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Abstract

The pumping of the human heart is driven by the rhythmic contraction of the

heart’s muscle cells, the cardiomyocytes. The synchronised contraction of these car-

diomyocytes relies on the dynamic flow of ions across the membrane. These ionic

flows change the voltage potential across the cell membrane, which forms the action

potential. The current conducting through the human Ether-à-go-go-Related Gene

(hERG) ion channel repolarises the membrane potential. The inhibition of this cur-

rent prolongs the action potential and increases the proarrhythmic risk. Since the

hERG channel is highly susceptible to blocking by drugs, the degree of this blockage

is crucial in assessing the proarrhythmic risk of drugs. However, the drug-binding

process and its inhibitory effect on the hERG current are complex and poorly under-

stood. Many researchers have developed mathematical models to capture the chan-

nel behaviour under drug blockage and to provide proarrhythmic risk predictions

of drugs, but these developments have not led to satisfactory prediction outcomes.

The Li model of drug-binding within the hERG channel [Li et al., 2017b], devel-

oped by research teams in the FDA, incorporated drug-trapping and improved the

proarrhythmic risk predictions. This formulation performs as a benchmark for risk

prediction models under the CiPA paradigm. It is therefore essential to ensure that

the predictions of the Li drug-binding formulation are robust and reliable.

We first perform a sensitivity analysis on the Li drug-binding formulation to in-

vestigate the contribution of each parameter to the proarrhythmic risk predicted by

the model. We then change the underlying cell models of the Li drug-binding formu-

lation and repeat the analysis. The lack of contribution of the governing parameters

of this formulation to model prediction suggests that these parameters cannot be ac-

curately elucidated from experimental data. This is investigated by an identifiability

analysis. Utilising the identifiability analysis results, we simplify the formulation by

removing the non-identifiable parameter and compare the risk categorisation of the

simplified formulations to the Li drug-binding formulation. We show that the simpli-

fied formulation is able to provide the same risk classification as the Li drug-binding

formulation for drugs from a reference dataset. We end by discussing the importance

of this type of in-depth analysis and model evaluation in ensuring the credibility of

model predictions.
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Chapter 1

Introduction

The heart, as part of the circulatory system, pumps blood throughout the body to

transport oxygen and nutrients and collect metabolic byproducts and carbon dioxide.

The blood flow is facilitated by the contraction of the atria and ventricles. A cardiac

cycle is initiated by the generation of electrical impulses by the pacemaker cells at the

sinoatrial node, then conducted to the atria, which triggers their contraction. These

signals then travel to the atrioventricular node before conducting to the Purkinje

fibres and ventricles to generate the contraction of the ventricles. These electrical

signals are conducted through the heart’s muscle cell, known as the cardiomyocyte.

The changes in the voltage potential of its membrane throughout a conduction cycle

are known as the action potential (AP).

The AP is a result of the dynamic flow of ions, mainly potassium, sodium, and

calcium ions, into and out of the cell via ion channels or transporters on the cell mem-

brane. The ion channels are studied through patch-clamp experiments, performed on

cells overexpressing the ion channels. A computational model is then developed based

on experimental observations to capture the channel behaviour. Due to the lack of a

complete understanding of the cardiomyocytes and the ion channels, there are many

diverse mathematical models developed.

Disruption to the electrical activity of cardiac cells can lead to disruption in the

heart rhythm, known as arrhythmia, and potentially bring about severe consequences.

While this may be treated with drugs, they can have side effects and worsen the

condition. Therefore, newly developed drugs must undergo a series of safety screening

tests to ensure it is safe for consumption. This can become very costly in terms of

time and monetary resources [Wouters et al., 2020, Sertkaya et al., 2024]. Existing

guidelines rely heavily on an assay of a single ion channel and the costly Thorough

QT study, each of which has low specificity [Stockbridge et al., 2012], and this has

slowed and in some cases prevented potential drugs from further development [Sager

1



et al., 2014, Colatsky et al., 2016]. Several institutions, including the U.S. Food and

Drug Administration (FDA), the Health and Environment Sciences Institute (HESI),

and Japan National Institute of Health Science (NIHS), have come together under

the Comprehensive in vitro Proarrhythmic Assay (CiPA) initiative to improve the

assessment of pro-arrhythmic risk of drugs [Sager et al., 2014, Colatsky et al., 2016,

Strauss et al., 2019, Li et al., 2020, Strauss et al., 2021]. The recommended approach

of CiPA focuses on four streams, which are in silico models, in vitro data from ion

channel assays, stem cell-derived myocytes, and in vivo evaluation, to provide a more

holistic risk assessment.

This shifts the focus for the development of computational models, from funda-

mental research in describing and quantifying electrophysiology observations, to its

use in drug safety testing, where the understanding of the underlying mechanism be-

comes important in developing robust and reliable models. Therefore, there is a need

to reassess the model development process to allow for the functional transition of

computational models to contribute to reliable drug-safety testing.

The human Ether-à-go-go-Related Gene (hERG) ion channel plays a critical role in

current drug-safety guidelines [ICH E14/S7B Q&A, 2022]. This is due to its function

in returning the membrane potential to its resting state and its high susceptibility

to drug blockage. However, the underlying mechanism of how drugs bind and block

the hERG current is poorly understood [Vandenberg et al., 2017]. This has led to

the development of significantly different models in attempts to capture the drug-

binding behaviour [Brennan et al., 2009, Lei et al., 2024]. One particularly important

and influential model is the Li drug-binding formulation [Li et al., 2017b]. This risk

prediction model and its associated metric scores were developed by research teams

in the FDA [Li et al., 2016, 2017b, Dutta et al., 2017, Chang et al., 2017], and serve

as a reference for the arrhythmic risk prediction under the CiPA paradigm [Li et al.,

2020]. Given its role within the CiPA initiative and drug safety assessment, it is

important to assess the predictivity of the Li drug-binding formulation.

The overall aim of this thesis is to perform a thorough sensitivity analysis and

identifiability analysis on the Li drug-binding formulation. Our work assesses the

robustness and reliability of the formulation. This is especially important when the

model is used in drug-safety prediction.

In this thesis, we first compare the Li drug-binding formulation with a simpler

drug-binding model to determine the reliability of the Li formulation out of its de-

fined context. We find that the Li formulation does not perform better than the

simple formulation in the prediction of the AP. We then embed both drug-binding
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formulations into different cell models and repeat the comparison, but obtain the

same results. This leads to the hypothesis that the Li drug-binding formulation is

potentially not capturing the drug-binding mechanism accurately, or the parameters

are not identifiable from the experimental data. Through the identifiability analysis

of the Li drug-binding formulation, we simplify the formulation in several ways and

compare them to the Li drug-binding formulation. Using the same experimental data

that was used by Li et al. [2017b] in deriving their original model, we are able to

obtain the same risk categorisation for a range of reference drugs using the simplified

model. We conclude by discussing the implications of our findings.

1.1 Thesis outline

Chapter 2 introduces the background knowledge required for the thesis. This in-

cludes the necessary background on cell physiology, the mathematical models, and

the statistical inference used in the thesis.

Chapter 3 presents the sensitivity analysis of the Li drug-binding formulation. We

took a simpler model as a baseline to investigate the influence of the Li drug-binding

formulation on AP prediction.

Chapter 4 extends the comparison between the Li drug-binding formulation and

the simpler model to various ion-channel level and cell-level models. The Li drug-

binding formulation is embedded into several different AP models, and its impact is

again compared to the simpler model in each of the settings.

In Chapter 5, we investigate in more detail the defining equations of the Li drug-

binding formulation, exploring the identifiability of the parameters. We then explore

several simplifications of the Li drug-binding formulation and assess the performance

of each model in categorising the proarrhythmic risk of a reference set of drugs.

In Chapter 6, we conclude that a simplified model provides the same risk cate-

gorisation as the Li drug-binding formulation. We discuss future research and open

challenges.

3



Chapter 2

Background

Overview:
This chapter provides the background information necessary to understand the

thesis. In this thesis, we are interested in using mathematical and computational

models of the heart in the prediction of possible cardiotoxic side effects of potential

new drugs, and so in categorising the safety level of those drugs. We will first describe

the physiology of the heart that is relevant to the modelling of such adverse effects.

Next, we will describe the mathematical models that reflect the biological phenomena,

and hence allow the prediction of the side effects of drugs. Thirdly, we will focus on the

development of the mathematical models from experimental data. Since these models

are intended to be used in a clinical setting, we need robust and reliable predictions

from the models. We will therefore finally discuss the concepts and methods required

in assessing the reliability of a model.

2.1 Electrophysiology of the Human Heart

The heart pumps blood throughout the body, providing oxygen to all parts of the body

and taking carbon dioxide back to the lungs for excretion. The blood is transported

throughout the body by the pressure generated by the contraction of the atria and

ventricles. A schematic of the human heart is shown in Figure 2.1. Deoxygenated

blood is pumped by the right side of the heart towards the lungs, while the left

atrium and left ventricle pump oxygenated blood from the lungs to the rest of the

body. Since the atria pump blood only to the ventricles while the ventricles pump the

blood to either the lungs or the rest of the body, the muscular walls of the ventricles

are thicker than the muscular walls of the atria. The muscular wall of the heart is

formed by three layers of tissue, where the inner layer is the endocardium, the middle
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Figure 2.1: A schematic of a human heart. The figure shows the 4 chambers
of the heart: the left atrium (LA), the right atrium (RA), the left ventricle (LV),
and the right ventricle (RV). The electrical impulse that stimulates heart contraction
is initiated at the sinoatrial (SA) node. The electrical impulse then travels to the
atrioventricular (AV) node, the Purkinje fibres and finally to the ventricles. Based
on [Hume and Grant, 2015]

layer is the myocardium and the outer layer is the epicardium. The muscle cells of

the heart are known as cardiomyocytes.

The contractions of the atria and ventricles are performed in a controlled sequence

at each heartbeat, known as the cardiac cycle. The cycle starts from the blood filling

the ventricles by relaxation of the ventricles and contraction of the atria. The ventri-

cles then contract, forcing blood out of the heart to the rest of the body and the lungs.

This controlled sequence of muscle contraction of the heart can be visualised by the

electrocardiogram (ECG) (Figure 2.1). The electrical signals within the cardiomy-

ocytes trigger the contraction of the cardiomyocytes which propagates the signal to

the adjacent muscle cells, generating a coordinated sequence of muscle contraction.

The ECG starts with a P wave when the sinoatrial node generates electrical impulses

to be propagated throughout the atria and causes the atria to depolarise and con-

5



Figure 2.2: Action potential and its ionic currents simulated with the
O’Hara model [O’Hara et al., 2011] for epicardial ventricular myocytes,
together with a schematic of a cardiomyocyte. The numbers in red show the
phases of the epicardial AP. The eight panels on the right show the major currents
that play a role in the AP. The bottom left schematic shows a simplified cardiomy-
ocyte model, showing some ion channels, pumps and exchangers. The ion channels
are shown in blue, while pumps and exchangers are shown in purple. The sarcoplas-
mic reticulum (SR) compartment contains the Ca2+ storage for calcium release in the
myocyte.

tract. The electrical signals then travel over the atria to the atrioventricular node;

this is represented by the PQ segment of the ECG (see Figure 2.1). Subsequently,

the waves travel to the Bundles of His in the interventricular septum and then to

the Purkinje fibres, causing the ventricles to depolarise. This is represented by the

QRS complex. This is followed by the contraction of ventricles, represented by the

ST segment. Finally, the T wave indicates the repolarisation and relaxation of the

ventricles.
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2.1.1 Cellular electrophysiology and the action potential

Cardiomyocytes in different parts of the heart, such as the atria, ventricles and the

Purkinje fibres, contract in synchronisation to form a heartbeat. This synchronisation

relies on the propagation of the electrical signals across the cardiomyocytes. The

action potential (AP) captures the sequential changes in voltage across the membrane

of the cardiomyocyte during a contraction cycle.

The cardiomyocytes are bound by a lipid bilayer membrane, which is electrically

insulated and prevents ions from flowing freely across the membrane [Hille, 2001].

The ions move across the membrane via transmembrane proteins. There are several

mechanisms for ions to be transported across the cell membrane: ions flow through

the membrane passively via the ion channels down the electro-chemical gradient;

ions are transported actively against the concentration gradient and electric potential

via ion pumps or ion exchangers, depending on the source of energy, to maintain

the homeostasis of ion concentrations [Hille, 2001]. The ion pumps use energy from

adenosine triphosphate (ATP), while the ion exchangers utilise the energy from pas-

sive transport to push other ions across the membrane. Reviews of ion transport

processes are provided in Ravens et al. [2004] and Gadsby [2009].

The change in the membrane potential is caused by ions moving across the mem-

brane of the cardiomyocyte. We take the AP of epicardium ventricular cells to exem-

plify the flow of ions across the cell membrane during an AP because we will focus on

the ventricular AP in this thesis. Figure 2.2 (top left) shows a schematic of an AP of

the outer layer (epicardial) ventricular myocytes. When the cardiomyocytes receive

an electrical stimulus at the resting state, sodium ions flow into the cell, creating

the fast sodium current INa. The membrane voltage increases and the membrane

potential depolarises. This is known as the depolarisation phase (Phase 0). At the

initial repolarisation phase (Phase 1), the membrane voltage decreases slightly from

the efflux of potassium ions from the cell. This flow of potassium ions generates the

transient outward potassium current Ito, which creates the notch in the AP. This

is prominent in epicardial ventricular myocytes, but not in myocardial or endocar-

dial ventricular myocytes. Next comes the plateau phase (Phase 2) where the influx

of calcium ions, forming the L-type calcium current ICaL, balances off the efflux of

potassium ions, which mainly consists of the rapid delayed rectifier current IKr and the

slow delayed rectifier current IKs. The entry of calcium ions into the cardiomyocyte

causes calcium ions to be released from an internal reservoir, initiating the process of

calcium-induced-calcium-release, which will then lead to the contraction of the car-

diomyocyte. The sustained flow of potassium ions out of the cell and reduced influx

7



of calcium ions bring the cell to the final repolarisation phase (Phase 3). Towards

the end of Phase 3, the inward rectifier current IK1 brings the membrane potential

to its resting potential and stabilises the membrane voltage in Phase 4. In Phase 4,

the membrane potential stays at its resting potential. A schematic of a simplified cell

model with components involved in the ionic currents and the contraction of a cell is

shown in the bottom left of Figure 2.2, along with the simulated membrane voltage

and the major ionic currents.

2.1.2 Contribution of ionic currents to AP

The opening and closing of the ion channels are timed precisely to allow selected ions

to transverse the membrane and generate the AP [Hille, 1978, Grant, 2009]. The

selective permeability of ion channels allows only specific ions to pass through their

pore, though other ions may still traverse the membrane at a significantly slower rate.

The opening and closing of the pores of the channels, that is, the gating of the ion

channels, are determined by the conformational changes of the channels. The gating

of the ion channels can be driven by different forces, for example voltage-gated, ligand-

gated, light-gated, and mechano-sensitive gating. Voltage-gated channels change its

conformation in response to changes in the membrane potential.

The gating process may also be altered by drug blockers, inhibiting the ion flux

across the membrane [Hille, 2001]. This will be described in detail in Section 2.5.

This drug-induced inhibition may have significant consequences on the resulting AP

and cause unwanted changes to the cardiac rhythm.

2.2 Mathematical Modelling of Cellular Electro-

physiology

In this section, we will show how we can model the interactions between the ion

currents and the membrane potential to develop an AP model.

2.2.1 The cell membrane

The electrically-insulated membrane effectively acts as a capacitor, with an electric

field across the membrane. The capacitance of the membrane Cm, the storage of

electric charge, is Qm/Vm, where Qm is the charge needed to generate the membrane

potential of Vm between the internal and external environment of the membrane.

Vm here refers to the potential difference between the intracellular potential and the
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extracellular potential, following the usual convention. The ion channels act as a

conductor to discharge the capacitor. The cell membrane and the ion channels thus

complete an electric circuit.

Given that current is the rate of change of charge dQ/dt, the capacitive current

is CmdVm/dt, assuming the Cm is constant. The equation of the electric circuit is

therefore

Cm
dVm
dt

+ Iion = 0. (2.1)

where Iion is the contribution of ionic currents to the action potential. Iion can be

described as the sum of the individual ionic currents Ij for some ion j. Therefore, the

relationship between the membrane potential and the ionic currents can be written

as

dVm
dt

= − 1

Cm

∑
j

Ij. (2.2)

An external stimulus, e.g. from neighbouring cells, is included as

dVm
dt

= − 1

Cm

(∑
j

Ij + Istim

)
. (2.3)

2.2.2 The ionic currents

The ionic currents flowing through the membrane can be expressed as a driving term,

describing the electrochemical field that drives the ionic flow, multiplied by the con-

ductivity of the channel

Ij = gj · δj, (2.4)

where gj is the conductance (reciprocal of the resistance) and δj is the driving term.

2.2.2.1 The driving term

Ionic movement through ion channels is driven by the electric field around the mem-

brane and the concentration gradients of the ions. The ions will flow until an equi-

librium is reached.

Assuming the ionic current is Ohmic, where the current passing through a con-

ductor (the ion channels) is directly proportional to the voltage, the ionic current is

given by

Ij = gj · (Vm − ES) , (2.5)

9



where ES is the Nernst potential for ion S. The term δOhm,S = Vm−ES is the driving

term in Equation 2.4. An alternative formulation of the driving term is the Goldman-

Hodgkin-Katz (GHK) equation [Goldman, 1943, Hodgkin and Katz, 1949].

The Ohmic driving term and the GHK driving term have been used among many

ionic current models. A list of commonly used driving terms is given in Agrawal et al.

[2023].

2.2.2.2 The open probability

Although ion channels open and close stochastically, but due to the large number

of ion channels of a specific type within the membrane, the macroscopic current can

be approximated by the ensemble average. The macroscopic current can then be

modelled by the proportion of channels in the open state, which is termed the open

state occupancy. This means that the ionic conductance gj is usually not constant. In

this thesis, we are particularly interested in voltage-gated channels, where the gating

mechanism of the channel is dependent on Vm. We can model the conductivity as the

probability of open states and rewrite the general ionic current in Equation 2.4 as

Ij = ḡj ·O · δj, (2.6)

where ḡj is the maximal conductance for a channel of type j and O ∈ [0, 1] is the

open probability or the open state occupancy, i.e., the fraction of channels being in the

open or conducting state. For voltage-gated channels, O(Vm, t) is a function of the

membrane voltage Vm and t.

The open probability describes the kinetics or dynamics of the voltage-gated chan-

nel, capturing the gating mechanism of the channels in terms of how and when the

selected ions can pass through its pores. There are two common formulations of the

open probability of ionic channels, the Hodgkin-Huxley formulation and the Markov

formulation.

