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Abstract

During drug development, candidate compounds are extensively tested for proarrhyth-
mic risk and in particular risk of Torsade de Pointes (TdP), as indicated by prolongation
of the QT interval. Drugs that inhibit the rapid delayed rectifier K* current (lx,) can pro-
long the action potential duration (APD) and thereby the QT interval, and so are routinely
rejected. However, simultaneous inhibition of the L-type Ca** current (I, ) can mitigate
the effect of Ix.inhibition, so that including both effects can improve test specificity. Math-
ematical models of the action potential (AP) can be used to predict the APD prolonga-
tion resulting from a given level of I, and I, inhibition, but for use in safety-testing their
predictive capabilities should first be carefully verified. We present the first systematic
comparison between experimental drug-induced APD and predictions by AP models.
New experimental data were obtained ex vivo for APD response to Ik, and/or Ig,. inhi-
bition by applying 9 compounds at different concentrations to adult human ventricular
trabeculae at physiological temperature. Compounds with similar effects on Ix, and lca.
exhibited less APD prolongation compared to selective Ik, inhibitors. We then integrated
in vitro 1Cso patch-clamp data for Ik, and I, inhibition by the tested compounds into
simulations with AP models. Models were assessed against the ex vivo data on their
ability to recapitulate drug-induced APD changes observed experimentally. None of the
tested AP models reproduced the APD changes observed experimentally across all
combinations and degrees of Ik, and/or Ic, inhibition: they matched the data either for
selective lk; inhibitors or for compounds with comparable effects on Ik, and lg,. . This
work introduces a new benchmarking framework to assess the predictivity of current and
future AP models for APD response to Ik, and/or Ic, inhibition. This is an essential pri-
mary step towards an in silico framework that integrates in vitro data for translational
clinical cardiac safety.
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Author summary

Before an investigational drug reaches patients, it is tested in vitro to ensure it does not
disrupt the heart’s electric activity. This testing often focuses on the drug’s ability to block
a specific current called Ix,, which, if inhibited, can prolong the heart cells’ action poten-
tial duration (APD), which is associated with an increased risk of irregular heartbeats
(proarrhythmia). Our study examines how blocking another current, Ic,1, along with
Ik:, affects APD. We found that adding I¢,p. inhibition may mitigate the proarrhythmic
effects caused by I, inhibition alone. Understanding this balance can improve how we
assess the cardiac safety of new drugs, potentially saving promising compounds from
being incorrectly discarded. Currently, mathematical models help predict such cardiac
responses, but no existing model accurately predicted our findings. Our new data could
aid in developing more predictive models in the future. This will contribute to safer drug
development and more effective treatments.

1. Introduction

The rapid delayed rectifier K* current (Ig;) is a major ionic current responsible for the repo-
larisation of ventricular cardiomyocytes [1]. Inhibition of Ix, prolongs the action potential
(AP) duration (APD) and the QT interval [2]. Many drugs inhibiting I, have been shown to
increase the risk of Torsade de Pointes (TdP), a potentially deadly arrhythmia [2,3]. Regula-
tory bodies established guidelines ICH S7B and ICH E14 to prevent the development of new
compounds with unacceptable pro-arrhythmic risk [4,5]. According to ICH S7B, the ability of
compounds to inhibit Iy, should be tested in vitro. Redfern et al. suggested a “safety margin”
such that drugs should have a half-maximal inhibitory concentration (ICsy) of over 30 times
their maximal free therapeutic plasma concentration [2].

Multiple ion channels affect the TdP risk, notably the inhibition of the L-type Ca** current
(Icar) mitigates the arrhythmogenicity of I, inhibitors [6]. AP models can improve the lim-
ited specificity of Ix,—centric TdP risk assessment by accounting for simultaneous inhibition
of multiple ionic currents [7]. The Comprehensive in Vitro Proarrhythmia Assay (CiPA) ini-
tiative has encouraged the adoption of biophysically-detailed mathematical AP models as a
framework to integrate in vitro ion channel data and assess drug-induced TdP risk [8]. Yet, AP
model predictions of APD changes induced by simultaneous inhibition of I, and I¢,;, have
not been validated against human data.

In this study, we measure ex vivo the APD at 90% repolarisation (APDyy) in human adult
ventricular trabeculae, with inhibition of Ix, and/or I¢,;, by 9 compounds (Chlorpromazine,
Clozapine, Dofetilide, Fluoxetine, Mesoridazine, Nifedipine, Quinidine, Thioridazine, Vera-
pamil). For each compound, we subsequently use patch clamp data to calculate the percentage
of block of I, and/or Ic,; at the compound concentrations in trabeculae experiments. These
numbers are then used as inputs into AP simulations to compare the predictions of 11 in silico
AP models with the ex vivo data.

APDy, changes from baseline (AAPDyg) induced by Ik, and I¢,y, inhibition are linked
to QT changes [9]. By comparing predictions by existing AP models with the ex vivo data,
we assess their predictivity in a context relevant to drug development. We thus introduce a
benchmarking framework to validate current and future AP models. Therefore, this work
can be re-used to help develop predictive models for QT change induced by I, and/or I¢,y,
inhibition.
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2. Results
2.1. Experimental change in APD,, from baseline with drug exposure

Experimental APDgy measured after 25 min of steady 1 Hz pacing are summarised in Table 1
for the 9 tested compounds. The standard error of the mean (SEM) is also reported in the
Table 1.

Chlorpromazine, Clozapine, Fluoxetine, and Mesoridazine induced little or no change in
APDy, as the effects of Ix, and I¢,;. inhibition on APDg, compensated each other. Verapamil,
whilst exhibiting similar effects on Ig, and I¢,y, substantially shortened APDgg (-15ms to
-20 ms on average) with high variability in AAPDg, (SEM up to 35 ms).

Substantial variability of baseline APDg, was observed in trabeculae tested with Mesori-
dazine, Clozapine, and Nifedipine (SD of 60 ms, 51 ms, and 55 ms respectively), but this
did not lead to particularly high variability in drug induced AAPDgy. The SEM of AAPDgq
was below 7 ms, 9 ms, and 6 ms for Mesoridazine, Clozapine, and Nifedipine, respectively.
Fluoxetine-induced AAPDy also exhibited low SEM (< 7 ms). In contrast, Dofetilide induced
the most variable AAPDyy with up to 33 ms SEM for 200 nM Dofetilide.

The 2-D maps of experimental AAPDy are plotted in Fig 1, with Ix, and I¢,; inhibition
computed with both the CiPA and Pharm datasets.

With increasing I, inhibition, APDgy was shortened (shown as darker blue colors).

On the other hand, the more Ik, was inhibited, the more APDg, was prolonged. I, and Ic,y,

Table 1. A summary of trabeculae recordings for average APDy at baseline and drug-induced APDy, change
from baseline (AAPDq). SEM: Standard error of the mean. SD: Standard deviation.

