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Abstract

Drugs can perturb the electrical activity of cardiac muscle cells, which may lead to
cardiac adverse events. The inhibition of a potassium current (Ix,) has been shown to
prolong the cellular and ventricular repolarisation time, respectively characterised by
the action potential (AP) duration (APD) and the QT interval on the ECG, promoting
arrhythmia. The in vitro characterisation of Ik, inhibition is a key part of pre-clinical
cardiac safety assessment for drug candidates. The proarrhythmic risk is further evaluated
clinically, with particular focus on QT.

The inhibition of a calcium current (Ica ) can mitigate the prolongation of APD and
QT induced by Ik, inhibition. Because pre-clinical and clinical guidelines are based on
di Lerent endpoints, compounds inhibiting both I, and lca. may be incorrectly deemed
proarrhythmic pre-clinically, in which case compounds with a potentially advantageous
risk/benefit ratio may not reach the patient.

Biophysically-detailed models of the cardiac AP have emerged as tools linking in
vitro observations with in vivo proarrhythmic risk. This thesis establishes a frame-
work to integrate newly generated experimental data into the development of a novel
predictive AP model.

New data were generated ex vivo in adult human ventricular tissue to investigate the
relationship between drug-induced changes in APD, Ik, inhibition, and lcy inhibition.
A framework was developed to calibrate an AP model to this new data, with particular
considerations for limitations on the data and on the understanding of mechanisms under-
lying the AP. Using this framework, a new AP model was calibrated, achieving improved
predictions of drug-induced changes in APD in comparison with previous AP models.

Accurately predicting the changes in APD from in vitro experiments is the first step
towards reliable predictions of drug-induced changes in clinically-relevant biomarkers. This
work therefore contributes to a greater integration of in vitro experiments and in silico tools,
and to enhanced pre-clinical predictions of the cardiac safety assessment of new compounds.



Acknowledgements

I want to thank my supervisors from the bottom of my heart for their immutable support,
help and trust: Ken for initiating this splendid journey, believing in me, and taking
your time to get me on board with the project, Dave for calmly and kindly challenging
my ideas and advances, enabling me to become more and more of a rigorous scientist
through the project, Gary for all the time and energy you took to make me grow, getting
me to write scientific articles properly, learning how to link the pieces of the puzzle
together, Michael for your invaluable expertise, inspiring storytelling skills and contagious
passion for making scientific challenges so lively, and Liudmila for getting me to better
communicate with a broader audience outside of my little field of expertise, for your
invaluable insights into the experimental data that gave me a few eureka moments, and
for your support through the dilerknt stages of the project.

When | am looking back at where | started, | am thinking “what a great journey”, and
I know it would have never been possible without your passion, patience, expertise and
support. | am deeply grateful for having had you as supervisors on that DPhil journey.

I also want to deeply thank Thierry for making this journey possible and for believing in
me.

My family was the founding rock of the whole story: Patrick and Magdalena always
happy to get out of your way to cherish me at home (besides creating the perfect
environment for me to grow up into a scientist), Alexandre and Raphael in particular
for making sure | did not forget to play video games from time to time, Paul for the
countless times we jumped o [al plane together on our way to Legendary, Dominique,
Valérie, Julie and Mélanie for the refreshing télétravail experience. Un énorme merci
a Hubert & Jacqueline pour la bulle d’air qu’a toujours été Sainte Foy pour moi, me
permettant de me ressourcer. Serdecznie dziekuje Markowi, Marysii, Maji i Adamowi
za wsparcie, radosne dyskusje, i pier$ z indyka z morelami.

I also want to thank my friends for being there along the road, so that my mental
health was always taken care of. Particular thanks go to Alexandre, Anastasia, Annabell,
Apo, Arthur, Carl, Carlo, Caro, Davide, Elise, Jasmin, Laura, Leanna, Louis, Luana,
Lydia, Marius, Max, (Nadim)?, Nico, Nicolo, Ora, Petro, Sarah, Simon, Tino, Tom,
Victor, Xavier, Yassine.

With all of you, | felt at home in Basel, Besangon, Casablanca, Lyon, Montbéliard,
Mouans-Sartoux, Paris, Strasbourg, Turku, and Warszawa, so | could always give
full energy to my work.



Contents

1 Introduction 1
2 Background 7
2.1 Introduction. . . . . . . .. 7
2.2 Heart physiology . . . . . . . . . .. 7
2.2.1 Circulation . . . . ... 7
2.2.2 The electrical activity of theheart . . . .. ... ... ....... 9
2.3 Electrophysiology of thecell . . . . . .. .. ... ... ... ........ 9
2.3.1 Theactionpotential . .. ... ... ... .. ... ... ..... 10
2.3.2 loniccurrents . . . . . . ... 13
2.3.3 Experimental techniques for investigating the electrophysiological
activityof cells . . . . . . . ... 16
2.4 Mathematical models of the human ventricular action potential . . . . . . 17
2.4.1 Use of action potential models for cardiac safety assessment . . . . 20
2.5 Calibration of new action potential models. . . . . ... .. ... ..... 21
25.1 Model training . . . . . ... .. 22
2.5.2 Model validation . . . . .. ... ... 29
2.5.3 Model selection . . . . . . .. ... 30
2.6 SUMMANY . . . . . e 35
3 A parameter representing missing charge should be considered when
calibrating action potential models 36
3.1 Introduction . . . . . . . .. 37
3.1.1 Membrane voltage and ionic concentrations in AP models . . . . . 38
3.1.2 Algebraic expressionsfor V... . . . . .. ... .. .. .. ... 39
3.1.3 [Igandstable behaviour . . . . .. ... ... .. .......... 42
3.2 Impact of the algebraic voltage formulation on numerical solutions . . . . 45
3.2.1 Models and simulation . . . . . ... ... ... ... ... .. 45
3.2.2 Accuracy of solutions . . . ... ... 46
3.2.3 Computationtime . . . . ... ... .. ... ... 48
3.3 Physiological impactof 'p . . . . . ... . ... ... . ... . 48
3.3.1 I, [K']i and [Na*]; in human ventricular AP models . . . . . .. 48
332 TIgandrangesof K"and Na®™ . ... ................ 50



Contents \Y;

3.3.3 Eectof pgonsteadystates ... .................. 52
3.3.4 Model predictions are sensitiveto 9 . .. .. ... ... .. ... 55
3.4 Calibrationof APmodelsand o . ... ... ... .. ... ........ 57
3.4.1 Calibration when multiple stable limit cycles exist for a single ¢
value . . . . . e e 60
3.5 DISCUSSION . . . . . . e e e 64
3.5.1 Limitations . . . . . . . .. ... 66
3.5.2 Futurework. . . . . . . .. . . ... e 67
3.6 Conclusion . .. .. ... e 68

4 Analysis and curation of adult human ventricular action potential data

recorded under drug treatment 69
4.1 Introduction . . . . ... 70
4.2 Presentationofdrugs. . . . . . . . ... 71
4.3 In vitro measurements of k, and Icg inhibition . . . . ... ... .. .. 72
4.4 Exvivo action potential acquisition . . . .. ... oL 78
4.4.1 Selection of compounds and concentrations . . ... ... ... .. 79
4.5 Exvivo data post-processing . . . . . ... 81
451 Software and dataformat . . . ... ... ... ... ... ... 81
452 Filtering . . . . . . . 81
45.3 Action potential markers . . . . ... ... Lo L 81
4.6 Consistency from Phase 1to Phase2 .. ... ............... 82
4.7 Stimulus artefact varies between trabeculae and prevents calibration of
Ina-related parameters . . . . . . .. 83
4.8 Normalisationof voltage . . . . . . .. .. .. .. ... .. .. .. ..., 84
4.8.1 Resting membrane potential instability can be used as marker for
electrode instability . . . . ... ... .. 84
4.8.2 Normalised action potential data were not perturbed by electrode
MOVEMENt . . . . . . e e e e 85
4.8.3 Impact of the normalisation of the training action potential data
on model calibration . . . . ... ... 0oL 87
4.8.4 Note on consequences for model calibration . . . ... ... .... 91
4.9 Summary of data of sucientquality . . . . .. ... ... .. ... .... 92
4.10 Drug-induced APDgg . . . . . o i i 96
4.10.1 DMSO: vehicle . . . . . . ... . 96
4.10.2 Drugs of interest . . . . . . . . ... .. .. . e 97
4.11 Comparison of nominal and actual drug concentrations . . .. .. .. .. 99
4.12 Qualitative visualisation of APD gg as a function of I, and Icg. inhibition 100
4.13 Final dataset for model calibration . . . . ... ... ... .. ....... 103
4.14 Study limitations . . . . . . . . .. 105
415 SUMMATY . . . . o e e e e e 108

DRAFT Printed on May 18, 2023



Contents Vi
5 Comparison of in silico predictions of action potential duration in re-
sponse to inhibition of | ¢, and | ¢4 with new human experimental data
110
5.1 Introduction . . . . . . . . ... 111
5.2 Methods . . . . . . . . . 112
5.2.1 Exvivo action potentialdata . . . . . ... ... ... ... ..., 112
5.2.2 Simulations of APDyy with in silico action potential models 112
5.2.3 Comparison of model predictions with experiments . . . .. .. .. 116
5.3 Results. . . . . . e 117
5.3.1 2-D maps of APD g predicted by literature AP models . . . .. 117
5.3.2 Comparison of in-silico prediction of APDgp with ex vivo data 119
5.3.3 The TdP risk metric Qnet as a function of Ik, and lcg. inhibition 122
5.4 DISCUSSION . . . . . . . 124
54.1 Main ndings . . . . . .. 124
542 Modeldierences . . . . ... . .. 125
5.4.3  APDg as a marker for proarrhythmic risk prediction. . . . . . . 126
5.4.4 Study limitations . . . . . .. .. ... ... 127
5.5 Conclusion . ... . . . .. 128
6 Goodness-of-t versus model predictivity, or parameters that could
versus should be calibrated 130
6.1 Introduction . . . . . . . . . . . . 131
6.1.1 Aspect I: Inter-individual variability impacts action potential model
outputs, and can be estimated from RNA sequencing data 131
6.1.2 Aspect II: Selection of parameters to individualise to maximise
model predictivity . . . .. ... 132
6.1.3 Aspect lll: Model discrepancy limits the accuracy of parameter
estimation and thereby model predictivity . . . .. .. ... ... 134
6.2 Part I: Inter-individual variability impacts action potential model outputs,
and can be estimated from RNA sequencingdata . . ... ........ 135
6.2.1 Methods . . . . . . . . . .. 136
6.2.2 Results . .. ... .. e 139
6.2.3 DISCUSSION . . . . . . . e 140
6.3 Part Il: Selection of parameters to individualise to maximise model predic-
tVIty . . e 141
6.3.1 Synthetic dataset for gata1 - « « « « ¢ ¢ v e e e 142
6.3.2 Overview of the methods to select parameters to individualise . . . 142
6.3.3 Steps 1 3: Impact of parametric variability on estimates of Gy,
and Geal - - v e e e e 144

DRAFT Printed on May 18, 2023



Contents vii

6.4

6.5

6.6

6.3.4 Steps 4 6: Impact of parametric variability on model predictivity,

with individualised Gk, and Gear  « -« v v o o o o e 146
6.3.5 Iterative increase of the set of individualised parameters . . . . . . 148
6.3.6 Repeat with synthetic data for another individual . . . ... ... 152
6.3.7 DIisSCUSSION . . . . . . . . e 153
Part 11l: Model discrepancy limits the accuracy of parameter estimation
and thereby model predictivity . . . . ... ... ... .. .. .. .. ... 154
6.41 Methods . . . ... ... . . .. ... 155
6.4.2 Results . .. ... .. 157
6.4.3 DIiSCUSSION . . . . . . . . e 162
General discussion . . . . . . ... 164
6.5.1 Finer uncertainty quanti cation for higher model credibility . . . . 164

6.5.2 Calibration of an action potential model exhibiting chaotic behaviour 165
6.5.3 Application of the methods introduced in this work to other mod-

elling frameworks . . . . . . .. .. .. 165
6.5.4 Limitations . . . . . . . ... 167
Conclusion and future work . . . . . . . . . . ... 169

7 Calibration of a human ventricular action potential model for prediction
of changes in action potential duration induced by acute inhibition of

two major ionic currents 171

7.1 Introduction . . . . . . .. L 172

7.2 Methods . . . . . . . e 173
7.2.1 Action potentialdata . . . ... ... ... ... . .. 173
7.2.2 Data for in vitro ion channel inhibition . . . . .. ... ... ... 175
7.2.3 Simulations with in silico AP models . . . .. ... ... ..... 175
7.24 Modeltraining . . . . . . .. 177
7.2.5 Uncertainty in parameter estimates . . . . . ... ... ... .... 180
7.2.6 Evaluation of APD g9 predictions by the trained model . . . .. 180

7.3 Results. . . . . . e 181
7.3.1 Action potential model for a generic individual, calibrated to the

naive-pooleddata . .. ... ... .. ... ... ... .. .. ... 181

7.3.2 Trabecula-specicmodels . .. ... ... ... .. ......... 188

7.4 DISCUSSION . . . . . 195
741 Main ndings . . . . .. 195
7.4.2 Context of use of the Gen-NP#4 model . . .. ... ... ... .. 196
7.4.3 A collection of trabecula-speci ¢ models to capture the inter-individual

variability of response to current inhibition . . . . .. .. ... .. 197

7.4.4 Extreme computational cost of model training . . . ... ... .. 198
7.45 Study limitations . . . . .. ... 199

7.5 Conclusion . . ... 201

DRAFT Printed on May 18, 2023



Contents viii

8 Discussion and future research 203
8.1 Summary of ndings and conclusions . . . . ... ... ... ........ 203
8.2 FRutureresearch . . . .. ... ... ... ... 207
8.3 Closingremarks . . . . . . . . . 210
Appendices

A A parameter representing missing charge should be considered when

calibrating action potential models 212

A.1 Units correction in Ten Tusscher-Pan lov 2006 (TP) CellML File . . .. 212

A.2 Comparison of algebraic voltage equations . . . . ... ... ....... 213

A.3 Changing the voltage expression of a model to the algebraic expression . 215
A.3.1 Computation of total Ca®* concentration . . ... ......... 215
A.3.2 Computing ¢ from the initial conditions . . . . .. .. ... ... 217
A.3.3 Swapping the voltage expression in your model . . . .. ... ... 217
A.3.4 Troubleshooting . ... .. ... .. ... . ... ... . ... 218

A.4 Convergence towards paced limitcycle . ... .. ... ... ....... 219
A.4.1 Comparison of solving speed between derivative and algebraic

voltage expressions . . . . . . . .. e e 221

B Analysis and curation of adult human ventricular action potential data

recorded under drug treatment 224
B.1 In vitro measurements of Ik, and Ica inhibition by drugs . . . . . .. .. 224
B.2 Filtering frequencies above 4 kHz in the Fourier spectrum of action poten-

tials . . .. 225
B.3 Stability of the sharp electrode: 1Hzvs2Hz . ... ............ 227

B.4 Fitting of a quadratic surface through the experimental APDgy data . . 227
B.5 Comparison of 2D maps using nominal concentrations and using measured

drug concentrations in the bath solution (when available) . . .. ... .. 229
B.6 Comparison of drug-induced APD g9 with relative APD g9 change from

baseline as a percentage . . . . . . . .. ... 230
B.7 Correction for DMSO e ect of experimental change in APD oo from baseline

with drug exposure . . . . . . . . . e e 232
B.8 Experimental sex-related di erences in APDgg under baseline conditions . 234

C Comparison of in silico predictions of action potential duration in re-
sponse to inhibition of I  k, and | co. with new human experimental data236
C.1 Comparison of error measures using only nominal drug concentrations even
when measured drug concentrations in the bath solution are available . . 236

DRAFT Printed on May 18, 2023



Contents iX

D Goodness-of-t versus model predictivity, or parameters that could

versus should be calibrated 238
D.1 Duration of pre-pacing to approach steady-state . . .. .......... 238
D.2 Boundaries for the search space compared with the variability in max-

D.3

D.4

D.5

imal conductance parameters between the published models for human

ventricular action potential . . . .. .. .. ... .. .. .. . 0 240
Tuning of hyperparameters of the CMA-ES algorithm for model training 243
D.3.1 TP#1 and TP#2 data: without model discrepancy . . . . . .. .. 243
D.3.2 GPB data: with model discrepancy . . . . . . . ... ... ... .. 244
Chaotic behaviour of the TP model induced by particular changes in k,

and lcal - . o e e 245
Choice of the number of samples for the propagation of uncertainty in xed
parameters . . . ... e e e e 248

E Calibration of a human ventricular action potential model for prediction
of changes in action potential duration induced by acute inhibition of

two major ionic currents 250
E.1 Unclamping K™ and CI concentrations in the new AP model . . .. .. 250
E.2 Duration of pre-pacing to approach steady-state . ... ... ... .. .. 251
E.3 Identi ability of parameters for training the Gen-NP model . . . . . . .. 252
E.4 Identi ability of trabecula-speci ¢ parameters and selection of parameters
toindividualise . . . . . . . . 255
E.5 Detail of the error score for the Gen-NP models . . . ... ... ... .. 257
E.6 Detailed predictions by Col-NP3 for training drugs . . . . . .. ... ... 257
Bibliography . . . . . . . . 261

DRAFT Printed on May 18, 2023



Introduction

Research question

During the healthy normal activity of a cardiac muscle cell, ions are constantly exchanged
across the cell membrane, thus generating ionic currents. The interplay of the various ionic
currents leads to changes in the transmembrane voltage, called the action potential (AP).
Several small molecule drugs, including drugs not targeting the heart, have been found
to perturb the electrophysiological activity of the cardiac muscle. In particular, drugs
inhibiting the rapid delayed rectier K™ current (Ix,) are likely to prolong the AP duration
(APD) in ventricular cardiomyocytes, which leads to prolongation of the QT interval on
the electrocardiogram (ECG). Ik, inhibition and QT prolongation are not dangerous per
se but they promote the risk of Torsades de Pointes (TdP), a deadly heart rhythm disorder.
Pre-clinical and clinical guidelines for cardiac safety assessment of drug candidates therefore
use a compound's potency to inhibitlk,, typically measured in vitro in patch-clamp
experiments, and to prolong QT, respectively, as metrics to predict the compound's TdP
risk. These guidelines have prevented drugs with unacceptable risk/bene t ratio from
reaching the market, but they have also led to many false positives in the past, which has
prevented some potentially safe compounds from being explored for therapeutic use.
In particular, concomitant inhibition of the L-type Ca®" current (Ica ) mitigates the
delaying of the ventricular repolarisation induced by the blockade oflk,. Because of

the counterbalancing e ects of Ik, inhibition (a pre-clinical guideline endpoint) and Ica.



1. Introduction 2

inhibition, drug candidates might be incorrectly deemed proarrhythmic, based on the
current guidelines. Although this counterbalancing e ect of Ik, and Ica. has frequently
been mentioned in the literature, many open questions remain concerning the quantitative
relationship between APD, Ik, inhibition, and Ic5  inhibition. It therefore remains the
case that noin silico biophysically-detailed AP model has been trained and validated to
predict changes in repolarisation time induced by simultaneous inhibition oflx, and gL .

The objective of this DPhil thesis is to develop an AP model to predict the changes in
APD induced by the simultaneous acute inhibition of I, and/or g, as measuredn vitro .

This DPhil establishes a framework to integrate newly generated experimental AP
data in the development of a novel predictive AP model. The development of this
model touches several underlying questions, that will be answered in the thesis: How
should we de ne quality control for AP data used in model training and validation?
How do experimental drug-induced changes in APD measureéx vivo in adult human
ventricular trabeculae compare with the predictions of human ventricular AP models?
What literature model is the most promising for use as a base model for model development?
What is the impact of model structure on the model calibration process? What model
predictivity can be achieved after model calibration to the new AP data? Is it possible
to capture inter-individual variations with the calibrated model? What parameters
of the new AP model should be calibrated against the experimental data, and how
should this calibration be performed?

After answering these questions, the model developed during this DPhil project
predicts the repolarisation time response to inhibition of lx, and Ica. at a cellular level.
This constitutes the rst step towards an in silico framework capable of integratingin

vitro data into accurate predictions of the QT e ect of drug candidates.
Detailed approach
Chapter 2: Background

This thesis combinesin silico modelling with systems biology. The interested reader
can nd an introduction to aspects of these domains that are relevant to this DPhil in

Chapter 2. There, the physiology of the heart and cardiomyocyte function are detailed,
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together with how biophysically-detailed models of the AP have been developed. In
the last section, di erent aspects of model calibration that are relevant to the work

presented in this DPhil thesis are introduced.

Chapter 3: A parameter representing missing charge should be considered

when calibrating action potential models

The contents of this Chapter were published in Frontiers in Physiology in April 2022
(Barral et al., 2022b).

Chapter 3 introduces a parameter important to model calibration, which, in the
canonical way of expressing the transmembrane voltag¥ in AP models, is hidden. The
conservation of charge principle imposes an algebraic constraint on the system of ordinary
di erential equations (ODESs) that constitute an AP model. This constraint binds V to
intracellular and extracellular ionic concentrations, thus making it possible to express
V algebraically. This constraint is characterised by the constant net concentration of
intracellular electrical charge attributed to non-modelled charge-carrying species, denoted

o. Changing the expression ofV to its algebraic form makes o appear explicitly in
the model and improves the numerical accuracy of the solutions. ¢ is also shown to be

identi able, suggesting that calibrating o enables better calibration of AP models.

Chapter 4: Analysis and curation of adult human ventricular action potential
data recorded under drug treatment

Part of the work included in Chapter 4 was presented at the Computing in Cardiology
2022 conference, and published as a proceedings article under the title Normalisation
of Action Potential Data Recorded with Sharp Electrodes Maximises Its Utility for
Model Development (Barral et al., 2022a).

Chapter 4 introduces the experimental data that were used in this DPhil project. The
AP data used for model calibration in this DPhil project were generated by AnaBios
Corporation. The AP data were recordedex vivo with the sharp electrode technique in
adult human ventricular trabeculae exposed to various drugs. Bioanalytics of the tested
adult human ventricular trabeculae were performed to measure the exact exposure of the
tissues to tested drugs.In vitro measurements of drug inhibition oflx, and ¢y were

also performed to calculate the inhibitory e ect of drugs used in the ex vivo experiments.
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Chapter 4 also describes how the AP data were processed. In particular, recording
artefacts generated by movements of the recording electrode were identi ed. To mitigate
this, a normalisation strategy was devised, and a synthetic study was used to verify that
normalisation did not signi cantly a ect model parameterisation.

Chapter 5: Comparison of in silico predictions of action potential duration
in response to inhibition of | kr and | cq with new human experimental data

A journal article combining the contents of Chapter 4 and Chapter 5 is being prepared
for journal publication.

Biophysically-detailed AP models have been developed to integrate mechanistic
knowledge about the mechanisms underlying the AP, and have been used to predict
response to perturbations. In Chapter 5, drug-induced changes in APD predicted by AP
models are compared with the experimental data from Chapter 4. The inhibition of ionic
currents by drug perturbations tested in vitro was used as input to AP model simulations to
generate predictions of drug-induced APD changes. Predictions were made with 11 human
ventricular AP models from the literature, and compared with experimental observations.

Models based on the O'Haraet al. (2011) (ORd) model exhibited correct reproduction
for the drugs a ecting selectively Ik, or lca, but g inhibition had little mitigating
e ect on the APD prolongation induced by Ik, inhibition. In contrast, models based on
the Ten Tusscher & Pan lov (2006) (TP) and the Grandi et al. (2010) (GPB) models
accurately reproduced the APD response to mixed ion channel blockers, but exhibited
low sensitivity to selective Ik, inhibition. The TP and GPB models reformulated by
Mann et al. (2016) (TP-M and GPB-M, respectively) exhibited an improved sensitivity
to Ik inhibition while retaining the mixed e ects of Ik, and lcg inhibition on APD.
After qualitative and quantitative comparison of model predictions with experimental
data, the TP and the GPB-M models were found to be the most promising base models
for the development of an AP model trained and validated for the prediction of APD

changes induced by inhibition of Ik, and/or Icg .
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Chapter 6: Goodness-of-t versus model predictivity, or parameters that
could versus should be calibrated

Preliminary methods and results of Chapter 6 were presented in a poster at the Cardiac
Physiome 2021 Conference in November 2021. The contents of Chapter 6 are being
prepared for journal publication.

The ex vivo data introduced in Chapter 4 were generated from di erent individuals.
With the objective of developing individual-speci ¢ AP models in the following Chapter,
Chapter 6 consists of three parts. In each part, a di erent aspect of the calibration
of individual-speci ¢ AP models is investigated: prior knowledge on inter-individual
variability, adequate selection of parameters to individualise, and the impact of model
discrepancy on this selection. The inter-individual variability in model parameters was
estimated from publicly available RNA sequencing data. Using synthetic data generated
with di erent AP models, we investigated the in uence of the set of individualised
parameters on model predictions with and without model discrepancy. In this process,
the variability and/or uncertainty in non-individualised parameters was incorporated into
the model calibration process. Without model discrepancy, the more parameters that
were individualised, the higher the model predictivity (provided that the parameters were
identi able). With model discrepancy, parameter identi ability and model predictivity
were reduced. Finally, maximal model predictivity was achieved without individualising
all the identi able parameters: all parameters that could be individualised should not
necessarily be individualised.

Chapter 7: Calibration of a human ventricular action potential model for
prediction of changes in action potential duration induced by acute inhibi-
tion of I x, and | ca

The contents of Chapter 7 are being prepared for journal publication.