The Hodgkin-Huxley formulation [Hodgkin and Huxley, 1952] models the channel

as having ‘gates ’ that allow (and stop) ion movement across the channel. There

can be several layers and types of ‘gates’, for example, three activation gates and

one inactivation gate for a sodium channel. It is assumed that each gate functions

independently. They are expressed as the probability of opening, thus taking any

values between 0 and 1. As an example, the opening probability of a channel can be

O(Vm) =
∏
k

pk = p1(Vm, t) · p2(Vm, t), (2.7)
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where pk is the open probability of gate k. Given a gate with opening probability p,

the closing probability is (1− p). The gating mechanism can be viewed as

(1− p)
α(Vm)−−−⇀↽−−−
β(Vm)

p, (2.8)

with α and β as the opening and closing rates, respectively. The rate of change of

the open probability p is

dp

dt
= α(Vm)(1− p)− β(Vm)p. (2.9)

The rate of change of the open probability
dp

dt
can be rewritten in terms of steady

state (p∞) and time constant (τp)

dp

dt
=
p∞(Vm)− p
τp(Vm)

(2.10)

where the steady state value p∞ = α/(α+ β) and the time constant or rate at which

the steady state is achieved τp = 1/(α + β).

The Markov formulation views the channel as being in different states and models

the kinetic states of the ion channels, for example, open, closed, and inactivated

states. The Markov formulation allows more flexibility in the possibilities of states

and the transitions between states, eliminating theassumption of independent gating

in the Hodgkin-Huxley formulation.

A simple example of a Markov formulation that differentiates from a Hodgkin-

Huxley formulation is a three-state channel model, where there is an open state O,

an inactivated state I, and a closed state C:

C
α(Vm)−−−⇀↽−−−
β(Vm)

O
γ(Vm)−−−⇀↽−−−
ζ(Vm)

I, (2.11)

where α(Vm), β(Vm), γ(Vm) and ζ(Vm) are the transition rates from closed state to

open state, open state to closed state, open state to inactivated state and inactivated

state to open state respectively. The system of differential equations describing this

three-state channel model is

dC

dt
= β(Vm) ·O − α(Vm) · C, (2.12)

dO

dt
= α(Vm) · C + ζ(Vm) · I − [β(Vm) + γ(Vm)] ·O, (2.13)

dI

dt
= γ(Vm) ·O − ζ(Vm) · I. (2.14)
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Note that the sum of the probabilities of all states equals one, C + O + I = 1.

In this three-state Markov model, channel inactivation depends on the activation of

the channel. Therefore, the assumption of independent gating in a Hodgkin-Huxley

formulation no longer holds. A concern of using a Markov model is that it has

to satisfy the thermodynamic properties of an equilibrium system, which is termed

microscopic reversibility, i.e., the transition rate between any two states via any route

must be the same.

For more details on the difference between the Hodgkin-Huxley formulation and

the Markov formulation, see Carbonell-Pascual et al. [2016] and Fink and Noble

[2009].

2.3 Experimental Measurements to Mathematical

Models

We next describe the experimental techniques used to make observations and the

mathematical techniques needed to translate the observations into the mathematical

models, which allow us to study the impact of drugs on cardiac electrophysiology.

2.3.1 Experimental techniques

The electrical activity of an excitable cell can be recorded using whole-cell patch-clamp

experiments. The basic idea of these experiments is to access the interior of a cell and

connect it with the extracellular environment to allow measurements of the potential

difference between the intracellular and extracellular solutions. To do so, the first step

is to form a high-resistance seal, termed gigaseal, between the tip of the pipette and

the cell membrane. This high-resistance seal is essential in minimising current leakage

and improving the signal-to-noise ratio of the recording. This gigaseal is achieved by

the micropipette applying suction to the cell membrane. Once a gigaseal is formed,

electrical access to the cell’s interior is made available by applying an abrupt pulse of

suction to rupture the small patch of membrane under the pipette tip.

The automated patch-clamp was designed to gain a higher throughput of exper-

imental recordings. In the automated patch-clamp experiments, a planar substrate

containing a micron-sized aperture is used instead of a conventional glass micropipette

to establish a recording. A single cell from a suspension is attracted to the aperture,

often through the application of negative pressure. Once the cell is in place, a stronger

pulse of suction is applied to form a high-resistance seal, followed by another suction
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Figure 2.3: A schematic of the automated patch-clamp experiment. The
figure shows how the current generated from ion flow via ion channels is measured.

to rupture the enclosed membrane patch to set up the whole-cell configuration. Fig-

ure 2.3 shows a schematic of the setup of an automated patch-clamp experiment.

Comparisons between the manual patch-clamp and the automated patch-clamp are

available in Franz et al. [2017], Li et al. [2017a].

There are two different recording modes in patch-clamp experiments: current-

clamp and voltage-clamp. The current clamp measures the membrane potential, and

is used to study the change in membrane potential over time, particularly in response

to stimuli. On the other hand, the voltage clamp measures the ionic currents, and

is used to study the properties of the ion channels. The ionic currents are measured

while the membrane potential is held at a fixed, constant value (the command poten-

tial intended by the experimenter). To do so, the amplifier constantly measures the

membrane potential of the cell and compares it to the command potential. When the

measured potential and the command potential differ, the amplifier injects a compen-

satory current to ensure the membrane potential is held at the command potential.

This compensatory current gives the recorded signal. A predefined sequence of com-

mand potentials applied over time to the ion channels is termed the voltage-clamp

protocol.

The current measured in the patch-clamp experiments mentioned above is the

total transmembrane current, without differentiating between the types of currents

flowing through the membrane. The study of a specific type of ion channel can be

performed on stably transfected cell lines overexpressing the gene for the channel

of interest. Widely used cell lines are the Chinese Hamster Ovary (CHO) and the

Human Embryonic Kidney (HEK) cell lines [Hill and Stephens, 2021, Gamper et al.,

2005, Li et al., 2017a]. When combining these ionic currents into an overall action
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potential model (see Equation 2.2), each of the currents will come from a different

experimental system.

2.3.2 Forward simulation

From Equation 2.3, CmdVm/dt + Iion + Istim = 0, Istim is given, as it is the stimulus

current provided to the cell in experiments. We want to simulate Vm and Iion. This

is done by solving the equations for Vm and Iion.

There is usually no analytical solution for Vm and Iion, and the equations must be

solved using numerical methods. For ease of reference, let the governing equations

for Vm and Iion be a system of functions f with variables u. Note that the governing

equations of Iion are also made up of differential equations (Section 2.2). In general,

we wish to solve equations of the form

du

dt
= f(u). (2.15)

The simplest method is the forward Euler method, where the value u(t+ ∆t) at the

next time step t + ∆t is estimated from the value u(t) at the present time step t,

starting from the initial condition u(0).

u(t+ ∆t) = u(t) + f(u)∆t. (2.16)

The systems of ODEs we are interested in are usually stiff, i.e., some variables

fluctuate on vastly different time scales [Cooper et al., 2015]. As can be seen in the

constituent currents of an action potential in Figure 2.2, the sodium current INa has

fast kinetics while the potassium current IKs has slower kinetics. Smaller step sizes are

required to resolve the faster kinetics, but it will be inefficient for the slower kinetics.

These problems are better solved by implicit numerical methods as they generally have

a larger stability region. The backward differentiation method (an implicit multistep

method), combined with Newton’s method, is used to solve the systems of ODEs in

this thesis. This is implemented via the software package CVODE [Hindmarsh et al.,

2005] using a Python interface Myokit [Clerx et al., 2016], which is developed for

cardiac electrophysiology systems. Throughout the thesis, the absolute tolerance and

the relative tolerance are set to 10−7 and 10−8, respectively, unless stated otherwise.

A summary of the computational details for all coding implementations of this thesis

is provided in Appendix A.
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2.3.3 Inverse problem

The mathematical models described in Section 2.2 can be simulated with a range of

parameter values, resulting in many possible model outputs. What we wish to find

are the specific parameter values where the corresponding simulated model output

“best matches” the experimental observation in a well-defined sense. This problem

of searching for the optimal parameter values that best describe the observed data is

usually termed the inverse problem, model calibration, or model training.

We first formulate the problem. We have a mathematical model f(θ) with model

parameters θ that describes the time-varying potential across the cell membrane of the

cardiomyocyte (Section 2.2). We perform patch-clamp experiments on ion channels

and obtain the experimental data Y in the form of a current trace (Section 2.3.1). In

an ideal case, the mathematical model would match the observed data exactly, giving

Y = f(θ). However, experimental data are noisy, so we assume the data Yi can be

approximated as

Yi ≈ yi = fi(θ) + εi, (2.17)

where i indexes the data point (and typically indexes time in this thesis), εi refers to

the noise at each data point, and yi is the simulated model output, i.e., the simulated

voltage or current. In this thesis, we assume the noise follows a normal distribution

with zero mean.

One way to solve the inverse problem is by the ordinary least squares method. The

aim is to minimise the difference between the observed data Y and model simulation

f(·). The optimal parameter vector θ̂ can be found by searching for parameter values

θ within a parameter space Θ that minimises the noise

θ̂ = arg min
θ∈Θ

∑
i

ε2i = arg min
θ∈Θ

∑
i

(Yi − fi)2 (2.18)

Alternatively, we can define the objective function as a likelihood function

θ̂ = arg max
θ∈Θ

∏
i

Li (θ|Yi) , (2.19)

where L is the likelihood of the parameter θ given the observed data. With a likeli-

hood function, we want to maximise the likelihood as a function of the parameters θ

given that we have observed a particular data set Y . This is the maximum likelihood

estimate. In formulating the objective function, we assume the noise is independent

and identically distributed (i.i.d.). If the noise is further assumed to be Gaussian
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N (0, σ2) with zero mean and σ standard deviation, the likelihood function is given

by the product of the probability density function evaluated at each data point, i.e.,

L (θ|Y ) = p (Y |θ) =
N∏
i=1

N (Yi|fi, σ2) (2.20)

=
N∏
i=1

1√
2πσ2

exp

(
−(Yi − fi)2

2σ2

)
(2.21)

=
1

(2πσ2)N/2
exp

(
−
∑N

i=1 (Yi − fi)2

2σ2

)
. (2.22)

When the noise is assumed to be Gaussian with zero mean and the standard deviation

is assumed to be known, the maximum likelihood estimation and the ordinary least

squares are equivalent, yielding the same optimised parameter θ̂. These problems,

formulated as minimisation and maximisation problems with objective functions as

cost function and likelihood function, respectively, are commonly known as optimisa-

tion problems.

2.3.4 Computational methods for the optimisation problem

Suppose we have an inverse problem with an objective function g(θ) to be optimised

for an optimal parameter θ̂. This problem is commonly solved by taking the deriva-

tive of the objective function to be zero, i.e., ∇g(θ) = 0 and solving the resultant

equations. However, there is usually no closed-form solution to the equations given

the objective function g of our problem. Again, we need numerical methods to search

for the optimum.

As with all methods of optimisation, the challenge is to find the global optimum in

the possible presence of multiple local optima. A global optimum is where θ̂ gives the

optimum of the objective function for all parameter values in the parameter space,

whereas a local optimum satisfies the objective function only around the optimised

parameter, that is

g(θ̂) ≤ g(θ) for all θ ∈ Θ near θ̂. (2.23)

The main approaches to solving the optimisation problem numerically are gradient-

based methods and derivative-free methods. One of the gradient-based methods is the

gradient descent method. The optimum is achieved by moving along or against the

gradient (for maximisation and minimisation, respectively) of the objective function

θn+1 = θn − η∇g(θn), (2.24)
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where η is the learning rate, a hyperparameter that controls the step size taken in

the direction of the gradient. The method is initiated from a random point in the

parameter space and repeated until the improvement in the objective value between

iterations is below a certain predetermined threshold, i.e. when the gradient gets

sufficiently close to zero. The derivatives provide the direction of the local optima,

whereas the second derivatives indicate the curvature around the point, providing

information on the rate of change of the slope. Newton’s method utilises this to

adapt the step size for a faster convergence rate, assuming the objective function is

twice differentiable, giving

θn+1 = θn − [Hg(θn)]−1∇g(θn), (2.25)

where Hg is the Hessian matrix of the objective function g. The Newton’s method is

computationally more expensive than the gradient descent method. There are many

other gradient-based methods developed to improve the convergence rate and avoid

evaluations of the Hessian matrix. For a more detailed explanation on gradient-based

methods, see e.g. [Stein, 2024, Boyd and Vandenberghe, 2014, Martins and Ning,

2022].

Gradient-based methods assume the optimisation problems are continuous and

smooth, at least around the optimum. However, the derivatives of our objective

function do not always exist, nor can they be accurately approximated. There is a

range of derivative-free methods to solve the optimisation problem without using the

gradients, such as genetic algorithms, generalised pattern search, and many more.

Methods that are more suitable for our problem are evolutionary algorithms, which

are inspired by the principles of natural selection. These are widely used in cardiac

modelling. The algorithm is initiated with a population of points. All these points

are updated at each iteration, which allows a global search for the optimum. At

each iteration, a subset of the current population that has better objective values

is chosen as the parent set. At the next iteration, parameter vectors within the

population with the best objective values are retained, while changes, chosen from a

set of operators, are made to the others. These operators include crossover, where

two parent vectors are combined, and mutation, where a small change is made to

some elements of the parameter vector. There are great flexibilities on the choice

of operators, leading to many variations of the evolutionary algorithm. Evolutionary

algorithms are heuristic algorithms, which means they do not have a stopping criterion

that guarantees optimality of the algorithm, i.e., it is not expected for the algorithms

to achieve the global optimum, but only provides solutions near the optimum. For
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a more detailed explanation on derivative-free methods and evolutionary algorithms,

see e.g. Audet and Hare [2017], Conn et al. [2009], Martins and Ning [2022], Simon

[2013].

The evolutionary algorithm that has proved to be most useful for our problems is

the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) by Hansen et al.

[2003]. Rather than performing the operators on the population of points at each

iteration, the CMA-ES generates offspring by sampling from the search distribution.

Moreover, this search distribution is updated by approximating the objective function

space with a multivariate Gaussian distribution. This algorithm is implemented using

PINTS, a Python package developed within our group to provide easy use of many

optimisation and sampling methods [Clerx et al., 2019].

2.4 Pharmaceutical Cardiac Safety Testing

While cardiac models have been used to gain insights into the mechanism or working

of the cardiomyocytes, cardiac models are also now increasingly used in clinical and

drug safety testing, specifically predicting the side effects of drugs on the heart [Davies

et al., 2016, Mirams, 2022, Bifulco et al., 2021, Corrado et al., 2021, Hill et al., 2016],

shifting the focus from qualitative to quantitative predictions. This motivates the

work presented in this thesis.

2.4.1 Arrhythmia

Irregularities in heart rate are called arrhythmias. Arrhythmias may indicate a dis-

ruption to the healthy functioning of the heart and, if severe, may lead to sudden

cardiac death [Zipes and Wellens, 1998]. Arrhythmias can be caused by drugs that

affect ion channel function, whether intended or unintended.

For patients, anti-arrhythmic drugs can regulate the function of ion channels,

restore the action potential, and restore the heart rhythm to its regular rate. However,

they may also be pro-arrhythmic [Nattel and Carlsson, 2006]. Drugs with usage

unrelated to the heart or cardiac cells can also cause serious and harmful reactions

(adverse drug effects) on cardiac cells [Nattel and Carlsson, 2006]. For example,

some antipsychotic drugs can cause Torsade de Pointes (TdP), a type of arrhythmia

beginning from the ventricles [Glassman and Bigger, 2001]. TdP is considered to

be initiated by focal activities arising from early afterdepolarisations (EADs), where

the membrane potential depolarises before it fully repolarises [El-Sherif et al., 1996].

When these EADs occur across cells in the ventricular subendocardium with a spatial
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dispersion of repolarisation, it creates a highly vulnerable environment that could

trigger the onset of TdP [Dunnink et al., 2016]. Once the initial irregular beats are

triggered, the continuation of the TdP is induced by the reentrant excitation [El-

Sherif et al., 1997, Rivaud et al., 2021] or continuous focal activities [Vandersickel

et al., 2016].

At the cellular level, the prolongation of AP creates opportunities for EADs.

When the prolonged AP duration occurs in a sufficient proportion of the ventricular

myocardium, it leads to delayed ventricular repolarisation and is reflected as QT

prolongation. Therefore, the prolongation of AP duration and the prolongation of

the QT interval are used as predictors for a drug to cause TdP. This is reflected in

the drug safety guidelines through the Thorough QT/QTc study [ICH E14, 2005].

2.4.2 Safety guidelines

It is essential to have drug safety testing within the drug development pipeline to

predict potential risks before conducting human trials. To prevent drugs that may

induce life-threatening cardiac arrhythmias from being in the market for human use,

the International Conference on Harmonisation (ICH) introduced the S7B guidelines

[ICH S7B, 2005] for nonclinical assessment and E14 guidelines for clinical assessments

[ICH E14, 2005]. The ICH S7B guidelines [ICH S7B, 2005] suggest in vivo QT study

and in vitro screening for blockage in the human Ether-à-go-go-Related Gene (hERG)

channel (the alpha subunit of the potassium ion channel for IKr), which are currently

standard procedures for testing of new drugs. This potassium ion current IKr of the

hERG channel is responsible for the repolarisation of the action potential (Section 2.1)

and thus the blocking of this channel can delay the repolarisation, prolong the action

potential [Jurkiewicz and Sanguinetti, 1993] and increase the QT interval [Curran

et al., 1995].

2.4.3 The CiPA initiative

However, the high false positive rate of this drug safety testing approach has prevented

the further development of potential drugs [Sager et al., 2014, Colatsky et al., 2016].

To address this issue, that is to improve the assessment of a drug’s proarrhythmia

risk in the early drug development process, the Comprehensive in vitro Proarrhyth-

mia Assay (CiPA) initiative has been proposed by a committee consisting of the

U.S. Food and Drug Administration (FDA), the Health and Environment Sciences

Institute (HESI), the Japan National Institute of Health Science (NIHS), and others
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[Sager et al., 2014]. The CiPA committee identified four pillars: in vitro assessment

on multiple ionic currents, in silico risk prediction, in vivo ECG biomarkers, and

the use of human stem cell-derived cardiomyocytes [Sager et al., 2014, Fermini et al.,

2015]. Towards this aim, the CiPA committee compiled a dataset of drugs [Colatsky

et al., 2016], in each case providing their risk categories. This dataset comprises 28

drug compounds, categorised into high, intermediate, and very low proarrhythmic

risk. These risk categories and the drug’s risk are determined by the opinion of expe-

rienced professionals and published data. This dataset enables the training, testing,

and validation of in silico models in development. Later, an in silico electrophys-

iological model, coupled with a risk metric, was developed and validated, showing

good prediction performance [Strauss et al., 2019]. This will be described in detail in

Section 2.5.5. The CiPA committee further published a list of general principles to

evaluate and validate risk prediction models [Li et al., 2020].