Drug Mean baseline APDy, (SD) in ms |Nominal drug conc (uM) |Mean AAPDy, (SEM), in ms
Chlorpromazine 299 (36) 0.3 +9 (10)

1 +18 (8)

3 124 (11)
Clozapine 324 (51) 0.3 +8 (5)

1 +10 (7)

3 10 (7)

30 +15(9)
Dofetilide 317 (51) 0.001 +20 (5)

0.01 +82(8)

0.1 +256 (21)

0.2 +318 (33)
Fluoxetine 271 (36) 0.3 +10 (4)

1 +6 (7)

3 2(5)
Mesoridazine 334 (60) 0.04 -2(7)

0.25 20

10 21 (2)
Nifedipine 336 (55) 0.003 +7 (4)

0.03 -5(6)

0.3 -24 (6)
Quinidine 302 (53) 0.1 +6 (5)

1 +8(5)

10 +37 (7)
Thioridazine 307 (48) 0.012 +15(9)

0.6 +16 (20)

2 +6 (14)
Verapamil 349 (61) 0.01 -15(4)

0.1 219 (5)

1 -20 (10)

https://doi.org/10.1371/journal.pcbi.1012913.t001
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Fig 1. Experimental AAPDy, measured ex vivo under various drug conditions in human ventricular trabeculae, as

a function of I, and Ic,y. inhibition and cubic surface approximating the trabeculae data points in the background.
Ixr and Icar inhibition were computed using the Hill equation (Eq 1), with the CiPA (left) and Pharm (right) datasets. The
bottom panels report the inter-trabeculae variability observed experimentally. The marker type indicates the drug used to
apply the Ix, and I,y inhibition.

https://doi.org/10.1371/journal.pchi.1012913.9001

inhibition differed from one dataset to another, with the CiPA dataset exhibiting more sensi-
tivity to inhibition of I,y than the Pharm dataset.

Note the biggest outlier from the surface, where 1 uM Verapamil induced
AAPDgy =-20 + 10 ms at 1 uM, with 78% I, and 44% Ic,. inhibition. For comparison, 3 uM
Clozapine induced AAPDyg = +10 + 7 ms with 57% Ig, and 59% I,y inhibition.

2.2. 2-D maps of AAPDy, predicted by literature AP models

The 2-D maps of AAPDyg, prediction for all 11 models and variants are shown in Fig 2 with
cubic surfaces fitted through experimental data points.

A clear distinction was observed between models similar to the ORd model, which were
most sensitive to Ix; inhibition, and TP-like models, which were more sensitive to Ic,r, inhi-
bition. On 2-D maps for the BPS, ORd, ORd-CiPA, ORd-KM, ORd-M, and ToR-ORd mod-
els, the 0 ms line was mostly vertical, indicating little mitigation of Ix, inhibition-induced
AAPDy by I, inhibition. These results align with previous observations [10].
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Fig 2. Left: Surfaces fitted through experimental data points. Right: 2-D maps of predicted APDgg change from baseline after I,y and

Ik inhibition. The colour scale indicates shortening of APDgg (i.e., AAPDgg< 0 ms) for colours towards dark blue, and APDg prolongation
(i.e., AAPDgg> 0 ms) for colours towards red. AAPDgg values below —50 ms and above +320 ms were set to dark blue and red, respectively, for
better visualisation. For Ix, and Ic,y, inhibition leading to -1 ms < AAPDgg < +1 ms, the pixel is coloured in white.

https://doi.org/10.1371/journal.pcbi.1012913.9002

In the BPS model, nearly no mitigation of I, inhibition by I¢,y, inhibition was observed,
and the 0 ms line was vertical. I, inhibition even prolonged APDyg: 5% Ik, and 80%

Icar inhibition yielded AAPDgy = +9 ms, whilst 5% Ik, and 85% I,y inhibition yielded
AAPDy; = +11 ms. AAPDy predicted by the BPS model was not monotonic. Initially, I,y
inhibition prolonged APDy,, but with more than 91% I,y inhibition, APDg, decreased
drastically.

The ToR-ORd model also exhibited a non-monotonic 2-D map: for 35% Ix, and 90% Ic,r
inhibition, no change in APD90 was predicted; further I¢,;, inhibition increased APDyj. In
simulations, the strongly reduced Ic,;. shrinks the Ca** concentration in the subspace com-
partment, reducing the repolarising calcium-activated Cl - current (Iica)ci), and therefore
prolonging APDyy.

The TP-like models (TP, TP-M, GPB, and GPB-M) predicted similar 0 ms lines, almost lin-
ear with slopes between 0.5 and 1.3. The original TP and GPB models exhibited much lower
sensitivities of APDy, to selective I, inhibition (AAPDy, < +48 ms and +51 ms respectively),
than observed experimentally with 200 nM Dofetilide (AAPDgy = +318 + 33 ms). Adjustments
by Mann et al. increased their sensitivity to Ix, inhibition [11] : the TP-M and GPB-M models
predicted AAPDy, = +154 ms and +144 ms with 100% I, inhibition, respectively.

The TNNP model behaved differently, with its 0 ms line in an “S” shape, and nearly no
prolongation of APDyy, even with 100% Ik, inhibition (AAPDy, < +30 ms).

Visually comparing model predictions with ex vivo data, the TP-M and GPB-M models
appear closest to the truth. This is quantitatively investigated in the next section.
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2.3. Comparison of in-silico prediction of AAPD,, with ex vivo data

Fig 3 presents the quantitative comparison of the ex vivo data with AAPDy, predictions,
using external ionic concentrations in simulations that matched the experimental settings.
The error in AAPDy is shown as a multiple of the experimental SEM in AAPDgq (o),
directly visualising each condition’s contribution to the error measure, E (Eq 2).

The ORd-like models performed similarly in predicting experimental AAPDg, consis-
tently with their 2-D maps (Fig 2). Predictions for selective Iy, and I¢,y, inhibitors by the
ORd-CiPA and ToR-ORd models were largely correct (light colors). However, ORd-like
models overpredicted APDg, prolongation induced by simultaneous Ix, and Ic,, inhibition
(dark red).

The TP-like models underpredicted the AAPDyg, response to selective Ix, inhibition (blue)
but provided good predictions for mitigation by I¢,, inhibition. The GPB model predicted
excessive APDy, shortening after more than 50% Ic,;, inhibition, but its predictions for
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Fig 3. Comparison of in-silico prediction of AAPDy, response to Ix, and/or Ic,r, inhibition with ex vivo data. CiPA (triangle) and Pharm (circle)
datasets for ICsq values were used to compute drug perturbation. o denotes here the experimental standard error of the mean AAPDy response to

each drug perturbation.

https://doi.org/10.1371/journal.pcbi.1012913.g003
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simultaneous inhibition of Ik, and I¢,;, were within 3 X . The GPB-M and TP-M mod-
els overpredicted APDy, prolongation induced by simultaneous Ix; and Ic,;, inhibition,
depending on the ICs, dataset. An alternative visualisation of performances of the various
models is provided in S1 Appendix.

Fig 4A compares E (Eq 2) for all 10 models using the CiPA and Pharm datasets. Fig 4B and
4C detail E for each drug.

The TP model yielded the lowest errors E = 76.6 and 83.8 using the CiPA and Pharm
datasets, respectively. Low errors were found for all drugs with similar effects on Ix; and Ic,y.
The largest E for the TP model were for Dofetilide (24.2-31.2) and Nifedipine (8.3-9.8). All
TP-like models showed high E for Dofetilide and Nifedipine, consistent with Fig 3, where the
largest E was for selective Ig; or I, inhibition.
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Fig 4. Comparison of the abilities of human ventricular AP models to reproduce the APDy, response to Ik, and Ic,y, inhibition observed ex vivo. The lower the
error measure (Eq 2), the more accurate the model predictions. A: The error measure was summed over all the drugs used in this study, when using the CiPA and Pharm
protocols to compute the reduction of ionic currents by drugs. For each model, two bar plots were plotted, to compare the predictive power of models with the Pharm
(left bar) and the CiPA (right bar) datasets. B and C: Detail of the error measures associated with each of the drugs using the CiPA and Pharm datasets, respectively, for
each model. The logjo of the error measure is plotted along the radial-axis.

https://doi.org/10.1371/journal.pcbi.1012913.g004
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For the TP and GPB models, E computed using the two datasets did not differ significantly.
In contrast, models reformulated by Mann et al. [11] and ORd-like models showed stronger
dependency on the dataset. A difference of 51.2 was obtained between the CiPA and Pharm
datasets with the ORd model: E = 486.6 versus E = 537.8, respectively.