Chapter 7 combines the previous pieces of work together to calibrate a new AP
model to the ex vivo data. The new AP model was constructed based on the GPB-M
model, in which the Ix, component was changed to the model developed by Let al.
(2019), and in which intracellular ionic concentrations are dynamically modelled allowing

for the voltage to be written in its algebraic form. The ex vivo data were separated
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into independent training and validation datasets. At rst, the training dataset was
treated as if it was obtained from a single generic individual. Training the new AP
model with this approach therefore produced the model for a generic individual, denoted
Gen-NP. The Gen-NP model was then re-used as a rst guess for the training of individual-
speci ¢ versions of the new AP model. Individualised parameters were selected with
consideration for the ndings presented in Chapter 6. By training an individual-speci c
model for each individual included in the training dataset, a collection of individual-
speci ¢ models, denoted Col-NP, was created. APD changes induced bk, and/or lca
inhibition predicted by the Gen-NP model and by Col-NP were nally compared with the
validation dataset. The most accurate predictions were obtained with the Gen-NP model,
which also exhibited improved predictivity compared with existing AP models studied
in Chapter 5: the Gen-NP model predicted more accurately the e ects of selectivey,
and selectivelcy inhibition, as well as the mitigation of Ik, inhibition by ¢4 inhibition.
Yet, further improvements will be needed before predictions by the Gen-NP model can

replace in vitro or in vivo experiments reliably.
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Background

2.1 Introduction

This Chapter introduces the background, concepts, and techniques that are used in the
rest of this DPhil thesis. It contains four sections that provide the reader with background
about the physiology of the mechanisms that are modelled in this work, an introduction
to in silico tools used for cardiac safety assessment of drug candidates, and a detailed
introduction and discussion of the framework for training and validation of computational
models like the model developed in Chapter 7.

Section 2.2 introduces general background about heart physiology. Section 2.3
introduces the physiology of action potentials (APs) and mechanisms leading to their
formation, from the molecular to the cellular scale. The historical evolution ofin silico
models for human ventricular AP is reviewed in the following Section 2.4. Finally, di erent

aspects of AP model development are discussed in Section 2.5.

2.2 Heart physiology

2.2.1 Circulation

The heart is the vital organ that ensures the supply of oxygen and nutrients to the
body, by maintaining blood circulation. The human cardiovascular system is presented in
Figure 2.1. The heart is split into two sides (left and right) that pump the blood into

two circuits (systemic and pulmonary, respectively). Low oxygen blood is pumped by the
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right side of the heart towards the pulmonary circuit, so that the blood is oxygenated
in the lungs. After that, the blood comes back to the left side of the heart. From there,
the blood is distributed to the various organs and tissues. Low oxygen blood comes back
to the right side of the heart, and the cycle can be repeated.

Each side of the heart is separated into two compartments by valves which ensure a
unidirectional blood ow. The two sides of the heart have the same cyclic functioning
principle. At rst, the ventricles lled with blood contract, thus ejecting it into the
arteries towards the pulmonary and systemic circuits. The ventricles remain contracted
for a while to ensure a su cient amount of blood is ejected. Note that the left ventricular
muscle faces a higher mechanical load, and it is therefore larger and thicker.

After contracting, the ventricles relax and the ventricular pressure decreases. When
the ventricular pressure becomes lower than the atrial pressure, the blood ows from the
atria to re Il the ventricles. The atria then contract to completely re Il the ventricles,

so that the heart is prepared for the next beat.

Figure 2.1: Schematic representation of the cardiovascular system and of the human heart, seen
by a coronal section (Santilla, 2022).
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2.2.2 The electrical activity of the heart

The cyclic functioning of the heart is governed by its electrical activity. The conduction
network (Figure 2.2A) propagates an electrical signal, triggering contraction throughout
the heart tissue. This activity can be visualised with electrocardiograms (ECG), which

can be recorded non-invasively in patients. A typical ECG is sketched in Figure 2.2B.

Figure 2.2: Schematic representation of the conduction system of the heartA) (Madhero88,
2010), and sketch of a typical electrocardiogram (ECG) B).

Under typical healthy conditions, the P wave corresponds to the propagation of the
electrical signal to the atria, which subsequently contract. Then, the QRS complex is
observed when the signal propagates through the wall separating the ventricles then
spreads over them, while the atria return to resting state. After the QRS complex,
ventricles remain contracted until the T wave, so that blood is expelled towards the
body. Finally, the T wave is observed when the ventricles return to their resting state
to prepare for the next beat. The QT interval on the ECG therefore characterises the

time it takes for ventricles to return to resting state.

2.3 Electrophysiology of the cell

Living cells are surrounded by a membrane composed of a phospholipid bi-layer, forming
a lipophilic medium which is mostly impermeable to charged species like ions (Gorter
& Grendel, 1925). Transmembrane proteins called ion channels act as selectively
permeable pores which enable the ow of ions across the membrane (Beaat al., 1969).

lons can also be transported through the cell membrane actively via ion pumps or

DRAFT Printed on May 18, 2023
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passively via ion exchangers (Zaza & Rosen, 2000). Hence, the membrane acts as a
Iter that actively selects the ions that enter or exit the cell.

Various types of cardiac cells are needed to build the complex structure and activity of
the heart, and electrophysiological properties vary between cell types. The work presented
in this DPhil thesis focuses on the ventricular cardiac muscle cell (cardiomyocyte) which
is the cell type central to heart contraction. In the rest of this DPhil thesis, unless stated
otherwise, the cell refers to the human ventricular cardiomyocyte

The ventricular muscle is constituted of three main layers with di erent expressions
of ion channels, pumps, and exchangers (Antzelevitch, 2007): the epicardium (external
layer), the myocardium, and the endocardium (internal layer). It is worth mention-
ing that muscular bundles called trabeculae project from the inner surface of the
ventricles (Moore & Agur, 2007), as illustrated in Figure 2.3. Trabeculae contribute
to heart contractility and (most importantly for this DPhil) they constitute relatively
easily accessible endocardial cardiomyocyte bres that can be used to investigate the

cardiomyocyte electrophysiology, as in Chapter 4.

Figure 2.3: Frontal section of the interior of the heart showing the papillary muscles, chordae
tendineae, and trabeculae carnae (OpenStax College, 2010).

2.3.1 The action potential

At the cellular scale, the electrical signal propagates as what is called the action potential

(AP), which is the result of the interplay of several ionic currents. A typical human
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ventricular AP and the major underlying ionic currents are shown in Figure 2.4.

The transmembrane voltageV can be modelled as voltage across an ideal capacitor,
with electrical charges carried across the cell membrane by ionic currents (Hodgkin & Hux-
ley, 1952):

v 1

9t - Con | total ; (2.1)

with C,, the membrane capacitance, and y the sum of all ionic currents.!

When the cell is stimulated periodically under normal conditions, the complex interplay
of the ion channels creates a periodic voltage signal (Figure 2.4).

Phase 0: The AP starts when the cell is stimulated (by neighbouring cells or by
arti cial stimulation) and the opening of the Na* channels is triggered, thus creating the
fast sodium current, Iy, (Hodgkin & Katz, 1949). Phase 0 is called the depolarisation
phase as the cell loses its negative polarisation.

Phase 1:Ina rapidly deactivates, and the transient outward K* current, Iy, activates
to releaseK™ out of the cell, thus reducing V (Gustafssonet al., 1982).

Phase 2: At this moment, the L-type Ca®* current, | ca , and the rapid rectier K*
current, lx,, activate, leading to the plateau phase.lca. is attributed to Ca?* owing
through Cay 1.2 ion channels (Agrawalet al., 2023). Ca,1.2 channels are mostly located
in membrane invaginations called T-tubules, facing the sarcoplasmic reticulum (SR). The

SR in an intracellular Ca2* reservoir which release<a?*

into the cell when exposed to
Ca’", a phenomenon called calcium-induced calcium release. The subsequent increase
in the intracellular Ca* concentration is converted into mechanical contraction of the cell,
in what is known as electro-mechanical coupling (Ebashi & Endo, 1968)I¢,. is sensitive
to Ca’* and V (Catterall, 2011) and inactivates because of loww and high intracellular
concentration of Ca®*. For further details on Ca?* handling by cardiomyocytes, refer
to the review by Agrawal et al. (2023).

Phase 3: The repolarisation phase starts whenlcg inactivates, mainly driven by I, .

Ik, is mainly attributed to K™ uxes through channels formed mainly by Ky 11:1, encoded

by the human ether-a-go-go related gene (hERG) (Sanguinettet al., 1995; Liet al., 1996).

!Note that Cp, and | are usually expressed per unit of surface.
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Figure 2.4: Typical ventricular AP and underlying activity of major ionic currents simulated
with the Dutta et al. (2017) model. Currents are expressed in A/F.
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Therefore, Ik, is sometimes referred to as hERG current. The repolarisation currents
releaseK™ to the extracellular space, bringing the cell voltage back to its resting membrane
potential (RMP) of approximately  80mV. The amplitude of Ik, determines the speed
of the repolarisation, and therefore impacts the ventricular repolarisation time. Note that
Ix: is doubled with the slow recti er K* current, lxs, which ensures the repolarisation
when Ik, is insu cient, a phenomenon called repolarisation reserve (Roden, 1998). The
inward rectier K* current, Ixy, ensures the nal part of the repolarisation.

Phase 4: Finally, the cell stays at the RMP while the ion pumps and exchang-
ers re-establish the ionic concentrations to prepare the next beat (Zaza & Rosen,
2000), leading in particular to the Na*-K* pump current (Inak) and the Na*-Ca®*
exchanger current (naca)-

In an alternative to its derivative form (Eqg. 2.1), V can be expressed algebraically as

a di erence of electrical charges carried by ions on both sides of the cell membrane:

V= (Qi, total  Qo, total ); (2.2)

1
Cm
with Q; wotar @and Qo total the total electrical charge of the intra- and extracellular spaces,
respectively. The electrical charge can be computed from intra- and extracellular ionic
concentrations (Varghese & Sell, 1997).

Note that Eq. 2.1 is found by di erentiating Eq. 2.2: both forms are mathematically
equivalent when a conservation law is applied to electrical charges (Varghese & Sell,

1997; Endresenet al., 2000). The implications of using one or the other equation

for V are investigated in Chapter 3.
2.3.2 lonic currents

lonic currents ow through ion channels, pumps, and exchangers. They are formed
of complex transmembrane proteins, themselves composed of several transmembrane
subunits forming a pore in their middle (Purves et al., 2001). The pore is often selective
to only certain ions. Depending on the spatial conformation of the ion channel, the

pore is open or close, thus regulating the ow of ions through the pore. Therefore,
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the ion channel is modelled as a variable resistance. lonic currents are canonically

described with three terms:

| =G K (V;::) D (V;::); (2.3)

with G the maximal conductance (or permeability) parameter, K a term describing the
kinetics of factors in uencing |, including conformational changes of the ion channel,
and D a term describing the electrodi usion force driving ions through the channel. G
depends on the conductance of a single ion channel, as well as the number of functional

ion channels in the cell membrane, therefore acting as a scaling factor for the ionic current.
Describing the kinetics of factors in uencing I

The dierent terms in Eq. 2.3 have been given various formulations in the past to
model ionic currents. The rst model by Hodgkin & Huxley (1952) described ion

channels as a series of gates:

=G Y gateg D ; (2.4)
i
with gateg the open fraction (between 0 and 1) of the gatei.
A few decades after Hodgkin & Huxley put the activity of ion channels into descrip-
tive equations for the rst time, Armstrong (1971) and Colquhoun (1973) proposed a
description of ion channels using Markov models, in particular to describe ligands binding

to ion channels. Markov models for ion channels rely on the assumption that one can

describe stochastically the transitions between the conformations of the ion channel:

=G O D ; (2.5)

with O the fraction of open channels.

As any possible state can be added to Markov models, they o er much greater
versatility (Rudy & Silva, 2006), but overly complex Markov models raise the issue of
parameter unidenti ability (Horn & Vandenberg, 1984; Fink & Noble, 2009). Implications

of parameter (un)identi ability are discussed in Section 2.5.3.
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Describing the electrodi usion driving force

There are important di erences between intra and extracellular concentrations of K™,
Na*, ca?*, Cl , creating gradients of ionic concentrations across the cell membrane
(Figure 2.5). This enables di usion, a mechanism by which ions can cross a permeable
membrane when there is a transmembrane gradient of concentrations (Nernst, 1889;
Planck, 1910). Based on the concentrations in play,K* leave the cell, while CI |,
Na' and Ca’* enter the cell. Note that to preserve the transmembrane gradients
of ionic concentrations in the long term, transport against the gradient is performed
by ion exchangers and ion pumps.

As they are electrically charged, the di usion of ions is impacted byV. Thus, there is
a potential at which the direction of the ux of an ion A reverses: the reversal potential ,

Erev. Erev can be computed from the Nernst equation (Nernst, 1889) as:

RT — [Al
E = —| ;
rev 7F n Al ’

(2.6)

with [A]i and [A], the intra and extracellular concentrations of A, z its valence, F the

Faraday constant, R the gas constant, andT the temperature.

Figure 2.5: Electrochemical driving force for ionic currents. Intra- and extracellular concentra-
tions of the three main ionic species responsible for APs in human ventricular cardiomyocytes.

lonic concentrations in the external and internal compartments are usually modelled as
uniform, thus making the electrodi usion a 1-D problem. As ions di use through the cell
membrane, an electrical current is created. The steady-state current is described, under

the assumption of linearity of voltage in the membrane, with the Goldman-Hodgkin-Katz
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(GHK) equation (Hodgkin & Katz, 1949):

[AL&PYRT [Al.

=G K v @ZFV=RT 1 '

2.7)

with | the electrical current due to the electrodi usion of A. Note that G here corresponds
to the membrane permeability to ions.

Alternatively, Ohm's law can be used:
| =G K V; (2.8)
with  V the di erence betweenV and E,ey.

2.3.3 Experimental techniques for investigating the electrophysiologi-
cal activity of cells

Many e orts have been put into investigating the electrophysiological activity of cells.
Investigating the activity of ion channels in live cells is particularly challenging as one
needs to record their activity in the least invasive manner possible.

The sharp electrode technique uses a micropipette lled with an electrolyte solution
into which an electric wire is introduced. The sharp electrode is impaled into the recorded
cell, either isolated or in tissue. This technique has been applied to record the AP
in adult human cardiomyocytes in tissue con guration (Page et al., 2016). The data
presented in this DPhil thesis were recorded with this technique in human ventricular
tissue ex vivo (Chapter 4).

The patch-clamp technique developed by Sakmann & Neher (1984) has been widely
used to investigate the properties of ion channels, as its results are repeatable and
reproducible (Li et al., 2004). In brief, a glass pipette is brought in close proximity to the
cell membrane and a seal is formed between the pipette and the membrane by suction.
One electrode is inserted into the micropipette and the other electrode is immersed
in the bath solution, outside of the cell, so that the voltage or current across the cell
membrane (or a patch of membrane) can be recorded.

A common approach applicable with both techniques, called voltage-clamp, is

to maintain constant membrane potential allowing to measure ion currents across the
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cell membrane. The protocol of applied voltage can be designed to explore various
regimes of the activity of ion channels.

Note that to disentangle the di erent ionic currents, experiments are often carried
out in non-cardiomyocyte cells engineered to express mostly a single type of ion channel
(Kramer et al.,, 2013).

A third technique consists of a microelectrode array (Thomas Jret al., 1972) in which
a tissue is cultured on top of an array of electrodes. More recently, the microelectrode
array concept has gained in signi cance, as it enables investigating electrophysiology at
subcellular scale (Habibet al., 2019; Huet al., 2020). Currently, there remain experimental
limitations on invasiveness (Lin et al., 2014), reproducibility (Hayes et al., 2019) and
cell adherence (Asakuraet al., 2015) to address in microelectrode array assays. Data

from microelectrode arrays were not used in this DPAhil.

2.4 Mathematical models of the human ventricular action
potential

Since the seminal work of Hodgkin & Huxley (1952), the mechanisms underlying the cardiac
AP have been progressively unveiled. AP models have been constructed by progressively
integrating discoveries made in various sources (tissues, species) into mathematical models
(Niederer et al., 2009). In this section, AP models with major contribution to unraveling
the human ventricular AP are presented.

The rst mathematical model to represent the electrical activity of excitable cells
was developed by Hodgkin & Huxley (1952). Their model represented quantitatively
the electrophysiology of the squid giant axon, and reproduced its AP shape and size.
This rst model accounted only for three ionic currents.

Noble (1962) then extended the modelling work of Hodgkin & Huxley to Purkinje bres.
The same currents as in the Hodgkin & Huxley model were included in the Noble model, but
the parameters were changed, to match with Purkinje bres' sustained AP and pacemaker
activity. This set the founding stone for the eld of cardiac electrophysiology modelling.

McAllister et al. (1975) followed Noble's work and further detailed the functioning of

Purkinje bres, adding ve currents to their model. DiFrancesco & Noble (1985) further
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re ned the model of the Purkinje bre AP to consider the dynamic changes in intracellular
concentrations due to ionic currents, including ionic pumps and exchangers.

Beeler & Reuter (1977) published the rst model of the mammalian ventricular AP. It
featured only four currents, focusing on the calcium current to reproduce the plateau phase
of the AP. Luo & Rudy then developed two major models for the mammalian ventricular
cardiomyocyte AP, based mainly on guinea pig data. The rst Luo & Rudy (1991) model
extended the work of Beeler & Reuter, remaining simple with only six ionic currents, and
clamping the intracellular ionic concentrations to a xed value. The second Luo & Rudy
(1994) model, based on the rst, included the dynamical changes of intracellular ionic
concentrations, in particular calcium handling in the di erent subcellular compartments.
This model was then adapted by Priebe & Beuckelmann (1998) to create a model of the
human ventricular cardiomyocyte AP. Notably, the repolarisation current in the Priebe
& Beuckelmann model was split into a fast (k) and a slow (Ixs) component.

Bernus et al. (2002) introduced many simpli cations to the Priebe & Beuckelmann
model, such as clamping of the ionic concentrations and removal of the calcium handling
component. Simulation with this model came at a minimal computational cost, which
made it interesting for simulations of a cardiac tissue of interconnected cells.

The Ten Tusscheret al. (2004) (TNNP) and Ten Tusscher & Pan lov (2006) (TP)
models were then based on the same idea of model simplication, yet keeping the
dynamic modelling of intracellular concentrations and including the calcium handling
component. One of the key features of the TP model is that it can reproduce alternans
generation, despite its numerical simplicity. The TP model is still currently widely
used as the cellular model underlying many ventricular tissue and whole-heart 3D
models (Corrado et al., 2021).

The Matsuoka et al. (2003) model added electro-mechanical coupling to the Luo &
Rudy (1994) model, followed by lyeret al. (2004a). However, the two models pursued
two di erent objectives: studying electro-mechanical coupling for the former, studying
arrhythmogenesis for the latter. These models were reused to construct the Asakura
et al. (2014) model, and then the Himenoet al. (2015) model, with further details in the

description of the calcium release-units and of calcium handling. Lately, the Bartolucci
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et al. (2020) (BPS) model focused on the dependence of the calcium-induced calcium
release to extracellular ionic concentrations. In particular, a new model forlcy and
for the calcium release unit was used in the BPS model.

The Grandi et al. (2010) (GPB) model was developed to predict changes in the AP
duration at 90% repolarisation (APD gg) induced by drugs inhibiting of repolarisation
currents. The GPB model relied heavily on the TP and lyer et al. (2004a) models
of the human AP and on the Shannonet al. (2004) rabbit AP model, where ClI
currents are described.

One year later, the O'Hara et al. (2011) (ORd) model was published, featuring
the late sodium current (Maltsev et al., 1998), Ina.. The ORd model quantitatively
captured APDgy e ect of drugs inhibiting Ik, as well as early after-depolarisation
(EAD) and alternans generation.

The ORd model was later recalibrated by Mannet al. (2016), Dutta et al. (2017),
and Krogh-Madsenet al. (2017). Mann et al. and Krogh-Madsenet al. focused on the
reproduction of the QT di erence between the healthy population and patients with long
QT syndrome (LQTS) type 1 and 2 who have a loss of function ofks and I, respectively.
Dutta et al. (ORd-CiPA) calibrated the ORd model to reproduce the APD g¢ response
to changes in pacing frequency and to inhibition of ve di erent ionic currents.

One of the latest human ventricular AP models was published by Tomeket al. (2019).
This model was based on the ORd model, and includes the sanm@l currents as the
GPB model. An important feature in the Tomek et al. model is its calibration process,
with an independent set of training and validation experimental data, that aims at
improving the predictivity of the model. Following our nding that the voltage could not
be written in its algebraic form in the Tomek et al. model because it did not conserve
charge, an updated version of this model was developed to unclamp the concentrations
of CI and K™ (Tomek et al., 2020).

A centralised repository has been created to facilitate sharing, reuse, and further
development of computational biology models (Yuet al., 2011). The models used for this

DPhil project were downloaded from https://models.physiomeproject.org
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2.4.1 Use of action potential models for cardiac safety assessment

Two guidelines, ICH S7B (ICH, 2005) and ICH E14 (ICH, 2006), guide the preclinical and
clinical cardiac safety assessment of drug candidates. Pre-clinically, ICH S7B recommends
to assess the propensity of drug candidates (and metabolites) to inhibitk, in vitro,
and to usein vivo animal models to predict their QT e ect in humans. ICH E14
requires testing drug candidates clinically for their e ects on the QT interval, corrected
for heart rate (QT ().

These guidelines succeeded at preventing proarrhythmic compounds from reaching
the market (De Ponti, 2008), and updates have been made to these guidelines as
arrhythmogenesis has been progressively unraveled (Lester, 2021). However, some
limitations remain to this day (Vargas et al., 2021). Mirams et al. (2011) showed for
example that the proarrhythmic risk promoted by the inhibition of Ix, can be mitigated
by the inhibition of other currents, in particular lcy .

To try and address some of the limitations of these guidelines, the Comprehensivia
vitro Proarrhythmia Assay (CiPA) initiative was launched (Sager et al., 2014; Colatsky
et al.,, 2016). CiPA focuses on a drug's propensity to promote Torsades de Pointes
(La Dessertenne, 1966), TdP, a deadly ventricular arrhythmia. Under the CiPA paradigm,
new metrics classify drugs into three TdP risk categories: low, intermediate, or high risk.
These risk categories are de ned with 28 reference compounds (lgt al., 2019). Proposed
TdP risk classi cations must be validated against a part of the dataset that is excluded
from model training (Colatsky et al., 2016), thus ensuring reliable classi cation of drugs
into the correct risk categories. A key feature of the CiPA initiative is the integration of
AP models into the cardiac safety assessment of new compounds based on their ability to
inhibit ionic currents, typically measured in vitro in patch-clamp experiments. Di erent
approaches have been used under the CiPA paradigm.

Dutta et al. (2017) used the net ux of electrical charges over an AP predicted by
the ORd-CiPA model, in a metric called Qne;. Parikh et al. (2017) and Yooet al. (2021)
classi ed the drugs based on a neural network which processes AP markers simulated
with the ORd-CiPA model. Gaur et al. (2020) developed a safety evaluation based on

drug-induced changes in the repolarisation reserve.
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Other TdP risk scores rely on another reference for the classi cation of drug-induced
proarrhythmic risk (Woosley & Romer, 1999). They were designed based on occurrence
of repolarisation abnormalities in populations of AP models (Passiniet al., 2017; Zhou
et al.,, 2020; Trovato et al., 2022; Varshneyaet al., 2021), on simulated pseudo-ECGs
(Romero et al., 2018; Llopis-Lorenteet al., 2020), or on whole-heart simulations (Sahli-
Costabal et al., 2020).

All of these methods exhibit improved accuracy compared with the metric that
originally inspired the ICH S7B guideline: the Ik, inhibition by the drug at a concentration
30 times higher than its maximal e ective free therapeutic concentration (Cnax) (Redfern
et al.,, 2003). In particular, Qnet Was accepted as an example of TdP risk assessment
matching the CiPA requirements (Li et al., 2019).

However, with the exception of the metric of Gaur et al. (2020), these risk metrics
cannot be measured experimentally.

The drug-induced APD g¢ change from baseline ( APDgg) is measurable in adult
human isolated muscle bres, and it showed good agreement with drugs' e ects on the
ventricular repolarisation time measured on the ECG (Vicenteet al., 2018). Predicting
the APD gg response to inhibition of ionic currents would therefore constitute a rst step
towards predicting clinically-relevant changes in ECG features fromin vitro measurements.
Therefore, in this DPhil project, we focus on the prediction of drug-induced APDgg

using in silico AP models.

2.5 Calibration of new action potential models

After experimental data are collected, the next critical step in the development of new
AP models is model calibration: the process of adjusting parameters of a model to
maximize the agreement between observed data and simulations (Whittakeret al., 2020).
This is best done in two steps: model training and model validation. In model training,
the mismatch between model outputs and experimental data is minimised. In model
validation, the predictions of the trained model are compared with additional experimental

data to assess model predictivity. The validation data are not used in model training

and, ideally, they are qualitatively di erent from the training data.
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To help with the calibration of new in silico models for cardiac safety assessment,
Colatsky et al. (2016) and Li et al. (2020) provided guidance on the development of AP
models and associated risk metrics under the CiPA paradigm, de ning six pillars (see
also Musuambaet al. (2021); Galappaththige et al. (2022)):

1. A de ned end point consistent with the context of use ;

2. An unambiguous algorithm ;

A de ned domain of applicability ;

Ea

A stringent strategy and prede ned criteria to assess predictivity ;
5. A mechanistic interpretation;

6. Appropriate uncertainty quanti cation.

The six pillars of Li et al. guide model selection, calibration, and use. They aim at
improving the con dence in model predictions by making the prediction and interpretation
of the risk metric transparent and reproducible, by de ning explicitly the applicability
of the predictions, by ensuring the objectivity of the validation of the assessment, and
by accounting for uncertainty at all steps of the predictions.

These principles were particularly important in Chapter 7 where a new AP model
was developed to predict the changes iAPD g induced by Ik, and lc4 inhibition. In
the rest of this section, we elaborate further on key aspects of model development that

are relevant to the work presented in this DPhil thesis.