More recently, Questions and Answers (Q&As) to the S7B and E14 guidelines

[ICH E14/S7B Q&A, 2022] have been published to provide updates to the safety

guidelines. Even though the guidelines are still heavily focused on the inhibition of

the hERG and in vivo QT studies, proarrhythmic risk prediction models, including

in silico models, can be included in the integrated risk assessment.

The main focus of this thesis is on these in silico risk prediction models. Updates

on the work by CiPA regarding the other pillars are not discussed here. Interested

readers can look in Colatsky et al. [2016], Strauss et al. [2019], Li et al. [2020] for the

progress of the CiPA initiative under the other pillars.

2.4.4 Other efforts towards improving proarrhythmic risk
prediction

Outside of the CiPA committee, lots of effort has been put towards improving com-

putational models of cardiac electrophysiology, and proarrhythmic risk prediction

[Trayanova et al., 2024, Moreno and Silva, 2023, Mirams, 2022, Niederer et al., 2019].

Various research has been performed across different aspects, including computational

model of ion channels, myocytes [Krogh-Madsen et al., 2017, Tomek et al., 2019] and

the heart [Sahli-Costabal et al., 2020], the proarrhythmic risk metric and the design

of experiments for information-rich data. The advancement in ion channel models is

not limited to the hERG channel. It involves other ion channels such as the sodium

channel [Moreno et al., 2016]. Clark et al. [2022] designed a voltage-clamp protocol

to identify ion channel-specific kinetics and provides alternative perspective to the

proarrhythmic risk prediction.
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In addition to the use of APD90 as a proarrhythmic risk predictor, other metrics

have been developed. This includes the qNet (the net charge during an action po-

tential) [Dutta et al., 2017], the morphology of the action potential [Lee et al., 2023],

the electromechanical window [Passini et al., 2019], the axis of arrhythmia [Heitmann

et al., 2025] and others. The population of models approach [Passini et al., 2017] in-

corporates the variability of the population as a range of parameter sets and predicts

the variability in drug response of the population.

2.5 Drug binding of the hERG channel

Drug effects on the hERG channel remain as the main predictor of the arrhythmic

risk of drugs in the drug safety guidelines. Although it is recognised that drugs

may affect multiple ion channels, which may compensate for the effect on single ion

channels [Martin et al., 2004, Mirams et al., 2011], the focus of much research is still

the hERG channel as it is highly susceptible to drug compounds [Vandenberg et al.,

2012].

2.5.1 The hERG channel

The KV11.1 channel is a voltage-gated ion channel with permeability for potassium

ions that conducts the rapid delayed rectifier current IKr. The pore-forming subunit

of the channel is encoded by the human Ether-à-go-go Related Gene (hERG) [San-

guinetti et al., 1995]. Throughout this thesis, we will refer to the KV11.1 channel as

the hERG channel.

The transmembrane protein of the hERG channel consists of four identical alpha

subunits, each containing six transmembrane segments (S1-S6) [Wang and MacKin-

non, 2017]. Within each subunit, the S1-S4 segments form the voltage sensor domain,

while the S5-S6 segments contribute to the central pore domain. The complete chan-

nel has four voltage sensor domain (one from each subunit) surrounding a single,

central pore domain formed by the S5-S6 segments of all four subunits. Figure 2.4A

shows the structure of an open hERG channel by Wang and MacKinnon [2017]. Fig-

ure 2.4B shows a schematic of the hERG channel. The ‘central cavity’ between all

subunits is the central ion conduction pathway. There are two isoforms of the hERG

channel, i.e., hERG 1a and hERG 1b isoforms. It is suggested that the hERG channels

in human tissue are mainly 1a/1b heterotetramers [Jones et al., 2004]. The hERG

1a isoform and hERG1a/1b heterotetramers have different gating kinetics and drug
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Figure 2.4: The hERG channel and its gating mechanism. (A) A cryo-EM
structure of an open hERG channel with each subunit coloured differently. Created
from the PDB file 5VA1 [Wang and MacKinnon, 2017]. (B) A schematic of the hERG
channel lining the cell membrane. Based on Zünkler [2006]. (C) A schematic of the
gating mechanism of the hERG channel. The black dots represent potassium ions.
Based on Vandenberg et al. [2012].
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sensitivity. The description of the hERG channel in this section will be based on the

hERG1a isoform.

There are three conformational states of the hERG channel controlling its con-

duction pathway, i.e., open, closed, and inactivated states. A schematic of the hERG

channel’s conformation state is shown in Figure 2.4C. The opening and inactivation

of the channel are voltage-dependent, with the inactivation process occurring much

faster than the activation process. This plays a role in sustaining the plateau phase of

the ventricular AP. Early in the AP during the depolarisation phase, hERG channels

transition from the closed to the open state slowly, preventing a large efflux of potas-

sium ions. The activation is followed by a rapid inactivation process, that occurs

much faster than the activation. Therefore, at the plateau phase, most hERG chan-

nels are in the inactivated state, allowing a low potassium efflux. This contributes to

the sustained plateau duration. At the repolarisation phase, hERG channels recover

rapidly from inactivation as the membrane potential becomes more negative. The

outward K+ current actively drives the membrane potential back towards its resting

state.

For a more detailed description of the hERG channel, see e.g. Vandenberg et al.

[2012, 2017], Mitcheson et al. [2000a].

2.5.2 Mathematical models of hERG channel gating

With increasing understanding of the gating mechanism of the hERG channel and

advancement in computational power, the mathematical models of the hERG channel

have evolved accordingly (see Supplementary of Beattie et al. [2018] for a list of hERG

channel models). The earliest model for the potassium current in cardiomyocytes is

by Noble and Tsien [1969], but the different components of the potassium current

were not identified. The simplest Hodgkin-Huxley formulation of the IKr consists of

an activation gate and an inactivation gate, which is used in the ten Tusscher cell

model [ten Tusscher et al., 2004, ten Tusscher and Panfilov, 2006]. The hERG channel

of the O’Hara-Rudy cell model [O’Hara et al., 2011] has a structure that is modified

from the classic Hodgkin-Huxley formulation to have a fast and a slow component of

the activation gate, and also introduced a fast inactivation gate.

One of the earliest Markov formulations of the hERG channel was proposed by

Wang et al. [1997a]. The authors claimed that three closed states were required to

reproduce the kinetics of the channel, which is not possible using the Hodgkin-Huxley

formulation. In the Wang et al. [1997a] model, hERG channels move through three

closed states, before entering an open state, and with the possibility to enter an
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inactivated state from the open state. Kiehn et al. [1999] further extended the Wang

et al. [1997a] model to include a transition between the inactivated state and the

“pre-open” closed state. It was speculated that the channels enter the inactivated

states directly from the closed state, then rapidly recover from the inactivated state

to produce bursts of opening of the channel because no current was detected before

the recovery from inactivation. The direct transition from closed to inactivated state

was also required to capture the transient peak during depolarisation. However,

a comparison between competing hERG channel models suggested that the closed-

inactivated transition is not required to reproduce the experimental data [Bett et al.,

2011]. There are many other hERG channel models not described here. The various

hERG channel models can be broadly categorised into seven model structures (see

Supplementary of Beattie et al. [2018]). Given the diversity of the model structures

describing the gating mechanism of the hERG channel, each parameterised to have

different gating kinetics, each model will produce different predictions. Mangold

et al. [2021] shows a study identifying the structure of the ion channel, reflecting

the difficulty of the problem. It will be further discussed in Section 2.6 on how the

mathematical models are assessed for their credibility.

2.5.3 Drug-binding mechanisms

The hERG channel is highly susceptible to inhibition by drugs, and as mentioned

above, IKr is responsible for the repolarisation of the action potential and thus in-

hibition of IKr will prolong the action potential duration and increase the potential

for arrhythmia. The main binding site of the hERG channel lies within its inner

cavity, with the activation gate covering the entry [Mitcheson et al., 2000a]. There-

fore, the hERG channels have to open for drug compounds to enter the binding site

[Kiehn et al., 1996]. It is suggested that the hydrophobic pouches at the side of the

inner cavity of the hERG channel [Wang and MacKinnon, 2017] increase the size

of the pore cavity and allows the accommodation of larger-sized drugs, potentially

explaining the high susceptibility of the hERG channel to so many drug compounds

[Vandenberg et al., 2017]. Additionally, the residues Y652 and F656 on the S6 helices

facing the inner cavity interact with a wide range of drug compounds, leading to the

high susceptibility of the hERG channel [Mitcheson et al., 2000a].

The modulated receptor hypothesis states that the association and dissociation

rate of drugs within the channel are regulated by the states of the channel, i.e., each

state has its own characteristic rate independent of other rates [Hondeghem, 1987].

The association rate refers to the rate at which the drug compound binds to the
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channel and forms a complex, while the dissociation rate refers to the rate at which the

drug compound unbinds from the channel and the drug/channel complex separates.

The binding rate of drugs when the channel is inactivated may not be the same as

when it is open. Early results show that dofetilide (a hERG channel blocker) has

reduced affinity during strong depolarisation, when channels are inactivated [Kiehn

et al., 1996, Snyders and Chaudhary, 1996]. Later, similar behaviour is shown in

other drugs, where the affinity of drugs, including dofetilide, is altered when the

inactivation of the channels are impaired through mutations [Ficker et al., 1998,

Wang et al., 1997b, Lees-Miller et al., 2000], indicating that the inactivated state

plays a role in the binding of drugs. The inactivated state is indeed the preferential

conformation state of the channel for the binding of some drugs [Perrin et al., 2008].

One hypothesis for such a preference is that the access to the binding site is favourable

at the inactivated state [Chen et al., 2002].

In addition to the state-dependence of the drug-binding of the hERG channel,

drugs can also be trapped within the hERG channel [Carmeliet, 1993, Kamiya et al.,

2006, Mitcheson et al., 2000b, Stork et al., 2007, Windisch et al., 2011], indicated by a

slow recovery from block. The dissociation of drugs from the channel can occur in two

phases: a rapid phase, where drugs unbind from the open channel, and a slow phase,

where drugs remain within the channel after the closure of the activation gate during

repolarisation. This slow phase can be seen as drug-trapping. The other possible

mechanism of drug-trapping is the foot-in-a-door mechanism, where drugs prevent

the closure of the activation gate and delay the deactivation process [González et al.,

2002, Armstrong, 1971]. The trapping of drugs within the channels may accumulate

when drug compounds bound to the channel remain within the channel, and more

drug compounds bind to the channels at repetitive activation. This is also termed

use-dependent block to indicate the dependence of the effect of block on the rate of

successive activations [Vandenberg et al., 2012].

2.5.4 Drug-binding models

As discussed in Section 2.4, drugs undergo safety testing to assess their potential to

inhibit the hERG channel because of its association with proarrhythmic risk. We can

utilise the modelling techniques discussed in Section 2.2 to capture the drug-binding

mechanism into mathematical models and predict the proarrhythmic risk of drugs.

Many have used ligand-based approaches, such as quantitative structure-activity

relationship (QSAR) models and statistical classification models, to identify struc-

tural features that correlate with drug block [Kalyaanamoorthy and Barakat, 2018]
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and identify drugs that will inhibit IKr. A challenge for this approach is the lack of a

complete understanding of the binding mechanism [Kalyaanamoorthy and Barakat,

2018]. The recent publication of the structure of the drug-channel complex [Asai

et al., 2021, Miyashita et al., 2024] may provide insights into the binding modes of

the hERG channel. Moreover, these approaches focus on the binding ability of drug

compounds to the channel, and not their translated effect to QT prolongation or

arrhythmic risk.

The action potential models described in Section 2.2 can be used to address this

gap [Mirams et al., 2011]. Various modifications can be made to the ionic current

component of the AP model (Section 2.5.2) to incorporate the effect of drug block

and replicate some arrhythmic risk markers, such as the action potential duration,

the TRIaD indicator [Hondeghem, 2006], and the axis of arrhythmia [Heitmann et al.,

2023]. The simplest approach to incorporate a drug-block into an AP model is by

reducing the ionic conductance of IKr (scaling the magnitude of the current). We

refer to this approach as the conductance scaling formulation. An example of the use

of the conductance scaling formulation is Davies et al. [2011]. This can be expressed

as a scaling factor in the ionic current equation (Equation 2.6)

Ij = ḡj · b ·O · δj, (2.26)

where b ∈ [0, 1] is the scaling factor. The intensity of the drug block can be derived

using principles of mass-action kinetics

R + nL
kon−−⇀↽−−
koff

RLn, (2.27)

where R is the channel receptor (binding site of the channel), L is the ligand (drug

molecules), n is the number of drug molecules, and kon and koff are association and

dissociation rates, respectively. It is assumed that the drug molecules and the channel

receptor are uniformly distributed and constantly available. The proportion of drug-

free channels (no drugs bound to the channel) b = [R]/([R] + [RLn]), where square

brackets denote concentrations, follows the equation

db

dt
= −konb[L]n + koff(1− b). (2.28)

We then have the steady state b∞ when
db

dt
= 0 as

b∞ =
[IC50]n

[L]n + [IC50]n
, (2.29)
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Figure 2.5: Visualisation of drug-binding mechanism into Markov struc-
tures. A simple ‘closed-open-inactivated’ formulation is used as example for the ion-
channel formulation to demonstrate the various aspects of the drug-binding mecha-
nism. The asterisks indicate drug-bound states. Figure adapted from [Mirams, 2022].

where [IC50]n = koff/kon with [IC50] being the concentration when the inhibitory effect

is 50%. This equation yields the Hill equation, with n being the Hill coefficient [Hill,

1910]. This equation gives the scaling factor or response of a drug to the current given

a drug concentration. The IC50 and Hill coefficient n may be estimated from patch-

clamp experiments by measuring the percentage of current inhibition from the control

condition for several concentrations and fitting to the Hill equation. The estimated

Hill coefficient n is usually a non-integer, even though it should be an integer based

on the derivation, as it counts the number of drug molecules that bind to the channel.

However, the uncertainty around the value is large. Some may assume n to be 1 to

minimise the uncertainty.

The binding mechanism of drugs to the hERG channel is more complex than

simply scaling the ionic conductance. Some aspects of the drug-binding mechanism,

such as state-dependency and drug trapping (discussed in Section 2.5.3), are not

considered in the conductance scaling formulation. We can use extensions to the

Markov structure of an ion channel (Equation 2.11) to visualise the modelling of

these complex drug-binding processes. We know that drug compounds can bind to

the open state of a channel. In the Markov structure, we can add an additional

state, for example a drug-bound state (O*), that transitions from the open state (O)

(Figure 2.5A). The transition rate into the drug-bound state is termed the association

rate kon, and the transition rate back to the open state (unbinding rate) is termed

the dissociation rate koff .
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Following the modulated receptor hypothesis, the state-dependency of the drug-

binding can be modelled by having a different kon for each state of the channel. A

stronger assumption to the modulated receptor hypothesis is the guarded receptor

hypothesis, where drugs bind only to a single state of the channel and the association

rates kon to the other states are zero [Starmer et al., 1984]. Examples of this are shown

in Figures 2.5A and B, where drugs only bind to either an open state or an inactivated

state, respectively. The guarded receptor hypothesis has been shown to replicate the

use-dependency of drug block [Starmer et al., 1984]. This aligns well with the relation

between the foot-in-a-door drug-trapping mechanism and the use-dependent block.

This formulation can be viewed as the drug-bound state being unable to transition

to other conformational states, which translates to the prevention of closure of the

activation gate of the foot-in-a-door drug-trapping. These hypotheses introduce pa-

rameters and options to various model structures, thus increasing the difficulty in

identifying the various rates and distinguishing between the binding modes. A poten-

tial approach is to carefully design voltage-clamp protocols to infer the ion channel

kinetics and the state preference of drug binding [Jennings et al., 2024, Lee et al.,

2019, Gomis-Tena et al., 2020, Escobar et al., 2022]. Some examples of incorporating

state dependence in the drug-binding models are Jennings et al. [2024], Lee et al.

[2016] As discussed in Section 2.5.1, the conformational states of the hERG channel

are voltage-dependent, which allows the design of voltage-clamp protocols to identify

the state preference of drug binding. However, this dependency coincides with the

voltage-dependency of drug binding, making it difficult to differentiate between the

two. Therefore, the state dependency and voltage dependency are frequently used to

mean the same thing.

Another aspect of the drug-binding mechanism to take into consideration is drug-

trapping. Unlike the foot-in-a-door drug-trapping, drug compounds that fit into the

inner cavity of the channel leave the movement of the activation gate unaffected,

therefore allowing conformational changes of the channel even in the presence of

drugs. This can be translated to the Markov structure as transitions between the

drug-bound states, and keeping the transition rates the same as those of the drug-

free channel (Figure 2.5C). While drug-trapping of smaller molecules does not alter

the conformational changes of the channel, larger compounds can prevent certain

conformational changes of the channel. Furthermore, drugs can have an impact on

the channel gating (see e.g., Balser et al. [1996], Huang et al. [2021], Zhou et al.

[2011]). In Markov structures, this is reflected as different transition rates between
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the conformational changes in drug-free channels and drug-bound channels. Some

examples include Di Veroli et al. [2014], Gomis-Tena et al. [2020].

The conductance scaling formulation can also be visualised with a Markov dia-

gram, as having a mirror image to the hERG channel model structure, as it does

not interfere with the conformational changes of the ion channel when the drug is

bound, with the kon and koff rates transitioning from the states of the channel to

their corresponding drug-bound states (Figure 2.5D).

In addition to the modification to the Markov structure to reproduce the different

aspects of the drug-binding mechanism, there are other factors affecting the transition

rates, such as temperature and pH values. Temperature affects the channel behaviour

[Zhou et al., 1998, Vandenberg et al., 2006, Lei et al., 2019a] and the binding kinetics

(kon and koff) [Kirsch et al., 2004, Yao et al., 2005, Windley et al., 2016, Lo and Kuo,

2019]. These effects can be incorporated by changing the transition rates among the

channel states [Li et al., 2016, Lei et al., 2019a] and the binding kinetics based on

temperature. The pH value has also been shown to change the channel behaviour

and its binding kinetics [Grant et al., 1980, Du et al., 2011, Wang et al., 2016], which

can also be accommodated by adjusting the binding kinetics accordingly.

Finally, a note on the interaction of multiple drug compounds on a single channel.

In settings of more than two types of drug compounds, the inhibition effect may be

enhanced or reduced. An example of reduced inhibition effect is shown in Clarkson

and Hondeghem [1985]. Due to competitive displacement between the drugs at the

channel, it is unlikely for the drug-drug interaction to be modelled by the simple ad-

ditivity model, where the combined effect is a summation of percentage block with a

limit of 100%. The other models are the Bliss independence model and the Loewe ad-

ditivity model. The Bliss independence model [Bliss, 1939] assumes the drug-binding

process is independent and no competition for binding sites. This is implemented

by the summation of percentage blocks and removing the double-counted interaction

between the drugs. Similar to the Bliss independence model, the Loewe additivity

model also assumes the drugs do not interact, but compete for the same binding site.