ORd-like models performed similarly, with low errors for Dofetilide and Nifedipine but
high errors for other drugs (up to 193.1 for Mesoridazine with the Pharm dataset for the ORd
model). These models reproduced the APDy response to selective I, or Ic,, inhibition well
but did not capture the mitigation of I, inhibition by I¢,;, inhibition.

3. Discussion
3.1. Main findings

The performance of 11 literature AP models was evaluated against new ex vivo data from
adult human ventricular trabeculae, which measured APDy, response to inhibition of Ik,
and/or I,y by 9 different drugs.

The TP-like models exhibited less sensitivity to Ig, inhibition compared to the ORd-like
models. The error measure for AAPDy, prediction, E (Eq 2), was lower with the TP-like
models, with the lowest error obtained for the TP model using the Pharm dataset. Their
predictions are closer to experimental values for the mitigation of APDy, response to I,
inhibition by I¢,;, inhibition, but are less accurate for selective I, and Ic,y, inhibitors.

The opposite was observed with ORd-like models. They make accurate predictions of
APDy, response to selective Ik, inhibition, but do not capture the mitigating effect of I,
inhibition on Ik, inhibition-induced APDy, prolongation.

Mann et al. demonstrated that rescaling maximal conductance parameters of the TP and
GPB models and adding a component for I,y can increase their sensitivity to Ik, inhibition
whilst preserving the compensating effects of Ic,1, and I, inhibition on AAPDyg [11].

In summary, our novel data can be used as a benchmark to assess the predictivity of any
future AP model for AAPDy, response to Ix, and/or Ic,y inhibition. Of the currently avail-
able models we selected, the TP and GPB-M models showed better overall performance. They
therefore appear as promising base models for predicting AAPDy, response to multi-ion
channel inhibitors and subsequent QT changes, upon further development.

3.2. Model differences

Several models in this study were validated against previous experimental data for APDyg
prolongation following Ik, inhibition [11-16]. APDy, shortening with selective I¢,y, inhibition
was also included in the development of the BPS, ORd, and ToR-ORd models. For instance,
the ORd model's AAPDy, predictions were validated for APDg, response to 70% Ik, inhibi-
tion in guinea pig cardiomyocytes [17] and to 90% I,y inhibition in rat cardiomyocytes [18].
whilst the model qualitatively agrees with experimental APDyg, responses to selective Ix, and
Icar inhibitors, ORd-like models fail to predict AAPDy, for simultaneous I, and Ic,y, inhibi-
tion. Predictions show an Ig,;-dominated prolongation where ex vivo data show mitigation by
Icar inhibition.

This emphasises the need for context-specific model validation [19]. For example, the
ORd-CiPA model, validated for TdP risk classification [20], tends to overestimate APD
response to simultaneous Ig; and I,y inhibition. Similarly, the BPS model, validated for 100%
Ic,r, inhibition [16], struggles to predict responses to milder I¢,;, inhibition.

The TP model, though not validated against current reduction data, showed a low error
measure (E = 76.6-83.8) but completely failed to reproduce the APDg, increase induced by

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012913 July 7, 2025 8/19
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100 nM Dofetilide (+26 ms predicted vs +256 + 21 ms experimentally). This is partially due
to its significantly higher Ix, maximal conductance (0.392 mS/uF) compared to ORd-like
models (from 0.0011 mS/uF in the ToR-ORd model to 0.0196 mS/uF in the ORd-M model),
providing greater repolarisation reserve [21].

These findings highlight the importance of thoroughly examining model capabilities. This
will help identifying in which context which AP model should (and should not) be used. The
Cardiac Electrophysiology Web Lab facilitates this by testing models under various experi-
mental protocols [22].

3.3. AAPDy, in the context of proarrhythmic risk assessment

The TdP risk of 28 reference compounds was categorised under the CiPA initiative [7]. The
Quet metric, simulated with the ORd-CiPA model, predicts TdP risk based on inhibition of
major ionic currents [20]. The 2-D map for Qpet (S1 Appendix), computed with similar meth-
ods to those for AAPDy, shows that low TdP risk combinations of Ix, and/or Ic,, inhibition
qualitatively match the combinations leading to AAPDgy < 0 ms. This suggests a qualitative
agreement between drug-induced AAPDy, and TdP risk for drugs inhibiting Ix, and Ic,y..

Quinidine and Verapamil, which both inhibit similarly Ix, and Ic,y, exerted a miti-
gated effect on APDy,. Their AAPDy effects align with their effects on the QT and JTpeaxk
interval of the ECG [9]. Our new ex vivo data suggest that sufficient I¢,;, inhibition can
prevent changes in APDg, QT, and JTpcak intervals, even at concentrations higher than
Ik, IC5p — assuming the compound affects cardiomyocytes only through I, and I¢,;, inhi-
bition. This may explain discrepancies between ICH S7B (high risk with Ik, blockade) and
ICH E14 (low risk with no QT change) guidelines, potentially leading to false positives in
pre-clinical risk assessments [23].

De Ponti estimated that 60% of new chemical entities inhibit Ik,, possibly including use-
ful compounds with I¢,;, inhibition mitigating the TdP risk [24]. But due to the prevalence
of the Ix,—centric risk assessment, these compounds are rarely developed. Identifying combi-
nations of Iy, and I¢,y, inhibition that do not prolong APDy, could help develop compounds
incorrectly deemed proarrhythmic. However, effects on blood pressure and myocardial
contractility due to I,y inhibition still require attention.

3.4. Study limitations

The tested compounds were assumed to primarily affect Ix, and Ic,r, though literature
suggests they may influence other ionic currents [20,25-29]. Moreover, the drug-binding
kinetics may require more complex models than the simple Hill equation used here [30,31].
Ionic current response in adult cardiomyocytes may also differ from the response of hRERG1a
and Cay 1.2 expression systems such as those used in the present work, for instance due to dif-
ferent native ion channels isoform and subunit composition or regulatory processes [32]. Our
patch-clamp methods comply with the ICH S7B guideline [4] and best practices for in vitro
assays, but refining these modelling assumptions with additional data would improve in silico
predictions of drug responses.

The inhibitory potency of drugs on I, and I¢,p. differed between the CiPA and Pharm
datasets, yet with a substantial correlation in pICsq across datasets (* = 0.84). No correlation
was observed for h (r* = 0.03). Incorporating this ICs, variability when benchmarking models
against ex vivo data enables a qualitative assessment of the models’ sensitivity to their in vitro
inputs. In this study, ICs variability introduced substantial differences in Ik, and I,y inhibi-
tion across datasets for some drug conditions (Fig 1). Yet, observations were overall consistent
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and the tested models showed consistent performance across both datasets (Fig 4). Individ-
ual variability was not addressed, but future work could incorporate a population of models
approach [33] to account for it.

Most ex vivo data were generated from drugs with similar inhibitory effects on Ik, and I,
(Chlorpromazine, Clozapine, Mesoridazine, Quinidine). These drugs mainly yielded small
AAPDy responses, highlighting the importance of more detailed risk assessment for multi-
channel ‘balanced’ inhibitors. Furthermore, our error measure, E, tends to favour models that
accurately reproduce minimal APDy, prolongation from mixed inhibition. An AP model
predicting AAPDy, = 0 ms for all combinations would score E = 59.0, outperforming all mod-
els studied here, indicating that E alone offers limited model comparison. Combining E with
2-D maps of AAPDy, prediction (Fig 2) and error maps (Fig 3) helps identifying promising
models for further refinement.