2.5.1 Model training

Bayesian inference

In the work presented in this DPhil thesis, model training relied on Bayesian inference to
nd parameter estimates and their uncertainty. Bayesian inference is a set of statistical
inference techniques to estimate a probability distribution of parameters of a model, given
observed data. It can therefore be used to also perform uncertainty quanti cation (Leiet al.,
2020). Bayesian inference is powerful by its high versatility, and can be applied even to
situations where low amounts or repeats of experimental data are available (Robert, 2007).
Let us consider a process which generates an observed dataset and which is

approximated with a model M parameterised by . Bayesian inference aims at determining
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the posterior probability distribution of , p( jy ), given the observationy and prior
knowledge on , p( ). The higher the posterior probability, the better M parameterised
with  is thought to approximate the true process that generatedy (Robert, 2007). The

posterior probability for can be computed using Bayes formula (Bayes & Price, 1763):

ply j )p( ),

jy )= ; 2.9
p( Jy ) o0y ) (2.9)
with p(y j ) the likelihood, p( ) the prior probability, and p(y ) the marginal likelihood.

The marginal likelihood p(y ) can be computed as:

z
p(y )= p(y j)p()d: (2.10)

When inferring the posterior distribution of , the marginal likelihood would act as a
constant scaling factor that does not depend on . Therefore, algorithms for estimating
the posterior distribution can avoid computing the marginal likelihood for the sake of
computational time/cost (Fourment et al.,, 2020). Computing the marginal likelihood
(also called Bayesian evidence) remains useful for model selection and hypothesis testing,
as it is dependent onM (Llorente et al., 2020).

The prior probability p( ) is calculated from information about parameter values the
user knowsa priori. In the work presented in this DPhil thesis, the prior distribution
was always non-informative, i.e., uniform over the boundaries of the search space de ned
by prior belief on

The likelihood p(y j ) is computed with the model based on user assumptions. Applied

to cases investigated in this DPhil thesis,y consists of a noisy time-series, noted

each time point is modelled as independent, identically distributed (i.i.d.), and normal

with a xed width y and meanO. The noise is added on top of the true signal:

y =y( )+ N(O; y); (2.11)

with N the normal distribution of the noise.
By construction, the residuals obtained by subtracting y from the datasety should

follow the distribution N (O; ). Thus, the probability at the time-point i that y; was
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generated by M with  is given by:

yi vi() 2

. 1
p(yiJ)=qﬁe Yoo (2.12)
y

Over the whole time series ofy with i.i.d. noise, the likelihood is therefore:

yi yi() 2

R S SR
ply j )= plyij)= eﬁe oo (2.13)
i i y
In practice, with numerous data points, this product would require us to multiply
many small quantities which would make * very sensitive to numerical error. Therefore, it
is preferable to work with the log of the likelihood during numerical Bayesian inference:

Xy . 2
O=mpyj)= Sz z+0 YA 214
i y

In Bayesian inference, the posterior distribution must be interpreted with respect
to the prior distribution (Haugh, 2017). As is the case in this DPhil, the prior distri-
bution can be uniform over the search space, i.e., it is non-informative other than by
de ning the search space. In this case, the posterior distribution matches the likelihood
distribution (Figure 2.6A). Therefore, all information on parameters is considered to
be gained from the data.

In the case where the prior distribution is not uniform, the posterior distribution with
the same likelihood is attracted towards the prior distribution (Figure 2.6B). In extreme
cases where observed data do not give any information on the parameters, the likelihood

is uniform and the posterior distribution matches the prior distribution.
Parameter optimisation

During model training, parameter estimates are found by minimising the mismatch
between model outputs and experimental observations, so that the model approximates
optimally the true process. The mismatch can be quanti ed with a cost function, C,
that quanti es the goodness-of-t. For example, when estimating parameters of an AP
model, an AP trace observed experimentally can be compared with the simulated/ .

A classic measure forC, which was used in this DPhil thesis, is the distance between

the data, y , and model outputs y:

X
c=" (v w= (2.15)
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Figure 2.6: Posterior distribution computed from a uniform prior distribution ( A) and from a
Gaussian prior distribution (B). In both cases, the likelihood distribution is the same, but the
prior distribution skews the posterior distribution towards what was known a priori about . In
this dummy example, the marginal likelihood was assumed to be equal td. In the work presented
in this DPhil thesis, the prior distribution was uniform over the search space @A).

Note that Cis an ane transformation of the log-likelihood, °, used in this work
(Eq. 2.14). Minimising C is equivalent to maximising ~, and therefore to maximising
the posterior probability for , given the non-informative prior distributions used in the
present work (Figure 2.6). The estimate of , , is therefore de ned as:

= argminC( )= argmin jy; Vi( )j*: (2.16)
[
Finding  corresponds to solving an optimisation problem, for which various optimisation
algorithms have been developed.

Many optimisation algorithms, as the ones used in this DPhil, follow an iterative
process that proceeds as follows:

" One or multiple points of the parameter space are sampled;

Cis evaluated at the sampled point(s);

The algorithm checks whether model outputs match su ciently well the data for
stop conditions to be met;

Optionally, the rule for sampling the parameter space is adapted, so thatC is more
likely to be reduced at the next iteration.
In complex biological systems such as cardiac electrophysiology, model equations
are high dimensional and non-linear. In cases with such high complexity, evolution-
based algorithms can reasonably be used to nd a good solution to the optimisation
problem of Eq. 2.16, although the optimality of the solution cannot be guaranteed

(Reeves (1996) and Chapter 6).
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For the work presented in this DPhil thesis, the Covariance Matrix Adaptation -
Evolution Strategy (CMA-ES) (Hansen et al., 2003) algorithm was used. The functioning
of the CMA-ES algorithm is illustrated in Figure 2.7.

Figure 2.7: lllustration by Sentewolf of the CMA-ES algorithm developed by Hansenet al.
(2003). At rst, the search distribution (dotted orange line) is initialised with prior knowledge on
the parameters of interest. From the search distribution, a population of particles (black points) is
sampled. The points with the highest goodness-of- t (towards the white region) are weighted more
to direct the search distribution for the next generation. After generation 4, the adaptation of the
search distribution width is crucial to explore more accurately solutions with high goodness-of- t.

At each iteration (or generation) i, the objective function is evaluated in N random

(ot N i+ N(O; i), (2.17)

where N is the normal distribution, and ; and ; are the center and covariance matrix
of the sampling distribution, respectively. The best performing particles ofi then drive
the evolution of .1 to ensure improvement of the goodness-of-t from generation to
generation. The speed of convergence of the algorithm is facilitated by the adaptation of
i+1 that distorts the normal distribution along axes in the parameter space where
C is more sensitive to .
Note that the adaptation of ; needs to preserve the balance between rapid conver-

gence of the optimisation algorithm and thorough exploration of the parameter space.
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Details of the search distribution adaptation can be found on the CMA-ES tutorial
published by Hansen (2016).

As investigated further in Chapter 6, the initial proposal covariance for new parameter
samples, o, and the number of particles exploring the parameter spaceN , are critical

for the e ciency of the exploration of the search space.
Uncertainty in parameter estimates

With optimisation algorithms, only the maximum of the likelihood is sought. Results
of optimisation algorithms must therefore be complemented with other techniques to
compute the uncertainty in the estimate. This is central to the 61 pillar of Li et al.
(2020) for model development.

In the work presented in this DPhil thesis, two methods were used to estimate the
posterior distribution of parameters.

The rst method relied on the ensemble modelling approach (Villaverde et al.,
2015), used in Chapters 6 and 7, illustrated in Figure 2.8.

The a ne relationship between C (Eg. 2.15) and the expression of used in this work
(Eg. 2.14) means that many evaluations of can be calculated from evaluations ofC made
during the optimisation with the CMA-ES algorithm. These evaluations of * are leveraged
by the ensemble modelling approach to estimate the posterior probability distribution of .

With a non-informative (uniform) prior distribution as used in this work, the posterior
probability distribution matches the prole of ~ (Figure 2.6A). Under the assumption
that the posterior distribution can be approximated by a normal distribution around its
maximum of likelihood, the 95% con dence interval in parameter estimates corresponds
to parameter values that yield a log-likelihood within a 1:92 tolerance range in" around
the maximum of ~ (Villaverde et al., 2019).

The second method used to estimate the uncertainty in parameter estimates in this
thesis relied on Markov Chain Monte-Carlo (MCMC) algorithms applied to Bayesian
inference (Van Ravenzwaaijet al., 2018). Iteratively, a chain of parameter set samples
is created. At each iteration, a quantity proportional to the posterior probability is

evaluated in one or several points of the parameter space. Based on a comparison between
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Figure 2.8: Estimation of the 95% con dence interval with the ensemble modelling approach
(Villaverde et al., 2019), in the case of a non-informative (uniform) prior distribution. This gure
shows a sketch used for illustrative purposes only.

the posterior probabilities of the new sample and the last sample in the chain, the new
sample is accepted or rejected. If the sample is accepted, the sample is appended to
the chain. If it is rejected, the last accepted sample is appended again. Eventually, the
rule for sampling is adapted for the next iteration.

After many iterations, the distribution of samples constituting the chain approximates
the posterior probability distribution for the parameters. Di erent strategies have been
adopted to identify when the chain has converged well enough to the posterior distribution.
For example, adaptive MCMC algorithms, like the Haario-Bardenet MCMC algorithm
(Johnstone, 2018) used in this DPhil, target a certain acceptance rate for which the chains
are expected to match su ciently well with the posterior distribution (Gelman et al.,
1997). Similarly to the CMA-ES algorithm, the adaptation of the sampling rule is key
to accelerate MCMC convergence (Valderrama-Bahamondez & Frohlich, 2019).

The ensemble modelling approach presents the advantage that after nding the parame-
ter estimates with the CMA-ES algorithm, no additional simulations are needed to estimate
the parameter uncertainty. However, to randomly sample from the posterior distribution,
additional post-processing is needed (Villaverdeet al., 2022). Furthermore, the posterior
distribution may be poorly approximated by a normal distribution around , in which
case the log-likelihood threshold used to compute the con dence interval should be revised.

In contrast, the Haario-Bardenet MCMC algorithm returns a close approximation

of the posterior distribution. The main drawback with this approach is that numerous
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additional simulations are needed (approximately 10,000 samples in Chapter 4) which
makes this technique very computationally costly.

Leveraging the uncertainty in inputs used for simulations and the uncertainty in
parameter estimates (Section 2.5.1), the uncertainty in model outputs can be computed

and propagated onto the assessment of model predictivity.
Accounting for variability

Variability is inherent to biological systems, even between cells in the same tissue in
the same organism (Walmsleyet al., 2015). In the example of cardiac AP models,
di erent cells produce in varying amounts the proteins that form the ion channels
(Schulz et al., 2006). This leads to variation in the amount of functional ion channels
on the cell surface, which has been modelled as variation of ion channel conductance
parameters (Muszkiewiczet al., 2016).

A hierarchical Bayesian framework can be used to estimate the probability distribution
of parameters in a population (Lee & Mumford, 2003). In brief, the model is trained
on data from several individuals at the same time. Parameters are inferred for each
individual as described above. Hyperparameters are inferred on top, to describe the
overarching distribution of parameters in the modelled population.

Alternatively, the population of models approach (Britton et al., 2013) has been used
to investigate the e ects of variability on AP response to various stimuli such as drug
treatment (Passini et al., 2017) or adaptation to heart rate (Bartolucci et al., 2020).
To calibrate a population of AP models, AP models with random parameterisations
are generated, and AP markers are calculated, e.g., RMP or peak voltage. The AP
models producing AP markers within an experimental range are retained and nally

used for predictions.
2.5.2 Model validation

Model validation compares model predictions with experimental data to assess the
predictivity of the model, which is the 4™ pillar of Li et al. (2020) for model development.
The quality of the validation process is de ned by the coverage of the context of use

by the validation data, and by the independence of the validation data with respect to the
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training data. The former is problem-speci c: experiments should be designed to collect
the relevant data for model development (Musuambaet al., 2021). The latter spans three
levels: internal, internal-external and external validation (Steyerberg & Harrell Jr, 2016).
With internal validation techniques, e.g., the leave-one-out cross validation technique,
the same data are used in model training and model validation. Only limited reliability of
model predictivity can be ensured with these techniques (Kubinyi, 2002; Gramatica, 2007;
Steyerberget al., 2003; Mosto an & Zuckerman, 2019), but they have proved useful to test
the consistency of a dataset and have been commonly used (Steyerberg & Harrell Jr, 2016).
Internal-external validation relies on a dataset generated from di erent experiments
under the same experimental conditions. This way, the dataset is separated into training
and validation datasets that ideally encompass similar populations and cover the whole
context of use of the developed model. The validation data are independent from the
training data, but they are generated under the same experimental conditions.
External validation corresponds to the use of validation data generated under di erent
experimental conditions than training data. The validation data therefore evaluate the
ability of the model to extrapolate from the training data, which ensures the highest
reliability of model predictions (Musuamba et al., 2021). For example, the strategy
applied by Tomek et al. (2019) to separate training and validation data constitutes
an external validation of the model.
To reliably assess the predictivity of the model developed in this DPhil, an external

validation strategy was employed.
2.5.3 Model selection

A fundamental step in the development of a model is the selection of the mathematical
representation (and therefore parameters) that will be used to describe the studied
mechanisms: this is model selection (Cawley & Talbot, 2010).

The quote Everything should be made as simple as possible, but no simpler attributed
to Einstein gives good guidance about model selection. Some tools have been developed to
rationalise model selection and to quantify the trade-o between mathematical simplicity

and the mechanistic comprehensiveness of a model. For example, the Bayesian Information
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Criterion (BIC, Schwarz (1978)) penalises improvements in the likelihood by the number

of parameters estimated from the data. However, model selection is a problem-speci c

guestion, which limits the use of such tools for model selection (Liu (2000) and Chapter 6).
Important problem-speci ¢ aspects of model selection are model discrepancy, parameter

identi ability, and over tting.
Model discrepancy

Biological systems are incredibly complex and experimental data are often very noisy
(Tsimring, 2014). While mathematical models facilitate human understanding of complex
biological processes, they are imperfect representations of the unknown real world
mechanism (Engl et al., 2009).

The imperfect knowledge of biology leads to a discrepancy between the mathematical
description and the biological reality, called model discrepancy, or model misspec-

i cation (Lei et al.,, 2020). The famous quote of Box (1976) all models are wrong,
but some are useful highlights that model discrepancy is ubiquitous in mathematical
models. Still, there is hope for developing useful models.

On the example of AP models, the early models qualitatively reproduced the behaviour
of Purkinje bres and were central to the understanding of electrophysiological properties
of APs (DiFrancesco & Noble, 1985). However, newer models were constantly developed
because the existing models were not able to extrapolate to particular conditions, e.g.,
lyer et al. (2004a); Grandi et al. (2010); O'Hara et al. (2011).

The latest models are mechanistically more elaborate and the equations describing
ion channel conformational changes have been re ned with additional experimental data
(Section 2.4). Therefore, the latest models are supposedly approximating more accurately
the ongoing mechanisms and model discrepancy may be reduced with the latest models.
Still, many models exist for the human ventricular AP and they predict very di erent
responses to the same perturbation, e.g. inhibition oflx, and Ica. (investigated in
Chapter 5). This can perhaps be explained by the fact that these models were based on
di erent datasets, developed for di erent purposes, and because the processes generating

the AP are still to be further understood.
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It is worth noting that mechanistic models rely on analytical functions to describe
biological processes and distributions: exponential, square-root, etc; Normal, Poisson,
etc. Analytic functions are useful as they enable the approximation of complex non-
linear dependencies with a limited number of parameters. However, biological processes
may be unsuitably described with such mathematical tools, and it is important to
keep in mind that equations are only approximations of what truly happens in the

studied systems (Englet al., 2009).
Over tting

A pitfall of model selection, entangled with model discrepancy, is over tting (Bilger &
Manning, 2015). Over tted models are de ned as Models that contain more unknown
parameters than can be justi ed by the data (Everitt & Skrondal, 2010). It typically
occurs when too many parameters are estimated during model training, and model
predictivity is poor for new data, as evaluated in model validation.

A famous example of over tting comes from the quote attributed to John Von Neumann:
With four parameters, | could t an elephant, and with ve | can make him wiggle his
trunk (Dyson, 2004). Fermi quoted his friend Von Neumann to Dyson, when Dyson came
to present mathematical computations (performed with four free arbitrary parameters)
that matched almost perfectly experimental data published by Fermi. Fermi pointed
out that these four additional parameters do not come from physical considerations
or self-consistent mathematical formalism essential to the quantum physics models
used by Dyson. Thus anything, including an elephant, could be introduced in Dyson's
model with four free arbitrary parameters. In the epilogue of this anecdote, the model
used by Dyson was proven to be mechanistically wrong with additional experimental
data generated years later (Dyson, 2004).

To limit the risk of over tting, Occam's razor and Einstein's rule of thumb Everything
should be made as simple as possible, but no simpler are useful. More concretely, the
theorem of Shannon (1949) for sampling gives an upper limit for the number of calibrated
parameters: one needs at minimum two times more experimental points than tted

parameters. Furthermore, model validation is key to ensure that model predictivity is not
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hindered by over tting (Cawley & Talbot, 2010). Finally, careful veri cation of parameter

identi ability also contributes to reduce the risk of over tting (Whittaker et al., 2020).
Parameter identi ability

Identi ability is a property of a model and its observable outputs in a particular
experimental setting, so that it produces identical outputs if and only if the parameter
values are identical (Cole, 2020).ldenti able parameters are these parameters for which
a single estimate can be inferred from a given dataset.

Identi ability of parameters is crucial to assess during model development. It ensures
that meaningful parameter values can be recovered from the training data, and that
predictions of the model will be reliable (Whittaker et al., 2020). Conversely, when a
model is unidenti able, optimal outputs can be achieved with di erent parameterisations,
SO parameter estimates are less accurate and/or incorrect, and model predictivity is
limited (Fink et al.,, 2011).

Two types of (un)identi ability can be distinguished: structural and practical (Raue
et al., 2009), illustrated in Figure 2.9.

When the parameters are structurally unidenti able, the optimal goodness-of- t
can be achieved with di erent combinations of parameters and unique parameter es-
timates cannot be found.

It may happen that despite the model parameters being structurally identi able with
a unique set of parameters returning maximal goodness of t, the parameters are not
identi able in practice: parameters are practically unidenti able. The parameters are
estimated based on the information obtained from the training data. Due to limited
data quality and/or quantity, situations arise where the con dence interval in parameters
is unacceptably (or even sometimes in nitely) wide. In Bayesian terms, even though a
single parameter value with maximal likelihood can be found, the posterior probability
distribution cannot be constrained to a satisfactorily narrow region of the parameter space.

Practically identi able parameters (by de nition) are those that can be correctly
estimated with a nite and satisfactorily small uncertainty. Note the subjective aspect

of practical identi ability, previously discussed by Wieland et al. (2021).
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Figure 2.9: Dierent types of parameter identi ability. Distributions of 1 and , in dierent
scenarios are plotted in the diagonal subplots. The contour plot highlights the 50%, 90% and
99% con dence intervals of the joint distribution of ( 1; 2). If the optimal goodness-of-t is
achieved with di erent combinations of ; and », the parameters are structurally unidenti able
(red dotted line ). The optimal goodness-of-t may be achieved with a single value( ;; ) but
the uncertainty in parameters is unacceptably large: the parameters are structurally identi able
but practically unidenti able ( blue dashed line ). When ; and , are both estimated with small
uncertainty, the parameters are practically identi able ( solid green line ). This gure shows
sketches used for illustrative purposes only.

The redundancy in biological systems is an important limitation to identi ability of
biophysically-detailed models (Tononiet al., 1999). Strategies to alleviate unidenti ability
can focus on the data or on model selection. With the former strategies, data of higher
quality or under additional conditions can be generated (Dokos & Lovell, 2004; Syeet al.,
2005; Groenendaalet al., 2015). With the latter strategies, the number of calibrated
parameters can be reduced and model equations can be updated to integrate more
advanced understanding of the system (Wielandet al., 2021). Note that over tting should

be avoided when integrating additional mechanisms into a model.
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Computational cost

In very complex simulations, the computational cost can make some models practically
impossible to train or to use. In 3D multi-scale models of cardiac AP propagation, millions
of cells are simulated at the same time. Despite being less physiologically-detailed, simpler
cellular models are practically more usable in such complex simulations. Computational
cost is for example the main reason why the Ten Tusscher & Pan lov (2006) model is the
most used model in 3D multi-scale models of cardiac AP propagation (Corradet al.,
2021). For the work presented in this DPhil thesis, the computational cost of AP models
was also an important bottleneck for model training (Chapters 6 and 7).

In conclusion, the selected model should o er the most advantageous trade-o between
the comprehensive and accurate representation of mechanisms, identi ability given

experimental limitations on available data, and practical usability.

2.6 Summary

In Chapter 2, the concepts essential to the work presented in this DPhil thesis have been
introduced. The normal function of the heart was introduced (Section 2.2) and linked
with the cellular activity in the heart tissue, focusing on the ventricular AP (Section 2.3).
Previous mathematical models of the human ventricular AP and their use for cardiac
safety prediction were discussed in Section 2.4. Finally, key aspects of model calibration
were discussed in Section 2.5. Concepts introduced in Section 2.5 were applied to the
example of the calibration of AP models, for this is relevant to this DPhil thesis.

In Section 2.3.1, two equivalent equations for the transmembrane voltage in AP models
(Eg. 2.1 2.2) were introduced. In Chapter 3, the implications on AP simulations and on

the calibration of AP models of using either equation are investigated.
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A parameter representing missing charge should
be considered when calibrating action potential
models

Preamble

The equation for the transmembrane voltage can be written as a derivative or an algebraic
form (Section 2.3.1). Using the algebraic form requires the introduction of a new parameter,
that we denote o, which represents the net concentration of all charged ionic species that
in uence membrane voltage but are not considered in the model. Although previous studies
have examined the impact of g on long-term stability and drift in model predictions,
there has been little examination of its e ects on model predictions, particularly when
a model is re tted to new data. In this Chapter we illustrate how o a ects important
physiological properties such as action potential (AP) duration (APD) restitution, and

examine the e ects of (in)correctly specifying o during model calibration.

The work presented in this Chapter was published in Frontiers in Physiology (Barral
et al., 2022h). For this article, | carried out the research and wrote the manuscript. The

Chapter contains only minor notation and typestting changes.
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3.1 Introduction

Since the seminal work by Hodgkin & Huxley (1952), mathematical models of electrophysi-
ology have been developed for many di erent cell types, including neurons, cardiomyocytes,
gastric smooth muscle cells, and many more (Noble, 1962; Dodge & Cooley, 1973; Corrias
& Buist, 2007). Dierences in ionic concentrations across cell membranes lead to a
transmembrane voltage {/). The evolution of V over time is usually calculated in
mathematical models by numerically integrating the e ects of the ionic currents passing
through the membrane. Since the late 90's, several authors have showed th&t can also
be computed directly from intra- and extracellular concentrations of charges, using a
conservation principle in the models (Varghese & Sell, 1997; Guaet al., 1997; Endresen
et al., 2000; Hundet al., 2001; Jacquemet, 2007; Livshitz & Rudy, 2009; Paret al., 2018).
In this work, we further investigate the implications of using this second expression folV

in terms of numerical stability, we highlight its impact on electrophysiological predictions,
and we discuss the bene ts of this approach in model calibration.

First, in this section we present a brief overview of relevant work that leads to di erent
ways of computing the voltage in AP models, based on a conservation of charge principle
hidden in the equations, and we show how this conservation of charge relates to the
model's steady state. Section 2 then highlights how the accuracy of solutions is improved
by using the algebraic voltage expression. In Section 3, we show that model outputs
are sensitive to the net concentration of charge across the cell membrane, which varies
because of high variability and/or uncertainty in initial concentrations. Finally, in Section
4 we show that o, a parameter characterising the relationship betweenV and the
intra- and extracellular concentrations of charges, can be inferred from experimental
data to produce the desired steady-state behaviour of the AP model despite being
challenging to estimate experimentally.

In this Chapter, we explore the consequences of writingy algebraically using the
Ten Tusscher & Pan lov (2006) (TP) model of the human ventricular AP and the O'Hara
et al. (2011) model reformulated by Dutta et al. (2017) (ORd-CiPA). However, our ndings
apply to any model that tracks the intracellular concentrations of charge-carriers, i.e.,

the majority of modern electrophysiology models.
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3.1.1 Membrane voltage and ionic concentrations in AP models

Major variables in AP models include V, channel and pump/transporter state variables
and, in later models, concentrations of ions, bu ers, and signalling molecules. The
relationship between these variables, grouped together in a vectoX, is expressed as a

system of ordinary di erential equations (ODES) of the form

dXx
E - f(X),
X =1V;C;g0;

where the vector functionf (X) describes the rate of change oK, which can be subdivided
into V, the ionic concentrations C, and all other state variablesg. The rst equation in f

is usually the one that de nes the rate of change inV, using an ideal capacitor equation:

v énil"'(x); 6.
where Cy, is the membrane capacitance (usually in pF), andl; are the N dierent
ionic currents owing across the cell membrane (in pA). Note that the currents depend
non-linearly on voltage, concentrations, and time, so that all the state variables are
coupled together in a non-linear system.

The earliest AP models (e.g. Hodgkin & Huxley, 1952; Noble, 1962; McAllisteret al.,
1975) approximated intracellular concentrations as constants, arguing that the relatively
small ionic currents would not alter concentrations signi cantly. This assumption holds
well for the K™ and Na* currents included in these models, which have relatively large
internal concentrations that do not show signi cant variations during a single AP. In
addition, these small changes could build up when simulating longer time spans, but this
was computationally infeasible at the time. However, after the discovery ofCa?* currents
in the 1960s, it was quickly realised that[Ca®*]; could vary by orders of magnitude
during a single AP, which necessitated the inclusion of time-varying[Ca®* ]; in models
as early as the model by Beeler & Reuter (1977).