These drug-drug interaction models are discussed in detail in [Wísniowska and Polak,

2016]. These models require further verification with experimental observations.

Similar to the mathematical model of the hERG channel, due to the difficulty

in identifying the model structure that captures the drug-binding mechanism, there

are many proposed models in the literature, with a combination of the formulations

described above. Lei et al. [2024] compared 13 models of the drug-binding mechanism

and showed large uncertainty in model output, leading to different risk predictions for
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some of the drugs. We will discuss in Section 2.6 methods to evaluate the uncertainty

and assess the credibility of the model outputs. For more details on the modelling of

drug action, see e.g. Mirams [2022], Brennan et al. [2009], Mirams et al. [2012].

2.5.5 Example of a drug-binding model

Figure 2.6: The Markov structure of the SD drug-binding formulation (blue
and red) [Li et al., 2017b] extended from the Li hERG-channel model in
black [Li et al., 2016]. The blue and red parts refer to the binding and the trapping
components, respectively.

Here we show an example of how all of the approaches (Section 2.5.4) can come

together to give a formulation for drug-binding, and also how variability in these

drug-binding models can arise. The drug-binding formulation by Li et al. [2017b]

is taken as an example and is the main drug-binding formulation used throughout

this thesis, and so we explain the model below in some detail. We refer to this drug-

binding formulation as the state-dependent (SD) drug-binding formulation. Figure 2.6

shows a Markov diagram of the SD formulation in blue and red. The SD formulation is

extended from the Li hERG-channel model [Li et al., 2016] (black parts of Figure 2.6),

a choice made by the authors. Other structures of the hERG-channel model are

possible.

The Li hERG-channel model is formulated with two inactivated-closed states (IC1

and IC2), two closed states (C1 and C2), an inactivated-open state (IO), and an open

state (O). The SD formulation incorporates state-dependency and drug-trapping,

visualised as the blue and red parts of Figure 2.6, respectively. The state-dependency

of drug-binding arises from the binding of drugs to the open and the inactivated-

open states, visualised by the extension from the hERG-channel model (black parts

of Figure 2.6) to drug-bound states (indicated by asterisks) only from the O and

the IO states. This binding component is indicated by the blue parts of Figure 2.6.

Once the channel enters these two states, closure of the channel is allowed, reflecting
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drug-trapping, where conformational changes of drug-bound channels are possible.

At the closure of drug-bound channels, the channel enters the trapped state (C*).

This trapping component is indicated by the red parts of Figure 2.6.

The transition rates among the drug-bound states are the binding rate (Kb),

the unbinding rate (Ku), the trapping rate (Kt), the untrapping rate (Kn) and the

microscopic reversibility rate (Kr). The transition rates are defined as follows

Kb = Ku ×Kmax ×
Dn

Dn + ECn
50

, (2.30)

Kn = Kt ×
1

1 + e−(V−Vhalf−trap)/6.789
, (2.31)

Kt = 3.5× 10−5, (2.32)

where Kmax is the maximum drug response on the binding rate, D is the drug con-

centration, n is the Hill coefficient, EC50 is the concentration at which half maximal

binding rate is achieved, and V is the membrane voltage. The SD drug-binding for-

mulation can be viewed as having a binding component and a trapping component.

The binding component includes the binding rate Kb, the unbinding rate Ku, and

the microscopic reversibility rate Kr, shown in blue in Figure 2.6. The trapping com-

ponent includes the trapping rate Kt and the untrapping rate Kn, shown in red in

Figure 2.6.

Drugs bind to the channel at a binding rate Kb that is dependent on drug con-

centration, following a sigmoidal function, as described in Equation 2.30. Note that

EC50 defined in the SD formulation is different from IC50 of the Hill equation in

Equation 2.29. The IC50 in the Hill equation refers to the inhibitory effect on the

current, while EC50 in the SD formulation refers to the inducing effect on the binding

rate. The drug-bound channel (in the O* and IO* states) can then close, trapping

the drug compound in it, at a trapping rate that is assumed by Li et al. [2017b] to

be a constant. This trapping rate is the same for any drug compound. The value

of the trapping rate Kt = 3.5 × 10−5 (Equation 2.32) is chosen by Li et al. [2017b],

out of five candidates: 1× 10−6, 2× 10−5, 3.5× 10−5, 5× 10−5 and 1× 10−4. The

criteria for choosing the optimal trapping rate Kt are determined by its fit to the

experimental data and the separation of drugs based on their trapping tendency, in-

dicated by the steady-state ratio between the O* and C* states at a resting potential

of −80 mV [Li et al., 2017b]. Drug compounds then exit the trapped state (C*) at

an untrapping rate Kn that is voltage-dependent and follows Equation 5.2. The term
1

1+e
−(V−Vhalf−trap)/6.789 is taken from the steady-state activation function for IKr in the

O’Hara-Rudy model [O’Hara et al., 2011], but with Vhalf−trap replacing a constant
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−8.337 in the original equation. The untrapping rate Kn can also be viewed as the

opening or activation of the channel when drugs are bound within it, potentially ex-

plaining the choice of the activation gate for the untrapping rate. To differentiate

between trapped and nontrapped drugs, trapped drugs have a slower transition rate

to get out of the trapped state than nontrapped drugs, thus staying in the trapped

state longer. Finally, this formulation has to satisfy microscopic reversibility, and

that is chosen by Li et al. [2017b] to be enforced through the unbinding rate from

IO* to IO (Kr).

As demonstrated by the SD formulation, there are numerous choices available

for the structure of the drug-binding formulation and the definition of the transition

rates, resulting in a variety of mathematical formulations that describe drug binding

to ion channels. However, since the SD formulation is so influential, its detailed study

will be the primary focus of this thesis.

2.6 Credibility assessment of models: parameter

identifiability, sensitivity, and uncertainty

Considering models of the action potential of cardiomyocytes, the ionic currents of

the hERG channel, and the drug-binding to the hERG channel across the three levels,

we can develop a mathematical model to describe the effect of drugs on the action

potential and further predict the risk of drugs in causing arrhythmia. However, due

to the difficulty in capturing the physiological detail at every level, there are many

diverse models describing the physiology at each level. This leads to large variability

in the model outputs. Specific to our interest is the reliability of the prediction of

proarrhythmic risk. It may have serious consequences if the predictions are unreliable

or not robust to changes.

While we are able to develop a mathematical model that describes the action po-

tential of cardiomyocytes with details up to the action of drugs on ion channels, all

such models are still a simplified representation of the biological system. For exam-

ple, at the action potential level, the action potential is approximated by a number

of (not all) constituent current components. At the ion channel level, the channel

behaviour is approximated by the ensemble average, giving the macroscopic current,

and thus simplifies the stochasticity of the channel to a deterministic model. At the

drug-binding level, most drug-binding processes are inferred based on experimental

outputs without direct information. Even for parameters that are measurable, the
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Figure 2.7: Sources of uncertainty and their influence on the output uncer-
tainty. The dotted arrows show the reverse influence of output uncertainty on struc-
tural uncertainty and input uncertainty through model calibration. Figure adapted
from [Mirams et al., 2016].

measurements are uncertain and vary randomly. For example, the concentration-

effect curve, used to infer IC50s and the Hill coefficients, has substantial variability

[Elkins et al., 2013]. We therefore have uncertainty in both the model equations and

the parameter values.

2.6.1 Sources of uncertainty in cardiac modelling

The variability and uncertainty in models of cardiac physiology are identified and

classified by Mirams et al. [2016]. Here, we adapt Mirams et al.’s approach slightly

to narrow down the focus on action potential models and their sublevel models. This

variability and uncertainty can be broadly classified into observational uncertainty

and residual variability. Observational uncertainty arises from experimental error

and the lack of knowledge or information, such as those mentioned above, while

residual variability refers to the variability between cells (extrinsic variability) and

the temporal variability within a single cell (intrinsic variability). For example, the

extrinsic variability in cell size leads to variability in cell capacitance, and intrinsic

variability from the stochasticity of the channel opening, which may propagate to

the beat-to-beat differences in action potential duration [Zaniboni et al., 2000]. Both

the observation uncertainty and residual variability contribute to uncertainties in the

model input, mainly the parameter uncertainty in our case, and the model equations,

which is termed structural uncertainty or model discrepancy. In practice, the models

are used outside of the conditions of calibration data, and the uncertainty surrounding
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Figure 2.8: A workflow for model evaluation. The model evaluation process is
iterative and may be repeated at any step. Figure adapted from [Braakman et al.,
2022].

this is the functional uncertainty. Finally, the numerical approximations in solving or

simulating the model contribute to the simulator uncertainty [Pathmanathan et al.,

2012]. All these uncertainties in the model input and the model structure will prop-

agate through the model simulations and lead to uncertainties in the model output,

which may affect the reliability of model predictions.

2.6.2 Model evaluation

The complexity and variability of the biological system make it impossible to develop

a model that represents the biological phenomena exactly. We usually address this

problem by approximating and simplifying certain aspects of the biological system;

thus, the mathematical model does not fully recapitulate the biological system. To

ensure that the predictions we make are reliable and robust, the models we design

have to be evaluated and assessed for their credibility, specifically whether the ques-

tion of interest is addressed, and if the predictions are trustworthy. The question of

interest may refer to the action potential or proarrhythmic risk for our problem. Given

that the cardiac electrophysiology models we are interested in are potentially used

in clinical settings, it is important for the models to be assessed for their credibility.

An evaluation framework is suggested to establish model credibility for mechanistic

systems models in the context of quantitative systems pharmacology (QSP) [Braak-

man et al., 2022], but also adaptable to cardiac models. The proposed framework

integrates sensitivity analysis and identifiability analysis into the verification, valida-

tion, and uncertainty quantification (VVUQ) framework that has been suggested to

evaluate the credibility of cardiac models [Pathmanathan and Gray, 2013].

Following the model evaluation phase proposed in Braakman et al. [2022], the first

step to evaluate a mathematical model is model verification, where the implementa-

tion and numerical simulation of the model are assessed to depict the mathemati-
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cal/conceptual description of the model accurately. This includes code verification,

which ensures the model implementation is free of bugs, and calculation verification

which tests whether the approximation of the numerical solution is sufficiently accu-

rate to the true solution of the model equations [Pathmanathan and Gray, 2014]. In

cardiac modelling, human error from encoding mathematical models of tens of equa-

tions and an order of magnitude more parameters can be minimised by using models

encoded in a universal language [Noble et al., 2012] and shared through a public

repository. Many cardiac models are now encoded with the CellML markup language

[Garny et al., 2008] and uploaded to the CellML repository [Yu et al., 2011] for easy

shareability. For calculation verification, the errors from numerical approximation are

well-studied and addressed in the numerical solver CVODE [Hindmarsh et al., 2005]

(as discussed in Section 2.3), which in this work is wrapped using the Myokit software

package [Clerx et al., 2016] for easy implementation in cardiac modelling settings.

After model verification, the proposed next step is to perform sensitivity analysis

on the model to determine the sensitivity of model output to perturbations in the

parameter values. Sensitivity analysis can provide a direction for designing future

experiments to achieve a more accurate estimation of influential parameters and re-

duce the number of free parameters either by setting a fixed value for or removing

non-influential parameters. Sensitivity analysis is the main topic of Chapters 3 and

4, and will be discussed in more detail in Section 2.6.3.

Parameter sensitivity is closely related to the next step of the model evaluation,

i.e., the identifiability analysis. A parameter is identifiable when, for a given obser-

vational data, there is a unique parameterisation of the model. [Wieland et al., 2021,

Preston et al., 2025]. A parameter is likely to be non-identifiable if the model output is

insensitive to changes in that parameter. The identifiability of the model parameters

is an important factor when considering the reliability of model predictions, especially

when the prediction outcome is dependent on the parameter value [Whittaker et al.,

2020, Heinrich et al., 2025a, Preston et al., 2025]. Parameter identifiability is also

essential for parameter estimation. Estimated parameter values of nonidentifiable pa-

rameters may be random [Raue et al., 2013] and do not reflect the model behaviour it

is intended to capture. Identifiability analysis can also be used in experimental design

to optimise data collection and provide insights for possible model reduction [Bellu

et al., 2007]. Parameter identifiability is the focus of Chapter 5, it will be discussed

in more detail in Section 2.6.3.

In the model evaluation framework, after establishing parameter sensitivity and

parameter identifiability, model calibration or parameter estimation is performed, as
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we have a theoretical guarantee that the parameters can be estimated. These can

be performed with methods mentioned in Section 2.3 to find the optimal parameter

values that best capture experimental observations.

After parameter estimation, the models can now reproduce the experimental data

used for calibration, and at least in a sense represent the biological system within

the space of the calibration dataset. The next step will be to validate (the validation

process of VVUQ) the model, i.e., to determine when the model is representative

of the biological system in terms of the intended use of the model [Pathmanathan

and Gray, 2013]. This allows us to rule out overfitting and evaluate the predictive

accuracy of the model. The intended use of the model is also referred to as context of

use. The validation is usually performed by comparing predictions of the calibrated

model with data that is not used in the calibration process, but is still relevant to

the context of use. However, cardiac models are usually developed to reproduce the

action potential , rather than having a specific context of use. Therefore, it is usually

validated indirectly by relying on other evidence, such as supporting evidence on the

model assumptions and formulations, and confidence from calibration results against

experimental data [Pathmanathan and Gray, 2018]. For example, the predictive

capability of ion channel models is evaluated by data collected from experiments with

multiple voltage-clamp protocols [Patten-Elliott et al., 2025].

The final step of the workflow is uncertainty quantification, to quantify the uncer-

tainties of the model prediction. In this process, the uncertainties to the model inputs

(discussed in Section 2.6.1) are characterised as probability distributions and propa-

gated to the model outputs [Pathmanathan and Gray, 2013]. One approach would

be to use Monte Carlo techniques, where samples are drawn from the probability

distribution of the parameters (which can be approximated by a normal distribution)

and simulations are performed to obtain a distribution of the model outputs. An

emulator, a statistical approximation of the model outputs given the model inputs,

can be used when the number of simulations using the Monte Carlo technique be-

comes impractical to perform. An example of uncertainty quantification for cardiac

electrophysiology models is [Pathmanathan et al., 2015] on sodium channels. On the

other hand, structural uncertainty is often difficult to address and has gained much

attention recently. Lei et al. [2020] demonstrates the difficulty in addressing model

discrepancy and presents an approach to address the uncertainty by adding a discrep-

ancy term in the calibration process, but notes that the additional parameters will

lead to identifiability issues. Shuttleworth et al. [2023], Lei et al. [2024] showed how
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structural uncertainty in ion-channel models and drug-binding models, respectively,

can affect model predictions.

This completes all steps of the model evaluation framework [Braakman et al.,

2022], adapted to our problem. The model evaluation process is iterative and could

be repeated several times, possibly not in full sequence, before arriving at the finalised

model. For example, model improvement or reduction performed based on the sen-

sitivity or identifiability analyses results would sometimes require a repeat of model

verification.

2.6.3 Parameter sensitivity and identifiability

Parameter identifiability determines whether the parameter can be estimated from

experimental data. When a parameter is unidentifiable, multiple or a range of param-

eter values can reproduce the same model output. There are commonly two notions

of identifiability: structural identifiability and practical identifiability. Following the

definition used in Wieland et al. [2021], structural identifiability refers to the property

of a model as having a unique parametrisation for any given model output when there

is an infinite amount of data with zero noise. Structural identifiability is a property

that solely depends on the model structure itself and determines whether a parameter

can be estimated at all. There are various approaches to assess structural identifia-

bility, such as the symmetries approach, which utilises Lie group theory [Yates et al.,

2009, Massonis and Villaverde, 2020], the power series expansion approach [Pohjan-

palo, 1978], and differential algebra [Ljung and Glad, 1994, Pia Saccomani et al.,

2003, Margaria et al., 2001], which are available as software packages [Bellu et al.,

2007, Ligon et al., 2017, Meshkat et al., 2014]. These methods are reviewed in Raue

et al. [2014], Chis et al. [2011].

While there is a clear definition for structural identifiability, there is no consensus

on the definition of practical identifiability [Whittaker et al., 2020, Heinrich et al.,

2025a]. In a broad sense, practical identifiability considers the identifiability of the

model under practical circumstances, where the data are limited and noisy [Wieland

et al., 2021, Heinrich et al., 2025a]. In Heinrich et al. [2025a], there are two branches

of practical identifiability: one uses sensitivity-based methods and the other uses

likelihood-based methods. However, Krivorotko et al. [2020], Miao et al. [2011] take

structural identifiability, sensitivity, and practical identifiability to be the three groups

of identifiability. Regardless of the categorisation of the parameter sensitivity within

the identifiability framework, we take parameter sensitivity to refer to the extent

to which changes in the parameter values affect the model output, following the
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definition in Heinrich et al. [2025a], Hamby [1994]. This is as opposed to practical

identifiability, which refers to the ability to infer parameters accurately as defined by

a particular measure of spread, e.g., a confidence interval. Following these definitions,

parameter sensitivity can be viewed as part of the ‘forward problem’, while practical

identifiability is part of the ‘inverse problem’.

The aim of a sensitivity analysis is usually to rank the parameters by the amount

of influence each has on the model output. The most common method of sensitivity

analysis is computing the sensitivity matrix, a matrix giving the change in the model

output given changes in the model input, then analysed by methods such as the rank

or linearity of the matrix [Heinrich et al., 2025a, Hamby, 1994, Krivorotko et al., 2020,

Miao et al., 2011] (examples in cardiac models [Fink and Noble, 2009, Sher et al.,

2013]). Sometimes it is not straightforward to compute the sensitivity matrix as it

is made up of derivatives. A simple approach to sensitivity analysis is by using fac-

torial design [Box et al., 1978, Hamby, 1994]. The factorial analysis is performed by

taking a number of samples of each parameter of interest, then simulating the model

output for all parameter combinations. These methods do not take into account the

interaction between parameters. Random sampling-based methods can address this

problem by generating a large set of model outputs from randomly sampled model

inputs, then computing the correlations between the model inputs and model outputs

[Hamby, 1994]. Correlation coefficients such as the partial correlation coefficient and

Pearson correlation coefficient are suitable for linear correlation between model inputs

and outputs, while rank transform-based measures such as the Spearman rank corre-

lation coefficient and partial rank correlation coefficient are better suited for nonlinear

but monotonic relationships between model inputs and outputs [Marino et al., 2008].

When the correlation relationship is nonlinear and non-monotonic, variance-based

methods may be more suitable. Variance-based methods suggest segmenting the dis-

tribution of model inputs and determining their contribution to the variance of the

model outputs. Some of the common methods are the Sobol’ indices, the Fourier am-

plitude sensitivity test (FAST), and the extended FAST [Saltelli et al., 1999, Marino

et al., 2008]. Examples of sensitivity analysis performed on cardiac electrophysiology

models are Sher et al. [2013], Huberts et al. [2013b,a], Sarkar et al. [2012].