Concentration measurements were only available for half of the trabeculae, and drug
concentrations were generally lower than nominal values, altering the positions of ex vivo
AAPDy, data points on our maps. Yet, the fitted cubic surface and model comparisons were
not significantly impacted by the use of only nominal concentrations (S1 Appendix).

4. Methods
4.1. Ex vivo action potential acquisition

4.1.1. Sharp electrode recording protocol for data acquisition. Experimental AP data
were produced by the AnaBios Corporation, following the methods previously described by
Page et al. [34]. In brief, trabeculae were extracted from adult human hearts that were not
suitable for transplantation, sharp electrodes were impaled in isolated cardiac muscle fibers,
their electrophysiological activity was recorded at physiological temperature with vehicle or
drugs added. Up to three trabeculae per heart were obtained from the inner endocardial wall
of the left (78 trabeculae) and right (4 trabeculae) ventricles. 4 to 15 trabeculae were exposed
to the same drug.

In each trabecula, the electrophysiological activity was recorded under baseline conditions,
then with three increasing drug concentrations. After the last drug condition, a positive con-
trol for APDg, prolongation with Ik, inhibition was finally performed with 100 nM Dofetilide
addition.

At each drug concentration, each trabecula was paced at 1 Hz for a minimum of 25 min,
until voltage recordings were stabilised for at least 2 mins. The stability of APs was assessed
qualitatively by the experimenter, based on approximate measurements of the resting mem-
brane potential (RMP), AP amplitude (APA) and APDy,. After reaching stable recordings,
each trabecula was paced at 2 Hz for 3 min then paced again at 1 Hz for 3 min. The experi-
mental protocol for drug administration is shown in Fig 5.

For more information on the experimental protocol, see [34].

4.1.2. Selected drugs and tested drug concentrations. The tested drugs inhibit Ix, and
Icar, with various potencies, so that APDgy, changes induced by 29 different drug perturbations
of I, and I,y could be explored experimentally. The drugs used for this study and their con-
centrations are reported in Table 2. We call the intended drug concentration (targetted when
making up solutions) the nominal concentration.

Experiments were undertaken in two distinct phases (2014-2016 and 2020-2022). In the
second phase (2020-2022), a bioanalysis of the bath solution was performed to measure the
drug concentration more precisely at the end of each 25 min period of steady 1 Hz pacing,
in case the compound concentration was lowered by absorption by (e.g.) pipettes, tubing or
the tissue itself. The sample analysis was performed according to the operating procedure
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Control Drug = Drug — Drug
concentration #1—| |concentration #2| | |concentration #3
H—WY
25 min 2X3 min .
1 Hz pacing
D 2Hz pacing
Fig 5. Protocol for sharp electrode recordings of the electrophysiological activity in isolated left- and right-ventricular

human trabeculae. After baseline conditions, the response to three conditions with drug was recorded. At the end of the
experiments, 100 nM Dofetilide was added as a positive control for APDgy prolongation with Ik, block.

https://doi.org/10.1371/journal.pcbi.1012913.g005

Table 2. Drugs tested in ex vivo experiments and corresponding nominal concentrations.

Drug 1%t conc (uM) |2 conc (uM) [3™9 conc (uM) [4™ conc (uM) |Number of Measured drug
trabeculae concentration
Chlorpromazine (0.3 1 3 6 Yes
Clozapine 0.3 1 3 7 Yes
Clozapine 0.3 3 30 4 No
Dofetilide 0.001 0.01 0.1 0.2 15 No
Fluoxetine 0.3 1 3 5 Yes
Mesoridazine 0.04 0.25 10 6 Yes
Nifedipine 0.003 0.03 0.3 4 No
Quinidine 0.1 1 10 15 No
Thioridazine 0.012 0.6 2 5 Yes
Verapamil 0.01 0.1 1 15 No

https://doi.org/10.1371/journal.pcbi.1012913.t002

for sample preparation for liquid chromatography—mass spectrometry or mass spectrome-
try analysis in a bioanalytical laboratory. For data gathered in the first phase (2014-2016),
measured concentrations were not available, therefore drug concentrations were assumed to
correspond to the nominal concentrations (Table 2).

4.1.3. Ex vivo data post-processing. Voltage was recorded with a time resolution of
0.05 ms and filtered to remove 60 Hz harmonics. The “peak voltage” for calculating percent
repolarisation was measured as the upper 95th percentile of voltage [35]. The resting mem-
brane potential (RMP) was the average voltage over the last 150 ms of the AP. APDy, was
computed from these reference points and averaged over 30 consecutive APs at the end of
steady 1 Hz stimulation. AAPDy, was defined as the difference from baseline APDy. Record-
ings with 2 Hz pacing were not stabilised after 3 min, so AAPDy, at 2 Hz was not analysed
further.

Sudden changes in resting and peak voltages sometimes occurred, which were attributed to
electrode movements: normalized APs showed these did not impact APDgyg, so AAPDg, was
due to drug effects [36]. Data following voltage discontinuities were discarded if APDgy, was
also suddenly altered. Conditions where early after-depolarisations (EADs) were observed
(one trabecula with 100 nM Dofetilide) were not analyzed. AAPDg, was finally averaged over
trabeculae exposed to the same drug conditions.

Drug-induced AAPDg, showed little correlation with baseline APDg, (S1 Appendix). To
align with clinical safety guidelines [5], AAPDgy, was not normalised to baseline and it there-
fore represents the absolute change from baseline.
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4.2. Patch clamp measurements of I, and I, inhibition

Drug effects were modelled as simple pore block, using the Hill equation [37] to charac-
terise it with a half-inhibitory concentration (ICs) and a Hill coeflicient (h). Different
voltage-clamp protocols were applied to CHO cells expressing hERG and Cay 1.2 channels,
and exposed to increasing drug concentrations to measure the drug-induced inhibition of
ionic currents.

For I, inhibition, two voltage-clamp protocols, denoted “Ix, CiPA” [38] and “Ix, Pharm’,
were used. Similarly, two voltage-clamp protocols were used to measure the drug-induced
Icar, inhibition (“Ic,, CiPA” [20] and “I¢,;, Pharm”). Thereby, two datasets for ICsy and h for
Ik, and Ic,; were obtained, denoted the CiPA and Pharm datasets. With these two datasets,
the impact of the variability of patch-clamp data [38] and of kinetics of drug binding to ion
channels [39] can be qualitatively observed. For more details on the generation of the CiPA
and Pharm datasets, please refer to S1 Appendix.

The retrieved ICs and h values are reported in Table 3. Dofetilide’s I, ICsq and Nifedip-
ine’s I, ICsy were above the highest tested concentration. Therefore, Dofetilide was modelled
as a selective Ik, inhibitor and Nifedipine effect as a selective I¢,; inhibitor.

4.3. Simulation of APDy, with in silico action potential models

4.3.1. Selected models. We selected six main models representative of recent efforts to
model the human ventricular AP: Ten Tusscher et al. (TNNP) [40], Ten Tusscher & Panfilov
(TP) [41], Grandi et al. (GPB) [13], O’Hara et al. (ORd) [12], Tomek et al. (ToR-ORd) [14],
and Bartolucci et al. (BPS) [16]. Since their release, five new parameterisations and variants of
these models have been published. Dutta et al. replaced the Ix, component of the ORd model
with a 6-state Markov model [7] and rescaled the maximal conductances of five ionic cur-
rents (Ixy, Icar, Ix1> Ikss Inar) [42]. The GPB, TP, and ORd models were rescaled by Mann et
al. to capture the effects of Ix, and Ix; inhibition and to reproduce APDy, features observed
in long QT Syndrome (LQTS) populations [11]. Mann et al. added a late sodium component
to their versions of the GPB and TP models, based on the ORd model. Krogh-Madsen et al.
proposed a version of the ORd model with rescaled maximal conductance parameters for six
ionic currents (Iy, Icar> Iks> INaca> INak> INaL) to capture populations with long QT syndrome,
which was also included in the present study [15]. All these variant models were included in
the present study and are summarised in Table 4.