Later, DiFrancesco & Noble (1985) proposed a model where the current-induced
changes in[Ca®* ];, [K* ]i, and [Na* ]; were tracked over time, along with the extracellular

concentration of K* close to the cell membrane. This revolutionised the understanding
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of major features of cardiac electrophysiology (Dibbet al., 2015). Many subsequent AP
models have retained the dynamic description forintracellular concentrations (although
[K*]i is sometimes held constant) and extended it with concentrations in intracellular
compartments such as the sarcoplasmic reticulum (SR, e.g. Noblet al., 1991; Wilders
et al., 1991; Luo & Rudy, 1994) and other species (e.g. chloride in Tomekt al., 2020).
Variations in extracellular concentrations over the course of the AP proved less popular
but are still present e.g. in some models of atrial (Hilgemann & Noble, 1987; Lindblad
et al., 1996; Nygrenet al., 1998) and sino-atrial (Demir et al., 1994; Dokoset al., 1996;
Lovell et al., 2004; Pohlet al., 2016) APs. Even though extracellular concentrations do
vary in practice (e.g. under ischemic conditions), their variations due to ionic currents are
often neglected in AP models because ions are constantly exchanged with the vascular
bu er which limits their temporal variation in the extracellular space (Dokos et al., 1996)

and reduces the accumulation of ions in the extracellular space.
3.1.2 Algebraic expressions for V

A study by Varghese & Sell (1997) showed that models in which all membrane currents are
assigned to a charge-carrying species, and in which the intracellular ionic concentrations
vary accordingly, will implicitly satisfy a conservation of chargeprinciple. As a result,
V can be computed algebraically as a function of the concentrations, so that the ODE
for V (Eq. 3.1) is redundant. Applying the approach of Varghese & Sell to the Luo
& Rudy (1994) model as an example, we obtain

_ViF

V
Cm

V. V
[Na"Ji +[K*Ji+2[Ca?" ] + 2 - ¥ [CaP* losg + 2 [Ca* Insr + Voi (3.2)
1 1

where Vj is an integration constant in units of mV (called Cq in the original publication),
Vjsr and Vysgr are the volumes of the junctional (JSR) and network (NSR) sarcoplasmic
reticulum compartments of the cell, respectively, and[Ca®* ];sr and [Ca®* ]nsr are the
concentrations ofCa?* in these compartments. Hundet al. (2001) used a similar expression
for V but moved the integration constant within the brackets, thereby turning it into

a concentration instead of a voltage. UsingCy to represent the concentration, the two

representations are related byVp = ¢ECo.

DRAFT Printed on May 18, 2023



3. Missing charge and calibration of action potential models 40

Endresenet al. (2000) proposed an expression very similar to that of Varghese &
Sell but with a stronger assumption: that all charges contributing to V are carried by
K*, Na*, and Ca?*. This assumption leads to

ViF

Vo =
0 Cn

[K*lo+[Na"]o+2[Ca® o ; (3.3)

where [X ], is the extracellular concentration of speciesX . In other words, V is simply
proportional to the di erence between total intracellular and extracellular concentrations
of these three species. Endresest al. acknowledged that their approach omitted
anions, but justi ed this with the observation that the total concentrations of anions are
approximately the same inside and outside the cell and that most currents are carried by
cations. However, this framework would still need to be extended for models which include
Cl , e.g. Hund & Rudy (2004); Grandi et al. (2010); Tomek et al. (2020): Egs. 3.2 & 3.3

can be combined and generalised to any number of modelled species and compartments:
!

V.E X X V, X
V= Za[Altotal k— zalAlo ; (3.4)

Cm A Kk Vi A

where A represents each charged species in the model, its valence, Vi is the volume of
the compartment k, and the index k is over all intracellular compartments (e.g. k = i
might correspond to the cytosol). Eqg. 3.4 therefore accommodates further electrically
charged species such as chloride, provided that the model keeps track of changes in
their intracellular concentrations.

Note that the total concentration of any ion A in the compartment k is denoted here as
[Altotal :k- Some models include bu ering of ions which alters free ionic concentrations, but
since binding to bu ers does not cause current ow through the membrane it should not
changeV. The [Aliotar NOtation in Eq. 3.4 serves as a reminder that the total concentration
carried by A is given by the sum of any bu ered and free concentrations. For example,
in many models [Ca2+ ltotari IS not equal to [Ca2+]i. This can make derivation of an
algebraicV form more complicated than in the examples above.

Various other charge-carriers ions, compounds and charged proteins are known
to be present at di erent concentrations on either side of the membrane, but are omitted

from models. If these omitted charge carriers lead to a net transmembrane voltage, then
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an extra parameter is needed to account for the contribution of their charge imbalance
to V. For example, the Hund & Rudy (2004) dog AP model includesCl ions so that
an extra o set parameter would be needed to compensate the strong imbalance between
intracellular (  20mM) and extracellular ( 100mM) concentrations of Cl , or there
would be huge voltages using Eg. 3.4.

In this model, chloride co-transporters change intracellularK*, Na* and Cl con-
centrations but do not induce any ionic current or change voltage as they transport
pairs of oppositely charged ions. The balanced e ect of these co-transporters does not
need special treatment in the equations above as long as both co-transported ionic
species are accounted for.

We can modify Eg. 3.4 to explicitly allow for transmembrane imbalance of species

that are not included in the model:
I

Vi X
Za [Altotal { S Za[Ale + V: (3.5
A k : A

v = \(/:I: X X
Here, V corresponds to the transmembrane potential due to the di erence in charge
of all un-modelled species on either side of the membrane. As the contribution of these
species toV is not modelled as varying, V remains constant through the simulations.

Equivalently, we can express the o set constant as a concentration that we denote o:
!

V, X
ZA[A]tot;kVI_( Za[Alo+ o ; (3.6)
! A

g2 VIF X X
Com

Ak

where

0= ViIF V=GCy: (3.7)

Expressing the o set as a concentration rather than voltage may help in assessing
whether the values implicitly attributed to ¢ by ODE models could be realistic. If positive,
o could be interpreted as the net concentration ofl+ charged intracellular ions carried
by species omitted in the model (or equivalently the net extracellular concentration ofl
charged ions), and if negative it could be interpreted as a net intracellular concentration of
1 charged omitted ions. In reality it will re ect the sum of concentrations of a wide range
of intra and extracellular un-modelled charged species. The smaller the magnitude ofy,

the smaller the transmembrane imbalance of charge carried by un-modelled species. As a
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consequence, a value ofg = 0 mM does not necessarily imply that no charge is missing in
the model; but it does imply that any missing external charge is balanced exactly by an
internal missing charge. Thus, the value of o must be interpreted in the light of which
charged species are included in each model. Throughout this Chapter, we will use the
o symbol to represent these missing charges, but the results hold equally well for its
mathematically equivalent representation as voltage (Endreseret al., 2000), concentration
of charge (Hund et al., 2001), or electrical charge (Jacquemet, 2007). Further detail on
these expressions and their interpretation is provided in Section A.2 in the Appendix.
A value for ¢ can be found by substituting in the initial conditions for the con-
centrations and the initial value of V from the ODE formulation. This highlights an
important point: models that express V in derivative form hide the value of this
model parameterwithin their initial conditions . So when a set of initial conditions is
chosen, perhaps arbitrarily from within the bounds of physiological realism, a hidden
assumption is made about the (im)balance of un-modelled charges in the cell. As we
will show in this Chapter, this net imbalance in un-modelled charge, captured by o,

is a key parameter in determining the behaviour of AP models.
3.1.3 o and stable behaviour

In Figure 3.1 we show the stable behaviour of the ORd-CiPA model when paced for
a long time at 1Hz. The solution converges to a pattern in which all variables in the
system follow the same trajectory (to within numerical simulation tolerances) every time
a stimulus is applied. The resulting periodic orbit in the state variable space (as shown
in Figure 3.1E) is called a stable limit cycle in the study of dynamical systems, but is
often referred to as a steady state for shorthand in electrophysiology modelling.

Figure 3.1 also shows how a change in pacing to 2 Hz results in a transient shift to
a new limit cycle. Similar transients to di erent limit cycles will also occur when other
parameters in the model are changed (e.g. when drug block alters maximal ion channel
conductances, or when a change in extracellular concentrations is applied).

In physiological terms, a model at a limit cycle has settled to a stable behaviour

where each ionic concentration is in a dynamic equilibrium any depletion/accumulation
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Figure 3.1: Example of a limit cycle in the ORd-CiPA model (Dutta et al., 2017), using the
initial conditions from the published CellML model. The simulation methods are detailed in
Section 3.2.1.A: Comparison of paced steady-state APs with 1 Hz and 2 Hz pacingB: Adaptation
of the voltage pro le when the pacing rate is suddenly changed from 1Hz to 2Hz. The dots
plotted on the traces correspond to the end of the diastolic phase in each ARC: Comparison of
periodic steady-state[K™ J; variations during the AP with 1 Hz and 2 Hz pacing. The values are
normalised for easier comparisonD: Adaptation of [K™]; after the sudden change to 2 Hz shown
in panel B. E: V and [K"]; during the transient adaptation phase where the model converges
towards its periodic steady state. Data are shown from the500" pace onward. After a slow drift
of [K*]i over time, a limit cycle (in blue) is reached where the patterns from consecutive APs
overlap. F: Evolution of diastolic intracellular potassium (measured at the time points denoted
with dots in B and D) after a change in pacing rate. A limit cycle is reached after approximately
1600 2 Hz paces.
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due to ions owing down concentration gradients is restored before the next pace by
pumps and exchangers (see Figure 3.1C).

Convergence to a stable limit cycle of the same period as the pacing (a “period-1' orbit)
is not guaranteed: some models' variables may simply keep drifting (perhaps reaching
unrealistic levels); exhibit more complex behaviour such as alternans (a stable “period-2'
limit cycle in which we arrive back at the same state after two stimuli periods rather
than one); or even chaotic behaviour (Qu, 2011). If pacing is stopped altogether, model
variables may converge to stable values a stable steady state. In models that exhibit
automaticity, a limit cycle can be reached without any periodic forcing applied by a
stimulus current. In this Chapter, we will use either limit cycle or periodic steady
state when referring to stable limit cycles, and quiescent steady state when referring
to stable steady states without any periodic forcing by a stimulus current.

Many published models do not exhibit a periodic steady state. Hundet al. (2001);
Jacquemet (2007) showed that models where variables drift can often be ~ xed' to produce
periodic steady states by ensuring that all currents through the membrane, including the
stimulus current, are taken into account in the concentration updates, i.e. by ensuring
that charge is conserved (Panet al., 2018).

Even when a model does have a periodic steady state, ¥f is written as a redundant
ODE the charge represented by o is de ned by the initial conditions. As a result,
arbitrarily varying initial conditions in the presence of this redundant ODE alters the
parameterisation of the model (changes the amount of charge in the system), and any
quiescent steady states or limit cycles are altered accordingly. In other words, when a
redundant ODE is included there can be no unique periodic steady state, but it will vary
depending on the initial conditions. Conversely, when the redundant ODE is removed
there is often a unique stable limit cycle or quiescent steady state; that is, the same
quiescent steady state or limit cycle is reached folany initial conditions.

Some authors such as Livshitz & Rudy (2009) have gone a step further, and suggested
that uniqueness of limit cycles/quiescent steady states is guaranteed once conservation
of charge is met. An analysis by Jacquemet (2007), however, shows that more than

one stable quiescent steady state can exist for a charge-conserving model with a given
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value of . Examining the atrial model by Nygren et al. (1998), Jacquemet found
that for some values of ( the model had a stable steady state where/ is polarised
atrest ( 60to 90mV), a stable steady state where the cell is depolarised to about

30mV, and an unstable periodic steady state where the model displays automaticity.
In the course of this study we also found examples of more than one stable limit cycle
in other analytic-V models, which are discussed below.

Although undoubtedly important for reproducible modelling, it is reasonable to ques-
tion the physiological relevance of quiescent steady states and limit cycles. Convergence
to a perfect limit cycle seems unlikely to occur in real cells, as channel activity and
other chemical processes are inherently stochastic and will perturb each orbit di erently.
The idea of a limit cycle, however, overlaps well with biological concepts of homeostasis
and robustness. Even though the cell's environment is constantly altering to some
degree, it would be ideal for a cell to exist in close proximity to a stable limit cycle
such that small stochastic perturbations converge back to the same behaviour at

least while energetic demands are met.

3.2 Impact of the algebraic voltage formulation on numer-
ical solutions

3.2.1 Models and simulation

CellML les for the TP and ORd-CiPA models were obtained from the Physiome Model
Repository (Yu et al., 2011). The TP model has epi-, endo- and myocardial variants;
where not stated otherwise we used the epicardial variant in this Chapter. The units in
the obtained CellML les for TP had to be corrected before the algebraicV , form could
be applied, as described in Section A.1 in the Appendix. The algebrais* forms of the
TP and ORd-CiPA models were derived, and model variants that employ this form were
created for comparison with the original derivative-V form. A detailed overview of the
conversion of a model to its algebraicy form is given in Section A.3 in the Appendix,
along with a guide to performing this translation in other models.

Simulations were performed using Myokit (Clerx et al., 2016) which imported the

CellML models, and using solver tolerances stated in the section below. Unless stated
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otherwise, gures were created after 2000 pre-pacing stimuli at a frequency of 1 Hz. In
the TP model, the stimulus current was modelled as aK* current of amplitude 52A/F
lasting 0.5ms. In the ORd-CiPA model, the stimulus current was also attributed to K*
ions, its amplitude was set at 50A/F, and its duration at 1 ms.

All the Python scripts, CellML and Myokit models used for this Chapter are available

in a GitHub repository at https://github.com/CardiacModelling/Gamma_0
3.2.2 Accuracy of solutions

Simulations in Myokit are performed using the CVODES software package (Hindmarsh
et al., 2005) to numerically integrate the di erential equations. CVODES has two
tolerance settings that control the accuracy of the numerical solutions (Cohen et al.,
1996). To visualise the in uence of solver tolerance on AP simulations and nd suitable
tolerances to use in this Chapter, simulations were run for 2000 paces with the ORd-CiPA
model in its derivative-V form, using a coarse setting {0 ® and 10 # for absolute and
relative tolerance, respectively) and a ne setting (10 & and 10 ). The resting membrane
potential (RMP) was measured as theV 1ms before application of the stimulus, and

plotted for the nal 1750 paces in Figure 3.2.

Figure 3.2: Evolution of resting membrane potential (RMP) in a simulation with the derivative- V

ORd-CiPA model, starting from the published initial conditions. 2000 paces were simulated, we
are showing paces 250 onwards to examine the behaviour close to periodic steady state. A slight
drift is observed when using a coarse solver tolerance, but this disappears when tolerances are
tightened.
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As expected, using coarse tolerances results in (a small) numerical error in the solution,
but the gure also shows a slight drift in V, even after 1000 paces. When tightening
the solver tolerance the numerical noise is signi cantly reduced, andv stabilises after
around 700 paces. The other state variables show a similar pattern, as can be seen
for [K*]i in Section A.4 in the Appendix.

To further investigate the long term stability of the solutions, 3000 paces were simulated
with the ORd-CiPA and TP models, in both the derivative and the algebraic-V forms.
Since, with ne tolerances, the system had stabilised after 2000 paces (see Figure 3.2), the
variation in the state variables after 2000 paces could safely be attributed to numerical error
and not to electrophysiological phenomena. We quanti ed this variation by measuring
the standard deviation in the nal 1000 paces in[K™ ], the state variable that had the
highest absolute value and largest variations over successive paces (Section A.4 in the
Appendix). This standard deviation was evaluated for several solver tolerances in both

the derivative and algebraicV forms of the models and shown in Figure 3.3.

Figure 3.3: Numerical stability of [K™]; in the TP and ORd-CiPA models, comparing the
derivative and algebraicV forms. The colour corresponds to the standard deviation of K™ J;
between the 200" and 300" pace. The darker the colour, the lower the variance, and the more
stable the simulation.
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For both models, numerical solutions appear less stable when using the derivative-
form (Eq. 3.1). We believe this is because the intracellular ionic concentrations and/
are updated without the numerical method having any knowledge of . This can lead
to numerical errors that break conservation of charge, e ectively introducing variations
in o, and allowing the periodic steady state of the system to change. By contrast,
when explicitly incorporating the algebraic constraint on V (Eqg. 3.6) and xing o,
conservation of charge is guaranteed, so that the periodic steady state stays the same
and the stability of the solution is improved.

For the remainder of this Chapter, we therefore used the algebraid/ form and absolute

and relative solver tolerances ofl0 8 and 10 °, respectively.
3.2.3 Computation time

We also investigated whether computation time was a ected by switching to the algebraic-
V form of the model. One might have expected an improvement in simulation time due
to a smaller and better conditioned system with the redundant ODE removed (avoiding
a singular Jacobian as Varghese & Sell (1997) suggested), but there was no signi cant

(if any) change in computation time (Figure A.5 in the Appendix).

3.3 Physiological impact of 0

3.3.1 0, [K*]i and [Na™]; in human ventricular AP models

The algebraicV form of the model (Eqg. 3.6) gives the voltage in terms of the total intra-
and extra-cellular ionic concentrations. The impact of variations in these parameters
and variables across ventricular models was investigated by computing o for several
literature models using the published initial conditions. This work could be carried out
only for models which obey the conservation of charge principle. The results are shown in
Table 3.1 which reports ¢ (Eg. 3.6), the correspondingCgy as de ned by Endresenet al.,
and the corresponding voltage o set V for each of the investigated models.

These parameters contain information about the di erence between the un-modelled
intra- and extracellular charged species (e.gH*, Mg?*, cations, phosphates, proteins).

In the TP Epi model, for example, the intra- and extra-cellular charges of these missing

DRAFT Printed on May 18, 2023



3. Missing charge and calibration of action potential models 49

species are responsible for a voltage o set of 18.2V. In the ORd-CiPA model, the
voltage o set is of 1268 V.

The Tomek et al. (2020) model (an update of the 2019 version to conserve charge)
has a very high ¢ constant due to the inclusion of chloride ions, for which there is a very
large di erence between intra- and extracellular concentrations. In the Ten Tusscheret al.
(2004) model, the epicardial and endocardial versions were assumed to have the same
initial conditions, so their missing charge concentrations are the same. The epi/endo
variants of the TP model have minor di erences in the initial conditions and bu ered
Ca®* concentrations. As a result, there are slight di erences in ¢ between the various

versions of the TP model.

Model Co (mM) o (MM) V (mV) Included ions
Trovato et al. (2020) 1953377 46:3377 1:0605 1C° K*;Na";ca™
Stewart et al. (2009) 1472641 21359 1.8273 10 K*:;Na";Ca*
Ten Tusscheret al. (2004) Epi/Endo 1505207 1:1207 9:5878 10° K*:Na";ca*
Ten Tusscher & Pan lov (2006)(TP) Epi 1472683 21317 1.8237 10° K*;Na";Ca*
Ten Tusscher & Pan lov (2006) (TP) Endo 1505427 1:1427 9:776 10° K*;Na";Ca*
lyer et al. (2004b) 1357501 102499 16659 10° K*:Na";Ca?*
O'Hara et al. (2011) Endo 1568010 7:8010 1:2680 10° K*:Na";ca*
O'Hara et al. (2011) Epi 156:8022 7:8022 1:2682 10° K*:;Na";Ca*
Dutta et al. (2017) (ORd-CiPA) Endo 1568011 7:8011 1:2680 10° K*:;Na";Ca*
Tomek et al. (2020) Epi 1357563 1371563  2:2294 10° K*;Na';Ca’*;Cl
Tomek et al. (2020) Endo 1357555 1371555  2:2294 10° K*;Na";Ca’*;Cl

Table 3.1: The integration constant for a range of human AP models, written asCqy (Hund et al.,
2001) see Section 3.1.2 , net un-modelled species concentration ¢ (Eq. 3.6), and voltage
oset V (Eqg. 3.5). The Trovato et al. (2020) and Stewartet al. (2009) models are Purkinje bre
models, while the remaining models represent ventricular cells.

It remains to be seen whether the ¢ value (net concentration of un-modelled ionic
species) is biologically as variable as the values it has been implicitly assigned within
models, or whether this simply re ects lack of information on real concentrations and
subsequent uncertainty in what initial conditions should be used.

Comparing the magnitudes of g and V in Table 3.1 shows that a 20 mV variation
one might observe in resting potential between models corresponds tog variations
of approximately 0.002 mM, much smaller than the variation in the o set constants
between models. So what we observe is not in uenced much by the precise value of
the initial condition for the RMP (this is the same reason initial gating variable values

have negligible e ects) but instead by how the various possible initial concentrations
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cause longer term system behaviour to change via altered Nernst potential (or GHK ux
equations) and resulting currents, as well as any explicit concentration-dependence in
gating kinetics. So the impact of initial RMP on (¢ can be neglected in comparison
to that of initial concentrations (RMP is also much easier to measure to within a few
millivolts in experiments). As a consequence, variation of the initial voltage used to
compute ¢ from Eq. 3.6 was neglected in this study and the initial voltage as published

in the original models was used to compute g in simulations of the sections below.
3.3.2 o and ranges of K * and Na ™

In this section, we estimate the variability of o from literature and observe how this
variability might impact the AP predicted by the model. The values that can be taken by
o are, for a large part, dictated by the uncertainty in intracellular concentrations in intact
myocytes. Extracellular concentrations are xed parameters in most AP models that are
more reliably estimated (at least in in-vitro experiments); we therefore investigate the e ect
of only the initial conditions of intracellular state variables on long-term model behaviour.

A literature search was carried out to nd the range of intracellular K* and Na*
concentrations observed experimentally in human cardiomyocytes and/or used in simu-
lations. The contribution of Ca?* to total intracellular charge at the end of the resting
phase of the AP is much smaller, so its variation can be neglected compared ti*
and Na*, and ¢ variation between the models is mainly due to di erent intra- and
extra-cellular K* and Na". The intracellular concentrations of K* and Na* used in
previous cardiac AP models are reported in Figure 3.4, for a range of tissues and species
based on the annotated CellML models athttps://github.com/Chaste/cellml that
were studied in Cooperet al. (2015).

In human ventricular cardiomyocytes the intracellular sodium concentration ([Na* J;)
was found to range experimentally from 4 mM to 16 mM (Berset al., 2003). Fry et al.
(1986) determined experimentally that the intracellular potassium concentration ([K* ];)
is 113 6mM in rat cardiomyocytes. We did not nd direct experimental measurements
of [K*]i in ventricular human cardiomyocytes in the literature. Also, experimental

measurements of intracellular ionic concentrations in intact cardiomyocytes were all
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Figure 3.4: Initial concentrations published for cardiac AP models, for a range of species
and tissues. Green: human, Purple: canine, Orange: rabbit, Yellow: Guinea pig, Blue:
mammalian, Pink: murine. The dotted box highlights the extreme values of intracellular
concentrations, estimated from the work of Berset al. (2003) for Na" and from the Grandi et al.
(2010) and the Tomeket al. (2020) models for K .

performed in the quiescent con guration. We therefore used initial values for[K* ]; from

human ventricular AP models as a measure of uncertainty in[K* ];, which ranged from

120mM in the Grandi et al. (2010) model to 152mM in the Tomek et al. (2020) model.

With these estimated ranges for[K* ] and [Na* ], the range for their sum varies by 44 mM.

This major uncertainty in intracellular concentrations produces the high variability of
o between models that is observed in Table 3.1.

The extreme K* and Na* concentrations from Figure 3.4 were used to initialisg[K* J;
and [Na* J; in simulations to observe the e ect of such variations on the limit cycle AP.
The K* concentration was initialised at 1220mM and 152mM in the two models, whilst
the initial Na* concentration was initialised at 4mM and 16mM, respectively. ¢ was
computed from Eq. 3.6 and initial voltage was set to its published value ( 849mV
for the TP model, 88mV for the ORd-CiPA model). o computed with the lowest
and highest total concentration of intracellular ions yielded o = 23:6mM and ¢ =

20:4mM in the TP model, respectively. ¢ computed with the lowest and highest
total concentration of intracellular ions yielded ¢ = 20:9mM and ¢ = 244mM

in the ORd-CiPA model, respectively.
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In simulations in following sections where the value of ¢ is imposed by the user, the
initial intracellular concentrations must be changed to satisfy the algebraic constraint
of Eqg. 3.6 and leave the initial voltage unchanged. Otherwise, the high variations of

o reported in Table 3.1 would lead to voltage o sets of up to several kilovolts. [K* ];
was therefore adjusted with Eq. 3.6 so that the initial voltage remains untouched and
consistent with the required value of (. Alternatively, [Na"]; could be adjusted; but the
degree of variation of ¢ could lead to negative values ofNa*]; so we adjustK™ instead.

The ORd-CiPA model has more ionic variables than the TP model: variables were
added for the concentrations of sodium and potassium in a subspace, denoteNd" |ss
and [K*]ss. At the limit cycle, the di erence between diastolic concentrations of ions
in the subspace and in the intracellular compartment were observed to be smaller
than 0.1 mM, even when initial conditions were set to very di erent values (results
not shown). Furthermore, there is no physical structure delimiting the subspace from
the bulk intracellular space. Thus, [K* ]ss and [Na* Jss are very close[K*]i and [Na* ];
at the end of the resting phase of the AP, i.e. when state variables are initialised in
simulations. To avoid introducing big di erentials in K* and Na* concentrations between
the subspace and the bulk cytosol compartment in simulations where the user introduced
changes to initial conditions for [K* ]; and [Na* ], the initial conditions of [ Na* ]Jss and
[K™]ss were set to the same values afNa® ] and [K*]i respectively.

The limit cycle APs, as observed after 2000 paces, are shown in Figure 3.5. The
dierence in ¢ induces important changes in the limit cycle AP, especially for the TP
model. For instance when simulated with a very low ¢ value, the TP model does not
have a physiological AP: the cell does not depolarise. In the ORd-CiPA model, the
RMP is particularly impacted, decreasing from 82mV for o= 244mMto 88mV
for o = 20:9mM. This shows that ¢ variations have a strong impact on the model

output, which is investigated further below.
3.3.3 Eect of o on steady states

Several authors have asserted that o (or an equivalent) de nes the steady states of

various models, both under paced and unpaced conditions (Hunet al., 2001; Jacquemet,
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Figure 3.5: Limit cycle APs for extreme initial conditions for the TP model ( A) and for the
ORd-CiPA 2017 model B). Extreme ¢ values covering approximately44mM are computed from
the extreme [K™ ], and [Na" ], observed in human ventricular models, as reported in Figure 3.4.

