0.89 0.45  

F1 score 0.86 0.93 1  0.67 0.88 1  0.75 0.88 0.5  0.75 0.4 0.57  0.75 0.22 0.53  

AUC 0.79 0.97 1  0.85 0.81 1  0.79 0.97 0.8  0.79 0.79 0.82  0.77 0.76 0.84  

APD90 indicates action potential duration at 90% repolarization.
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multiple assays to generate input data. Rather, a single 
assay measuring effects on repolarization in cardiomyo-
cytes could be undertaken. This is particularly attractive 
since these in vitro cardiomyocyte assays, using either 
acutely isolated or iPSC-derived cardiomyocytes are 
already routinely used to measure repolarization effects 
(APD90) as part of preclinical assays under S7B and in 
the case of IPSC-derived cardiomyocytes have recently 
been evaluated as part of the CiPA paradigm.48 Second, 
multiple outputs of the in silico model—such as different 
ion channel currents, calcium transient characteristics 
and voltage parameters—do not need to be calculated 
as part of the metric as is the case with many previously 
reported classifiers.20,43 A direct measurement of curva-
ture would therefore yield significant time and cost sav-
ings. To assess the feasibility of such an approach, we 
therefore undertook a proof of principle application of 
curvature analysis to action potentials recorded in vitro 
from iPSC cardiomyocytes. Overall, there was good 
agreement in the trends and amplitudes of ΣR measures 

for high- and low-risk drugs between in vitro and in silico 
analysis. This was particularly true for bepridil, where 
there was a strikingly good correlation between the 2 
techniques (Figure  7Bi). For diltiazem, there was more 
divergence between in vitro and in silico measures, with 
ΣR APD30-APD60 in particular being much more nega-
tive in the in vitro case, reflecting faster repolarization in 
the iPSC cardiomyocytes relative to the in silico model. 
One possible explanation for this would be a difference 
in the expression and hence relative contribution to repo-
larization, of calcium channels between the 2 systems—
manifesting as a different response to calcium channel 
block by diltiazem. Overall then, this proof of concept 
data demonstrates, that with consideration of compen-
sating for signal noise, the analysis we have developed 
here in silico can be successfully applied to action poten-
tials recorded from cardiomyocytes in vitro. However, to 
realize this, it will undoubtedly be necessary to train clas-
sifiers based on morphology metrics measured from full 
in vitro drug response datasets as part of future studies.
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Limitations
Any approach to classification based on simulated 
action potentials is ultimately dependent on the input 
data—the measured potency against cardiac ion chan-
nels. In this study, the range of channels was limited to 
those measured for the CIPA drug panels: INa, INa,Late, ICa,L, 
Ito, IK1, IKs, and IKr. Other studies have previously shown 
that other membrane conductances, particularly the 
sodium-potassium pump (INaK) and the Sodium Calcium 
exchanger (INaCa) are important in the genesis of arrhyth-
mias.17,49 To our knowledge, there are no published drug 
datasets reporting activity against these targets (in addi-
tion to the ion channel studied here) so it remains to be 
seen whether the incorporation of additional potencies 
might alter classifier performance. A second limitation 
of the input data is the uncertainty in these measures 
of potency—that is, to what extent can we be confident 
that the measured potency is a true reflection of activity 
against a particular ion channel target. The importance 
of such data variability in proarrhythmic risk assessment 
was recently demonstrated by Chang et al.12 It is also 
well documented that measured potencies can vary dra-
matically between studies15 depending on factors such 
as voltage protocol, or assay platform used.47,50 This is 
therefore an important consideration in application of 
any approach to proarrhythmic risk prediction. Finally, 
the drug panel used in this study is relatively small (28 
drugs). While ideally a larger set of training and test-
ing drugs might be used, we chose to use the CiPA 
panel since it has the most comprehensive measures of 
potency across cardiac ion channel targets, is thoroughly 
characterized in terms of discrete risk labels, and has 
predetermined allocation to training and testing drugs.

Conclusions
In this study, we describe the application of curvature 
analysis as a novel approach to measuring morphology 
of the cardiac action potential, particularly in relation to 
shape changes in the repolarization phase that occur as 
precursors to early after depolarizations. We show that 
metrics derived from the curvature signal can categorise 
risk of proarrhythmic drugs from the CiPA panel with 
very high accuracy, outperforming existing metrics. Fur-
thermore, curvature analysis could be applied directly to 
action potentials measured in vitro, significantly reducing 
the data collection burden of measuring potency against 
panels of cardiac ion channels. Overall, our data sug-
gest that measurement of morphological changes in the 
action potential waveform has significant potential as a 
new approach to the assessment of proarrhythmic risk in 
preclinical drug development.
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