Table 3. Potency of inhibition of Cay1.2 and hERG channels for drugs tested ex vivo. The half-inhibitory con-
centration (ICs) is reported in microMolar (1M), and the Hill coefficient h is in brackets. “Pharm” and “CiPA”
refer to two different patch-clamp protocols used to characterise Ix; and Ic,r inhibition (S1 Appendix).

Icar Pharm Icar CiPA Ixr Pharm Ik CiPA

Drug 1Cs0 (Hill) 1Cso (Hill) 1Cs0 (Hill) 1Cso (Hill)
Chlorpromazine 2.289 (0.88) 2.868 (0.93) 0.359 (0.84) 0.608 (0.69)
Clozapine 1.676 (0.752) 4.378 (0.932) 2.123 (1.05) 1.978 (0.94)
Dofetilide >0.2 >0.2 0.029 (1.10) 0.033 (1.17)
Fluoxetine 0.994 (0.94) 0.857 (0.90) 0.712 (1.26) 0.772 (0.75)
Mesoridazine 4.056 (0.76) 3.962 (0.83) 0.503 (1) 0.565 (0.74)
Nifedipine 0.105 (0.85) 0.144 (0.72) >8 >8
Quinidine 20.849 (0.63) 6.68 (1) 0.966 (1.01) 0.820 (1.43)
Thioridazine 0.497 (1.07) 0.637 (1.26) 0.171 (1) 0.154 (1.05)
Verapamil 1.381 (0.72) 0.310 (1) 0.273 (0.98) 0.570 (1.67)

https://doi.org/10.1371/journal.pchi.1012913.t003
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Table 4. Selected AP models. The * symbol indicates when the endocardial version of the model was selected
among different versions developed by the authors of the model.

Model Reference Model structure
BPS” [16] ORd + Icar
GPB10’ [13] GPB

GPB-M [11] GPB + ORd Iygy,
ORd’ [12] ORd
ORd-CiPA” [42] ORd + Iy,
ORd-KM [15] ORd

ORd-M [11] ORd
ToR-ORd20" [14] ToR-ORd
TNNP [40] TNNP

TP [41] TP

TP-M [11] TP + ORd InaL

https://doi.org/10.1371/journal.pchi.1012913.t004

To maximise consistency with the trabeculae measurements, the endocardial variant of the
AP models was used when available.

4.3.2. Action potential simulations. Published CellML models were obtained from
the Physiome Repository [43]. Stimulus current width, amplitude, and responsible ions (for
instance K* [44]) were not changed. 1 Hz steady pacing was applied in line with the ex vivo
experiments. We simulated 1500 s to reach a steady-state response to 1 Hz pacing. In all
models, the convergence to steady-state was achieved with 1500 pre-paces. The 1501%" AP was
then recorded with time resolution of 0.05 ms, matching the resolution of the ex vivo data, and
allowing for precise estimation of APDygy.

When computing 2-D maps of AAPDy, as a function of I, and I¢,;, inhibition (Sect 2.2),
default initial internal and external concentrations from the CellML files were used. When
comparing quantitative model predictions with trabeculae recordings (Sect 2.3), external con-
centrations of K*, Na*, and Ca®" were set to 4 mM, 148.35 mM, and 1.8 mM respectively,
matching concentrations used experimentally [34].

The steady-state APs simulated with the included models are shown in Fig 6 for visual
comparison. Note that the TNNP model does not predict a physiological AP when external
ionic concentrations match experimental values. Therefore, predictions with the TNNP model
were not quantitatively compared with the ex vivo data in Sect 2.3.

In vitro data for inhibition of Iy, and I, were integrated into model predictions by
applying a rescaling factor, computed with the Hill equation [37,45], to each affected ionic
current:

1
I(D) = ———— X1, (1)
+ (L)
with I(D) the simulated ionic current, D the drug concentration, and Iy = I(0) the ionic cur-
rent without drug. ICsy and h were taken from Table 3.

4.4. Comparison of model predictive power with experimental action
potential data

4.4.1. Qualitative comparison with 2-D maps of AAPDy, versus current inhibition.
With each model, we simulated APs under 101 X 101 = 10,201 combinations of I, and Ic,y,
inhibition conditions, ranging from 0% to 100% inhibition. AAPDy, was computed for each
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Fig 6. Steady-state 1 Hz AP simulated with the AP models included in this study. External concentrations were set to experimental values (dashed
line) or left at the values in the original CellML model (solid line).

https://doi.org/10.1371/journal.pchi.1012913.g006

Ik:/Icar inhibition combination. AAPDg, was shown using a colour-map that was kept con-
sistent across all the models and which covered the experimental range of drug-induced
AAPDy,. Combinations of Ix, and/or I,y inhibition for which no change in APDy, were
observed or predicted (| AAPDy | < 1 ms) were plotted as white pixels, thus highlighting a
“Oms line”

The experimental drug-induced AAPDy, data was reported with similar methods. Addi-
tionally, a cubic surface of AAPDy, as a function of I, and I¢,;, inhibition was fitted through
the ex vivo data points (details in S1 Appendix) to facilitate visual comparison of ex vivo data
with simulations.

Fig 7 shows a schematic visualisation of the methods for 2-D map simulations.

4.4.2. Metric for the quantification of model predictivity. To quantitatively compare
AAPDg, measurements and predictions, APs were simulated at all nominal drug concen-
trations, or at actual drug concentrations where available. An error measure, E, was then
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Fig 7. Schematic of methods used to plot AAPDg 2-D maps. Simulated AAPDgg was computed from the in silico AP
model run for 1500 paces, using Ix; and/or Ic,r, inhibition as input for the model. The corresponding point was then added
to the 2-D map, with AAPDg reported with the colour-map.

https://doi.org/10.1371/journal.pcbi.1012913.g007

designed to quantify the error in predicted AAPDy, whilst accounting for experimental vari-
ability. E was defined as:

Ee ZK: AAPDgg gk — AAPDygg exp ’ 2
%

o'M,exp,k

with KAPDg(),expyk and AAPDgg sim k the experimental and simulated AAPDy, for the drug per-
turbation k, and O exp,x the SEM of experimental AAPDg across the trabeculae tested with k.
Indices k span all concentrations of the nine drugs (Table 2).

5. Conclusion

Our new experimental data provide quantitative understanding of the relationship between
APDyq and acute Iy, and/or I, inhibition in adult human ventricular cardiac muscle. Com-
bined with in vitro data, they make a valuable benchmark for assessing the performance of

in silico AP models. Although certain models accurately predict APDg, prolongation for
selective Ig, inhibitors, they struggle to replicate the mitigating effects of simultaneous Ic,,
inhibition observed experimentally. The TP and GPB-M models appear to be the most
promising starting points for developing more advanced AP models that can account for
multi-ion channel inhibition in cardiac safety risk predictions. Of the ORd-like models, the
ToR-ORd model exhibits the most promising balance between Ig, and I, and its predictivity
may be improved upon reparameterisation. Our study emphasises the importance of context-
specific validation of AP models: rigorous testing across various ion channel inhibitions and
drug concentrations is essential to ensure models can reliably predict cardiac responses.
Extended model validation, alongside high-quality experimental data, will ultimately lead

to more accurate and reliable in silico frameworks for predicting proarrhythmic risk from in
vitro data. Such frameworks can be vital in improving the specificity of early identification of
potential cardiac safety issues in drug development.