2007; Livshitz & Rudy, 2009; Panet al., 2018). Here we investigate the steady states
and limit cycles reached by the TP and ORd-CiPA models for initial conditions that
sample the range of physiologically-plausible ¢ values (Section 3.3.2).

The range of experimental concentrations determined in the previous section was
sampled at 10 linearly spaced ¢ values. For each ¢ value, the [Na*]; range was sampled
linearly at 10 points. The initial [Ca®*]; was varied from 0.5 to 1.5 times its originally
published value, also with 10 sampling points, giving a total of 100 samples for eachg
value. The remaining Ca?* concentrations were initialised to a random value ranging from
0.5 to 1.5 times their published initial value. The initial value for [K*]; was computed
using Eqg. 3.6 to match with the initial voltage of the published model. Due to the
linear relationship between the ionic concentrations in Eq. 3.6, a hyperplane in the
state variable space can be found for eachg value. The initial values of the remaining
state variables (gating variables) were taken randomly within the range 0 to 1, and the
sum of the Markov states in the Iy, compartment of the ORd-CiPA model was kept
equal to 1. The quiescent steady state was reached after 4000s without pacing and the
limit cycle was recorded after 2000s of steady 1 Hz pacing, and the values of the state

variables at the end of the diastole were recorded.
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The quiescent steady state and the 1 Hz limit cycle diastolic intracellular concentrations
are shown in Figure 3.6. For each ¢ value, all the simulations converged to the same
quiescent or periodic steady state. The steady states that can be reached by the models

for the various ¢ values align on these plots.

Figure 3.6: Plot of the quiescent steady state and limit cycle values fofNa* J;, [K* J;and [Ca®" ;.
A: TP model at a quiescent steady state.B: ORd-CiPA model at a quiescent steady state.C:
TP model in a limit cycle. D: ORd-CiPA model in a limit cycle. Each plane has initial conditions
satisfying Eq. 3.6 with the same xed ¢ value. 100 combinations of initial conditions are sampled
from each plane to cover the physiological range of concentrations. These initial conditions are
used in simulations to reach the (op row ) quiescent steady state and the pottom row ) paced
limit cycle. The steady state and limit cycle concentrations are plotted as points (with dashed
projections along the associated  plane), with the colour matching the plane from which the
initial conditions were sampled. For clarity, the planes for which the quiescent steady state is out
of the range reported in Section 3.3.2, are not shown.

Note how some of the points in Figure 3.6A appear to move outside the ¢ plane.
Only [K*]i, [Na'];, and [Ca?*]; are plotted to allow a 3D visualisation of the quiescent

steady states and limit cycles. Thus, major changes in other concentrations, which are
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not shown in the gure, shift the steady states. Although the steady state variables
appear outside of the initial o plane in this lower dimensional representation, o was
correctly preserved throughout the simulations.

For both models, regardless of the initial conditions used for the state variables, a
unique quiescent steady state and a unigue 1 Hz limit cycle were observed for each value
of . Thus, the solution of the model under quiescence and for prolonged regular pacing
is de ned by the value of (. This observation is consistent with the studies mentioned
previously, with constants equivalent to . As a conclusion, ¢ can be used as a single
model parameter to summarise the intracellular concentrations in these models at these
pacing conditions and parameter values. Moreover, the initial conditions for the gating
variables did not impact the limit cycle or steady-state outputs, so their initial conditions
were not altered in further simulations. When calibrating an AP model based on its limit
cycle or steady state outputs, it appears su cient to establish the correct value of g,
regardless of howk*, Na* and Ca?* concentrations and gating variables are individually
initialised as long as they remain physiologically plausible. Thus, when exploring values
of ¢ in a derivative-V model the changes could be attributed to a single intracellular

concentration (K™ for example) without loss of generality.
3.3.4 Model predictions are sensitive to 0

The inuence of ¢ on the limit cycle outputs and on the restitution portrait of the
AP duration (APD) was evaluated in the TP and ORd-CiPA models. The models’
outputs were recorded with ¢ values varying by 30 mM. Intracellular concentrations
were initialised so that Eq. 3.6 was satis ed with the initial voltage set to its published
value. The state variables other than intracellular concentrations were initialised to
their originally published initial values. 2000 paces were simulated to approach the
limit cycle. The currents which showed the highest sensitivity to ¢ change, the inward
recti er potassium current ( lx;) and the sodium potassium exchanger current yax ),
were recorded at 1Hz pacing, together withV.

The APD restitution portrait at limit cycle was investigated using the Cardiac

Electrophysiology Web Lab (https://scrambler.cs.ox.ac.uk/ ) (Cooper et al., 2016;
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Daly et al., 2018). There, the models were loaded as CellML les, using the public protocol
Steady State Restitution. In this protocol, 2000 paces are applied (bringing models
close to their limit cycles) at various pacing periods ranging from 250 ms to 2000 ms. Two
consecutive APs are then recorded, and their APD at 90% repolarisation APD gg) is

measured. The limit cycle outputs at 1 Hz and the restitution plots are shown in Figure 3.7.

Figure 3.7: Comparison of model predictions in the periodic steady state outputs for the extreme
values of ¢ computed from Section 3.3.2. Data are shown for the TP {op row ) and ORd-CiPA
models pottom row ). A and E: Ix;. B and F: Inak - C and G: AP. D and H: Limit cycle
restitution portraits showing APD gg variation with the pacing period. The insets show pacing
cycle lengths of 500 ms and shorter.

o variations impacted the Ix; current particularly strongly in both models, with
faster Ix; activation kinetics for lower ¢ values, see Figure 3.7A and E. In addition,
peak Ik, is decreased by 45% when increasingg by 30 mM in the ORd-CiPA model.
Inak IS also shown to be sensitive to ¢, see Figure 3.7B and F. When using a low

o value, Inak is reduced by approximately 15% in both the TP and the ORd-CiPA
models. The consequences for the simulated AP are important, see Figure 3.7C and G.
When looking at the resting membrane potential (RMP) and the APD oo for example,
RMP is increased from 88mV to 82mV for the TP model, and from 88mV to

83mV in the ORd-CiPA model when increasing ¢ by 30mM. APD g is increased
from 299 ms to 306 ms for the TP model, and is increased from 265ms to 273 ms in

the ORd-CiPA model, when increasing o by 30 mM.
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Figures 3.7D and H show that o has an e ect on the APD gy steady state resti-
tution portraits. The observed APD g bifurcation is particularly important as it is
characteristic of alternans. Note that when stable alternans occurs, the limit cycle
no longer follows the trajectory of the state variables over a single pacing period, but
over two consecutive pacing periods.

There is a bifurcation of APD gp for pacing periods at 700 ms for the TP model and at
400 ms for the ORd-CiPA model. The pacing periods generating this bifurcation appear
to be independent of . However, the steepness of the restitution slope as well as the
size of the bifurcation depend on g, especially in the ORd-CiPA model. In the studied
models, higher values of ¢ generate wider bifurcations in the APD g restitution portrait.
The impact of ( on characteristics of the alternans predicted by the TP and ORd-CiPA

models shows the need to carefully consider the value ofy used in AP models.

3.4 Calibration of AP models and 0

The dependency of model outputs to ¢ observed in Figure 3.7 is also expected have an
impact when tting parameter values to whole traces of V, or their derived biomarkers.
Indeed, if ois xed to a value that incorrectly summarises the experimental concentrations
under which the data were generated, we might expect a tting process to return parameter
values which are skewed away from their correct values. A tting of the ORd-CiPA model
to synthetic (simulated) data was performed to examine this e ect.

The synthetic datasets used in model training were generated by running the ORd-
CiPA model for 2000 pre-paces (1 Hz pacing), and recording th@00F' AP, with one data
point per 0.05ms. No noise was added. The true scaling parameters for conductances
were then “forgotten' and re-calibrated to the synthetic AP data, as in Johnstoneet al.
(2016). The parameters used for the simulations are expressed aSsimulation = Qoriginal »
with gsimuiation the value of the conductance used for the simulation, the scaling factor,
and Gorigina the original value of the conductance parameter. Thus, a scaling factor
of = 1 corresponds to the conductance used in the original published model (the

true value in this synthetic study).
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Three cases were explored. In the rst case, the initial conditions are unaltered
(assumed to be known/exactly correct), therefore the value of ¢ during the tting is
set to the true value, i.e. the one used for synthetic data generation. In the second
case, the model is tted with a xed and incorrect ¢ value computed from initial
concentrations and voltage published for the TP model, a di erent but still plausible
value. In the third case, tting is the same as the second case, but ¢ is added to the
set of parameters to be tted, which allows compensation for discrepancy in the initial
intracellular ion concentrations provided by the user. In terms of Figure 3.6 this allows
exibility in the plane upon which intracellular concentrations will settle. The initial

conditions used when tting are reported in Table 3.2.

Case . Initial condi'iions Initial conditions_for
for [K™] other concentrations

Data generation 7:801 144.6 mM ORd-CiPA

#1 Fixed & correct 0 7:801 144.6 mM ORd-CiPA

#2 Fixed & wrong 0 1:562 135.4mM TP

#3 Fitted ¢ Fitted 135.4mM TP

Table 3.2: Initial conditions used in the various ttings of the ORd-CiPA model to synthetic
data.

When using initial concentrations from the TP model, calcium concentrations, [Na* J;
and [K* ]; were set to the values published by Ten Tusscher & Pan lov (2006). K* ]ss
and [Na*]ss were initially set to the same value as[K*]; and [Na"]. In the ORd-
CiPA model, the SR is split into two sub-compartments while the TP model has only
one SR compartment. Therefore [C&" Jysr and [Ca?* ];sr were initialised at the same
concentration published by Ten Tusscher & Pan lov for [Ca?* ]sR.

The optimisation problem was de ned as the minimisation of the sum of square errors
between the synthetic data and the tted model AP. The tting algorithm uses the
PINTS Python package (Clerx et al., 2019), to run the Covariance Matrix Adaptation-
Evolution Strategy (CMA-ES, Hansen et al. (2003)). The scaling factor parameters

caL; Kri Ks: Na; NaL Of the ORd-CiPA model were tted. The initial guesses for scaling
factors were taken from the range 0.2 to 5, while the boundaries were set to 0.1 to 10.
The CMA-ES hyperparameter o, the initial proposal covariance for new parameter

samples, was set to 0.1 along the diagonal and zero otherwise.
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Diastolic
APD g
0 [K + ]i at APD 90 . 9
Case (MM) limit Cal Kt Ks  Na  NaL  pageine  With 50%
Ik, block
cycle
Data generation 7:801 144.4 1 1 1 1 1 266 ms 369 ms
#1 Fixed & “correct’ g 7:801 144.4 1.000 1.000 1.000 1.000 1.000 266 ms 369 ms
#2 Fixed & ‘'wrong' o 1:562 138.6 0.760 1.187 0.522 1.129 1.585 265ms 383ms
#3 Fitted ¢ 7:801 144.4 1.000 1.000 1.000 1.000 1.000 266 ms 369 ms

Table 3.3: Parameters retrieved from ttings in the investigated cases. The tting process with
an incorrect ¢ value yields incorrect values for model parameters. Such a model su ers from poor
predictive power. This can be corrected by tting ¢ together with the other model parameters.

Figure 3.8: Predicted APs for the ORd-CiPA model tted to synthetic data. A: Comparison of
the synthetic data with APs obtained from optimal parameterisations in the di erent tting cases.
B: Prediction of response of the model to 50% block ofk, . Predictions of model with parameter
ttings #1, #3 and the true parameters set overlay.

The value of scaling parameters retrieved by the three ttings are compared in
Table 3.3, and the corresponding APs are shown in Figure 3.8. In the case of the rst
tting with the correct o, the true parameter values are retrieved as expected due
to these model parameters being identi able. In the case of the second tting with a
discrepancy in o, the model cannot converge to the right limit cycle. The optimal AP
is still very similar to the synthetic data, the only di erence being a small shift in the
resting membrane potential, as seen in Figure 3.8A. However, the discrepancy in ionic
concentrations is compensated by a shift in the retrieved scaling parameters, especially
for gks (0.522) and gnar (1.585). This impacts the response of the model to perturbation:
for example 50% block oflx, as shown in Figure 3.8B, where we see a 14 ms di erence in
the predicted APD g9 which would be signi cant in many drug e ect prediction settings.

In the third case, the true values for all scaling parameters could be recovered.
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The fact that the value of ¢ could also be accurately found through tting shows its

identi ability as a model parameter.

3.4.1 Calibration when multiple stable limit cycles exist for a single 0
value

It was shown in Section 3.3.3 that the ORd-CiPA model, with published parameters,

has a unique limit cycle for any particular value of ¢ that has been used (implicitly)

in previous models. As shown by previous studies, under certain conditions there exist

multiple quiescent steady states (Guanet al., 1997; Jacquemet, 2007) and/or limit cycles

(Surovyatkina et al., 2010) for the same value of g.

For instance, with 95% of Ix,, o= 20mM, and 1 Hz pacing, the ORd-CiPA model
has two stable limit cycle APs, shown in Figure 3.9. With the initial Na* concentration
as originally published in the ORd-CiPA model, the limit cycle AP has an early after-
depolarisation (EAD), whereas the limit cycle AP with higher initial Na* concentration
exhibits alternans and an EAD. This is characteristic of a bifurcation of the limit cycle

for the same value of o, which is investigated further in this section.

Figure 3.9: Limit cycle APs for the ORd-CiPA model with 95% of I, reduction, generated with
the same value for o = 20mM, but di erent initial [Na" J;. With the initial [Na’]; set to 15mM
(Black ), the limit cycle AP shows no early after-deploratisation (EAD). With a lower initial Na*
concentration of 7.3mM (Blue ), the limit cycle AP exhibits alternans with an EAD.

Various conditions of Ik, block (0%, 90% and 95%) were applied to the ORd-CiPA

model to test for the presence of multiple limit cycles for a single value of g. As in
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Section 3.3.3, the ORd-CiPA model was paced to its limit cycle for initial conditions
sampling the physiological range of concentrations reported in Section 3.3.2, but variations
of initial conditions were considered only for[K*]; and [Na*]i. Given the low in uence of
[Ca’*] variations on g value, its in uence on the model outputs were neglected. Eq. 3.6
de nes a linear relationship between[Na*]; and [K*]i and o, and therefore for a xed
value of ¢, the intracellular concentrations follow a line in the ([Na*]i, [K™]) plane,
if the other ionic concentrations are not changed. 10 di erent initial conditions were
sampled for each of the 15 values of o covering the physiological range of concentrations
([K*]i between 120 mM and 152 mM andNa" J; between 4 mM and 16 mM). In cases with

alternans, diastolic concentrations were read out at the end of the longer AP.

Figure 3.10: Limit cycle concentrations of [K* Jjand [Na" ], for simulations with ORd-CiPA
model starting from di erent initial conditions. Each line corresponds to a single ¢ value. For
each value of ¢, 10 combinations of[K* Jjand [Na" ]; are used to sample the whole physiological
range reported in Section 3.3.2. Limit cycle concentrations of the 10 combinations are marked by
circles, with colour matching the initial conditions. With 90% I, reduction, a unique limit cycle
can be reached per value of ¢. In the case of 95% oflk, reduction, two distinct limit cycles can
be observed for higher intracellular concentrations.A: No Ik, reduction. B: 90% Ik, reduction.
C: 95% Ik, reduction.

The limit cycle diastolic concentrations are shown as circles in Figure 3.10. Foly,
block lower than 90% across the range of initial conditions we studied, the limit cycle
is unique for a given value of . In such situations, tting o would be su cient to
fully inform the intracellular concentrations.

In the extreme case of 95% oflk, block, a bifurcation is observed for the ORd-
CiPA model see Figure 3.10C. A second stable limit cycle appears, and intracellular

concentrations converge to one or the other limit cycle value depending on their initial
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conditions, despite having the same ¢ value. The multiple limit cycles at a xed g
value are observed for ¢ values ranging from 13mM to 2mM see Figure 3.10C.
In such cases, ¢ does not solely determine which limit cycle will be reached, and one
needs to consideK™]; and [Na"]; initial conditions separately.

As observed in Figure 3.10, multiple stable limit cycles can be found for the same value
of ¢ under particular conditions. In the following, we investigate how the bifurcations
of the limit cycle can impact the tting process. Under 95% of Ik, reduction, there
are two stable limit cycle APs for the ORd-CiPA model for the same value of : one
with an early after-depolarisation (EAD) generated with low initial [Na*];, and one
without EADs with high initial [Na*]; (Figure 3.9).

The synthetic data were generated with the ORd-CiPA model under 95% of k, block,
with intracellular concentrations initialised at [Na"]i = 15mM and [K*] = 149 mM,
corresponding to o= 20mM. Synthetic data showed no EAD. As seen in Figure 3.9,
there is a second stable limit cycle AP, with EAD, in this con guration of the ORd-CiPA
model with lower initial Na® concentration.

During the tting process, the initial concentration of Na *was xed to its published
value [Na*]; = 7:3mM, and when a new value of o was proposed by the tting algorithm,
the changes in o were attributed to K™ ions. As a consequence, when the true parameters
were evaluated during the tting process, an EAD was observed. Fitting of the ORd-CiPA
model to synthetic data from the same model was performed with the same methods as in
Section 3.4. The same parameters as previously were tted Ca., kr» Ks» Na» NaL., 0)-

Note that for o= 20mM, [Na*]; can take only values betweerl4mM and 16mM
for [K™]; to remain in the physiological range (Figure 3.10). This bifurcation was
selected despite the initial and limit cycle concentrations being outside the physiological
range, because of the dramatic changes between the two limit cycle APs that make
more visual the potential impact of multiple stable limit cycles on the parameters
obtained from model calibration.

The parameters found by tting are reported in Table 3.4. The limit cycle AP

under 95% Ik, reduction for the calibrated model is compared to the synthetic data

DRAFT Printed on May 18, 2023



3. Missing charge and calibration of action potential models 63

Figure 3.11: Consequence of tting the ORd-CiPA model in case of multiple stable limit cycles
for the same ¢ value. A: ORd-CiPA tted with initial [Na®];= 7:3mM under 95% Iy, block is
able to reproduce the synthetic data generated with initial [Na" J;= 15 mM (APs superposed). B:
predictions for no I, block. Despite the good tto Ik, block data in Panel A, incorrect parameter
values are obtained, and the prediction by the calibrated model is erroneous.

Dias- APD g

: ) APD o
tolic with
o (MM) K" CalL Kr Ks Na NaL 9504 | ?i?]see-
(mM) block
Data -20.0 156.18 1 1 1 1 1 663ms  264ms
generatlon
Fitted values 19.7 155.73 0.863 0933 1.263 0.936 1574 663ms  294ms

Table 3.4: Rescaling factors for conductance parameters retrieved from tting to data generated
under conditions where several stable limit cycles coexist for the same value ofy = 20mM.

(Figure 3.11A) and its prediction of AP without Ik, block is compared to that of the true
model that generated the synthetic data in the validation case of Figure 3.11B.

The optimal values of g and y5 are close to their true values, but Ny and ks
show considerable di erences to their true values (57% and 26% increase respectively).
This explains why even though the synthetic data AP are well reproduced (Figure 3.11A),
the tted model makes an incorrect prediction in the validation case with no Ik, block
(Figure 3.11B). The optimal value of ¢ is interestingly close to its true value. However,
one cannot conclude from this example alone that ¢ value will still be correctly recovered
in the case of bifurcation.

In this case with bifurcation, tting initial conditions for both  [Na"]; and [K™"]; would

be necessary to reach the correct limit cycle and obtain a correct optimal model. However,
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we would not recommend tting both [Na"]; and [K*]; simultaneously as a standard.
In most cases, there is only one limit cycle solution for a given value of o, so that the

two parameters would be unidenti able (see Whittaker et al., 2020).

3.5 Discussion

We have investigated the consequences of computing voltage in AP models directly from
concentrations, using an algebraicvy formulation (Eq. 3.6). This method for computing V
provides increased numerical accuracy of solutions compared to the derivative- method.
The computation time was not signi cantly impacted: changing to the algebraic-V form
did not reduce the computational time required for AP simulations, most likely because
it does not change the sti ness of the model (the main driver for the computational cost).
o represents the net concentration of un-modelled charge. In most cases, the value of

o de nes the steady-state behaviour of the model, regardless of the combination of initial
values for state variables such as concentrations. Given the high variability of intracellular
concentrations used in AP models, ¢ is also highly variable. Extreme variations of
lead to very di erent steady-state behaviours and substantially impact simulation outputs,
making it important to establish ¢ as accurately as possible.

Measurements of intracellular ionic concentrations in intact myocytes are not generally
available alongside recordings of electrophysiological activity used to calibrate AP models.
We showed that this issue could potentially be addressed by inferring ¢ from the data.

With the algebraic-V form, the algebraic constraint on the variables appears explicitly.
At each time-step, this constraint is therefore rigorously applied. With the derivative-V
form, the constraint is mathematically satis ed by the system by design in AP models
which satisfy the conservation of charge principle but during the numerical integration
of the equations, the constraint is not veri ed at each time step. Therefore, even small
numerical errors appearing during integration allow the constraint to be violated. This
violation of conservation of charge explains why with a coarse solver tolerance, the model
does not properly converge to a limit cycle (Figure 3.2). Livshitz & Rudy (2009) noted
that AP models are often mistaken for Ordinary Di erential Equation (ODE) systems

when they are actually Di erential-Algebraic Equation (DAE) systems, i.e., ODE systems
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with algebraic constraints. With the algebraic-V form, the DAE constraints appear
explicitly. In theory, the dierential- V and algebraicV equations are mathematically
equivalent, so modellers could use either of them as preferred (Hundt al., 2001). In
practice, we recommend the algebrai¢/ form.

Using this makes ¢ appear as a model parameter, highlighting the need to consider
it explicitly. We propose to infer ( from the experimental data on which the model is
calibrated. Endresenet al. (2000) wrote with the derivative-V form that the observer
tracks only the variations in the number of ions, but then an initial concentration must
be guessed. Livshitz & Rudy (2009) proposed criteria for validation against experimental
data and adequate comparison between dynamic models. Among these criteria, the
use of a consistent set of initial conditions for state variables {, intracellular ion
concentrations) is recommended. Smirnovet al. (2020) noted that the question of initial
conditions for ionic concentrations is often overlooked when tting AP models, when
they tted the O'Hara Rudy model (O'Hara et al., 2011) to AP recordings from optical
mapping experiments in human ventricular wedges.

The errors induced in conductance ts when using a xed but incorrect ¢ (Section 3.4)
emphasise the importance of using the correct initial concentrations when tting to AP
data. An AP model calibrated using incorrect concentrations (i.e. an incorrect but
plausible value for ) will be badly parameterised, with up to  50% error in maximal
conductance parameters, and reduced predictive power.

Our results show that ¢ can be tted to compensate for errors in assumed intracellular
concentrations, at least when tting to synthetic (simulated) AP data. So we recommend
inferring ¢ from the training data during model calibration, following the methods of
Section 3.4. When using real data, discrepancy in the AP model may cause additional
problems, but still the possibility for uncertainty in ¢ should be explicitly considered.

In this Chapter, we show that due to the conservation law: i) a consistent g value
should be used throughout the model calibration, and ii) it is su cient to t the value of

o to capture the input of intracellular concentrations on steady state outputs, unless
bifurcations are present. The second point is supported by observations on other models

reported in the literature (Hund et al., 2001; Jacquemet, 2007; Livshitz & Rudy, 2009;
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Pan et al., 2018). For example, Smirnovet al. (2020) have included initial values for
[Na* ] and [Ca®* ]sr in their set of parameters to calibrate, which is similar to tting

o. However, they tted their initial conditions independently at each pacing rate, thus
changing the value of o from one pacing rate to another.

It remains important to consider that the uniqueness of the limit cycle for a single

o value is not always guaranteed (Guanet al., 1997; Jacquemet, 2007). The methods
presented in Section 3.3.3 can be reused to verify that o uniquely de nes the limit cycle
for a given set of experimental conditions. If the uniqueness of a limit cycle is veri ed, it
is reasonable to t ¢ alone to summarise the initial intracellular ionic concentrations. If
the limit cycle bifurcates, we recommend tting ¢ and the initial condition of [Na*J;.

Alternatively, initial conditions for [K*]; and [Na"]; could be inferred.
3.5.1 Limitations

As mentioned above and in the literature (Guan et al., 1997; Jacquemet, 2007), the
uniqueness of the steady states for a singleg value is not always guaranteed. In cases of
bifurcation, where several stable solutions exist for the model with a single value ofg, o
(as well as other parameters) can be incorrectly determined. We observed in this Chapter
that for the ORd-CiPA model, the limit cycle is unique in most physiologically-plausible
cases. However, this property does not always hold if parameters are changed. A method
to thoroughly investigate the uniqueness of the limit cycle for a given value of ¢ for all
parameterisations of an AP model would be extremely costly computationally. Still, we
have demonstrated for the ORd-CiPA model that ¢ is identi able and could be correctly
estimated. We observed consistent ndings for g in the TP model, which has a very
di erent model structure to the ORd-CiPA model (data not shown). We therefore expect
this behaviour to be replicated with other AP models that conserve charge.

To de ne the physiologically-plausible range of concentrations, we used the extreme
values of [K* ] reported in previous human ventricular AP models. Direct experimental
measurements of[K*]; would help re ning this range. Moreover, [Na"]; and [K*];
were considered separately in our study. Simultaneous experimental measurements of

[Na" ] and [K™ i in human ventricular cardiomyocytes would give better understanding
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of correlation between these concentrations, which may further restrict the range of
physiologically-plausible ¢ values.