Parameters that have minimal influence on the model output will likely not be

identifiable. Practical identifiability analysis assesses whether a parameter can be esti-

mated with sufficient accuracy when the calibration data is noisy and contains missing

data points. Practical identifiability analysis can provide insights into whether the

model output contains sufficient information to estimate the true parameter value

38



[Heinrich et al., 2025a]. Methods to analyse practical identifiability of parameters

are mainly profile likelihood [Raue et al., 2009, Kreutz et al., 2013, Wieland et al.,

2021] and MCMC sampling, where the posterior distribution is used to inform prac-

tical identifiability (see e.g. Hines et al. [2014], Gallaher et al. [2018]). The profile

likelihood is usually performed with a single parameter at a time. If a parameter

is identifiable, the profile likelihood will have a maximum value close to the true

parameter value. One way to improve practical identifiability is by optimally design-

ing experiments to allow for better estimation of the parameters or calibration of the

model [Fink and Noble, 2009, Beattie et al., 2018, Lei et al., 2019b], and hence reduce

the uncertainty in the parameter values. Alternatively, practical identifiability can be

improved by reducing model complexity based on prior knowledge [Tivay et al., 2020],

sensitivity analysis [Smith, 2013], or profile likelihood [Pironet et al., 2019, Maiwald

et al., 2016].

For more details on identifiability, see Wieland et al. [2021], Heinrich et al. [2025b],

Preston et al. [2025], Heinrich et al. [2025a].

2.7 Summary

We have now described how to translate the biological phenomena of the cardiomy-

ocytes, ion channels, and drug-binding to mathematical models, explained the in-

creasing importance of these models due to their use in drug safety testing, and how

to assess the credibility of the model predictions. This thesis focuses on evaluating a

specific model of the drug-binding mechanism. In the next chapter, we will perform

a sensitivity analysis on the model and determine the influence of each parameter on

its prediction of the risk of drugs.
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Chapter 3

Importance of modelling hERG
binding in predicting drug-induced
action potential prolongations

This chapter is adapted from Farm et al. [2023], of which I am the first author of.

The paper is titled “Importance of modelling hERG binding in predicting drug-induced

action potential prolongations for drug safety assessment”, available at https: //

doi. org/ 10. 3389/ fphar. 2023. 1110555 . The associated GitHub repository is at

https: // github. com/ FarmHJ/ importance-of-binding-mechanism . The code

is archived on Zenodo at https: // doi. org/ 10. 5281/ zenodo. 7689046 . I led the

research of this paper by designing the methodologies, and performing all simulations

and analysis of this study.

Overview:
This chapter presents an exploration of drug-binding to the human Ether-à-go-go-

Related Gene (hERG) channel and the resulting action potential (AP) prolongations.

Inhibition of IKr increases the proarrhythmic risk of drugs. Drug-trapping is hypothe-

sised to further increase this risk. The state-dependent (SD) drug-binding formulation

incorporates drug-trapping and is shown to improve the risk categorisation of drugs.

In this chapter, we perform sensitivity analysis on the SD formulation, particularly

to investigate the influence of drug-trapping on the AP duration (APD). We use the

conductance-scaling (CS) drug-binding formulation, which does not include drug-

trapping, as a reference to investigate the sensitivity of APD to drug-trapping. We

show that drug-trapping does not influence the difference in APD between the two

drug-binding formulations.
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3.1 Introduction

In Chapter 2, we introduced the crucial role of IKr in coordinating the repolarisation

of the membrane potential back to its resting state for the subsequent cycle of action

potential (AP). Reduction of IKr delays the repolarisation process and lengthens the

AP, thus potentially disrupting the AP when membrane potentials do not return to

their resting state before the next pulse. IKr inhibition is associated with increased risk

of arrhythmias, including Torsades de Pointes [Curran et al., 1995, Heist and Ruskin,

2010]. Moreover, the hERG channel is highly susceptible to block or functional inhi-

bition by a variety of drugs [Mitcheson, 2008, Thomas et al., 2004, Vandenberg et al.,

2012], making it a key marker for the proarrhythmic risk assessment of drugs [ICH

S7B, 2005].

Drugs mainly bind to the inner cavity of the hERG channel, where its main binding

site lies [Mitcheson, 2008]. When the channel closes, some drugs can remain bound,

trapped within the central cavity, so that unbinding can only happen on a subsequent

re-opening [Mitcheson et al., 2000b, Stork et al., 2007]. This indicates that the space

within the cavity is sufficiently large to contain the drug compounds [Yellen, 1998,

Mitcheson, 2008]. For example, dofetilide has been shown to remain bound when the

hERG channel closes [Kamiya et al., 2006], while verapamil can still unbind from

the hERG channel after repolarisation [Zhang et al., 1999]. Simulation studies have

suggested that such trapped drugs may be more prone to cause arrhythmia [Di Veroli

et al., 2014, Pearlstein et al., 2016], and have higher arrhythmic risk [Li et al., 2017b].

Trapped drugs remain within the channel during the intervals between successive

channel-opening pulses and maintain the inhibition of currents till the subsequent

pulse. The channels do not recover from drug blockage during these intervals. This

feature is utilised to investigate drug-trapping experimentally, distinguishing them

by the rate of recovery from drug block between pulses [Stork et al., 2007, Windisch

et al., 2011]. Specifically, the voltage-clamp protocol, the modified Milnes’ protocol

[Li et al., 2017b], modified from Milnes’ protocol [Milnes et al., 2010], is designed

to have a long inter-pulse interval for nontrapped drugs to unbind from the channel

and have the current amplitude restored on the next opening of the channel, while

trapped drugs stay bound within the channel and the current remains diminished

upon re-opening of the channel.

As described in Chapter 2, there are many ways to incorporate drug inhibition

effects into ion channel models (see Chapter 2 for more details). The most straightfor-

ward way of doing this is to assume a certain fraction of a cell’s channels are blocked,

41



and to scale the current’s maximum conductance (or permeability) variable accord-

ingly [see e.g., Davies et al., 2011]. Alternatively, drug effects can be modelled by

changing channel transition rates [Tsujimae et al., 2007] or by adding new states to a

multi-state channel model [Di Veroli et al., 2012] to reduce the average time spent in

open channels. This strategy of adding states has also been used to study trapping

[Di Veroli et al., 2014, Li et al., 2017b].

In this chapter, we will focus on a particular drug-binding formulation for hERG-

current inhibition, the state-dependent (SD) formulation [Li et al., 2017b] introduced

in Chapter 2. To reiterate, the drug-binding process described by the SD formulation

can be viewed as a two-step process, the binding and the trapping (blue and red parts

in Figure 3.1A, respectively). The transition rates and channel states coloured in blue

in Figure 3.1A are referred to as the binding module, while those in red are referred

to as the trapping module. A drug compound first binds to the ion channel (entering

the blue module of the SD formulation in Figure 3.1A), then gets trapped within the

channel when the channel closes (entering the red module in Figure 3.1A). The other

drug-binding formulation we will use as a reference is the conductance scaling (CS)

formulation. This formulation scales the maximal conductance of the ion channel to

mimic the inhibition of the current. Both models are described in detail in Section 3.2.

The inhibition effect of drugs within the SD formulation is modelled by the transi-

tion rates among the drug-bound states (the O*, IO*, and C* states in Figure 3.1A).

This is illustrated in Figure 3.1B, where we show the experimental data (orange) and

model’s response (blue) to the modified Milnes’ protocol (top panel) when parame-

terised for dofetilide, a trapped drug (middle panel), and verapamil, a nontrapped

drug (lower panel) for hERG [Li et al., 2017b]. Only signals at 0 mV are shown

for both the experimental data and the model’s response in Figure 3.1B. The drug

concentrations of dofetilide and verapamil were 30 nM and 1 µM, respectively, giving

75–90 % steady state block of hERG. In both cases, IKr rapidly activates during the

high-potential pulses at 0 mV, then diminishes as the drug binds to and blocks the

open channels. In the trapped case of dofetilide, the drug stays bound during the

interpulse interval, so that the current at the start of each subsequent pulse main-

tains at the diminished magnitude of the previous pulse, and this process continues

until the drug-binding saturates. In the nontrapped case of verapamil, the drug dis-

sociates during the interpulse interval and recovers to unbound states, so that each

successive pulse shows a similar IKr response. This mechanism is illustrated further

in Figure 3.1C, which shows the state-occupancy during a single pulse of the modified

Milnes’ protocol using the SD formulation. With high trapping tendency (dofetilide),
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most channels stay in drug-bound (blues) states during the interpulse interval, while

with low trapping tendency (verapamil), the channel rapidly returns to a closed or

inactivated state. Figure 3.1D shows the response and state occupancies when a pre-

determined elongated AP signal is applied. In this case, both drugs remain bound

between pulses of APs. Since the trapping tendency of the drugs is not strongly

reflected within the state-occupancy under an AP-clamp, it raises the question of

whether we need to include these complex mechanisms when simulating their effect

at the AP level.

This relates to the idea of parameter sensitivity, where we are concerned with

the extent to which changes in the parameter values affect the model output, follow-

ing the definition in Heinrich et al. [2025a], Hamby [1994]. The sensitivity analysis

we perform in this chapter investigates the importance or influence of the binding

and trapping modules of the SD formulation in prolonging the AP. We first describe

the main elements of the sensitivity analysis, covering the parameters of interest,

the data-generating model, and the model output or prediction. The parameters of

interest are those of the SD drug-binding formulation, i.e., the parameters describ-

ing the transition rates among the drug-bound states (the O*, IO*, and C* states

in Figure 3.1A) (more details in Section 3.2). The data-generating model refers to

the mathematical model that can simulate/generate the model output or prediction.

The SD drug-binding formulation was developed to improve the prediction of proar-

rhythmic risk of drugs; thus, the model output we are interested in is the Torsades

Metric Score [Dutta et al., 2017]. The Torsades Metric Score is the change in the net

charge across the cell membrane during an action potential, computed at multiples

of the Cmax concentration. Cmax is the maximal therapeutic concentration, estimated

from the measured plasma concentration data of a given drug, and is measured from

blood samples [Byers and Sarver, 2009]. Therefore, not all parameter combinations

within the SD formulation correspond to an actual drug where Cmax is known. To

mitigate this, we take the action potential duration at 90% repolarisation (APD90)

as a replacement to the Torsades Metric Score because it can be computed for any

parameter combination of the SD formulation and has been used as a surrogate for

QT interval prolongation, a predictor for Torsades de Pointes risk [Redfern et al.,

2003, Hammond et al., 2001]. The data-generating model for the sensitivity analysis

is thus the AP model used by Li et al. [2017b] to simulate the drug inhibition effect

of the SD drug-binding formulation on the action potential. The AP model used is

the ORd model [O’Hara et al., 2011] with a hERG-channel component developed by

the same authors as the SD formulation [Li et al., 2016].

43



C1 C2 O

IO*

O*

C*

IC1 IC2 IO

Ku 

Kb 

Kb 
Kt  

K t 
Kn 

Kn  
Kr 

Figure 3.1: Introduction of SD drug-binding formulation. (A) The six-state
hERG-channel component by Li et al. [2016] (in black) and its extension with the
SD drug-binding formulation to model drug block and trapping by Li et al. [2017b]
(blue and red parts). (B) Fractional block predictions for 10 paces of the modified
Milnes’ protocol (top) for the SD formulation with a trapped drug, dofetilide (middle),
and a nontrapped drug, verapamil (lower). The SD formulation’s simulation (blue)
is overlaid on the experimental data (orange) from Li et al. [2017b]. (C) Steady-
state response (after 1000 paces) for the SD formulation during a single step of the
modified Milnes’ protocol, for a drug-free (left), trapped (middle), and nontrapped
configuration (right). The lower row shows the state occupancy: the fraction of
channels in any one state at a given time. (D) Like (C), but using a predetermined
elongated AP signal (1 s) instead of a rectangular pulse (25 s). For comparison, the
grey lines in each column of (C) and (D) show the data from the other columns. Note
that the labelling of the IC and C states, adapted from the original model [Li et al.,
2017b], does not always correspond to their respective physical states.
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Our objective for the sensitivity analysis is to investigate the parameters of the

SD drug-binding formulation, specifically on how the binding module and the trap-

ping module (blue and red parts of Figure 3.1A) prolong the AP. Our interest lies in

whether the SD formulation is required to capture the AP prolongation as opposed

to a simpler formulation, such as the conductance-scaling (CS) drug-binding formu-

lation. Therefore, instead of comparing the change in APD90 with respect to changes

in the parameter values, as is performed in a conventional sensitivity analysis, we

take the difference in APD90 (∆APD90) between the SD formulation and the CS for-

mulation, treating the CS formulation as a reference point. This is to investigate the

additional AP prolongation caused by the SD formulation that cannot be replicated

by the CS formulation, and thus justifies the need for the SD formulation.

As mentioned in Chapter 2, the most common method of sensitivity analysis is

computing the sensitivity matrix, a matrix giving the change in the model output

given changes in the model input, which is then analysed by methods such as the

rank or linearity of the matrix [Heinrich et al., 2025a, Hamby, 1994, Krivorotko et al.,

2020, Miao et al., 2011] (examples in [Fink and Noble, 2009, Sher et al., 2013]). In

this chapter, we perform a simple sensitivity analysis using factorial design [Box

et al., 1978, Hamby, 1994]. The factorial analysis is performed by taking a number

of samples of each parameter of interest, then simulating the model output for all

parameter combinations.

We first consider two SD formulation parameterisations representing synthetic

drugs with properties similar to dofetilide (high trapping tendency) and verapamil

(low trapping tendency). We then consider three of the parameters of the SD drug-

binding formulation, and explore the parameter space using parameter combinations

drawn from the samples of each parameter of interest. For each parameter combina-

tion, we calibrate the drug-inhibition effect for the CS formulation accordingly. We

then simulate the APD90 under the drug-inhibition effect by the SD formulation and

the equivalent CS formulation. Finally, the APD90 predicted by the AP model with

the SD formulation is compared to that of the CS formulation.

3.2 Methods

We first describe in detail the drug-binding formulations used in this study, then the

calibration procedure to make them comparable. Next, we describe the hERG-channel

component of the AP model, the cell-level AP model, synthetic drugs, and protocols

used to compare the drug-binding formulations. Finally, we explain the details of the
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sensitivity analysis performed on the state-dependent (SD) drug-binding formulation

and the metrics used to quantify the difference in the APs.

As an overview, we take the SD formulation, use it as a reference to calibrate the

ionic conductance of the conductance-scaling (CS) drug-binding formulation, then

input these formulations into the hERG-channel component of the AP model chosen

by [Li et al., 2017b, 2016] for AP comparison.

3.2.1 hERG-channel component

The hERG-channel component used in this study is by Li et al. [2016], with its struc-

ture shown in Figure 3.1A in black. The hERG-channel model is referred to as a

component to distinguish it from the cell-level AP model. This hERG-channel struc-

ture and its transition rates are used in the development of the SD formulation [Li

et al., 2017b]. It is a six-state Markov model with two inactivated closed (IC) states,

two closed (C) states, an inactivated open (IO) state, and an open (O) state. Scal-

ing the ionic conductance of the hERG-channel component, which is equivalent to

inhibiting the hERG current, gives the CS drug-binding formulation. Extending the

hERG-channel component with drug-bound states of open bound (O*) state, inacti-

vated open bound (IO*) state, and closed bound (C*) state gives the SD formulation,

as shown in Figure 3.1A (blue and red parts).

3.2.2 State-dependent drug-binding formulation of hERG

As described in Chapter 2, and repeated here for ease of reference, the SD formulation

by Li et al. [2017b] captures the binding mechanism of drugs to the hERG channel.

We refer to the drug-binding component as formulation to differentiate from the cell-

level AP model and the hERG-channel component. The drug-binding formulation is

described by the drug-bound states of O* state, IO* state, and C* state, and their

respective transition rates, as shown in Figure 3.1A (in blue and red).

In this drug-binding formulation, compounds can bind to the O or IO states of the

hERG channel and transition to the O* or IO* states, respectively, with a binding

rate (Kb) given by

Kb = Ku × Emax(D), (3.1)

= Ku ×Kmax ×
Dn

Dn + ECn
50

, (3.2)

where Ku is the unbinding rate and Emax is a sigmoid function describing a drug’s

response at concentration D. The Emax function is scaled by Kmax, the maximum
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response of a drug when it is at its saturating concentration. Finally, n is the Hill

coefficient and EC50 is the drug concentration when the binding rate is at 50% of its

maximum. The compound can be trapped in the C* state with a trapping rate (Kt)

that is fixed at Kt = 3.5× 10−5 ms−1 [Li et al., 2017b]. The rate at which the drugs

get untrapped (Kn) is defined as

Kn = Kt ×X(V ), (3.3)

= Kt ×
1

1 + e−(V−Vhalf−trap)/6.789
, (3.4)

where Vhalf−trap is the membrane voltage when Kn is half the trapping rate Kt. Ac-

cording to Li et al. [2017b], the function X(V ) is adapted from the hERG chan-

nel’s steady state activation of the O’Hara et al. [2011] model, which is xr,∞ =

1/
(
1 + e−(V+8.337)/6.789

)
. A trapped drug can be modelled with either a high trapping

rate (Kt) or a low untrapping rate (Kn), and in this case, Vhalf−trap is the only pa-

rameter that controls the ratio of trapping to untrapping rate. Finally, the transition

rate from the IO* state to the IO state, Kr, is defined to maintain the microscopic

reversibility of the system.

3.2.3 Calibration of a simple conductance scaling drug-binding
formulation

To reveal how the SD formulation alters IKr and the AP, we compared the SD for-

mulation with a simple instantaneous full-state drug-binding formulation, the CS

formulation. To ensure that the SD and the CS formulations are comparable, we use

simulated data from the SD formulation to calculate the appropriate scaling of the

CS formulation to ensure that the peak IKr of both models is equal, as detailed below.

The CS formulation is equivalent to modelling the current inhibition by scaling

the ionic conductance, thereby reducing the overall flow of ions across the channel.

This formulation assumes that the half maximal inhibitory concentration (IC50) of

a drug on the hERG channel does not change with the experimental protocols. We

note that the IC50 of a drug can be protocol-dependent as demonstrated in the later

sections, and we acknowledge the differences in the results (Section 3.3.3). However,

an investigation into such a dependence is not the aim of this study. Therefore, for

the majority of this study, we use the modified Milnes’ protocol [Milnes et al., 2010,

see Section 3.2.6] to simulate the models as in Li et al. [2017b].