Declaration of generative Al and Al-assisted technologies in the
writing process

During the preparation of this work the authors used ChatGPT (public v3 and internal Roche
v40) in order to enhance general text readability and conciseness, and to debug code. After

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012913 July 7, 2025 15/19



https://doi.org/10.1371/journal.pcbi.1012913.g007
https://doi.org/10.1371/journal.pcbi.1012913

PLOS COMPUTATIONAL BIOLOGY Action potential duration response to inhibition of Ix, and lga.

using this tool, the authors reviewed and edited the content as needed and take full account-
ability for the content of the publication.

Supporting information

S1 Appendix. All supplementary materials, including Supplementary Figs A-K and
Tables A-E. The appendix includes details on patch-clamp experimental protocols, additional
figures supporting the main text, and a 2-D map of Qpet.

(PDF)

Acknowledgments

The authors thank Dr. Abi-Gerges (AnaBios Corporation) for his support with experimental
oversight for ex vivo data analysis. The authors thank Dr. Bartolucci and Dr. Severi for their
help in implementing the BPS model [16]. The authors thank Evgenia Gissinger and Fabian
Héusermann (Dr. Polonchuk’s lab) for performing the patch-clamp ICs, experiments.

Author contributions

Conceptualization: Yann-Stanislas H. M. Barral, Liudmila Polonchuk, Michael Clerx, David
J. Gavaghan, Gary R. Mirams, Ken Wang.

Data curation: Yann-Stanislas H. M. Barral, Liudmila Polonchuk.

Formal analysis: Yann-Stanislas H. M. Barral, Ken Wang.

Funding acquisition: Liudmila Polonchuk, Ken Wang.

Investigation: Yann-Stanislas H. M. Barral, Ken Wang.

Methodology: Yann-Stanislas H. M. Barral, Liudmila Polonchuk, Michael Clerx, David J.
Gavaghan, Gary R. Mirams, Ken Wang.

Project administration: Liudmila Polonchuk, Ken Wang.

Supervision: Liudmila Polonchuk, Michael Clerx, David ]. Gavaghan, Gary R. Mirams, Ken
Wang.

Validation: Liudmila Polonchuk.
Visualization: Yann-Stanislas H. M. Barral, Michael Clerx, Gary R. Mirams.
Writing - original draft: Yann-Stanislas H. M. Barral, Ken Wang.

Writing - review & editing: Yann-Stanislas H. M. Barral, Liudmila Polonchuk, Michael
Clerx, David J. Gavaghan, Gary R. Mirams, Ken Wang.

References

1. Sanguinetti MC, Jiang C, Curran ME, Keating MT. A mechanistic link between an inherited and an
acquired cardiac arrhythmia: HERG encodes the IKr potassium channel. Cell. 1995;81(2):299-307.
https://doi.org/10.1016/0092-8674(95)90340-2 PMID: 7736582

2. Redfern WS, Carlsson L, Davis AS, Lynch WG, MacKenzie |, Palethorpe S, et al. Relationships
between preclinical cardiac electrophysiology, clinical QT interval prolongation and torsade de
pointes for a broad range of drugs: evidence for a provisional safety margin in drug development.
Cardiovasc Res. 2003;58(1):32—45. https://doi.org/10.1016/s0008-6363(02)00846-5 PMID:
12667944

3. LiM, Ramos LG. Drug-induced QT prolongation and torsades de pointes. P T. 2017;42(7):473—7.
PMID: 28674475

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012913 July 7, 2025 16/19



https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012913.s001
https://doi.org/10.1016/0092-8674(95)90340-2
http://www.ncbi.nlm.nih.gov/pubmed/7736582
https://doi.org/10.1016/s0008-6363(02)00846-5
http://www.ncbi.nlm.nih.gov/pubmed/12667944
http://www.ncbi.nlm.nih.gov/pubmed/28674475
https://doi.org/10.1371/journal.pcbi.1012913

PLOS COMPUTATIONAL BIOLOGY Action potential duration response to inhibition of Ix, and lga.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

ICH G. The non-clinical evaluation of the potential for delayed ventricular repolarization (QT Interval
Prolongation) by human pharmaceuticals. 2005. https://www.ich.org/page/safety-quidelines

ICH G. The clinical evaluation of QT/QTc interval prolongation and proarrhythmic potential for
non-antiarrhythmic drugs E14. 2006. https://wwwichora/page/efficacy-quidelines

Mirams GR, Cui Y, Sher A, Fink M, Cooper J, Heath BM, et al. Simulation of multiple ion channel
block provides improved early prediction of compounds’ clinical torsadogenic risk. Cardiovasc Res.
2011;91(1):53-61. htips://doi.org/10.1093/cvr/cvr044 PMID: 21300721

Li Z, Dutta S, Sheng J, Tran PN, Wu W, Chang K, et al. Improving the in silico assessment of
proarrhythmia risk by combining hERG (human ether-a-go-go-related gene) channel-drug binding
kinetics and multichannel pharmacology. Circ Arrhythm Electrophysiol. 2017;10(2):e004628.
https://doi.org/10.1161/CIRCEP.116.004628 PMID: 28202629

Colatsky T, Fermini B, Gintant G, Pierson JB, Sager P, Sekino Y, et al. The Comprehensive in Vitro
Proarrhythmia Assay (CiPA) initiative - update on progress. J Pharmacol Toxicol Methods.
2016;81:15-20. https://doi.org/10.1016/j.vascn.2016.06.002 PMID: 27282641

Johannesen L, Vicente J, Mason JW, Sanabria C, Waite-Labott K, Hong M, et al. Differentiating
drug-induced multichannel block on the electrocardiogram: randomized study of dofetilide,
quinidine, ranolazine, and verapamil. Clin Pharmacol Ther. 2014;96(5):549-58.
https://doi.org/10.1038/clpt.2014.155 PMID: 25054430

Mirams GR, Davies MR, Brough SJ, Bridgland-Taylor MH, Cui Y, Gavaghan DJ, et al. Prediction of
thorough QT study results using action potential simulations based on ion channel screens. J
Pharmacol Toxicol Methods. 2014;70(3):246-54. https://doi.org/10.1016/j.vascn.2014.07.002
PMID: 25087753

Mann SA, Imtiaz M, Winbo A, Rydberg A, Perry MD, Couderc J-P, et al. Convergence of models of
human ventricular myocyte electrophysiology after global optimization to recapitulate clinical long
QT phenotypes. J Mol Cell Cardiol. 2016;100:25-34. https://doi.org/10.1016/j.yimcc.2016.09.011
PMID: 27663173

O’Hara T, Virag L, Varré A, Rudy Y. Simulation of the undiseased human cardiac ventricular action
potential: model formulation and experimental validation. PLoS Comput Biol. 2011;7(5):e1002061.
https://doi.org/10.1371/journal.pcbi.1002061 PMID: 21637795

Grandi E, Pasqualini FS, Bers DM. A novel computational model of the human ventricular action
potential and Ca transient. J Mol Cell Cardiol. 2010;48(1):112-21.
https://doi.org/10.1016/j.yjmcc.2009.09.019 PMID: 19835882

Tomek J, Bueno-Orovio A, Rodriguez B. ToR-ORd-dynCl: an update of the ToOR-ORd model of
human ventricular cardiomyocyte with dynamic intracellular chloride. Cold Spring Harbor
Laboratory. 2020. https://doi.org/10.1101/2020.06.01.127043