When AP models are used to investigate changes in extracellular concentrations (e.g.
when simulating hypo/hyperkalemia or ischaemia pathological changes to extracellular
concentrations such aslK*],) care is needed with Eq. 3.6. In such situations, as the
extracellular concentration of interest changes, opposite charges will be introduced into
the same solution to maintain electrical neutrality, e.g., if we experimentally use the
salt KCI to change [K*], we also chang€gCl ]o. If one ion is accounted for in Eq. 3.6
but the opposite ion is not (e.g., the model does include [K* ], but does not explicitly
consider[CIl ]o) then ¢ will need to be adjusted by the same amount to account for this
extra “opposite' charge. If external concentrations are xed as constants an equation of
the form of Eqg. 3.2 with Vy or Cy can be used, thus simplifying simulation procedures

when extracellular concentrations are changed by the user.
3.5.2 Future work

Although this Chapter was focused on ventricular AP models, the conservation law applies
to all cellular electrophysiology models including: other cardiac cell types, neurons,
gastric and skeletal muscle, etc.

The extent to which intracellular concentrations are known has been somewhat
overlooked (Smirnov et al., 2020). This Chapter shows the importance of the correct
estimation of o when specifying concentrations. In literature models, there is signi cant
variation between the assumed initial concentrations, and therefore variation in g
(Section 3.3.2). In articles on AP model development, we have not found any discussion
of the choice of g, or equivalently the choice of the o set between concentrations and
voltage in initial conditions, perhaps suggesting somewhat arbitrary choices. It remains to
be seen whether ¢ exhibits signi cant physiological variation to contribute to inter-cell
and/or inter-individual di erences in electrophysiology, or whether it is a well-constrained
biological quantity which would be the case if the un-modelled missing ions that

o represents do not vary signi cantly between cells or individuals. In either case, o

strongly in uences model behaviour and a concerted e ort should be made to identify its
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value alongside other key model parameters. The recent emergence of cell-speci ¢ models

(Groenendaalet al., 2015) may o er an approach to quantify o more accurately.

3.6 Conclusion

In this Chapter, we advocate for the use of the algebraicy form of AP models, as it
improves the stability of numerical solutions by enforcing an algebraic constraint hidden in
the models. Furthermore, the algebraicV form ensures that the model conserves charge.
It forces the modeller to think carefully about initial intracellular concentrations and to
acknowledge their e ect on model outputs. We recommend consideration of the potential
discrepancy and uncertainty in intra- and extracellular concentrations of ions, as model
outputs and model tting are dependent on them. The ¢ value summarises these factors
into one parameter which can be tted alongside the rest of a model.

In the following Chapters, unless stated otherwise, the algebraid/ form of AP models
is used. When training AP models, ¢ is considered as a parameter to calibrate.

In Chapter 4, experimental data used for the calibration of a new AP model are
introduced. The processing of the AP data central to this DPhil thesis is described, and its

impact on the calibration of ¢ is investigated in a synthetic exercise similar to Section 3.4.
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Analysis and curation of adult human ventricular
action potential data recorded under drug
treatment

Preamble

New experimental data were generated to calibrate an action potential (AP) model that
reliably predicts changes in the AP duration (APD) induced by the inhibition of the
rapid delayed rectied K* current (I ) and of the L-type Ca?* current (lca ). APs
were recorded in adult human ventricular tissue under baseline conditions and withk,
and/or lcy inhibition by drugs. Drugs were tested in vitro for their inhibitor potency
for both ionic currents. Combining in vitro data with ex vivo data, the APD g9 change
from baseline could be linked withlx, and ¢4 inhibition.

This Chapter covers experimental data generation and handling, including in vitro
measurements of the e ect of nine drugs ong, and Icg , the generation, curation, and
post-processing of the AP data under drug treatment, veri cation that the post-processed AP
data is suitable for model development, and an analysis of drug-induced changes in APD.

Experimental AP data were produced by the AnaBios Corporation in two phases
(2014 2016 and 2020 2022), following the methods previously described by Pags al.

(2016). Based on a preliminary analysis of the Phase 1 data, | contributed to select drugs
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and concentrations used in Phase 2 experiments. | also performed the data formatting,
post-processing, and analysis.

In vitro measurements of current inhibition by the tested drugs were performed by
colleagues in Dr. Polonchuk's lab (F. Ho man-La Roche Ltd., Pharma Research and
Early Development, Pharmaceutical Sciences).

The work presented in this chapter was partially presented in a poster session at
the Computing in Cardiology 2022 conference, and the associated proceedings article
was published as Barralet al. (2022a). The ex vivo measurements of APD in human

ventricular trabeculae will be submitted for journal publication together with Chapter 5.

4.1 Introduction

A major objective of this DPhil thesis is to develop an AP model predicting changes in
action potential (AP) duration (APD) induced by the inhibition of the rapid delayed
rectied K* current (lx,) and of the L-type Ca®" current (Ica ). In this Chapter,
we describe the acquisition, curation, and analysis of experimental data used to gain
understanding of the relationship between the APD, Ik, inhibition, and lc4  inhibition.

Because of the lack of non-invasive methods to record AP data in patients, many
studies have been carried out in animals oin vitro . However, animals andin vitro systems
exhibited limited agreement with adult human systems (Hackam & Redelmeier, 2006;
Jiang et al., 2018). In this Chapter, we use adult human ventricular tissue to investigate
ex vivo the link between the APD and drug treatment.

Pageet al. (2016) developed a method to record the AP in adult human ventricular
tissue. This ex vivo method enables the recording of AP traces during several hours,
while the tissue is repeatedly paced and exposed to di erent stimuli, such as drugs with
known inhibition of ionic currents. The method of Page et al. was therefore selected
to generate the dataset used for model calibration.

We describe in this Chapter how theex vivo data were post-processed and how AP
markers, e.g., the APD at 90% repolarisation (APDyg), were measured. We then review
the data quality by testing the reproducibility of the data and by identifying recording

artefacts. In particular, movements of the recording electrode may lead to artefacts in sharp
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electrode experiments (Gao & Wang, 2020), which may reduce the usability of the data
for model development. Therefore, normalisation of recorded APs is investigated in this
Chapter as a mitigation strategy for these recording artefacts. After data quality review,
we exclude data a ected by recording artefacts that are not usable for model calibration.

We then re ne the relationship between drug-induced changes ilMAPD gy ( APD gp)
and drug treatment, using a bioanalytical analysis to measure the actual concentration
of drug to which the tissues were exposed. Combining it within vitro measurements
of the inhibitor potency for Ik, and ¢y of the tested drugs, we derive the relationship
between drug-induced APDgg, lkr inhibition, and Ic4  inhibition.

We visualise APDgg using lxr and lcg inhibition as X- and Y-axis coordinates
in 2-D maps. We therefore identify and exclude outliers to nally obtain a consistent

dataset, used for model development in the following Chapters.

4.2 Presentation of drugs

In this Section, we brie y introduce the nine drugs that were used throughout this

and the following Chapters.

Drug Commercial name Indication
Chlorpromazine Largactil (EU), Thorazine (US) Schizophrenia
) ] ] Treatment-resistant
Clozapine Clozaril, Denzapine, Zaponex , _
schizophrenia
Dofetilide Tikosyn Atrial brillation and utter
Nifedipine Adalat Angina, hypertension
o . . . i o Atrial brillation, Brugada
Quinidine Cardioquin, Cin-Quin, Quinidex
syndrome
Thioridazine Mellaril or Melleril Schizophrenia, Psychosis
Verapamil Verapamil, Isoption, Veralan Angina, hypertension

Table 4.1: Drugs used in the experiments of this Chapter.

Chlorpromazine was developed in the 1950's by Rhéne-Poulenc, and became rapidly
successful as an antipsychotic drug (Baumeister, 2013). It modulates neural transmission
by increasing the synthesis, release, and metabolism of catecholamines, which are important

neurohormones to the stress response (Carlsson & Lindqvist, 1963).
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Clozapine, commercialised under the names Clozaril, Denzapine, or Zaponex, is
indicated for treatment-resistant schizophrenia (Nielsenet al., 2011). Its eect is
achieved by binding with the Dopamine D, receptor and with other neuroreceptors
(Nucifora et al., 2017).

Dofetilide, also known as Tikosyn, is a class Il antiarrhythmic drug used to treat
atrial brillation and utter by inhibiting lkr (Roukoz & Saliba, 2007).

Nifedipine (Adalat) is used to treat hypertension and angina, a type of chest pain
caused by reduced blood ow to the heart (Khanet al., 2019). Its mechanism of action
relies onlcg inhibition to promote the relaxation of muscle cells (Van Geijn et al., 2005).

Quinidine is an Iy, inhibitor that has been known since the 19" century for its
antiarrhythmic e ects, and which is still used to treat atrial brillation (Grace & Camm,
1998) and Brugada syndrome (Belhassert al., 2004).

Thioridazine was used to treat schizophrenia and psychosis until 2005, when it was
withdrawn from market due to cardiac adverse events (Purhonenret al., 2012). It works
by blocking Dopamine D, receptors, thus diminishing positive symptoms of schizophrenia,
e.g., hallucinations (Feinberget al., 2022). Thioridazine is metabolised by CYP2D6
to Mesoridazine (Llerena et al., 2000).

Verapamil, introduced in 1962, relies on the same principle as Nifedipine by inhibiting

lcaL to treat angina and hypertension (Singh et al., 1978).

4.3 In vitro measurements of | g, and | ¢ inhibition

In vitro measurements of drug-inducedk, and Icg inhibition were performed to link
drugs' concentrations with fractions of Ik, and lcy inhibition. With this knowledge,
drug perturbations could be selected to investigate the e ect of particular Ik, and lca.
inhibition fractions on APDgg later in this Chapter.

Drug e ect was modelled as simple pore block, using the Hill equation (Hill, 1910).
When more than one drug was used at the same time, current inhibition was computed

with the Loewe independent additivity model (Jarvis & Thompson, 2013). The current
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under drug treatment, |, was computed as:

1
| = e |(0) (41)
1+ X Dk

«  |Csox

with Dy the concentration of drug k, hy its Hill coe cient, IC 5o its half-maximal
inhibitory concentration, and 1 (0) the baseline ionic current without any drug exposure.

IC50 and h values for drug inhibition of 15 were obtained in Chinese hamster ovary
(CHO) cells (Kim & Kim, 2005) transfected with genes encoding the human cardiac
Cay 1.2 channel in the whole-cell patch-clamp con guration (Sakmann & Neher, 1984).
The datasets for inhibition of Ik, were obtained in CHO cells stably expressing hERG
channels, in the whole-cell patch-clamp con guration. All patch-clamp experiments
reported in this chapter were performed at 37C. More details on the methods for cell
culture and electrophysiology measurements are given in Section B.1 in the Appendix.

Two voltage-clamp protocols were used to measure drug-inducelt, inhibition:  lca
CiPA (Li etal., 2019) and Ica. Pharm (Roche in-house), shown in Figure 4.1. In the
lca. Pharm protocol, the transmembrane voltage,V, was set to a resting potential of

90mV, where the baseline current amplitude was recorded.lc;. was then activated

with a 120ms step to O0mV, where the peak current was recorded.

In the Ica CiPA protocol, V was held at 80mV, where the baseline current was
recorded. Then a 40 ms step to/ = 0 mV was applied to record the peak current. Next,V

was held at+30 mV for 200ms, followed by a downward ramp to returnto  80mV in 99 ms.

Figure 4.1: Protocols for recording peaklca . A: lca. Pharm (Roche in-house).B: Ic;. CiPA
(Li et al., 2019).
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Similarly, two voltage-clamp protocols were used to measurég, inhibition, denoted
Iy CIPA (Kramer etal., 2020) and Ik, Pharm (Roche in-house), as shown in Figure 4.2.

In the Ik, Pharm protocol, the resting potential was setto 80mV. Then V was clamped
to 40mV for 100ms, where the baseline current was recordedv was then brought to
+20 mV for 500ms and nally to  40mV for 500ms, where the peak current was recorded.
Afterwards, V was set back to the resting potential of 80mV.

In the I, CiPA protocol, V was held to a resting potential of 80mV. V = +40 mV
was then applied to cells for 500 ms, followed by a 1:25mV/ms ramp that brought
the voltage down to the resting potential in 96ms. The peak current was recorded

during this ramp down.

Figure 4.2: Protocols for recording peakly, . A: lg, Pharm (Roche in-house). B: Ik, CiPA
(Kramer et al., 2020).

The stimulation patterns were applied with a frequency of 0:1Hz. Once the recorded
peak and baseline currents were stabilised, the amplitude of the ionic current, computed
as the di erence between the peak and the baseline current, was recorded for 3 5min
without drug. Then, with increasing drug concentrations, the amplitude of the ionic
current was recorded for3min. Finally, the Hill equation (Eg. 4.1) was tted to the
recorded current amplitude at each drug concentration.

Note that the recorded current amplitudes correspond to the amplitudes of ionic
currents through Cay 1:2 and hERG channels in CHO cells, respectively ¢a, 1.2 and Ingrc -
The inhibitor potency of drugs for Ica in human ventricular cardiomyocytes was assumed
to be the same as for ¢4, 1.2, and to be the same forlk, and lherc -

Between 3 and 11 repeats of each measurement were performed, and the associated

Hill ts are shown in Figure 4.3 for lcy inhibition and in Figure 4.4 for |k, inhibition.
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For each protocol, IC5o and h were taken from one repeat selected by hand tgualitatively
match the average drug e ect. The values of 1Gg and h used for the rest of this Chapter
and the rest of the DPhil project are reported in Table 4.2. Note that Dofetilide's Ica.
ICs0 and Nifedipine's Ik, 1C50 were above the highest tested concentration¥ 200 M
and > 5:2 M, respectively). Therefore, Dofetilide and Nifedipine were modelled as
selective Ik, and lcg inhibitors, respectively.

IC 50 (h) IC 50 (h) IC 50 (h) IC 50 (h)

lca. Pharm lca. CiPA lxe Pharm lkr CiPA
Chlorpromazine 2.289 (0.88) 2.868 (0.93) 0.359 (0.84) 0.608 (0.69)

Drug

Clozapine 1.676 (0.75) 4.378 (0.93) 2.123 (1.05) 1.978 (0.94)
Dofetilide > 200 > 200 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) > 5:2 > 5:2
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)

Table 4.2: Inhibitor potency (IC 5p) for Ik, and lca. of drugs testedex vivg, in M. Dofetilide
e ect was modelled as a selectived, inhibitor.

In the following, the CiPA dataset refers to using measurements of ICso and h
obtained with the I, CiPA protocol and the Ic5 CiPA protocol. Respectively, the
Pharm dataset refers to using measurements of IGy and h obtained with the Ik,
Pharm protocol and the Ic5 Pharm protocol.

It was reported in previous studies that measurements of 1Gg and Hill coe cients
are dependent on the experimental protocol and even sometimes on the experimenter
(Redfern et al., 2003; Miramset al., 2011; Elkinset al., 2013; Leeet al., 2019). There were
substantial di erences between the CiPA and the Pharm datasets, the highest di erence
being observed for Verapamil's 4.5-fold di erence inlcg. IC50. In other cases, the CiPA
and Pharm datasets were within an acceptable 3-fold range from each other so, with
similar arguments to Gomis-Tenaet al. (2020), the Hill model (Eq. 4.1) for drug e ect

is reasonable for the drugs included in this study.
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4. Action potential data under drug treatment

Figure 4.3: Concentration-response curves fotc,  inhibition by the tested drugs, obtained for 3 to 11 repeats plack lines ) with the Ica. Pharm
and lc5. CiPA protocols. Qualitatively average repeats selected to compute Ig and h are highlighted in red and blue for the Pharm and CiPA
protocols, respectively. Dofetilide was modelled as a selectivg, inhibitor.
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Figure 4.4: Concentration-response curves foty, inhibition by the tested drugs, obtained for 3 to 11 repeats plack lines ) with the lx, Pharm and
I, CiPA protocols. Qualitatively average repeats selected to compute IGy and h are highlighted in red and blue for the Pharm and CiPA protocols,
respectively. Nifedipine e ect was modelled as a selectivecl, inhibitor.
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Di erences between the CiPA and Pharm datasets can be attributed to di erences in
the voltage-clamp protocols and also to IGg uncertainty (Elkins et al., 2013). However,
the uncertainty in IC 5o was not directly investigated in this DPhil.

The inhibitor potency for I, and Icg. Of the drugs (Table 4.2) can be used to link
drug concentrations with current inhibition, helping the selection of drug treatments (see
Section 4.4 below). Thein vitro data is also useful to derive the relationship between

APD g, Ikr inhibition, and lc4  inhibition (see Section 4.12 below).

4.4 Ex vivo action potential acquisition

AP data were acquired with the methods developed by Paget al. (2016). In brief, trabec-
ulae were extracted from adult human hearts that were not suitable for transplantation,
sharp electrodes were impaled in isolated cardiac muscle bers from the trabeculae, and
their electrophysiological activity was recorded at 37 C at baseline or with vehicle (solvent
used to administer drugs of interest) or with drugs added. Up to three trabeculae per
heart were obtained from the inner endocardial wall of the left (100 trabeculae) and right
(4 trabeculae) ventricles. Each drug was applied to 4 to 15 trabeculae.

In each trabecula, the electrophysiological activity was recorded under baseline
conditions, then with three increasing drug concentrations. After the last drug condition,

a positive control for APDgg prolongation with Ik, inhibition was nally 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 membrane potential (RMP), AP amplitude (APA) and APD g. After reaching
stable recordings, each trabecula was paced at 2 Hz for 3 min then paced again at 1 Hz for
3min. The experimental protocol for drug administration is shown in Figure 4.5.

For more information on the experimental protocol, please refer to Pageet al. (2016).

DRAFT Printed on May 18, 2023



4. Action potential data under drug treatment 79

Figure 4.5: Protocol for sharp electrode recordings of the electrophysiological activity in isolated
left- and right-ventricular human trabeculae. After baseline conditions, the response to three drug
perturbations was recorded. After the third drug treatment, 100 nM Dofetilide was added as a
positive control for APD g9 prolongation with | ¢, block.

4.4.1 Selection of compounds and concentrations

Preliminary ex vivo data were generated in 2014 2016, prior to the work presented in
this DPhil thesis. This data will be referred to as the Phase 1 dataset. Drugs tested
in Phase 1 experiments and their nominal (intended) concentrations are reported in
Table 4.3. The tested drugs enabled the exploration of APD gy response to various

combinations of Ik, and lc4 inhibition.

Number
Drug Conc #1 Conc #2 Conc #3 Conc #4 of trabec-
ulae
. 30 M+
Clozapine 0.3 M 3 M 30 M 100 nM Dofetilide 4
Dofetilide 0.001 M 0.01 M 01 M 0.2 M 15
e 0.3 M+
Nifedipine 0.003 M 0.03 M 03 M 100 nM Dofetilide 4
- 10 M +
Quinidine 01 M 1 M 10 M 100 nM Dofetilide 15
i 1 M+
Verapamil 0.01 M 01 M 1M 100 nM Dofetilide 15
DMSO (vehicle) Rep. 1 Rep. 2 Rep. 3 100 nM Dofetilide 7

Table 4.3: Nominal drug concentrations testedex vivoin Phase 1 experiments.

The list of drugs tested in Phase 2 experiments, and their nominal concentrations
are reported in Table 4.4, and the inducedlx, and lcy inhibition, computed with
Eqg. 4.1, are shown in Figure 4.6.

The compounds and concentrations tested in Phase 2 experiments were selected based
on a rst analysis of the Phase 1 dataset. This suggested that drugs approximately two
times more potent only, than on lca , €.9., Clozapine, induced small APD gq.

Chlorpromazine and Fluoxetine were chosen to exploréx, and lcy block conditions

where APD oo was expected to remain approximately constant, based on Phase 1 data.
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Number
Drug Conc #1 Conc #2 Conc #3 Conc #4 of trabec-
ulae
Chlorpromazine 300 nM 1M 3 M 3 M+ 6
P 100 nM Dofetilide
; 3 M+
Clozapine 0.3 M 1M 3 M 100 nM Dofetilide 9
Dofetilide + | 15 V14 onM 10nM +10nM 30nM +50nM  50nM + 150 nM 6
Nifedipine
; 3 M+
Fluoxetine 0.3 M 1 M 3 M 100 nM Dofetilide 5
Nifedipine + | 5 V14 0nM  30nM +3nM  30nM + 10nM  30nM + 100nM 7
Dofetilide
. . 10 M +
Mesoridazine 40nM 250nM 10 M 100 1M Dofetilide 6
. 2 M+
Thioridazine 12nM 600 nM 2 M 100 nM Dofetilide 5

Table 4.4: Nominal drug concentrations testedex vivo in Phase 2 experiments.

Figure 4.6: Iy, and Icq block combinations achieved with the compounds and concentrations
selected for Phase 2 experimentsly, and I, inhibition percentages were computed with 1Gq
and Hill coe cient values taken from the CiPA dataset ( A) and from the Pharm dataset (B)
(Table 4.2).

Thioridazine and its active metabolite Mesoridazine were selected for their mixed inhibition
on lgr and lca (Kramer et al. (2013) and Table 4.2). Therefore, di erent combinations
of drug-induced inhibition of I, and Ic5. could be explored, with particular emphasis on
drugs with a low or intermediate pro-arrhythmic risk despite a known e ect on ;.
Finally, in order to verify that both phases gave consistent results, concentrations
of Nifedipine, Dofetilide and Clozapine were selected so that at least one concentration

from Phase 1 experiments was reproduced.
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4.5 Ex vivo data post-processing

45.1 Software and data format

The raw AP data acquisition was performed by the AnaBios Corporation in adicht
format, readable in the commercial software LabChart https://www.adinstruments.
com/products/labchart ). The data were loaded and converted into Python pickle les
using the adi Python package (ttps://github.com/JimHokanson/adinstruments_s

dk_python). For Fourier Itering of the noise, the numpy.fft Python package was used.
4.5.2 Filtering

60Hz noise due to the mains electricity was observed in the recorded voltage. A typical
segment observed at the end of the APs is shown in Figure 4.7A, together with the
Fourier spectrum of the whole AP (Figure 4.7B and C). To lter out the 60Hz noise,
the log-modulus and the phase of the Fourier spectrum of the AP were smoothed for
each 60Hz harmonic frequency. A representative segment and its Itering are shown

in Figure 4.7 in red.

Figure 4.7: Typical 60Hz noise, and noise ltering in the Fourier domain. A: Noise recorded
after 25min steady 1Hz pacing in trabecula #2021030402.B Modulus (in log-scale) of the Fourier
spectrum of the whole AP, zoomed on30Hz to 200Hz to make 60Hz harmonics visible. C:
Corresponding phase of the Fourier spectrum of the whole AP.

4.5.3 Action potential markers

APs were summarised by the calculation of several markers. Upstroke timet (ystroke ) Was
measured for each AP as the rst time point after which V > 40mV was sustained for

more than 50 ms. The maximal voltage reached over the course of one AP was sensitive
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to noise, and successive APs otherwise similar exhibited substantial variability
in maximal voltage. Therefore, a more robust measure for peak voltage was selected:
the upper 95" percentile of the voltage recorded over one APVgs (Wang et al., 2015).
To avoid stimulus artefacts, the resting membrane potential (RMP) was measured as
the average voltage betweer800ms and 900ms after typsioke at 1 Hz pacing. APA was
computed as the di erence between RMP and peak voltage.

APD go was computed as the time aftertpsiroke Needed forV to return below Vapp com-

puted as:
VApD = V95 0:9 (V95 RMP )Z (42)

APD g¢ was averaged over 30 consecutive APs at the end of the 25 min period of steady
1Hz stimulation at each drug concentration.

APD gp was computed as the di erence with APD g9 under baseline conditions. To
match more closely with guidelines for clinical safety that indicate thresholds of concern
as absolute changes in the repolarisation time (ICH, 2006), APD gp was not normalised
to baseline APD o in this study. Moreover, drug-induced APD gp was veri ed to exhibit
little correlation with baseline APDgy see Section B.6 in the Appendix.

The recordings after 3min of 2 Hz steady pacing had not fully stabilised in most cases,

so the APDgg e ect at 2Hz was not investigated further in this Chapter.
4.6 Consistency from Phase 1 to Phase 2

The Phase 1 and Phase 2x vivo datasets were generated at di erent times in di erent tra-
beculae over a period of 8 years. The Phase 1 dataset was used to design the experiments for
the generation of the Phase 2 dataset. The Phase 2 dataset reproduced some of the Phase
1 drug perturbations, and explored the APD g response to other drug perturbations.
To ensure that both datasets are consistent, APD gy were compared. Clozapine
(0.3 Mand 3 M), Nifedipine (30 nM), and Dofetilide (10 nM) experiments were repeated
in the Phase 2 dataset. APD g for both datasets are shown in Figure 4.8.
No signi cant di erence between the APDgg distributions obtained from both
datasets could be found, indicating good reproducibility. As a result, Phase 1 and

Phase 2 datasets can be safely concatenated.
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Figure 4.8: APD g9 recorded in Phase 1 and Phase 2p-values were computed with Student's
t-test.

4.7 Stimulus artefact varies between trabeculae and pre-
vents calibration of | ya-related parameters

The tissues were stimulated by applying a3V pulse for 3ms, which is 1.5-fold the
threshold for AP generation (Page et al., 2016). A stimulation artefact could be
observed as a biphasic pulse before the upstroke, illustrated in Figure 4.9 for trabeculae

#2021060701 and #2021052102.

Figure 4.9: Biphasic pulses observed in trabeculae #2021060701eft ) and #2021052102 ¢ight )
after 25 mins of steady 1 Hz pacing, for each tested drug concentration (Figure 4.5).

The duration of the stimulation artefact remained unchanged in the same trabecula
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throughout the whole experiment. However, the duration of the stimulation artefact
varied between trabeculae (Figure 4.9). In addition, the magnitude of the artefact could
vary during the experiment, as observed in the example of trabecula #2021052102.

The delay between the stimulation artefact and typsiroke Varied between individual
trabeculae, so that the artefact could interfere with the voltage recorded during the
upstroke, and the data had to be discarded. To obtain a consistent dataset across all
trabeculae, time points potentially a ected by stimulus artefacts in any trabecula were
discarded. Thus, data points around the upstroke (within [typstroke ~ 100MS; typstroke +
5ms]) were systematically excluded from model training.

In AP models, the upstroke is mainly driven by the fast sodium current Iya. The
contribution of Iyg to the AP more than 5ms after the upstroke is close to zero
(Figure 2.4). As a consequence, we do not attempt to gain any insight ony,-related

parameters from such AP data.