The ionic conductance of the hERG channel was scaled to capture the drug re-

sponse, such that the peak current of the CS formulation under the modified Milnes’
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protocol matched that of the SD formulation. A schematic of the fitting procedure

is shown in Figure 3.2. We assumed that the SD formulation captures the experi-

mental data presented in Li et al. [2017b], which we used as a reference point. For

each synthetic drug (see Section 3.2.5), IKr was simulated at a range of drug concen-

trations using the SD formulation stimulated by the modified Milnes’ protocol. The

peaks of these IKr were normalised and then fitted to the Hill curve. The Hill curve

parameters —the Hill coefficient and IC50—were determined by minimising the mean

squared error between the peak currents and the Hill curve. The ionic conductance

of the CS formulation was then scaled with the drug response output obtained from

the Hill curve function. The peak hERG-current of the CS formulation will then have

the same peak current as the SD formulation for a given drug and concentration, as

required.

The optimisations of the Hill curves to the peak of hERG currents were per-

formed with the covariance matrix adaptation-evolution strategy (CMA-ES) algo-

rithm [Hansen et al., 2003] in the PINTS software [Clerx et al., 2019].

simulate with
Milnes' protocol

extract
peak current

fit Hill curve

scale ionic
conductance

simulate AP with scaled ionic conductance

add synthetic
drugState-dependent 

drug block model

Figure 3.2: A schematic of the calibration process for the CS formulation to
the SD formulation. First, simulations are run with the SD formulation using the
modified Milnes’ protocol at various drug concentrations. The peaks of the hERG
currents are extracted and normalised. Subsequently, a Hill curve is fitted to the
normalised data points. This Hill curve is then used to scale the ionic conductance
of the CS formulation. Finally, the simulated APs of both models are compared.
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Table 3.1: Parameter values of the SD formulation for all synthetic drugs, taken from
Li et al. [2017b].

Drug Kmax Ku (ms−1) ECn
50 (nM) n Vhalf−trap

(mV)

Dofetilide 1.00× 108 1.79× 10−5 5.483× 108 0.9999 −1.147

Verapamil 4.646× 104 7.927× 10−4 9.184× 106 1.043 −100

Bepridil 3.735× 107 1.765× 10−4 1.00× 109 0.9365 −54.93

Terfenadine 9.884× 103 8.18× 10−5 4.138× 104 0.65 −77.49

Cisapride 9.997 4.161× 10−4 4.206× 101 0.9728 −199.5

Ranolazine 5.584× 101 1.929× 10−2 1.472× 105 0.95 −94.87

Quinidine 5.770× 103 1.00× 10−2 1.00× 106 0.8311 −64.87

Sotalol 2.403× 103 1.985× 10−2 9.619× 106 0.7516 −55

Chlorpromazine 2.060× 105 3.866× 10−2 5.677× 107 0.8871 −14.57

Ondansetron 3.354× 104 2.325× 10−2 9.950× 106 0.8874 −82.11

Diltiazem 2.51× 102 2.816× 10−1 1.00× 106 0.9485 −90.89

Mexiletine 9.996 9.967× 10−2 2.308× 106 1.304 −86.26

3.2.4 AP model

To study the effect of the hERG-channel component at the level of APs, the AP

model by Dutta et al. [2017] was used. The model was based on the one used in the

development of the SD formulation Li et al. [2017b]. To allow better quantification of

each individual current on the AP, the ionic conductances of five currents were scaled

[Dutta et al., 2017], including IKr, the slow rectifier potassium current (IKs), the

inwardly rectifying potassium current (IK1), the L-type calcium current (ICaL), and

the late sodium current (INaL). The AP model, when its drug-binding formulation is

the SD formulation, is referred to as the AP-SD model; the AP model with its drug-

binding formulation replaced with the CS formulation is referred to as the AP-CS

model.

3.2.5 Synthetic drugs

The binding dynamics on the hERG channel of all twelve drugs in Li et al. [2017b]

were taken as the synthetic drugs in this study. The parameters of the 12 synthetic

drugs are provided in Table 3.1. These 12 drugs are referred to as synthetic drugs.

Here, dofetilide and verapamil were chosen as examples to compare trapping and

nontrapping properties of the hERG channel, respectively. They have the highest

and lowest Vhalf−trap, excluding cisapride. The parameter combination of cisapride
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cannot fully inhibit the hERG current at high concentrations, as it is limited by the

low binding rate Kmax, therefore cisapride is not taken as a nontrapped drug example.

Verapamil, with the second lowest Vhalf−trap, is chosen instead. Although verapamil is

a multi-ion channel blocker, we considered only its effect on the hERG channel, so any

multi-channel effects on the AP were deliberately neglected, reflecting the focus of

this study being only on the hERG-channel binding effects on the AP. The synthetic

drug with parameters describing dofetilide is referred to as example drug T, while the

synthetic drug with parameters describing verapamil is referred to as example drug

N.

3.2.6 Protocols

Four voltage protocols are used in this work (Figure 3.8A). Firstly, we have the mod-

ified Milnes’ protocol, modified by Li et al. [2017b] from that of Milnes et al. [2010].

This modified Milnes’ protocol aims to differentiate between trapped and nontrapped

drugs. The modified Milnes’ protocol is repeated with a depolarisation step to 0 mV

from the holding potential of −80 mV. The 0 mV step is held for 10 s before repolar-

ising back to −80 mV for 15 s in-between pulses. While the depolarisation step allows

the binding of drug compounds to the channel, the 15 s holding potential in-between

pulses allows nontrapped drugs to unbind from the channel, thus allowing the current

to recover to a drug-free condition. Experimental data obtained with this protocol

were used to fit the parameters of the SD formulation [Li et al., 2017b]. Therefore,

this modified Milnes’ protocol is used as a reference for the comparison of the SD and

CS drug-binding formulation.

The Pneg80, the P0, and the P40 protocols from Gomis-Tena et al. [2020] are

used to assess the dependency of the SD and the CS formulation comparison on the

calibration protocol. These protocols were designed to maximise the channel’s state

occupancy in a certain state. When the hERG-channel component is stimulated by

the Pneg80, P0, and P40 protocols, the channel will most likely be in the closed,

open, and inactivated states, respectively, as discussed in Gomis-Tena et al. [2020].

The Pneg80 protocol is held at a holding potential of −80 mV, then depolarised

to 20 mV for 0.5 s before a short pulse of −50 mV for 0.2 s. The time period of the

protocol is 5.4 s. The P0 and P40 protocols are both held at −80 mV holding potential

before depolarising to 0 mV and 40 mV respectively for 5 s. After that, a short pulse

of −60 mV was applied for 0.2 s. Both these protocols have a pulse length of 5.2 s.
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3.2.7 Sensitivity analysis

The behaviour of the SD drug-binding formulation is governed by its transition rates,

which are defined by the five drug-dependent parameters — Kmax, Ku, Vhalf−trap,

n, and ECn
50. To understand the role of each drug-related parameter of the SD

formulation, we performed a sensitivity analysis on the APD90 difference between the

SD and the CS formulation.

First, we simplified the SD formulation by normalising the drug concentration D

input to the EC50 value. The normalised drug concentration is therefore defined as

D̃ =
D

EC50

. (3.5)

This reduces the number of parameters to four.

Second, we observed that the Hill coefficient n affects only the range of drug

concentration where AP prolongation and early after depolarisation (EAD)-like be-

haviour are observed. To confirm this, we performed a sensitivity analysis on the Hill

coefficient n for all synthetic drugs. We varied the value of n for each synthetic drug

and monitored the APD90 differences between the two drug-binding formulations.

The Hill coefficient n was sampled from a range of the minimum and maximum of

n of all synthetic drugs. The APD90 differences were quantified by the root mean

square difference (RMSD) (see Section 3.2.8). Figure 3.3A shows the distribution of

the RMSD for each synthetic drug. Figure 3.3B shows the histogram of the difference

in RMSD between the synthetic drugs (as reference) and those with their param-

eter n changed. The histogram has a mean of 4.313± 4.832 ms and a maximum of

25 ms(Figure 3.3). The SD formulation can thus be further simplified to three param-

eters, namely the Vhalf−trap, Kmax, and Ku. We then performed a detailed sensitivity

analysis on this three-dimensional space.

In the sensitivity analysis, we repeated the comparison procedure as shown in

Figure 3.2 for a range of parameter values within the three-dimensional space of the

simplified SD formulation. The three parameters of the simplified SD formulation

describe a hypothetical drug which we termed a virtual drug. Sweeping through the

parameter space effectively performed a virtual drug screening for all possible drug-

binding kinetics of hERG, within the SD formulation.

The two models, the AP-SD model and the AP-CS model, were considered to

be similar if the RMSD of the APD90 values are small. This similarity threshold

value is taken to be 30 ms. In the sensitivity analysis throughout the parameter

space, a surface plane, where the RMSD values between the two models are within
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Figure 3.3: RMSD is minimally affected by the Hill coefficient n (A) The
RMSD of each synthetic drug with the Hill coefficient n varied within the minimum
and maximum of all synthetic drugs’ Hill coefficients. (B) A histogram of the differ-
ence in RMSD with each synthetic drug’s RMSD for all the synthetic drugs.

the threshold value, is formed. The parameter space around this surface plane was

sampled more densely to obtain higher resolution.

3.2.8 Measuring the difference between the drug-binding for-
mulations

In this study, a drug’s effect on a cell, or more specifically on the hERG current, is

determined by the prolongation of the AP, which we quantify by using the APD at

90% repolarisation (APD90) and the qNet score. The APD90 acts as a surrogate to

the QT interval, and is the time taken for the membrane potential to achieve 90%

of repolarisation from depolarisation. The qNet score, defined by Dutta et al. [2017],

is the sum of charge of a chosen list of currents — ICaL, INaL, IKr, IKs, IK1 and the

transient outward potassium current (Ito), which are the major currents in an AP.

The qNet score is computed from an AP that is paced at 0.5 Hz with a stimulus

duration of 0.5 ms and a time step resolution of 0.01 ms until steady state after 1000

paces. The qNet score is defined as

qNet =

∫
t

(ICaL + INaL + IKr + IKs + IK1 + Ito) dt, (3.6)

approximated using the trapezium rule. High values of qNet are associated with a

low risk of arrhythmia.

The difference between the drug-binding formulations will be measured by the

signed root mean square difference (RMSD) in their APD90s and qNet scores. The
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signed RMSD is computed by the RMSD and the mean difference (MD). The RMSD

is defined as

RMSD =

√√√√ 1

N

N∑
i=1

(SDi − CSi)2, (3.7)

where N is the total number of drug concentrations tested, excluding points where

behaviours similar to early after-depolarisation (EAD) are observed. We say an EAD-

like event has occurred when the membrane potential does not fully repolarise before

the next pulse of current stimulus. SD and CS can be APD90 or qNet scores from

the SD and the CS drug-binding formulation, respectively. The MD, on the other

hand, is taken as the average difference between the SD and the CS formulation, and

is defined as

MD =
1

N

N∑
i=1

(SDi − CSi). (3.8)

A positive MD indicates larger APD90 or qNet score for the SD drug-binding formu-

lation than the CS formulation. The signed RMSD is then defined as

RMSDsigned = RMSD× MD

|MD|
, (3.9)

to encompass the magnitude and the directionality of the difference between the SD

and the CS formulation. The signed RMSD between an AP-SD model and an AP-CS

model will be represented using the symbol ∆ for convenience, giving ∆APD90 and

∆qNet for the signed RMSD of APD90 and qNet scores, respectively.

3.2.9 Simulations

All simulations, including voltage-clamp and current-clamp experiments, were run

with Python 3.8 using Myokit 1.33 [Clerx et al., 2016] with the CVODE solver [Hind-

marsh et al., 2005]. The absolute tolerance and relative tolerance were set to 10−7

and 10−8, respectively. A summary of the computational details for all coding imple-

mentations of this thesis is provided in Appendix A.

3.3 Results

3.3.1 CS drug-binding formulation replicates SD formulation
at steady state for a trapped drug example

Figures 3.1B and C show that the SD formulation can capture the trapping properties

of a drug, as observed in the lack of recovery from block and the state occupancy of
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Figure 3.4: The AP-CS model can provide a reasonable approximation of
the AP-SD model for the example drug T. (A) The matching of the peak hERG
currents simulated by both drug-binding formulations under the modified Milnes’
protocol (top row) at various drug concentrations of the example drug T. (B) The
AP (first row) and its hERG current (second row) for the AP-SD model and the
AP-CS model at steady state. (C) The APD90s of the AP-SD model and the AP-CS
model under the effect of the example drug T. APs that show EAD-like behaviour are
indicated with asterisks. (D) The qNet scores of the AP-SD model and the AP-CS
model under the effect of the example drug T. qNet values of APs with EAD-like
behaviours are not shown.
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drug-bound states. However, it is not clear whether a simpler AP-CS model could

replicate the AP prolongation by the AP-SD model that has state dependency and

a trapping mechanism included. We systematically compared the APs of the two

models for the example drug T and the example drug N using the methods described

in Section 3.2.3 and Figure 3.2.

Figure 3.4A shows the IKr of both the SD and the CS formulations under the

modified Milnes’ protocol with the example drug T present throughout. By design,

the peaks of the IKr of the two formulations are the same at any drug concentration of

the example drug T, which gives the same dose-response effect. The APs of the two

models (the AP-SD model and the AP-CS model) under the effect of the example drug

T are given in Figure 3.4B, showing two pulses of the AP at steady state, together with

their corresponding IKr. As the drug concentration increases, the amplitude of the

IKr decreases, and the APD increases. The two models show similar AP behaviours.

A slight difference can be observed at 10 nM, where IKr of the AP-SD model has a

slightly bigger amplitude and shorter period. The differences give rise to a slightly

shorter APD because IKr aids in the repolarisation of APs. Moreover, both models

show EAD-like behaviours at the same drug concentrations (>300 nM) of the example

drug T.

In Figure 3.4C, APD90s of the AP-SD model and the AP-CS model for the ex-

ample drug T were calculated. APs that show EAD-like behaviour are indicated

with asterisks. APD90s of both models are similar, consistent with the APs shown in

Figure 3.4B. The qNet scores, a proarrhythmic risk marker, of the example drug T

shown in Figure 3.4D are similar for both models. The CS formulation can replicate

the SD formulation for the example drug T at steady state.

We further compared the APs of the models for the example drug N (a nontrapped

drug); the nontrapping phenotype of the drug is captured by the small value of

Vhalf−trap. Figure 3.5A shows the IKr of the two drug-binding formulations under the

effect of the example drug N. The IKr simulated by the SD formulation shows dips after

the initial increase at drug concentrations higher than or equal to ∼300 nM. Since

the peak current is used to define the inhibition level of a drug, which is commonly

done for IC50 calculations, the total amount of IKr (area under the curve) simulated

by the CS formulation is higher than the SD formulation.

Figures 3.5B and C compare the APs and their corresponding IKr of the AP-

SD model and the AP-CS model for the example drug N. The IKr and the APs are

significantly different between the two models. At high drug concentrations, the AP-

SD model shows longer APDs and lower IKr amplitudes than the AP-CS model. The
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Figure 3.5: The AP-CS model is less successful at replicating the model
behaviour of the AP-SD model for the example drug N. (A) IKr simulated
by the SD and the CS formulations for the example drug N. The top row shows the
modified Milnes’ protocol used to stimulate the hERG-channel components. (B) The
AP (first row) and its IKr (second row) for the AP-SD model and the AP-CS model at
steady state. (C) The APD90s of the AP-SD model and the AP-CS model under the
effect of the example drug N. APs that show EAD-like behaviour are indicated with
asterisks. (D) The qNet scores of the AP-SD model and the AP-CS model under the
effect of the example drug N. qNet scores of APs with EAD-like behaviours are not
shown.
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AP of the AP-SD model is prolonged more than the AP-CS model and starts to

display EAD-like behaviour at a lower drug concentration than the AP-CS model.

The example drug N, for which the untrapping rate Kn is higher and the binding

rate (Kmax ×Ku) is lower than the example drug T, generated shorter APD90s with

the AP-CS model. Similarly, the qNet scores of the example drug N (Figure 3.5D)

are different between the two AP models. Example drug T and example drug N are

taken as examples to show the difference in APD90 and qNet for drugs with varying

trapping tendency.

Figure 3.6 shows the APD90s and qNet scores of the AP-SD and the AP-CS model

for the other synthetic drugs (Table 3.1). Most drugs show longer APD90 and lower

qNet scores in the AP-SD model than in the AP-CS model, also starting to display

EAD-like behaviour at lower drug concentrations. Cisapride and mexiletine are the

two exceptions where the AP prolongations saturate at high drug concentrations,

similarly with the qNet scores. This is due to the low Kmax of these drugs, both at

around 10, whereas the others range from 55.84 to 108. Low Kmax limits the binding

rate (Equation 3.2) and restricts the amount of drugs that could bind to the channel.

With restricted drug-binding at the channel and limited inhibition of the current, the

AP cannot prolong further and thus have a saturated AP prolongation.

3.3.2 Trapping properties are apparent in the transient phase

The main difference between the two drug-binding formulations is the inclusion of the

trapping mechanism. The feature of this mechanism is the accumulation of the drug

compound within the channel due to ‘trapping’. Figures 3.7A–D show the progression

of the APs and their IKr for the example drug T and the example drug N in the two

AP models. In Figure 3.7A, the IKr decreases gradually with time for the AP-SD

model with the example drug T, and the AP prolongation increases with pulses. In

contrast, the IKr and the APs for the example drug N in the same AP-SD model

are relatively stable with a cycle of two pulses, as shown in Figure 3.7B. The AP-SD

model displays a much shorter transient phase with the example drug N than with the

example drug T, which is due to the differences in the trapping phenotype of these

synthetic drugs. Figures 3.7C and D compare the AP-CS model with the example

drug T and the example drug N, respectively, and show that the APs and the IKr do

not change much between cycles of two pulses.

The APD90s from Figures 3.7A-D are given in Figures 3.7E and F for the example

drug T and the example drug N, respectively. For the example drug T (Figure 3.7E),

the AP-SD model showed a longer transient phase, then stabilised to give the same

57



101 104

400

600

800

1000

AP
D 9

0 (
m

s)

101 104
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

bepridil

101 104

400

600

800

1000

AP
D 9

0 (
m

s)

101 104
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

terfenadine

100 102

400

600

800

1000

AP
D 9

0 (
m

s)

AP-SD
AP-CS
EAD-like AP

100 102
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

cisapride

102 104

400

600

800

1000

AP
D 9

0 (
m

s)

102 104
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

ranolazine

101 104

Concentration (nM)

250

500

750

1000

AP
D 9

0 (
m

s)

101 104

Concentration (nM)

0.00

0.05

qN
et

 (C
/F

)

quinidine

101 104 107

400

600

800

1000

AP
D 9

0 (
m

s)

AP-SD
AP-CS
EAD-like AP

101 104 107
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

sotalol

100 102 104

400

600

800

1000

AP
D 9

0 (
m

s)
100 102 104

0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

chlorpromazine

101 104

400

600

800

1000

AP
D 9

0 (
m

s)

101 104
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

ondansetron

101 104

400

600

800

1000

AP
D 9

0 (
m

s)

101 104
0.025

0.000

0.025

0.050

qN
et

 (C
/F

)

diltiazem

101 104 107

Concentration (nM)

250

500

750

1000

AP
D 9

0 (
m

s)

AP-SD
AP-CS
EAD-like AP

101 104 107

Concentration (nM)

0.00

0.05

qN
et

 (C
/F

)
mexiletine

Figure 3.6: The AP-SD model has higher APD90s than the AP-CS model
for most of the synthetic drugs, except for cisapride and mexiletine. Each
panel shows the APD90s (left) and qNet scores (right) of the AP-SD model and the
AP-CS model under the effect of a synthetic drug. APs that show EAD-like behaviour
are indicated with asterisks. qNet scores of APs with EAD-like behaviours are not
shown.