Krogh-Madsen T, Jacobson AF, Ortega FA, Christini DJ. Global optimization of ventricular myocyte
model to multi-variable objective improves predictions of drug-induced torsades de pointes. Front
Physiol. 2017;8:1059. https://doi.org/10.3389/fphys.2017.01059 PMID: 29311985

Bartolucci C, Passini E, Hyttinen J, Paci M, Severi S. Simulation of the effects of extracellular
calcium changes leads to a novel computational model of human ventricular action potential with a
revised calcium handling. Front Physiol. 2020;11:314. https://doi.org/10.3389/fphys.2020.00314
PMID: 32351400

Sanguinetti MC, Jurkiewicz NK. Two components of cardiac delayed rectifier K+ current. Differential
sensitivity to block by class Il antiarrhythmic agents. J Gen Physiol. 1990;96(1):195-215.
https://doi.org/10.1085/jgp.96.1.195 PMID: 2170562

Walsh KB, Zhang J, Fuseler JW, Hilliard N, Hockerman GH. Adenoviral-mediated expression of
dihydropyridine-insensitive L-type calcium channels in cardiac ventricular myocytes and fibroblasts.
Eur J Pharmacol. 2007;565(1-3):7—16. https://doi.org/10.1016/j.ejphar.2007.02.049 PMID:
17397827

Li Z, Mirams GR, Yoshinaga T, Ridder BJ, Han X, Chen JE, et al. General principles for the
validation of proarrhythmia risk prediction models: an extension of the CiPA in silico strategy. Clin
Pharmacol Ther. 2020;107(1):102-11. https://doi.org/10.1002/cpt.1647 PMID: 31709525

Li Z, Ridder BJ, Han X, Wu WW, Sheng J, Tran PN, et al. Assessment of an in silico mechanistic
model for proarrhythmia risk prediction under the CiPA initiative. Clin Pharmacol Ther.
2019;105(2):466—75. htips://doi.org/10.1002/cpt. 1184 PMID: 30151907

Roden DM. Taking the “idio” out of “idiosyncratic”: predicting torsades de pointes. Pacing Clin
Electrophysiol. 1998;21(5):1029-34. https://doi.org/10.1111/.1540-8159.1998.tb00148.x PMID:
9604234

Cooper J, Scharm M, Mirams GR. The cardiac electrophysiology web lab. Biophys J.
2016;110(2):292-300. https://doi.org/10.1016/.bpj.2015.12.012 PMID: 26789753

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012913 July 7, 2025 17/19



https://www.ich.org/page/safety-guidelines
https://wwwichorg/page/efficacy-guidelines
https://doi.org/10.1093/cvr/cvr044
http://www.ncbi.nlm.nih.gov/pubmed/21300721
https://doi.org/10.1161/CIRCEP.116.004628
http://www.ncbi.nlm.nih.gov/pubmed/28202629
https://doi.org/10.1016/j.vascn.2016.06.002
http://www.ncbi.nlm.nih.gov/pubmed/27282641
https://doi.org/10.1038/clpt.2014.155
http://www.ncbi.nlm.nih.gov/pubmed/25054430
https://doi.org/10.1016/j.vascn.2014.07.002
http://www.ncbi.nlm.nih.gov/pubmed/25087753
https://doi.org/10.1016/j.yjmcc.2016.09.011
http://www.ncbi.nlm.nih.gov/pubmed/27663173
https://doi.org/10.1371/journal.pcbi.1002061
http://www.ncbi.nlm.nih.gov/pubmed/21637795
https://doi.org/10.1016/j.yjmcc.2009.09.019
http://www.ncbi.nlm.nih.gov/pubmed/19835882
https://doi.org/10.1101/2020.06.01.127043
https://doi.org/10.3389/fphys.2017.01059
http://www.ncbi.nlm.nih.gov/pubmed/29311985
https://doi.org/10.3389/fphys.2020.00314
http://www.ncbi.nlm.nih.gov/pubmed/32351400
https://doi.org/10.1085/jgp.96.1.195
http://www.ncbi.nlm.nih.gov/pubmed/2170562
https://doi.org/10.1016/j.ejphar.2007.02.049
http://www.ncbi.nlm.nih.gov/pubmed/17397827
https://doi.org/10.1002/cpt.1647
http://www.ncbi.nlm.nih.gov/pubmed/31709525
https://doi.org/10.1002/cpt.1184
http://www.ncbi.nlm.nih.gov/pubmed/30151907
https://doi.org/10.1111/j.1540-8159.1998.tb00148.x
http://www.ncbi.nlm.nih.gov/pubmed/9604234
https://doi.org/10.1016/j.bpj.2015.12.012
http://www.ncbi.nlm.nih.gov/pubmed/26789753
https://doi.org/10.1371/journal.pcbi.1012913

PLOS COMPUTATIONAL BIOLOGY Action potential duration response to inhibition of Ix, and lga.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32,

33.

34.

35.

36.

37.

38.

39.

40.

41.

Vargas HM, Rolf MG, Wisialowski TA, Achanzar W, Bahinski A, Bass A, et al. Time for a fully
integrated nonclinical-clinical risk assessment to streamline QT prolongation liability
determinations: a pharma industry perspective. Clin Pharmacol Ther. 2021;109(2):310-8.
https://doi.org/10.1002/cpt.2029 PMID: 32866317

De Ponti F. Pharmacological and regulatory aspects of QT prolongation. Methods and principles in
medicinal chemistry. Wiley. 2008. 53-88. https://doi.org/10.1002/9783527621460.ch3

Van Dyke RW, Scharschmidt BF. Effects of chlorpromazine on Na+-K+-ATPase pumping and
solute transport in rat hepatocytes. Am J Physiol. 1987;253(5 Pt 1):G613-21.
https://doi.org/10.1152/ajpgi.1987.253.5.G613 PMID: 2446505

Zhang YH, Hancox JC. Mode-dependent inhibition by quinidine of Na+-Ca2+ exchanger current
from guinea-pig isolated ventricular myocytes. Clin Exp Pharmacol Physiol. 2002;29(9):777-81.
https://doi.org/10.1046/j.1440-1681.2002.03731.x PMID: 12165041

Kramer J, Obejero-Paz CA, Myatt G, Kuryshev YA, Bruening-Wright A, Verducci JS, et al. MICE
models: superior to the HERG model in predicting Torsade de Pointes. Sci Rep. 2013;3:2100.
https://doi.org/10.1038/srep02100 PMID: 23812503

Crumb WJ Jr, Vicente J, Johannesen L, Strauss DG. An evaluation of 30 clinical drugs against the
comprehensive in vitro proarrhythmia assay (CiPA) proposed ion channel panel. J Pharmacol
Toxicol Methods. 2016;81:251-62. https://doi.org/10.1016/j.vascn.2016.03.009 PMID: 27060526

Barthmes M, Bazzone A, Lemme M, Stoelzle-Feix S, Bruggemann A, George M, et al. Drug effects
on human Na(+)/Ca(2+)exchanger and implications for drug development. Biophys J.
2021;120(3):74a. htips://doi.org/10.1016/].bpj.2020.11.666

Milnes JT, Witchel HJ, Leaney JL, Leishman DJ, Hancox JC. Investigating dynamic
protocol-dependence of hERG potassium channel inhibition at 37 degrees C: Cisapride versus
dofetilide. J Pharmacol Toxicol Methods. 2010;61(2):178-91.
https://doi.org/10.1016/j.vascn.2010.02.007 PMID: 20172036

Lei CL, Whittaker DG, Mirams GR. The impact of uncertainty in hRERG binding mechanism on in
silico predictions of drug-induced proarrhythmic risk. Br J Pharmacol. 2024;181(7):987—1004.
https://doi.org/10.1111/bph.16250 PMID: 37740435