4.8 Normalisation of voltage

4.8.1 Resting membrane potential instability can be used as marker
for electrode instability

In sharp electrode experiments, the tissue is impaled by an electrode to record the
intracellular voltage for more details, see the full description of the methods by Page
et al. (2016). Gao & Wang (2020) showed that in sharp electrode recordings of primate
neurons the RMP is in uenced by the position of the electrode in the cell.

In the case of the cardiacex vivo tissue studied in this work, the tissue is contracting,
making it even more challenging to maintain a stable electrode position. When the
position changes, the electrical environment of the cell changes as well, directly impacting
the recorded voltage.

When recording the ex vivo data, the experimenter corrected the position of the
electrode every time the RMP went above 65mV or when the electrode impalement was
lost. Discontinuities in RMP were observed every time the recording electrode moved,

as highlighted in trabecula #2021040101 (Figure 4.10).
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Figure 4.10: Evolution of RMP over time for the trabecula #2021040101. Until the 7500
pace, the RMP under 1 Hz pacing remains stable, and then the position of the electrode changes,
eventually losing electrode impalement. After the 12008 pace, the RMP (and the recording
setup) is stabilised again.

When observing the RMP evolution over time, the RMP should be ideally stable,
as, for example, for trabecula #2021040101 until the 73560 pace (Figure 4.10). When
the electrode moved, the recorded RMP changed abruptly, as observed after the 7380
pace. Since these changes were most likely not due to physiological changes, there is a
discrepancy between the recorded voltage and the voltage driving the biophysical activity
of the cell. Therefore, changes observed in APs could not be attributed exclusively to drug
treatment, and further analysis was required to distinguish artefacts from drug response.

We investigated the use of RMP stability as a surrogate marker for the stability of the
electrode. When discontinuities in RMP occurred or a strong sustained RMP increase
was observed (moving average of RMP computed on 30 APs increase steadily by more
than 5mV/pace), the electrode was considered to have moved.

Movements of the sharp electrode induce changes in the AP that are artefacts a model
should not attempt to t. Therefore, AP data after electrode movement cannot be used
in the dataset for model training. Electrode movement happened on many occasions in
most trabeculae, thus limiting the usability of the AP data.

4.8.2 Normalised action potential data were not perturbed by electrode
movement

APD gy and AP shape were not sensitive to electrode movement in most cases, while

APA and RMP changes induced by electrode movements were inversely correlated.
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These changes suggested that electrode movement induced a linear transformation of

the recorded voltage. We therefore hypothesised that the normalised voltageMyorm)

calculated per AP as:

vV RMP

V, e — 4.3
norm V95 RM P ( )

would not be impacted by the electrode movement.

Figure 4.11: The normalised AP is una ected by electrode movement. A: Evolution of the

RMP. B: Non-normalised APs at times indicated by the coloured bars inA. C: Normalised APs
at the same times.
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For example, the RMP, the AP, and the normalised AP of trabecula #2021070301
observed during 25 min of steady 1 Hz pacing witt0:3 M Clozapine is shown in Figure 4.11.
After the 1250" pace, the electrode impalement was lost (Figure 4.11A), and the
experimenter adjusted the electrode position. Because of the electrode movement, it
is unclear if di erences between the AP at the beginning of drug infusion (purple)
and the AP at the end of drug infusion (orange) are due to drug e ect or electrode
movement (Figure 4.11B).

On the other hand, the AP data normalised with Eq. 4.3 was not impacted by electrode
movements (Figure 4.11C). Normalisation therefore mitigates recording artefacts induced
by electrode movement and makes the data before and after the electrode movement
consistent. Thus, our hypothesis is that discontinuity in the recorded RMP can be
attributed solely to changes in the setup, while the electrophysiological activity of the
cell remains unaltered at the moment of the spike in RMP.

Furthermore, normalised AP data can be used to verify that the data before and after
discontinuities in the RMP are consistent. When no perturbation of the normalised AP
data was observed, the electrophysiological activity of the cell was considered as preserved
and the normalised AP data were deemed usable for model training.

4.8.3 Impact of the normalisation of the training action potential data

on model calibration
The purpose of the experimental data presented here is to be used for training and
validation of an AP model to predict the APD g response to acute inhibition oflk,
and Ica . These two currents are mostly active during the plateau and repolarisation
phases of the AP (Figure 2.4 in Chapter 2). This suggests there will be no strong
sensitivity of RMP and peak voltage to I, and Icg. inhibition. The e ects of Ik, and
lcaL inhibition on the AP are mostly expected to impact the plateau duration and the
speed of repolarisation, which are preserved in normalised AP data. Therefore, it was
hypothesised that normalised AP data could be used for model calibration in the scope
of this DPhil project, and this hypothesis is tested in this section.

The loss of precision in parameter estimation induced by normalisation of the AP

data was estimated in asynthetic study. AP data were generated with a known AP
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model, the epicardial variant of the Ten Tusscher & Pan lov (2006) model (TP), called
the true model in this section. The TP model was reformulated in its algebraic-V
form to make the net intracellular concentration of un-modelled charge, ¢, appear
explicitly (Chapter 3). Parameters of the TP model were estimated from the synthetic
AP data, both non-normalised and normalised, to mimic the model calibration described
in following Chapters. Parameter estimates were then compared with parameter values
from the true model, called true parameter values.

The TP model was downloaded in CellML format from the Physiome repository
(https://models.physiomeproject.org/electrophysiology ), then imported and
solved with myokit 1.33.7 (Clerx et al., 2016), which uses SUNDIALS for model solving
(Hindmarsh et al., 2005). Absolute and relative solver tolerance were both settd0 °. APs
were simulated with the TP model, steadily paced at 1 Hz to steady-state for 1500 paces.

Simulations were run under four conditions with inhibition of Ik, and lca : 0%
Ikr /0% lcaL, 25% Ik /20% lca, 50% Ik /40% lca, and 75% 1k, /80% ¢4 inhibition.
To mimic real experimental data, a normally-distributed ( y = 0:1mV, estimated from
the variation of voltage during the resting phase of the AP) independent noise was
added to the simulated APs. The four resulting non-normalised and normalised APs

are shown in Figure 4.12A and B, respectively.

Figure 4.12: Synthetic data generated with the TP model, and used to compare models developed
from normalised and non-normalised AP data. A: Non-normalised synthetic APs. B: Normalised
synthetic APs.

Similarly to the model training process described in next Chapters, the vector

composed of eight major conductance parameters of the TP modelQk;, GeaL, Gna,
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Gnaca, Gnak » Gk1, Gks, Gi) and of ¢ (see Chapter 3) was estimated from the non-
normalised synthetic AP data. The process was then repeated with the normalised
synthetic AP data. The (posterior) probability distribution of parameters was estimated
with the Haario-Bardenet MCMC algorithm, using a non-informative prior distribution
as described in Section 2.5.1. The log-likelihood was computed as:

4 cogditions N 2
(iy)= - In 2

Cc

ye®)  ye(it) (4.4)

with N the number of data points, y, the synthetic data under the inhibition condition c,
and y¢( ) the simulation output of the TP model parameterised with . N was selected
to be 20,000 per inhibition condition, to match the time resolution of the ex vivo AP data.
When using normalised synthetic data, simulated APs were normalised with Eq. 4.3.

In simulations when maximising ", the e ective value of the conductance parameters,
G, was not directly changed. Instead, a log-scale scaling factory, was applied to
each conductance parameter, which enabled a direct comparison between conductance
parameters, and enforced the positivity of G during parameter estimation (Johnstone,

2018). The e ective conductance value used in simulations, was therefore computed as:
G=G &% (4.5)

with G the true value of the conductance parameter in the TP model. Note that
a scaling factor ¢ = 0 corresponds to using the true value for each conductance pa-
rameter in simulations.

10,000 iterations of the Haario-Bardenet MCMC algorithm with ve independent
chains were performed. After 7,000 iterations, the chains were mixed and the posterior
distributions were read from the last 3,000 iterations of the ve chains (Figure 4.13).

As expected, inference on normalised AP data returned wider posteriors for the
rescaling factors of conductance parameters4 10 * < poma < 9 10 %) than
on the non-normalised data (L0 4 < aw < 6 10 #). The posterior distribution of
the missing charge parameter o was 7-fold wider when inferred from normalised APs
( normal = 0:05mM vs 5w = 0:007mM), and its mean was shifted by 0.2 mM.

The signi cance of these di erences was assessed by comparidgPD g9 predictions

resulting from the two posterior distributions. Parameterising the TP model with 500
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Figure 4.13. Posterior distributions of parameters inferred from the non-normalised and
normalised synthetic datasets. The true parameter values used to generate the synthetic
data are indicated by red lines. The posterior distribution inferred from non-normalised AP data
(purple) is closer to the true values than the distribution inferred after the normalisation of the

AP data (green).
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di erent values of sampled from each posterior distribution, the AP was simulated and
APD g¢ was calculated. APD gy predictions obtained from the two posterior distributions

are shown in Figure 4.14.

Figure 4.14: Distribution of APDgg predicted by 500 random samples taken from the
posterior parameter distributions inferred from non-normalised and normalised synthetic datasets
(Figure 4.13). APD g predictions made with parameters inferred from the non-normalised datasets
are closer to the true APD gy (red line), but errors in APD gg predictions made with parameters
inferred from normalised AP data are small (APDgy error < 0:1ms).

The errors in APD g9 predictions introduced by the normalisation of the AP data for
calibration were lower than 0:1ms. Therefore, no noticeable di erences are expected
between APD g predictions by AP models calibrated to normalised and non-normalised
AP data. Normalisation of the AP data mitigates the experimental limitations of the
sharp electrode recordings, and the normalised AP data can reasonably be used for

model calibration in the following Chapters.
4.8.4 Note on consequences for model calibration

Parameters of AP models are usually not identi able from the sole trace of an AP

under baseline condition, but they are identi able when the data for model development
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is recorded under several perturbed conditions (Syecet al., 2005). Therefore, the
identi ability of parameters is limited by the number of successive experimental conditions

in the same dataset. Regardless of the increase in dataset size, normalisation of the
AP data was observed to have no signi cant impact on parameter estimation. By
mitigating the recording artefacts and increasing the size of the usable dataset, the
normalisation of the AP data therefore improves the identi ability of parameters from
the ex vivo data in each trabecula. This also improves the feasibility of the calibration
of AP models specic for each trabecula.

Calibrating a population of models to experimental ranges of variation of AP markers,
e.g., RMP and APD g9, has been proposed as a method to estimate the inter-individual
variability in ventricular electrophysiology and the uncertainty on conductance parameters
in AP models (Britton et al., 2013). Doing so, various random parameterisations of an AP
model are created and used in simulations to compute AP markers. The parameterisations
producing AP markers within the experimental ranges of AP markers are included in
the population of models. The population of models is then used for predictions, e.g., of
cardiac safety (Passiniet al., 2017). Experimental limitations on the measurements of
AP markers highlighted in previous sections must be considered during the development
of populations of AP models. Indeed, the variability recapitulated with populations
of models calibrated on sharp electrode recordings should be disentangled from noise

generated by non-biological artefacts.

4.9 Summary of data of su cient quality

The following work ow was used to investigate whether data from each trabecula of the
Phase 2 dataset was a ected by the instability of the electrode:
1. Calculate the RMP and APDg throughout the whole ex vivo experiment.

2. Search for discontinuities in the RMP evolution. If discontinuities in APD gg are
observed at the same time, reject the data after the RMP discontinuity.

3. Observe the evolution of the normalised APs before and after each discontinuity in
RMP. If the evolution of the normalised APs after the discontinuity matches with
before, the discontinuity is disregarded and the data are accepted until the next
discontinuity. Otherwise, the data after the discontinuity are discarded.
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Optimal data quality was obtained in some trabeculae where all markers were well
stabilised throughout the whole study. Trabecula #2022030802 is an illustrative example
of trabecula which exhibited stable activity with stable recording. The evolution of RMP,
APD gy and APA are shown in Figure 4.15 for this trabecula. APD gy can be seen to
be adapting to the exposure to the drug, and is stabilised after 25 minutes of steady
1Hz pacing (except after the addition of 100 nM Dofetilide).

In most trabeculae, the data quality was insu cient for some of the drug concentrations
and were rejected (not processed). The preceding concentrations were used regardless.

In the example case of trabecula #2022030801 (Figure 4.16), the electrode impalement
was lost between the 900 and the 950¢" pace. In this situation, it is not possible to
know whether the changes in the AP recorded after the 9500 pace were due to the drug
e ect or to electrode movement. Therefore, the data after the 9508 pace cannot be used.

For the Phase 1 dataset, only the last3min out of 25min of steady 1Hz pacing
were available. It was therefore impossible to carry out the comprehensive data quality
assessment used for the Phase 2 dataset. Instead, the whole Phase 1 dataset was accepted
for model training by default, unless obvious data quality issues were observed during
a manual inspection of the recordings.

With 100nM Dofetilide, early after-depolarisations (EADs) were observed in one
trabecula and alternans was observed in another. The data fol00OnM and 200nM
Dofetilide for these two trabeculae were therefore excluded, and only the rst two drug
concentrations (LnM and 10nM Dofetilide) were used in further analyses.

The data deemed of acceptable quality are summarised in Table 4.5.

Overall, the fraction of accepted data in the Phase 2 dataset after AP normalisation
is high (83%). With the exception of 30nM and 300nM Nifedipine, at least three
repeats were usable for each drug condition. Without normalisation, 49% of the Phase

2 data would have been rejected.

DRAFT Printed on May 18, 2023



4. Action potential data under drug treatment 94

Figure 4.15: Evolution of AP markers used to evaluate data quality through the whole study, for
trabecula #2022030802. All markers are stable: the electrode position is maintained stable through
the study and the electrophysiological activity of the cell is perturbed only by the successive drug
perturbations. Note that the baseline AP was recorded at the end of the steadylHz 25 min
period, therefore the discontinuity in the RMP at the 700" pace did not impact data usability.
CPZ: Chlorpromazine. Dof: Dofetilide.
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Figure 4.16: Evolution of AP markers used to evaluate data quality through the whole study,
for trabecula #2022030801. The electrode impalement was lost between the 9000and the 9500"
pace: data for 3 M Chlorpromazine + 100 nM Dofetilide were deemed unusable. For control
and the three rst experimental conditions, the electrode remained stable and data were used for
model development. CPZ: Chlorpromazine. Dof: Dofetilide.
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H st nd rd 3rd conc +
Drug Baseline 1% conc 2"@ conc 3™ conc 100 nM Dof
Phase 1
Clozapine 4/0 4/0 4/0 4/0 3/1
Dofetilide 15/0 15/0 13/2 11/4 10/5
Nifedipine 4/0 4/0 2/2 2/2 2/2
Quinidine 15/0 14/1 14/1 14/1 13/2
Verapamil 15/0 15/0 15/0 14/1 14/1
Phase 2
Chlorpromazine 6/0 6/0 6/0 5/1 2/4
Clozapine 8/1 712 712 5/4 3/6
Dofetilide + 6/0 6/0 412 3/3 3/3
Nifedipine
Fluoxetine 5/0 5/0 5/0 5/0 3/2
Nifedipine + 7/0 7/0 710 4/3 3/4
Dofetilide
Mesoridazine 6/0 6/0 6/0 6/0 6/0
Thioridazine 5/0 4/1 4/1 4/1 3/2

Table 4.5: Data not a ected by electrode movement for each drug condition. The data are
reported as: number of records with acceptable/unacceptable quality. When su cient quality of
data was not achieved, the data were rejected.

4.10 Drug-induced APD ¢

4.10.1 DMSO: vehicle

To be applied to trabeculae, drugs of interest (Tables 4.3 4.4) were dissolved in DMSO,
used as a vehicle compound. The e ect of DMSO alone was investigated in 7 tra-

beculae (Table 4.3). The APDgy measured in each trabecula exposed to DMSO is

shown in Figure 4.17.

Figure 4.17: APD g change observed with three repeats of DMSO (vehicle). Each line indicates
the APDgy observed in a single trabecula.
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The mean DMSO-induced APDgy and the standard error of the mean (SEM)
computed for each repeat are reported in Table 4.6. When drugs are applied using
DMSO as vehicle, their e ects are entangled with those of DMSO. The SEM of DMSO-
induced APD gy therefore corresponds to the nest possible resolution in the mean

APDgg in this work.

Repeat #1 #2 #3
Mean APDgg +7:3ms 54ms +1:3ms
APD g9 SEM (ms) 2:4 4.9 14

Table 4.6: Mean and standard error of the mean(SEM) in APD gy observed in 7 trabeculae
exposed to three consecutive repeats of exposure to DMSO.

4.10.2 Drugs of interest

APD g9 was measured under baseline conditions (without drug) and under each perturbed
condition of Table 4.3 and Table 4.4. For each drug conditionc, the mean APDgg
and its SEM were calculated across recordings of su cient quality (Table 4.5). The
results are summarised in Table 4.7.

Chlorpromazine, Clozapine, Fluoxetine, and Mesoridazine induced mixed inhibition
of Iy and Icg. (Table 4.2), which generated little to no changes inAPD gp. For such
perturbations, the e ects of I, and lc4 inhibition on the APD gg compensated each other.

Verapamil, also exhibiting mixed e ects on Ik, and lcy , substantially shortened
the APDgg ( 15ms to 20ms in average) with high variability in the APDgg re-
sponse (up to 35ms).

Substantial variability of baseline APDgg was observed in trabeculae tested with
Mesoridazine, Clozapine, and Nifedipine (60 ms, 44 ms, and 55ms respectively), but
this did not lead to particularly high variability in drug-induced APDgy. The SEM
of APDgy response was below ms, 9ms, and 6 ms for Mesoridazine, Clozapine, and
Nifedipine, respectively. Fluoxetine-induced APD g also exhibited low SEM, below7 ms.
In contrast, Dofetilide induced the most variable APD gg, with up to 33ms SEM for
200nM Dofetilide. Note that di erences in actual drug concentrations were observed
between trabeculae exposed to the same nominal drug concentration (Table 4.7). These

di erences likely contributed to the variability in APD go.
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Drug Mean baseline Nominal drug Mean APD g9
APD ¢o (SD), in conc( M) (SEM), in ms
ms

Chlorpromazine 299 (36) 0:3 +9 (10)
1 +18 (8)
3 +24 (11)
3+ 0:1 M Dof +135 (32
Clozapine 324 (51 0:3 +8 (5)
1 +10 (7)
3 +10 (7)
30 +15 (9)

3+ 0:1 M Dof +148 (30)
30+ 0:1 M Dof  +129 (28)

Dofetilide 317(5) 0:001 +20 (5)
0:01 +82 (8)
0:1 +256 (21)
0:2 +318 (33)
Dofetilide +
Nifedipine 342 (25 0:01 + 0:03 +87 (20)
0:03 + 0:05 +147 (41)
0:05+ 0:15 +170 (46)
Fluoxetine 271(36) 0:3 +10 (4)
1 +6 (7)
3 2 (5)
3+ 0:1 M Dof +174 (25
Mesoridazine 334 (60) 0:04 2(7)
0:25 +2 (4)
10 +21 (2)
10+ 0:1 M Dof  +70 (7)
Nifedipine 336 (55) 0:003 +7 (4)
0:03 5 (6)
0:3 24 (6)
0:3+ 0:1 M Dof +172 (26)
Ngi?e"t’i'l?de; 372(39) 0:03+ 0:003 +14 (7)
0:03+ 0:01 +80 (10)
0:03+ 0:1 +234 (51)
Quinidine 302 (53 0:1 +6 (5)
1 +8 (5)
10 +37 (7)
10+ 0:1 M Dof +174 (18)
Thioridazine 307 (48) 0:012 +15 (9)
0:6 +16 (20)
2 +6 (14)
2+ 0:1 M Dof +83 (41)
Verapamil 349 (61) 0:01 15(4)
0:1 19 (5)
1 20 (10

1+ 0:1 M Dof +180 (14)

Table 4.7: Experimental data for average APD g9 baseline andAPD oo change with drug exposure.
SEM: standard error of the mean. SD: standard deviation.
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Dofetilide induced a substantial prolongation of APD g¢ in all trabeculae, regardless of
exposure to another drug beforehand. 100 nM Dofetilide prolonged\PD gy by 70 7ms

when combined with 10 M Mesoridazine, and up to256 21ms when applied alone.

4.11 Comparison of nominal and actual drug concentra-
tions

To re ne the relationship between APD g9 and drug treatments investigated in the previ-
ous section, the actual drug concentrations to which trabeculae were exposed was measured.

In Phase 2 experiments (2020 2022), a bioanalytical analysis of the bath solution was
performed, at the end of each 25 min steady 1Hz pacing period. The sample analysis
was performed according to the operating procedure for sample preparation for Liquid
Chromatography with tandem mass spectrometry (LC-MS/MS) analysis in a bioanalytical
laboratory. For data gathered in Phase 1 (2014 2016), actual drug concentrations were
not measured, therefore nominal drug concentrations were used (Table 4.3). For each
drug condition tested ex vivo, the nominal concentrations were compared with the actual
measured concentrations in Table 4.8.

Overall, actual concentrations were lower than nominal concentrations. Mesoridazine
actual concentrations were approximately 20% lower than the nominal concentrations,
Fluoxetine 40% lower, Chlorpromazine 60% lower, with substantial variations. This
can be explained by some loss of compound due to its stickiness to various surfaces
of the experimental machinery.

On the other hand, Dofetilide was administered at higher doses than planned. In the
extreme case, the Dofetilide actual concentration reached up td44nM for a nominal
concentration of 100nM. The second concentration of Clozapine (1 M nominal concen-
tration) was also overachieved, with up t02:6 M measured in trabecula #2021070301.
No mechanistic explanation was satisfactory for such a high Clozapine concentration, and
human error during solution preparation and/or bioanalytical analysis cannot be ruled out.

Using the actual drug concentration in Eq. 4.1 when available, the relationship between

APD g, Ik inhibition, and Ica. inhibition can be investigated as accurately as possible.
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Drug 1 Nominal Actual conc i £ Nominal Actual conc
conc ( M) (M conc ( M) (M)
Chlorpromazine 0.3 0.097(0.055, 0.162)  Dofetilide 0 BLQ

1 0.361 (0.226, 0.453) 0 BLQ
3 1.404 (1.137, 1.635) 0 BLQ

3 1.404 (1.137, 1.635) 0.1 0.116 (0.091, 0.131)
Clozapine 0.3 0.288 (0.248, 0.334) Dofetilide 0 BLQ
1 1.525 (0.958, 2.605) 0 BLQ
3 2.689 (2.425, 3.375) 0 BLQ

3 2.689 (2.425, 3.375) 0.1 0.083 (0.078, 0.089)
Dofetilide 0.01 0.009 (0.009, 0.009) Nifedipine 0 BLQ

0.01 0.009 (0.009, 0.010) 0.01 0.010 (0.009, 0.011)

0.03 0.027 (0.024, 0.028) 0.05 0.058 (0.052, 0.065)

0.05 0.047 (0.042, 0.048) 0.15 0.167 (0.143, 0.177)

0 BLQ 0.03 0.030 (0.026, 0.038)

0.003 0.003 (0.002, 0.003) 0.03 0.030 (0.027, 0.037)

0.01 0.009 (0.008, 0.013) 0.03 0.030 (0.028, 0.034)

0.1 0.085 (0.082, 0.091) 0.03 0.030 (0.027, 0.035)
Fluoxetine 0.3 0.152 (0.119, 0.176) Dofetilide 0 BLQ
1 0.594 (0.506, 0.722) 0 BLQ
3 1.688 (1.085, 2.125) 0 BLQ

3 1.688 (1.085, 2.125) 0.1 0.108 (0.106, 0.111)
Mesoridazine 0.040 0.033 (0.028, 0.035) Dofetilide 0 BLQ
0.25 0.233 (0.202, 0.254) 0 BLQ

10 7.933 (7.33, 8.065) 0 BLQ

10 7.933 (7.33, 8.065) 0.1 0.108 (0.105, 0.110)
Thioridazine 0.012 0.002 (0.001, 0.003) Dofetilide 0 BLQ
0.6 0.248 (0.203, 0.313) 0 BLQ
2 0.835 (0.653, 0.908) 0 BLQ

2 0.835 (0.653, 0.908) 0.1 0.116 (0.098, 0.144)

Table 4.8: Comparison of nominal and actual measured concentrations after bioanalyt-

ical analysis of the trabeculae tested in Phase 2 experiments.

Mean (minimum, maximum). BLQ: below limit of quanti cation.

4.12 Qualitative visualisation of
Ik and | ¢y Inhibition

Values are reported as:

APD g9 as a function of

In this section, we present a qualitative visualisation of the relationship between APD g

and lg, and lcy inhibition.

inhibition as X- and Y-axis coordinates, respectively.

One data point was reported per nominal drug concentration.

APD g¢ was reported on a 2-D map, usindk, and lca.

Coordinates Kk,

and Iy inhibition) were computed with Eq. 4.1, using in vitro data (Table 4.2) and

the average drug concentration across trabeculae exposed to the same nominal drug
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concentration. When available, the actual drug concentration in the bath solution was
used (Table 4.8). Otherwise, the nominal drug concentration was used (Tables 4.3 4.4).

The drug-induced APD gy was also averaged across trabeculae exposed to the same
nominal drug concentration. APDgy was reported following a colour-map covering
extreme values observed for APD gg.

Next, a quadratic surface of APD g9 as a function oflx, and g inhibition was tted
through the ex vivo data points (Section B.4 in the Appendix). The quadratic surface
was nally plotted in the background, with the same colour code as for experimental
data points. Note that combinations of inhibition of Ik, and/or lcy for which no
change in APD oo were observed/predicted { APDggj 1ms) were plotted as white
pixels, thus highlighting a Oms line.

Figure 4.18 visualises how the map of APDgg prediction was generated.

Figure 4.18: Schematic of methods used to plot APDgg 2-D maps. Drug-induced APDg is
measured experimentally with sharp electrodes. The inhibition oflx, and ;. by the drug at the
tested concentration is computed with the Hill equation (Eqg. 4.1) and ICso data (Table 4.2). The
corresponding point is then added to the 2-D map, with APD gy reported with the colour-map.