58



50

0

50

Vo
lta

ge
(m

V)

example drug T, AP-SD model

0 1 2 4 5 7
Time (s)

0.0

0.5

Cu
rre

nt
 (A

/F
)

0 nM 100 nM 200 nM

50
0

50

Vo
lta

ge
(m

V)

example drug N, AP-SD model

0 1 2 4 5 7
Time (s)

0.0

0.5

Cu
rre

nt
 (A

/F
)

0 nM 1000 nM 104 nM

50

0

50

Vo
lta

ge
(m

V)

example drug T, AP-CS model

0 1 2 4 5 7
Time (s)

0.0

0.5

Cu
rre

nt
 (A

/F
)

0 nM 100 nM 200 nM

50

0

50
Vo

lta
ge

(m
V)

example drug N, AP-CS model

0 1 2 4 5 7
Time (s)

0.0

0.5

Cu
rre

nt
 (A

/F
)

0 nM 1000 nM 104 nM

0 100 200 300
Pulses

400

600

800

1000

AP
D 9

0 (
m

s)

100 nM

0 100 200 300
Pulses

200 nM

AP-SD model
AP-CS model
EAD-like AP

0 100 200 300
Pulses

400

600

800

1000

AP
D 9

0 (
m

s)

1000 nM

0 100 200 300
Pulses

10000 nM
AP-SD model
AP-CS model
EAD-like AP

(A) (B)

(C) (D)

(E) (F)

Figure 3.7: The accumulation of drug compounds at the channel due to
them being trapped is well-observed in the transient phase. The Example
drug T shows a longer transient phase than the example drug N in the SD
formulation. The first six pulses of AP (top row) and its IKr (bottom row) for the
AP-SD model after the addition of (A) the example drug T and (B) the example
drug N. The vertical black dashed lines indicate the addition of the drug into the
system after 1000 pulses of pacing. The first six pulses of the AP (top row) and the
IKr (bottom row) for the AP-CS model after the addition of (C) the example drug T
and (D) the example drug N. (E) APD90s of both the SD and the CS formulations
at 100 nM and 200 nM of the example drug T. (F) APD90s of both the formulations
at 1000 nM and 104 nM of the example drug N.
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APD90 as the AP-CS model. In contrast, the two models with the example drug

N (Figure 3.7F) have shorter transient phases and achieve steady state at different

APD90s.

3.3.3 AP prolongation is dependent on the protocol used to
stimulate the SD formulation
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Figure 3.8: The Hill curves for the example drug T and the example drug
N are protocol dependent, thus affecting the resultant APD prolongation.
(A) The four protocols used to calibrate the hERG ionic-conductance for the CS
formulation from the SD formulation. Note the differences in the time axes for vi-
sualisation purposes. The Hill curves based on the peak IKr simulated using the SD
formulation under the protocols given in panel A for (B) the example drug T and
(C) the example drug N. (D) APD90s of the AP-CS model under the effect of the
example drug N with its hERG conductance scaled based on the Hill curves shown
in panel C.

In all model comparisons shown in Figures 3.4 and 3.5, we have assumed that the

IC50 of a drug is independent of the protocol used to measure its response. Thus,

the IC50 can be used to characterise a drug’s effect [Mirams et al., 2011]. However,

the assumption does not always hold [Yao et al., 2005, Kirsch et al., 2004]. Here, we

demonstrate the change in the APD90 when different protocols are used to generate
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the IKr for drug characterisation. Figure 3.8A shows the effect of using the modified

Milnes’, the Pneg80, the P0, and the P40 protocols to stimulate the SD formulation.

The normalised peak of the IKr simulated for both the example drug T and the

example drug N are shown in Figure 3.8B and C, respectively. The example drug T

(Figure 3.8B) yields similar dose-response curves for all of the protocols, except for

the P40 protocol; while the example drug N (Figure 3.8C) displayed different dose-

response curves for all protocols. Using the Hill curves in Figure 3.8C to characterise

the drug effect for the CS formulation (see Section 3.2.3 and Figure 3.2), the APs of

the AP-CS model were simulated and quantified. Figure 3.8D shows the APD90s of

the simulated APs with the example drug N. While using the Pneg80 protocol gave

similar APD90s to using the modified Milnes’ protocol, the use of P0 and P40 protocols

generate higher APD90 values, causing EAD-like behaviours to start appearing at

lower concentrations of the example drug N.
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Figure 3.9: The Hill curves of synthetic drugs from the SD formulation
stimulated by the four protocols: the modified Milnes’, the Pneg80, the
P0, and the P40 protocols.

Figure 3.9 shows the Hill curves for all protocols with the remaining synthetic

drugs (Table 3.1). None of the drugs has the same Hill curves for all protocols, with

some having a larger difference than the others.
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3.3.4 Drugs were approximated to have shorter steady state
APD90s with the AP-CS model

A sensitivity analysis is performed on the simplified SD drug-binding formulation.

The SD formulation is simplified to three drug-related parameters—Vhalf−trap, Kmax,

and Ku—without loss of generality (Section 3.2.7). Given a virtual drug from the

parameter space, the procedure shown in Figure 3.2 is repeated (Section 3.2.3). The

differences between the AP-SD model and the AP-CS model are measured by the

signed RMSD of the APD90s (∆APD90) (Equation 3.9).

Figure 3.10A shows the ∆APD90 for various combinations of the three parameters.

Each point represents a virtual drug, while its color indicates the APD90 difference

between the AP-SD model and the AP-CS model when the virtual drug is added.

The majority of the virtual drugs resulted in a positive ∆APD90, indicating that the

AP-SD model generated APs that had longer durations than the AP-CS model. It

is also shown that the ∆APD90 shifts from positive to negative as Kmax (related to

the binding rate) decreases. The lower binding rate leads to less amount of drug

compounds binding to the channel, which causes lesser hERG current inhibition and

less AP prolongation. This would eventually have the AP-SD model show shorter

APD90 than the AP-CS model and thus have a negative ∆APD90.

The parameter space where the two models give similar APD90s (RMSD < 30 ms)

is limited, as shown in Figure 3.10B in grey (see Section 3.2.7). Figures 3.10C and

D show different viewing angles of the top panels. For these parameter combinations

(Figure 3.10B in grey), the AP-SD model and the AP-CS model are interchangeable,

as assessed by their APD. The triangles show the synthetic drugs (Section 3.2.5)

within the parameter space. The parameter values for all 12 synthetic drugs are

taken from Li et al. [2017b]. Of all synthetic drugs, dofetilide, ranolazine, sotalol,

and mexiletine lie within the similarity threshold, and thus are said to be unaffected

by the choice of drug-binding formulations. Cisapride, on the other hand, showed

higher APD90 in the AP-CS model. The remaining synthetic drugs all caused higher

APD90 values with the AP-SD model: bepridil, terfenadine, verapamil, quinidine,

chlorpromazine, ondansetron, and diltiazem.

The results show that Vhalf−trap plays a small role in affecting the differences

between the AP-SD model and the AP-CS model. This is observed from similar

∆APD90s across the Vhalf−trap axis. Indeed, Figure 3.11 shows similar ∆APD90s for

three chosen Vhalf−trap values of the Kmax-Ku plane. Kmax and Ku, related to the bind-

ing and unbinding rates, respectively, are the major driving forces for the changes in
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Figure 3.10: The AP-SD model is most likely to return higher APD90s than
the AP-CS model. (A) The APD90 differences for combinations of Vhalf−trap, Kmax

and Ku parameters. The color of the markers indicates the ∆APD90 of each virtual
drug in the parameter space. (B) The grey circles are parameter combinations (vir-
tual drugs) where the ∆APD90 is between −30 ms and 30 ms. The triangles are the
synthetic drugs taken from Li et al. [2017b], color coded with their ∆APD90 value.
These triangles are projected to the Kmax - Ku plane as red circles for better visual-
isation. Some data points are missing due to numerical issues with these parameter
combinations. (C, D) Different viewing angles of (A) and (B), respectively.
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the ∆APD90s. Furthermore, at the lower boundary of Kmax, Ku does not affect the

∆APD90 much; for large Kmax, the two models differ the most around Ku ≈ 5×10−4.
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Figure 3.11: ∆APD90s are similar for different values of Vhalf-trap. (A-C)
∆APD90s for combinations of Kmax and Ku at three Vhalf−trap values. The colour of
the markers indicates the ∆APD90 of each virtual drug in the parameter space. Some
data points are missing due to numerical issues with these parameter combinations.

However, this does not imply that Vhalf−trap has no effect on the APs. Figure 3.12

shows the APD90s for the same set of Vhalf−trap values as in Figure 3.11, with a

randomly chosen combination of Kmax and Ku. The RMSD calculated for the three

virtual drugs in Figure 3.12 are 57.15 ms, 58.88 ms, and 30.29 ms, indicating that the

RMSDs are similar (difference between the RMSDs are < 30 ms) but the APD90s are

different.
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Figure 3.12: The APD90s of the AP-SD model and the AP-CS model are
different despite showing similar ∆APD90. (A-C) APD90s for one randomly
chosen combination of Kmax and Ku, but for three distinct Vhalf−trap values. The grey
markers are repeats of the other panels for a better visual comparison.
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3.4 Discussion

This study has compared the AP simulated by the AP-CS model and the AP-SD

model. The conductance-scaling (CS) drug-binding formulation reduces the ionic

conductance to approximate the effect of IKr reduction induced by drugs binding to

the hERG channel, while the state-dependent (SD) drug-binding formulation includes

the state dependency and the trapping mechanism to replicate the drug’s effect. Our

comparison intended to explore whether the more complex SD formulation and the

simpler CS formulation give the same prediction of hERG inhibitor-induced APD

change. A sensitivity analysis of the simplified SD formulation, with the Vhalf−trap,

Kmax and Ku parameters, showed that there is only a small region of the parameter

space where the two formulations produce similar steady state APD90s (RMSD of

the steady state APD90s < 30 ms). The results suggested that the majority of the

virtual drugs (parameter combinations) induce lower steady state APD90s with the

AP-CS model than with the AP-SD model, leading to possible lower arrhythmic risk

prediction.

AP simulations of the AP-SD model and the AP-CS model with the example drug

T (a trapped drug) show similar AP prolongations and qNet scores at steady state

(Figure 3.4). The small difference in APD90 between the models contradict our ex-

pectations, as it was hypothesised that the AP-SD model with a trapping mechanism

would predict trapped drugs like dofetilide to cause more AP prolongation [Pearl-

stein et al., 2016]. It was believed that the accumulation of the drug at the channel

(‘trapped’) could inhibit the current more as compared to no trapping, thus prolong-

ing the APD further. On the other hand, for the example drug N (a nontrapped

drug), the AP-CS model predicted less AP prolongation than the AP-SD model (Fig-

ure 3.5), conforming to expectations. The large difference in the qNet scores for the

example drug N, suggests that we have to be wary when categorising the drug, as

we might be around the categorisation boundary and the choice of the drug-binding

formulation could sway the outcome. However, for drugs like dofetilide, it does not

matter which drug-binding formulation is used for AP prolongation prediction.

The effects of drug trapping in the hERG channel become apparent during the

transient phase as it takes more pulses to achieve steady state (Figure 3.7). Trapped

drugs accumulate at the channel, without recovering from the block during the in-

terpulse interval, and inhibit the current pulse by pulse until steady state, creating

a longer transient phase; nontrapped drugs unbind and rebind to the channel in be-

tween pulses of protocol, seemingly achieving steady state. However, in Figure 3.7,
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the AP-SD model and the AP-CS model both predict similar steady state APDs for

the example drug T, while both models predict different steady state APDs for the

example drug N, suggesting that trapping is likely not a key driver for the differences

in APDs.

To further explore the observation, our sensitivity analysis on the drug-related

parameters of the SD formulation demonstrated that the AP-SD model and the AP-

CS model predict significantly different AP prolongation for the majority of the virtual

drugs. Therefore, modelling drug effect by simply reducing the ionic conductance is

most likely insufficient to capture the dynamics of drug-binding, especially at the

AP level. However, we also observed only a small change in the ∆APD90 between

the two models when Vhalf−trap varies, which implies that no extra dynamics can

be observed from the addition of the Vhalf−trap parameter or the trapping component,

consistent with all our previous observations. Furthermore, the parameters controlling

the binding and unbinding rates—Kmax and Ku—determine the difference in the

steady state AP prolongation predictions between the two models (Figure 3.10). We

note that it does not imply Vhalf−trap has no influence on the APD90s; although the

difference in the APD90s are small, the APD90s vary with Vhalf−trap as shown in

Figures 3.11 and 3.12. The difference in AP prolongation for the majority of the

parameter space implies that one cannot assume that with the same baseline AP

model, switching between the SD and the CS drug-binding formulation can achieve

the same prediction results as the outcome of the model training. It is not possible

to determine the best model in this study as it depends on the type of input data

the model is trained on. Since it is common practice to acquire IC50 data, it is

more pragmatic to use the CS formulation. Without re-evaluation of a drug on the

SD formulation, it cannot be assumed that the SD formulation can replace the CS

formulation, or vice versa. It is important that the drug-binding formulation is used

within the context of use on which the model is trained and validated (including the

type of input data).

One of the limitations of this study is that we assumed that the SD formulation

can replicate the experimental data perfectly and thus fitted the CS formulation to

the Hill curve generated from the SD formulation. Moreover, the six-state Markov

model and the Dutta et al. [2017] model were used as the hERG-channel component

and the AP model, respectively, but changing the choice of the models and their

components could affect the behaviour of the APs and hence the differences in APs

between the SD and the CS formulation [Clayton et al., 2020, Lei et al., 2020]. This is

further investigated in Chapter 4. Furthermore, in the sensitivity analysis, the ranges
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of the parameter values were determined by the minimum and maximum of each of

the parameters of the synthetic drugs, and the trapping rate of the SD formulation

was fixed in the same manner as it was done in the original model [Li et al., 2017b],

limiting the exploration of the model dynamics. Finally, we emphasise that we focus

on the drug effect on the hERG channel only, and specifically on the effect of the

inclusion of the state-dependent drug-binding of the hERG channel. Investigation

of the effect of other ion channels is out of the scope of this study. Therefore, this

study is not an integrative and comprehensive assessment of the change in AP or

proarrhythmic risk of the drug compounds, particularly for a multi-channel blocker

such as verapamil.

In this study, we have shown that the ∆APD90 between the AP-SD model and the

AP-CS model for the example drug T and the example drug N are not consistent with

their trapping phenotypes. They are differentiable only in the transient phase. The

ratio of trapping to untrapping rate, defined in the SD formulation by Vhalf−trap, does

not affect the ∆APD90 between the two models. The binding rates and unbinding

rates, on the other hand, are the main determinants of the APD90 differences. This

study demonstrates the importance of modelling drug-binding and highlights the need

for improved understanding of drug trapping, which can have implications for the uses

in drug safety assessment.
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Chapter 4

Impact of uncertainty in action
potential models on in silico drug
effect predictions

We plan to submit this chapter to a journal for publication. The associated GitHub

repository is at https: // github. com/ FarmHJ/ binding-mechanism-extend . I

led the research of this paper by designing the methodologies, and performing all sim-

ulations and analysis of this study.

Overview:
In Chapter 3, we compared the state-dependent (SD) drug-binding formulation

by Li et al. [2017b] and the conductance-scaling (CS) drug-binding formulation in

prolonging the action potential (AP). We did this in the context of embedding this

drug-binding formulation in a hERG-channel component of a single AP model. How-

ever, a plethora of AP models are available in the literature which each have very

different combinations of ionic currents and other components, and very different as-

sociated parameters. In this chapter, we therefore investigate the effect of embedding

both the SD and the CS formulations in three further widely used AP models. We

show that the AP prolongation predicted using the SD formulation is not replicable

in all cases by the CS formulation. Drug-trapping still does not influence the AP

prolongation, similar to the results we have shown in Chapter 3.
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4.1 Introduction

In Chapter 3, we investigated the effect of the state-dependent (SD) drug-binding

formulation, introduced by Li et al. [2017b], on action potential (AP) prolongation, by

comparing it with a simpler drug-binding formulation, the conductance-scaling (CS)

formulation. We showed that the AP prolongation predicted by the SD formulation

cannot be replicated by the AP prolongation of the CS formulation. In particular,

we showed that the parameter, Vhalf−trap, does not influence the difference in APD90

between the SD formulation and the CS formulation. This study was performed by

embedding the drug-binding formulations into the hERG-channel component within

the AP model. The AP model chosen by Li et al. [2017b] was the ORd model [O’Hara

et al., 2011], with the addition of their own in-house hERG-channel component [Li

et al., 2016].

As described in Chapter 2, the changes in membrane potential during an AP are

controlled by the flow of ionic currents across the cell membrane. These ionic currents

include the hERG current IKr, the slow delayed rectifier outward potassium current

IKs, the inward rectifier potassium current IK1, the L-type calcium current ICaL, the

late sodium current INaL, and others. AP models are built by combining compu-

tational models of the ionic currents, some of which are inherited from other AP

models, and calibrated against experimental data and biomarkers chosen by the au-

thors [Rudy and Silva, 2006, ten Tusscher et al., 2006, Niederer et al., 2009, Amuzescu

et al., 2021] (see O’Hara et al. [2011], Grandi et al. [2010], ten Tusscher et al. [2004],

Tomek et al. [2019] for examples of various AP models). The variation between AP

models arises from the large variation in the experimental data, some of which may

arise from the use of voltage-clamp protocols specifically designed to extract certain

ion channel or drug-binding properties [Gomis-Tena et al., 2020]. Additionally, the

variety of biomarkers, which include but are not limited to AP morphology, calcium

transient, and current inhibition [Tomek et al., 2019], contributes to the variability

between AP models. The diverse choices and lack of standardisation in the calibration

procedure lead to large variability between AP models. The differences between AP

models are reviewed in Niederer et al. [2009], Noble et al. [2012], Fink et al. [2011].

The variability between AP models also extends to the components within the AP

models, such as the hERG channel [Bett et al., 2011, Vandenberg et al., 2012, Fink

and Noble, 2009] (see the Appendix of Beattie et al. [2018] for a list of published

hERG-channel components).
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4.1.1 Naming convention

There are three scales of computational model discussed in this chapter (Figure 4.2).