Harchi A, Melgari D, Zhang H, Hancox J. Investigation of hERG1b influence on hERG channel
pharmacology at physiological temperature. J Pharmacol Pharmacother. 2018;9(2):92—-103.
https://doi.ora/10.4103/ipp.JPP15817

Britton OJ, Bueno-Orovio A, Van Ammel K, Lu HR, Towart R, Gallacher DJ, et al. Experimentally
calibrated population of models predicts and explains intersubject variability in cardiac cellular
electrophysiology. Proc Natl Acad Sci U S A. 2013;110(23):E2098-105.
https://doi.org/10.1073/pnas.1304382110 PMID: 23690584

Page G, Ratchada P, Miron Y, Steiner G, Ghetti A, Miller PE, et al. Human ex-vivo action potential
model for pro-arrhythmia risk assessment. J Pharmacol Toxicol Methods. 2016;81:183-95.
https://doi.org/10.1016/j.vascn.2016.05.016 PMID: 27235787

Wang K, Lee P, Mirams GR, Sarathchandra P, Borg TK, Gavaghan DJ, et al. Cardiac tissue slices:
preparation, handling, and successful optical mapping. Am J Physiol Heart Circ Physiol.
2015;308(9):H1112-25. hitps://doi.org/10.1152/ajpheart.00556.2014 PMID: 25595366

Barral YS, Polonchuk L, Mirams G, Clerx M, Page G, Sweat K, et al. Normalisation of action
potential data recorded with sharp electrodes maximises its utility for model development. In: 2022
Computing in Cardiology Conference (CINC). vol. 49. IEEE; 2022.

Hill A. The possible effects of the aggregation of the molecules of haemoglobin on its dissociation
curves. J Physiol. 1910;40:4-8.

Kramer J, Himmel HM, Lindqvist A, Stoelzle-Feix S, Chaudhary KW, Li D, et al. Cross-site and
cross-platform variability of automated patch clamp assessments of drug effects on human cardiac
currents in recombinant cells. Sci Rep. 2020;10(1):5627.
https://doi.org/10.1038/s41598-020-62344-w PMID: 32221320

Gomis-Tena J, Brown BM, Cano J, Trenor B, Yang P-C, Saiz J, et al. When does the IC50
accurately assess the blocking potency of a drug?. J Chem Inf Model. 2020;60(3):1779-90.
https://doi.org/10.1021/acs.jcim.9b01085 PMID: 32105478

ten Tusscher KHWJ, Noble D, Noble PJ, Panfilov AV. A model for human ventricular tissue. Am J
Physiol Heart Circ Physiol. 2004;286(4):H1573-89. https://doi.org/10.1152/ajpheart.00794.2003
PMID: 14656705

ten Tusscher KHWJ, Panfilov AV. Alternans and spiral breakup in a human ventricular tissue
model. Am J Physiol Heart Circ Physiol. 2006;291(3):H1088-100.
https://doi.org/10.1152/ajpheart.00109.2006 PMID: 16565318

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012913 July 7, 2025 18/19



https://doi.org/10.1002/cpt.2029
http://www.ncbi.nlm.nih.gov/pubmed/32866317
https://doi.org/10.1002/9783527621460.ch3
https://doi.org/10.1152/ajpgi.1987.253.5.G613
http://www.ncbi.nlm.nih.gov/pubmed/2446505
https://doi.org/10.1046/j.1440-1681.2002.03731.x
http://www.ncbi.nlm.nih.gov/pubmed/12165041
https://doi.org/10.1038/srep02100
http://www.ncbi.nlm.nih.gov/pubmed/23812503
https://doi.org/10.1016/j.vascn.2016.03.009
http://www.ncbi.nlm.nih.gov/pubmed/27060526
https://doi.org/10.1016/j.bpj.2020.11.666
https://doi.org/10.1016/j.vascn.2010.02.007
http://www.ncbi.nlm.nih.gov/pubmed/20172036
https://doi.org/10.1111/bph.16250
http://www.ncbi.nlm.nih.gov/pubmed/37740435
https://doi.org/10.4103/jpp.JPP15817
https://doi.org/10.1073/pnas.1304382110
http://www.ncbi.nlm.nih.gov/pubmed/23690584
https://doi.org/10.1016/j.vascn.2016.05.016
http://www.ncbi.nlm.nih.gov/pubmed/27235787
https://doi.org/10.1152/ajpheart.00556.2014
http://www.ncbi.nlm.nih.gov/pubmed/25595366
https://doi.org/10.1038/s41598-020-62344-w
http://www.ncbi.nlm.nih.gov/pubmed/32221320
https://doi.org/10.1021/acs.jcim.9b01085
http://www.ncbi.nlm.nih.gov/pubmed/32105478
https://doi.org/10.1152/ajpheart.00794.2003
http://www.ncbi.nlm.nih.gov/pubmed/14656705
https://doi.org/10.1152/ajpheart.00109.2006
http://www.ncbi.nlm.nih.gov/pubmed/16565318
https://doi.org/10.1371/journal.pcbi.1012913

PLOS COMPUTATIONAL BIOLOGY Action potential duration response to inhibition of Ix, and lga.

42,

43.

44.

45.

Dutta S, Chang KC, Beattie KA, Sheng J, Tran PN, Wu WW, et al. Optimization of an in silico
cardiac cell model for proarrhythmia risk assessment. Front Physiol. 2017;8:616.
https://doi.org/10.3389/fphys.2017.00616 PMID: 28878692

Yu T, Lloyd CM, Nickerson DP, Cooling MT, Miller AK, Garny A, et al. The physiome model
repository 2. Bioinformatics. 2011;27(5):743—4. https://doi.org/10.1093/bioinformatics/btg723 PMID:
21216774

Barral Y-SHM, Shuttleworth JG, Clerx M, Whittaker DG, Wang K, Polonchuk L, et al. A parameter
representing missing charge should be considered when calibrating action potential models. Front
Physiol. 2022;13:879035. https://doi.org/10.3389/fphys.2022.879035 PMID: 35557969

Mirams G. Computational cardiac safety testing. Drug discovery and evaluation: safety and
pharmacokinetic assays. 3rd ed. Springer. 2023. p. 173-205.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012913 July 7, 2025 19/19



https://doi.org/10.3389/fphys.2017.00616
http://www.ncbi.nlm.nih.gov/pubmed/28878692
https://doi.org/10.1093/bioinformatics/btq723
http://www.ncbi.nlm.nih.gov/pubmed/21216774
https://doi.org/10.3389/fphys.2022.879035
http://www.ncbi.nlm.nih.gov/pubmed/35557969
https://doi.org/10.1371/journal.pcbi.1012913

	Comparison of in silico predictions of action potential duration in response to inhibition of IKr and ICaL with new human ex vivo recordings
	Introduction 
	Results
	Experimental change in APD90 from baseline with drug exposure 
	2-D maps of DAPD90 predicted by literature AP models 
	Comparison of in-silico prediction of DAPD90 with ex vivo data 

	Discussion 
	Main findings
	Model differences
	DAPD90 in the context of proarrhythmic risk assessment
	Study limitations

	Methods
	Ex vivo action potential acquisition 
	Sharp electrode recording protocol for data acquisition.
	Selected drugs and tested drug concentrations. 
	Ex vivo data post-processing.

	Patch clamp measurements of IKr and ICaL inhibition
	Simulation of APD90 with in silico action potential models 
	Selected models. 
	Action potential simulations.

	Comparison of model predictive power with experimental action potential data
	Qualitative comparison with 2-D maps of DAPD90 versus current inhibition.
	Metric for the quantification of model predictivity.


	Conclusion
	References