2-D maps of APDgg are shown in Figure 4.19 using the Pharm datasetlk, Pharm
and lcq. Pharm protocols) and the CiPA dataset (Ix; CiPA and Ic, CiPA protocols)
for drug-induced lx, and Iy inhibition.

Points corresponding to situations where Dofetilide was administered on top of another
drug all with large prolongation of APDgy did not produce a map consistent with

the remaining points. In particular, combinations of Nifedipine and Dofetilide induced
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Figure 4.19: Experimental APD gy measuredex vivo under various drug treatments in human
ventricular trabeculae, as a function of I, and lcg inhibition. Ik, and Ica. inhibition were
computed using the Hill equation (Eqg. 4.1), with the CiPA (left) and Pharm (right) datasets
reported in Table 4.2. The bottom panels report the SEM in APDgy. When actual drug
concentrations were measured for all trabeculae tested with the same nominal drug concentration,
the data point was plotted as asquare . When actual drug concentrations were measured only for
some trabeculae tested with the same nominal drug concentration, the data point was plotted as
a triangle . When only nominal concentrations were available, the data point was plotted as a
circle .

a visibly higher prolongation of APD g¢ than other drugs inducing a similar inhibition
of gy and Ica . For instance, in the Phase 2 dataset, trabeculae exposed to 30 nM
Nifedipine + 10 nM Dofetilide (17 20% |k, /23 24% ¢4 inhibition) exhibited marked
APD g9 prolongation (+80 10ms), while trabeculae exposed to 0.3 M Chlorpromazine
induced no signi cant APD gy prolongation (+9  10ms), despite inhibiting more Ik,
(22 25%) and less Ica (4 6%).

To correct for the missing mechanisms that would explain such di erences, the

inhibition of lx, and Ica by multiple drugs would need to be investigated. Data obtained
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from trabeculae exposed to two drugs simultaneously could not be used in the same
dataset as the rest of the data otherwise. As this topic was out of the scope of this DPhil
project, the data used for model development was limited to normalised AP

data obtained in trabeculae exposed to a single drug

4.13 Final dataset for model calibration

The ndings of previous sections can be used to obtain a dataset usable for model
calibration. By normalising V (Eqg. 4.3) and excluding data of insu cient quality, we

ensure that the data were not a ected by movements of the electrode (Table 4.5). By
excluding data obtained with two concomitant drugs, the consistency of the dataset
is improved (Section 4.10). As a result, the nal dataset deemed usable for model

calibration is summarised in Table 4.9.

. 34 conc +
Drug Baseline 1%t conc 2™ conc 3™ conc O] B
Phase 1
Clozapine 4/0 4/0 4/0 4/0 0/4
Dofetilide 15/0 15/0 13/2 11/4 10/5
Nifedipine 4/0 4/0 2/2 2/2 0/4
Quinidine 15/0 14/1 14/1 14/1 0/15
Verapamil 15/0 15/0 15/0 14/1 0/15
Phase 2
Chlorpromazine 6/0 6/0 6/0 5/1 0/6
Clozapine 8/1 712 712 5/4 0/9
Dofetilide + 6/0 6/0 0/6 0/6 0/6
Nifedipine
Fluoxetine 5/0 5/0 5/0 5/0 0/5
Nifedipine + 710 7/0 0r7 0r7 0r7
Dofetilide
Mesoridazine 6/0 6/0 6/0 6/0 0/6
Thioridazine 5/0 4/1 4/1 4/1 0/5

Table 4.9: Final data usable for model calibration. The data is reported as: number of
usable/unusable records for model development. When electrode instability a ected the normalised
AP or when two drugs were applied at the same time, the data were excluded.

The APDgg data included in the nal dataset were plotted in a 2-D map as a

function of lx, and lca inhibition, shown in Figure 4.20.
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Figure 4.20: APD g9 measuredex vivo (Table 4.7) as a function of lx, and lc,. inhibition in
the nal dataset used for model calibration. A quadratic surface approximating the data points is
plotted in the background (Section B.4 in the Appendix). Ik, and ¢ inhibition were computed
using the Hill equation (Eqg. 4.1), with the CiPA (left) and Pharm (right) datasets reported in
Table 4.2. The bottom panels report the SEM in APDg9. When actual drug concentrations were
measured for all trabeculae tested with the same nominal drug concentration, the data point was
plotted as a square . When actual drug concentrations were measured only for some trabeculae
tested with the same nominal drug concentration, the data point was plotted as atriangle . When
only nominal concentrations were available, the data point was plotted as &circle .

With increasing lc4. inhibition, the mean APD g was shortened (the colour on the 2-D
map tends towards dark blue colours). On the other hand, the mordk, was inhibited, the
more APD gg was prolonged. Ik, and ¢4 inhibition di ered from one dataset to another,
with the CiPA dataset being more sensitive to inhibition of 15 than the Pharm dataset.

When the inhibition of I, and lca was computed with the Pharm dataset, Verapamil
e ect on APDgp was not always consistent with the e ects of other drugs. The biggest
outlier from the surface is observed with 1 M Verapamil, where it induced APD gp=

20 10ms at 1 M, with 78% Ik, and 44% lca. inhibition, while 3 M Clozapine

induced APDgy=10 7ms with 57% lx, and 59% l-5_ inhibition. Nevertheless, both
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datasets yield qualitatively similar results.

These results are consistent with the data used by O'Haraet al. (2011) to validate
the predictions of their model for APD gy response to 70% g, inhibition ( +154 70ms in
guinea pig cardiomyocytes (Sanguinetti & Jurkiewicz, 1990)) and to 90% ¢, inhibition
( 58 29ms in rat cardiomyocytes (Walsh et al., 2007)). For additional comparison,
Hortigon-Vinagre et al. (2016) found that 30nM and 300nM Nifedipine shortened APD gg
by 10% and 50%, respectively, in human induced pluripotent stem cells derived into
cardiomyocytes (hiPSC-CMs).

For trabeculae used in Phase 2 experiments, the actual drug concentrations in
the bath solution were measured, and dierences were observed with the nominal
concentrations (Table 4.8). Using the nominal drug concentrations instead of the
actual drug concentrations for plotting the Phase 2 data did not impact the qualitative
interpretation of the above results (Section B.5 in the Appendix). This supports the use

of the Phase 1 and Phase 2 datasets in a single consistent dataset.

4.14 Study limitations

The AP data required normalisation to mitigate the movements of the recording electrode.
Therefore, drug e ects on any AP marker impacted by AP normalisation cannot be
retrieved from sharp electrode recordings in cardiac tissue. For example, a population
of models (Britton et al., 2013) constructed with these markers recorded with sharp
electrodes would su er from limited reliability.

Furthermore, parameter inference was not impacted by normalisation of the AP
data, when AP data were available for multiple conditions with lx, and Ic4. inhibition
(Section 4.8.3). If other drug perturbations are investigated, e.g., inhibition of the sodium-
calcium exchanger current (naca) that is mainly impacting the RMP, information lost
in the normalisation of the AP data may impair the estimation of parameters.

No model discrepancy was included in the synthetic study of Section 4.8.3. Model
discrepancy is expected to be introduced when calibrating any AP model to the real
data, which hinders parameter estimation (Lei et al., 2020). The normalisation of the AP

data may therefore impact di erently the calibration of a model to real data. Therefore,
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assessing the identi ability of parameters and estimating their uncertainty will be necessary,
when calibrating any AP model to the real normalised AP data.

Substantial variations of APD gg are expected to be only due to recording artefacts
combined with potential DMSO e ects (Figure 4.17). This suggests that the uncertainty in
drug-induced APD gg calculated for each individual should account for DMSO e ect. Yet,
the standard error of the mean APD g¢ was low for the e ect of DMSO (Table 4.6), thus
supporting that APD g averaged over several trabeculae would be reliable. Furthermore,
drug-induced APD g could be corrected for DMSO e ects in future analyses (Section B.7
in the Appendix). However, normalised whole AP traces, used for model training in
Chapter 7, cannot be corrected for the e ect of DMSO. To make a consistent use
of the ex vivo data across all Chapters, no corrections for the e ect of DMSO were
made in this DPhil thesis.

Substantial beat-to-beat (or in our data pace-to-pace) APD g variability ( > 10ms)
under steady stimulation under baseline conditions was also observed in some trabeculae.
In this work, APD gg was averaged over the last 30 APs of steady 1 Hz pacing, therefore
neglecting the pace-to-pace variability in APDgg. In future work, the pace-to-pace
variability in  APD g could be used to recalculate the uncertainty inAPD gg measurements.
Furthermore, beat-to-beat APD gg variability can be used as a proarrhythmic risk marker
(Thomsen et al., 2004; Sampedro-Puenteet al., 2019), and the drug e ect on pace-to-pace
variability in APDgg could be investigated in future work.

During ex vivo experiments, tissues were stimulated with bi-phasic pulses a3V for
3ms, i.e., 1.5 times more than the minimal stimulus for AP initiation (Page et al., 2016).
Any e ect of the drugs on the fast sodium current (Ina) was therefore hidden with this
protocol, because the trabeculae depolarised in response to the stimulus rather than the
sodium current. As a consequence, sodium channel block was not taken into account,
even though some of the drugs used exhibit inhibition ofiy, at the tested concentrations
(Clozapine, Quinidine and Thioridazine in particular (Mirams et al., 2011; Kramer et al.,
2013; Crumb Jret al., 2016; Liet al., 2019)). In constructing the 2D maps we have also
assumed the drugs do not act on any other ion channels, pumps or exchangers, and that

conductance block fully represents the electrophysiological e ects of the drugs.
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The experiments lasted less than 3 h in total, with 25 min steady 1 Hz pacing under
each drug treatment. Therefore, only acutelyx, and Ic. inhibition was investigated ex
vivo. Similarly, only acute inhibitory e ects of drugs were tested in vitro .

In reality there may be some other ion channel e ects and kinetics of drug binding
(state-dependent binding, etc.) that play a role which could explain why some drugs in
similar locations on the map exhibit slightly di erent APD e ects on the trabeculae and
di erent e ects in the clinic. For example, Chlorpromazine is a weak inhibitor of the
Na® K * pump current (Van Dyke & Scharschmidt, 1987). Also, the e ect of Dofetilide is
more accurately described by taking into account the drug binding kinetics to the hERG
channel (Milnes et al., 2010). Also, long-term drug e ects are not captured in this study,
e.g., Thioridazine promotes the degradation of hERG channels, and increasdg, density
via reactive oxygen species-mediated activation of CaMKII (Liu et al., 2020).

In this Chapter, we tried two di erent approaches to inhibit simultaneously I, and
lcaL, by applying 1) a single multi-ion current inhibitor or 2) a selective Ik, inhibitor
and a selectivelcg. inhibitor at the same time. The APDgy data presented in this
Chapter exhibited a major inconsistency between these two approaches (Figure 4.19).
Other drugs combined with Dofetilide yielded unexpectedly high prolongation of APD gp.
Further investigation of the interaction between tested drugs and Dofetilide would be
required to integrate best this data to the dataset used for model development. It is
likely that the Loewe independent additivity model used to compute current inhibition by
concomitant drugs (Eg. 4.1) may not be adequate. To maintain the focus of this DPhil
project, the mechanism of interaction between tested drugs and Dofetilide inhibition
of lxr and Ica. was not investigated further. The data recorded with exposure to two
concomitant drugs was not used in the following chapters.

Our new experimental APD g9 data were obtained in ventricular trabeculae taken only
from endocardial tissues. Predictions of myocardial repolarisation time with only one
myocardial cell type omit transmural dispersion of repolarisation (Antzelevitch, 2007).
Further investigation with mid-wall and epicardial tissue would enable a more complete

evaluation of the response of cardiac safety markers ttk, and Ica changes. Alternatively,
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in silico models could be used to translate results obtained from endocardial tissue into

mid-wall and epicardial response to drug e ects.

4.15 Summary

In this Chapter, new experimental data that can be used for the calibration of a new
AP model were introduced. In Section 4.3, the inhibitor potency for Ik, and Ica. of nine
drugs was investigatedin vitro in voltage-clamp patch-clamp experiments.

The acquisition of AP data ex vivo in adult human ventricular trabeculae with
the sharp electrode technique under baseline and drug treatment (Tables 4.3 4.4) was
described in Section 4.4. The AP data were then post-processed to Iter noise and
calculate AP markers (Section 4.5). Next, data quality was checked to 1) verify the
reproducibility of the experimental data generated in two separate phases (Section 4.6),
2) exclude data points a ected by stimulus artefacts (Section 4.7), and 3) identify
a strategy to mitigate experimental limitations imposed by movements of the sharp
electrode (Section 4.8). Importantly, it was veri ed in a synthetic exercise that the
mitigation strategy, normalisation of the voltage (Eqg. 4.3), does not hinder parameter
estimation (Section 4.8.3).

A bioanalytical analysis of the bath solution was performed to measure the actual drug
concentrations to which the trabeculae were exposed (Section 4.11), nding substantial
di erences between actual and nominal drug concentrations (Table 4.8). With the actual
drug concentrations andin vitro data (Table 4.2), the fraction of drug-induced inhibition
of Ixy and Ica. can be calculated as accurately as possible (Eq. 4.1).

Combined with the in vitro data, drug-induced APD g¢ was linked with drug-induced
inhibition of Ik, and Ica. (Section 4.10). A major inconsistency was observed between
APD g induced by a single drug and APDgg induced by two concomitant drugs
(Figure 4.19). As drug-drug interactions modelling is out of the scope of the present
DPhil thesis, the data generated with two concomitant drugs were excluded from the
nal dataset. The nal dataset was reported in Table 4.9 and visualised in Figure 4.20.
The new experimental AP data introduced in this Chapter provide quantitative

understanding of the relationship betweenAPD g¢ and Ik, and I¢g inhibition in adult

DRAFT Printed on May 18, 2023



4. Action potential data under drug treatment 109

human ventricular cardiac muscle. Whole traces of APs, although normalised, were
observed with several drug perturbations tested in the same individual and can be used for
model calibration in a following Chapter. Furthermore, the experimental data for APDgg
introduced in this Chapter can be used to evaluate the performance of existingn silico AP

models for prediction of responséy, and Ic5. inhibition, which is the purpose of Chapter 5.
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Comparison of in silico predictions of action
potential duration in response to inhibition f |
and k. with new human experimental data

Preamble

The proarrhythmic risk associated with drug candidates, in particular risk of Torsades
de Pointes (TdP), is thoroughly investigated in pre-clinical and clinical phases of drug
development. Inhibition of the rapid delayed recti er K* current (lx ) can prolong the
action potential (AP) duration (APD), and is re ected in prolongation of the electrocar-
diogram QT interval, used as a clinical risk factor for TdP. Previous studies have shown
that although existing guidelines have successfully prevented compounds with unfavorable
TdP risk/bene t ratio from reaching the market, the Ik, -centric approach has limited
speci city for drugs concurrently a ecting other ionic currents, in particular the L-type
Ca®* current (Ical ). Biophysically-detailed mathematical AP models are in silico tools
that could address these limitations. In particular, some AP models have been developed
to integrate multi-ion channel e ects on the AP and other biomarkers. However, no
systematic comparison has been carried out between experimental drug-induced APD
versus predictions by AP models. In Chapter 4, new in vitro and ex vivo data for APD
under various conditions with drug-inducedlk, and |5 inhibition was acquired, processed,

and analysed. In this Chapter, we input in vitro measurements of drug inhibition oflx, and
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lcar from patch-clamp experiments into AP models to assess how well they recapitulate
drug-induced APD changes observed experimentally.
The contents of this Chapter will be submitted for journal publication together with

ex vivo measurements of APD in human ventricular trabeculae from Chapter 4.

5.1 Introduction

The rapid delayed recti er K™ current (I k) is @ major ionic current contributing to the
repolarisation of ventricular cardiomyocytes. Inhibition of lx, can prolong the action
potential (AP) duration (APD) and the QT interval (Redfern et al., 2003). Many drugs
inhibiting Ik, have been shown to increase the risk of occurrence of Torsades de Pointes
(TdP), a potentially lethal arrhythmia (Redfern et al., 2003; Li & Ramos, 2017). In the
1990s, several drugs were withdrawn from the market because of undetected TdP risk,
and regulatory bodies established the guidelines ICH S7B and ICH E14 to prevent the
development of new compounds with unacceptable pro-arrhythmic risk (ICH, 2005, 2006).
According to the pre-clinical guideline ICH S7B (ICH, 2005), the ability of compounds to
inhibit I, must be testedin vitro, and a safety margin has been suggested such that drugs
should have a half-maximal inhibitory concentration (IC 50) of over 30 times their maximal
free therapeutic plasma concentration, Gax, (Redfern et al., 2003). In silico mathematical
electrophysiology models describing the formation of the AP from the underlying ionic
currents (AP models) were included in a re nement of TdP risk assessment, under the
Comprehensivein vitro Proarrhythmia Assay (CiPA) initiative (Colatsky et al., 2016).
AP models can improve the limited speci city of the Ik, -centric guidelines by account-
ing for simultaneous inhibition of multiple ionic currents in AP models (Li et al., 2017). In
particular, inhibition of the L-type Ca®* current (Ica) mitigates the arrhythmogenicity
of Ik, inhibitors (Mirams et al., 2011), partially explaining why some potent Ik, inhibitors
such as Verapamil do not promote TdP risk. Yet, AP model predictions for APD induced
by simultaneous inhibition of I, and Ic4. have not been validated against human data.
In this Chapter, we compare the predictions of 11in silico AP models with the
new ex vivo human data described in Chapter 4. We usen vitro data from automated

patch-clamp screening in expression systems (Section 4.3) to calculate percentage block
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of lx, and/or Icg induced by nine compounds (Chlorpromazine, Clozapine, Dofetilide,
Fluoxetine, Mesoridazine, Nifedipine, Quinidine, Thioridazine, Verapamil). This is then
used for inputs into the simulations for prediction of the APD at 90% repolarisation
(APDgp). Next, predictions of APDgg change from baseline ( APDgg) are validated
against the ex vivo data. We carry out this study using both in vitro datasets produced
following two di erent protocols (CiPA and Pharm, Table 4.2). Finally, we compare the
ex vivo data with the net charge carried by ionic currents, (Qnet), Used as a predictive
metric of TdP risk by e.g., Dutta et al. (2017) and Li et al. (2019).

Given that APDgg induced by Ik, and Iy inhibition are linked to QT changes
(Johannesenet al., 2014), this study is a crucial rst step towards the development of a

mechanistic predictive model of QT change induced bylx, and Ic5 inhibition.

5.2 Methods

5.2.1 Ex vivo action potential data

AP data were obtainedex vivofrom cardiac trabeculae extracted from the inner endocardial
wall of donor hearts with the sharp electrode technique (Chapter 4). Only drug conditions
tested experimentally with a single drug were included in this Chapter (Section 4.10).
The selected drugs and concentrations are reported in Table 5.1. Inhibitor potency
for lxy and lcy are shown in Table 4.2.

The dataset was generated from experiments undertaken in two distinct phases.
In Phase 2, a bioanalytical analysis of the bath solution was performed to measure
the exact drug concentration, at the end of each 25min steady 1Hz pacing period
(Section 4.11). In Phase 1, measurements were not available so the nominal concentrations

were used (Table 4.3).

5.2.2 Simulations of APD ¢, with in silico action potential models
Selected Models

We selected six main models representative of recent e orts to model the human ventricular
AP: Ten Tusscher et al. (2004) (TNNP), Ten Tusscher & Pan lov (2006) (TP), Grandi
et al. (2010) (GPB), O'Hara et al. (2011) (ORd), Tomek et al. (2020) (ToR-ORd), and

Bartolucci et al. (2020) (BPS). Since their release, ve new parameterisations and variants
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S 1t conc 2™ conc 3 conc 4™ conc Number of

(M) (M) ( M) ( M) trabeculae
Chlorpromazine 0.3 1 3 6
Clozapine 0.3 1 3 7
Clozapine 0.3 3 30 4
Dofetilide 0.001 0.01 0.1 0.2 15
Fluoxetine 0.3 1 3 5

Mesoridazine 0.04 0.25 10

Nifedipine 0.003 0.03 0.3 4
Quinidine 0.1 1 10 15
Thioridazine 0.012 0.6 2 4
Verapamil 0.01 0.1 1 15

Table 5.1: Drugs tested in ex vivo experiments that were used for the present Chapter, and
corresponding nominal concentrations.

of these models have been published. Dutt&t al. (2017) replaced the k. component of
the ORd model with a 6 state Markov model (Li et al., 2017) and rescaled the maximal
conductances of ve ionic currents (kr, lcaL, Ik1, ks, InaL)- The GPB, TP and ORd
models were rescaled by Manret al. (2016) to capture the e ects of Ik, and Iks inhibition
and to reproduce APD o features observed in long QT Syndrome (LQTS) populations.
Mann et al. added a late sodium component to their versions of the GPB and TP
models, based on the ORd model. Krogh-Madsemt al. (2017) proposed a version of
the ORd model with rescaled maximal conductance parameters for six ionic currents
(Ikr, lcaLs lks, INaca, Inak » InaL) tO capture populations with long QT syndrome, which
was also included in the present study. All these variant models were included in the
present study and are summarised in Table 5.2.

To maximise consistency with the trabeculae measurements, the endocardial variant

of the AP models was used.
Computational tools

AP models were downloaded from the Physiome Model Repository (Ywet al., 2011) in
CellML format. Simulations were performed using Myokit 1.33.7 (Clerx et al., 2016)

and CVODE 5.7.0 (Hindmarsh et al., 2005). Absolute and relative solver tolerance for
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Model Reference Model structure
BPS (Bartolucci et al., 2020) ORd + g
GPB10 (Grandi et al., 2010) GPB
GPB-M (Mann et al., 2016) GPB + ORd | naL
ORd (O'Hara et al., 2011) ORd
ORd-CiPA (Dutta et al., 2017) ORd + Ik,
ORd-KM (Krogh-Madsen et al., 2017) ORd
ORd-M (Mann et al., 2016) ORd
ToR-ORd20 (Tomek et al., 2020) ToR-ORd
TNNP (Ten Tusscher et al., 2004) TNNP
TP (Ten Tusscher & Pan lov, 2006) TP
TP-M (Mann et al., 2016) TP + ORd 2011 NaL

Table 5.2: Selected AP models. The symbol indicates when the endocardial variant of the
model was selected among di erent versions developed by the authors of the model.

CVODE were both set to 10 ° to ensure numerical accuracy of the solutions. Note that
with the TNNP and TP models, singularities at OmV and 60mV sometimes triggered
numerical errors, in which case the absolute and relative solver tolerance were loosened to
10 °. In the TNNP model, a numerical singularity for V =0 mV was corrected for the

component oflcy described with a Goldman-Hodgkin-Katz ux-style equation.
Action potential simulations

1 Hz steady pacing was applied in line with theex vivoexperiments. Stimulus current width,
amplitude, and responsible ions (for instanceK ™, see Chapter 3) were not changed from
the published CellML model. 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
(results not shown). The 150F' AP was then recorded with time resolution of 0.05ms,
matching the resolution of the ex vivo data and allowing for precise estimation ofAPD gg.
When computing 2-D maps of APD gg as a function oflx, and lcg inhibition, default
internal and external concentrations from the CellML les were used (Section 5.3.1). When
comparing quantitative model predictions with trabeculae recordings (Section 5.3.2),

external concentrations of K¥, Na*, and Ca?* were set to 4mM, 148.35mM, and
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1.8 mM respectively, matching concentrations in the external solution used experimen-
tally (Page et al., 2016).

The steady-state APs simulated with the included models are shown in Figure 5.1
for visual comparison. Note that the TNNP model does not predict a physiological
AP with external ionic concentrations matching concentrations in the external solution
used for ex vivo experiments. Therefore, predictions with the TNNP model were not

gquantitatively compared with the ex vivo data.

Figure 5.1: Steady-state 1 Hz AP simulated with the AP models included in this study. External
concentrations were set to experimental valuesdashed line ) or left to their values in the original
CellML model (solid line ).

Drug e ects were modelled as simple pore block, with the reduction of the current

computed using the Hill equation (Hill, 1910):

1
(D)= — % [ (0); (5.1)
1+ icso
with 1 (D) the current with drug inhibition, D the drug concentration, h the Hill
coe cient, IC 50 the half-maximal inhibitory drug concentration, and | (0) the ionic

current without drug.
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5.2.3 Comparison of model predictions with experiments

Qualitative comparison with 2-D maps of APD ¢ versus current inhibition

With each model, we simulated APs under101 101 = 10; 201 combinations of I, and
IcaL inhibition, ranging from 0% to 100% inhibition.  APD gy was computed for each
Ik / lcaL inhibition combination. APD g9 was plotted as a function of lx, and lca.
inhibition used as X- and Y-axis coordinates, respectively, as a 2-D map.

APD g9 was shown using a colour-map that was kept consistent across all the models
and which covered the experimental range of drug-induced APDgy. Combinations
of Ixy and/or Ica inhibition for which no change in APD gy were observed/predicted
(j APDggj 1ms) were plotted as white pixels, thus highlighting a 0ms line.

Figure 5.2 shows how the 2-D maps were generated.

Figure 5.2: Schematic of methods used to plot APDgg 2-D maps. Simulated APDgy was
computed from the in silico AP model run for 1500 paces, usindk, and/or Ic, inhibition as
input for the model. The corresponding point was then added to the 2-D map, with APD g
reported with the colour-map.

The 2-D map of predicted APD gy was then visually compared with a quadratic

surface tted through ex vivo data points (Figure 4.20).
Quantitative metric for model predictivity

To quantitatively compare  APD gg measurements and predictions, we designed an error
measure, E.

For each tested drug perturbation, k, tested in sharp electrode experiments, the
corresponding levels oflx, and Icg. inhibition were computed from the in vitro data
(Table 4.2) and the drug concentration. When available, the mean measured drug
concentration in the bath solution across trabeculae was used (Table 4.8); otherwise,

the nominal drug concentration was used (Table 5.1).
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