At the highest level, we have the action potential (AP) models, describing the change

in membrane potential during a cardiomyocyte contraction cycle. The computational

representation of an ion channel is referred to as a component, to differentiate it

from a model, which we use to refer to the computational model at the AP level.

In this thesis, we are focusing on the computational models of the inhibition effect

induced by drugs on the human Ether-à-go-go-Related Gene (hERG) ion channel. To

separate this sub-ion channel scale from the other scales (which are the AP level and

the ion channel level), the computational models describing the drug-inhibition effect

are referred to as the drug-binding formulations.

Figure 4.1: The structure of the SD drug-binding formulation (blue and
red) [Li et al., 2017b] attached to the Li hERG-channel component in black
[Li et al., 2016]. The blue and red parts refer to the binding and the trapping
components, respectively.

4.1.2 Summary of the SD formulation and drug-trapping

As in Chapter 3, the key focus of this chapter is again the SD drug-binding formula-

tion of Li et al. [2017b] (the blue and red parts of Figure 4.1), which incorporates a

trapping module (the red part of Figure 4.1). This drug-binding formulation, specifi-

cally the trapping module, was described in detail in Section 2.5.5. In summary, the

drug-binding process described by the SD formulation can be viewed as a two-step

process, binding and trapping (blue and red parts in Figure 4.1, respectively). A

drug compound first binds to the ion channel (entering the blue module of the SD

formulation in Figure 4.1), then gets trapped within the channel when the channel

closes (entering the red module in Figure 4.1). Each drug has a different tendency

to stay trapped within the trapped state (C*), and this is controlled by the trapping
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tendency parameter Vhalf−trap, which controls the rate at which the drug-bound chan-

nel opens and allows drug compounds to unbind from the channel. Drugs that can

get trapped within the ion channel are hypothesised to prolong the AP more than

drugs that cannot be trapped [Di Veroli et al., 2014], and have higher arrhythmic risk

[Li et al., 2017b].

4.1.3 Extrapolation to new models

Given the variability within the AP models and their hERG-channel components, and

the sensitivity of the predicted AP to the hERG-channel component within the AP

model, the lack of influence of the parameters of the SD formulation within the ORd

model and the Li hERG-channel component [Li et al., 2016] to the difference in AP

duration observed in Chapter 3, cannot be translated to consideration of other AP

models or hERG-channel components. The variability between AP models may result

in a high degree of variability in AP prediction when the models are reused or modified

to new situations [Niederer et al., 2009, Whittaker et al., 2020]. In this chapter, we

therefore further investigate the sensitivity of the SD drug-binding formulation (blue

and red parts of Figure 4.1) when it is embedded within different AP models with

differing hERG-channel components. The AP models chosen are the Grandi model

[Grandi et al., 2010], the ten Tusscher model [ten Tusscher and Panfilov, 2006], and

the Tomek model [Tomek et al., 2019, 2020], whereas the hERG-channel component

chosen is the Lei component [Lei et al., 2019b]. The hERG-channel component and

the drug-binding formulation within the chosen AP models are replaced with the Li

component or the Lei component and the SD formulation or the CS formulation,

respectively. We then perform a sensitivity analysis on the SD formulation when it

is embedded in the various modified AP models, similar to the procedure described

in Chapter 3. A figure summary of this chapter is shown in Figure 4.2.

4.1.4 Sensitivity analysis

We first reiterate the main elements of the sensitivity analysis performed in Chapter 3,

which include the parameter of interest, the data-generating model, and the model

output. The parameters of interest are the parameters Kmax, Ku, and Vhalf−trap, re-

ferring to the binding rate, the unbinding rate, and the trapping rate, respectively.

Due to the restriction of calculating the Torsades Metric Score (TMS) for all param-

eter combinations within the SD formulation, we choose the model output to be the
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Figure 4.2: Schematic of all the scales used in this chapter. There are four
AP models: the ORd model, the Grandi model, the ten Tusscher model, and the
Tomek model. There are two ion-channel components: the Li component and the Lei
component. Only a subset of the combinations (of the AP models and the ion-channel
components) is used in the comparison between the SD and the CS drug-binding
formulations. For a given AP model and ion-channel component combination, the SD
and the CS drug-binding formulations are attached to it, and their action potentials
are compared.
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action potential duration at 90% repolarisation (APD90). The data-generating model

is therefore the AP model.

In a similar fashion to Chapter 3, we want to investigate whether drug-trapping in-

fluences the proarrhythmic risk of drugs. The conductance-scaling (CS) drug-binding

formulation, which does not have drug-trapping, is used as a reference point. The

sensitivity analysis is performed using a factorial design, similar to Chapter 3. This is

performed by comparing the model outputs of parameter combinations of the param-

eter space in a grid-like fashion. For each parameter combination, the Hill equation

for the CS formulation is calibrated accordingly, following the procedure described in

Chapter 3. Finally, the APD90 predicted by the SD formulation and the equivalent

CS formulation is compared.

4.1.5 Summary

In this chapter, we first introduce the computational models of all the scales used in

this chapter: the AP models (the ORd, the Grandi, the ten-Tusscher, and the Tomek

models), the hERG-channel components (the Li and the Lei components), and the

drug-binding formulations (the SD and the CS formulations) (Section 4.2). We then

perform the sensitivity analysis detailed above on two parameter combinations with

different trapping tendency (different Vhalf−trap values) for all the modified AP models

(Section 4.4.1). We further extend the sensitivity analysis to parameter combinations

of the parameter space of the SD formulation, using the factorial design (Section 4.4.2

& 4.4.3).

4.2 Components of an action potential model

We first describe the AP models and the components of AP models that are of interest

in this study. We establish a naming convention to avoid confusion when referring to

the AP models and their components. As described in the Overview, there are three

scales of the AP model to consider: the AP model, the hERG-channel component,

and the sub-channel scale of the drug-binding formulation. Each part is described in

Sections 4.2.1, 4.2.2 and 4.2.3, respectively. A modified AP model will be named after

these three scales, with a hyphen in between: AP model - hERG-channel component

- drug-binding formulation. For example, the ORd-CiPAv1.0 model [Li et al., 2017b,

Dutta et al., 2017] is referred to as the ORd-Li-SD model for its AP model chosen

to be the ORd model [O’Hara et al., 2011], the hERG-channel component as the Li

component developed by Li et al. [2016], and the drug-binding formulation as the SD
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formulation [Li et al., 2017b]. When referring to the modified AP model (the AP

model and hERG-channel component pair) for any drug-binding formulation, such

a model combination can be referred to as AP model - hERG-channel component

without specifying the drug-binding formulation. For example, the Grandi model

with its hERG-channel component replaced with the Li component is referred to

as the Grandi-Li model. When investigating the dependence on the hERG-channel

component, the hERG channel component of the ORd-Li model is replaced with

the Lei component (Section 4.2.2), retaining the optimised ionic conductance value

for IKs, IK1, ICaL, and INaL performed by Dutta et al. [2017]. This model will be

referred to as the ORd-Lei model when the drug-binding formulation is not specified.

When referring to the SD formulation with any AP model and any hERG-channel

component, it will be referred to as the AP-IKr-SD model.

4.2.1 AP models

We first consider the variability between the four AP models, the ORd-Li model itself

[Dutta et al., 2017] (the optimised AP model used in the development of the SD drug-

binding formulation) and three further widely used AP models — the Grandi model

[Grandi et al., 2010], the ten Tusscher model [ten Tusscher and Panfilov, 2006] and

the Tomek model [Tomek et al., 2019, 2020].

Figure 4.3 shows the major transmembrane currents of the AP models that con-

tribute to the AP, separated into positive and negative currents. The APs are paced

at 1 Hz with an amplitude of −80 A/F for 1000 paces to achieve steady state. The

relative magnitude and behaviour of currents that make up the AP vary across the

AP models. For example, the chloride currents (IClCa and ICl,B) are included only in

the Grandi model and the Tomek model, whereas INaL is included only in the ORd-Li

model and the Tomek model. IK1 (green), on the other hand, has positive and nega-

tive values in the AP of the ORd-Li model, but remains positive throughout in other

AP models. At the plateau phase, the main contributors of outward currents differ

significantly across all four models, with the ORd-Li model mainly dominated by IKr,

the Grandi model by ICl,B, the ten Tusscher model by IKb and IKs, and the Tomek

model by several currents including IKr, IKb and Ito. The behaviour of the hERG

current (IKr), which is the interest of this study, differs between the AP models too.

In the ORd-Li model, the magnitude of the hERG current increases at the start of

the plateau phase and remains large till the repolarisation phase. Even though the

hERG current in the Tomek model increases in magnitude at the start of the plateau

phase, similar to the ORd-Li model, its relative contribution is lower than the ORd-Li
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Figure 4.3: Relative current contributions making up each AP model are
different. The ionic currents of each AP model are grouped into positive and negative
currents and normalised. The relative current contribution of each current to the
overall AP is shown for the ORd-Li model [Dutta et al., 2017], the Grandi model,
the ten Tusscher model, and the Tomek model. The APs are paced at 1 Hz with an
amplitude of −80 A/F till steady state. The idea for the plot is originally by Dr.
Michael Clerx from the University of Nottingham.

model. The Grandi model and the ten Tusscher model, on the other hand, are less

reliant on the hERG current in their repolarisation phase. These differences are not

limited to the relative magnitude, as shown in Figure 4.3, but also in the absolute

magnitude of the hERG current, as shown in Figure 4.5 dashed lines. These show the

different reliance of the AP on the hERG current for these four AP models. Thus,

the inhibition of the hERG current with the SD formulation or the CS formulation

will affect the AP differently across all four models.

4.2.2 hERG-channel component of the AP model

Figure 4.4A and B in black show the Markov structure of two hERG-channel compo-

nents, the Li component [Li et al., 2016] and the Lei component [Lei et al., 2019b],

respectively, used in this study. Both structures, despite being different, can capture

the dynamics of the hERG channel. Figure 4.4C shows the modified Milnes’ protocol

in the top panel and the hERG current of the Li component under the protocol in

the middle panel. The bottom panel shows the state occupancy of the Li component,

corresponding to the top panels. When the channel is conducting current, the Li

component is in either open (O) or inactivated open (IO) states, indicated by yel-
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Figure 4.4: hERG channel components used in the drug-binding formu-
lation comparison. (A) Structure of the Li component (black) [Li et al., 2016]
with the SD formulation (blue and red) [Li et al., 2017b]. (B) Structure of the Lei
component (black) [Lei et al., 2019b] with the SD formulation (blue and red). (C)
Under the modified Milnes’ protocol (top), the current signal (middle) and state oc-
cupancy (bottom) of the Li component. (D) (top) AP of the ORd-Li model. The
current signal (middle) and state occupancy (bottom) of the Li component when it
is under the AP-clamp protocol (shown in the top panel). (E) Under the modified
Milnes’ protocol (top), the current signal (middle) and state occupancy (bottom) of
the Lei component. (F) (top) AP of the ORd-Lei model. The current signal (middle)
and state occupancy (bottom) of the Lei component when it is under the AP-clamp
protocol (shown in the top panel). Note that at the resting state, the Li component
stays mainly in the IC1 state when it should be in a closed state. The labelling of
the IC and C states of the Li component, adapted from the original model [Li et al.,
2016], does not always correspond to their respective physical states.
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low and green, respectively; while the greys indicate the remaining non-conducting

states. In Figure 4.4D, the top panel shows an AP of the ORd-Li model at steady

state paced at 1 Hz. When this AP shape is used as an AP-clamp protocol on the Li

hERG-channel component, the generated hERG current and its state occupancy are

as shown in the middle and bottom panels of Figure 4.4D. Similarly, Figures 4.4E and

F are hERG currents and state occupancies of the Lei component under the modified

Milnes’ protocol and the AP-clamp protocol of the ORd-Lei model, respectively. The

ORd-Lei model is the ORd-Li model with its hERG-channel component replaced by

the Lei component (Figure 4.4B).

Comparing the Li component and the Lei component under the modified Milnes’

protocol shows that the maximum IKr magnitude of the Li component is lower than

the Lei component. The IKr of the Li component also achieves its maximum faster

than the Lei component, almost instantaneously. Despite the Li component showing a

lower IKr magnitude, the percentage of time spent within the open state is higher than

the Lei component. At the AP level, the ORd-Li model starts to repolarise slightly

earlier than the ORd-Lei model. This is explainable by its higher IKr magnitude than

the ORd-Lei model during the first half of the AP. Similar to IKr under the modified

Milnes’ protocol, the IKr of the Li component peaks at a lower magnitude than the

Lei component under the AP-clamp protocol. However, conversely to the modified

Milnes’ protocol, the maximum open state probability of the Li component is lower

than the Lei component. The total time spent (area under the curve) in the open

state and the inactivated open state for the Li component is lower than that of the Lei

component (data not shown). The two hERG-channel components exhibit distinct

hERG current behaviour. This will have an impact on how the SD drug-binding

formulation affects the AP.

Based on the SD drug-binding formulation (blue and red parts of Figure 4.4A &

B), drugs can bind to the hERG channel only when it is in either the open state

or the inactivated state. The total time the channel spends in these states limits

the amount of drug that can bind to the channel. Therefore, to achieve the same

amount of current inhibition, the drug-binding rate will have to be different for the

Li component and the Lei component. The drug-related parameters taken for the

Li component from Li et al. [2017b] are recalibrated for the Lei component. The

calibration process is described in Section 4.3.2.
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4.2.3 Drug-binding formulations to the hERG channel

This section gives a brief overview of the drug-binding formulations used in this study.

A detailed explanation is provided in Chapter 2.5.5.

The binding rate (Kb), the untrapping rate (Kn) and the trapping rate (Kt) of

the SD formulation are given by

Kb = Ku ×Kmax ×
Dn

Dn + ECn
50

, (4.1)

Kn = Kt ×
1

1 + e−(V−Vhalf−trap)/6.789
, (4.2)

Kt = 3.5× 10−5, (4.3)

where Ku is the unbinding rate, Kmax is the maximum drug response on the binding

rate, D is the drug concentration, n is the Hill coefficient and EC50 is the concentration

at which half maximal drug response is achieved. For Equation 4.2, V is the input

voltage and Vhalf−trap represents the trapping tendency of a drug. Kr (as shown in

Figure 4.4A) is defined to satisfy the microscopic reversibility. A drug compound in

the SD drug-binding formulation is defined by parameters Ku, Kmax, n, EC50, and

Vhalf−trap. These parameters are referred to as drug-related parameters.

The conductance scaling (CS) drug-binding formulation, on the other hand, is

implemented by scaling the conductance to inhibit the hERG current. This is achieved

by

IKr = αgKrO(V − EK), (4.4)

where α ∈ [0, 1] is a scaling factor that lowers the hERG current. α is scaled following

the Hill curve of inhibition

α =
IC50

m

Dm + ICm
50

, (4.5)

where IC50 is the drug concentration that causes 50% current inhibition and m is the

Hill coefficient. Note that IC50 and m are not the same as EC50 and n in Equation 4.1

of the SD drug-binding formulation. The Hill curve used for the CS formulation

describes the relationship between drug concentration and the inhibition of the hERG

current, whereas the EC50 and n in the SD formulation describe the change in the

binding rate in response to the drug concentration.

For any given drug within the SD drug-binding formulation, its equivalent drug

effect on the CS drug-binding formulation is captured by the Hill curve of the drug.

It is common practice in the industry to use the Hill curve based on the peak current
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to characterise a drug. In brief, we obtain the Hill curve of a drug by quantifying

the peak IKr within the SD formulation for a range of drug concentrations. The

magnitude of inhibition, as described by the Hill curve, then tunes the conductance

of the CS formulation by the scaling factor α in Equation 4.4. The detailed calibration

procedure for the CS formulation is described in Section 3.2.3.

4.3 Methods

To summarise from above, we will investigate the impact of the AP model and/or the

hERG-channel component on the effect of the drug-binding formulation on the AP.

To do so, we embed the drug-binding formulations (SD and CS formulations) into

various AP models and/or hERG-channel components, then compare the simulated

AP when different drug-binding formulations are used. A schematic of the procedure

is shown in Figure 4.2. The AP models chosen for this study are the Grandi model

[Grandi et al., 2010], the ten Tusscher model [ten Tusscher and Panfilov, 2006], and

the Tomek model [Tomek et al., 2019, 2020]. For each AP model, the hERG-channel

component is replaced with the Li hERG-channel component to allow the embedding

of the SD drug-binding formulation. For the testing of the role of the hERG-channel

component, we take the ORd-Li model, that is, the ORd-CiPAv1.0 model [Li et al.,

2017b], and replace its hERG-channel component with the Lei component [Lei et al.,

2019b]. Thus, the modified AP models are the Grandi-Li model, the ten Tusscher-Li

model, and the Tomek-Li model to investigate the impact of the AP model; and the

ORd-Lei model to study the contribution of the hERG-channel component. We can

then embed either the SD or the CS drug-binding formulation into these modified AP

models and compare the simulated AP under some given drugs.

We first compare the drug-binding formulations within all modified AP models

for two example drugs, then repeat the comparison for a wide range of parameter

combinations (virtual drugs) within the parameter space of the SD formulation. We

then identify “drug properties” (parameterisations of the SD formulation) that are

affected by the choice of drug-binding formulation.

4.3.1 Calibration of models

Every AP model is made up of its constituent components that are developed based

on different experimental approaches and calibration methods, and each is therefore

very dependent on the choices made by the authors. Due to many factors, including
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those detailed in Chapter 2, any modifications to the AP model require the model to

be recalibrated to ensure that the resultant model still makes physiological sense.
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Figure 4.5: Tuning of IKr in the modified AP models. The dashed lines
show (top) the AP and (bottom) IKr of the original AP model. The hERG-channel
component of each AP model is replaced with the Li component or the Lei component
(solid black lines). The hERG conductance is calibrated so that the APD90 is the
same as the AP model before modification (solid red lines).

As shown in Section 4.2.1 and Figure 4.3, the hERG-channel component of all

AP models exhibits different behaviour. Different weightings are given to the ionic

currents that form the AP. Thus, replacement of the hERG-channel component may

disrupt the AP. Figure 4.5 shows the AP and hERG current of the original AP models

in dashed lines and the modified AP models in solid black lines. For example, the

Grandi-Li model (solid black lines) exhibits a very short APD because the large mag-

nitude of the hERG current (its conductance value is the same as in Li et al. [2017b]),

accelerates the repolarisation process and shortens the action potential. The resultant

APD (∼ 150 ms) is shorter than a reasonable APD of a healthy cardiomyocyte, which

is at about 280 ms. The modified AP models are calibrated by tuning the hERG con-

ductance to ensure that the simulated APD90 (paced at 1 Hz with an amplitude of

−80 A/F) is the same as that in the original AP model. The hERG conductance is

thus scaled by 0.1012, 0.3877, 0.8231, and 0.8744 for the Grandi-Li model, the ten

Tusscher-Li model, the Tomek-Li model, and the ORd-Lei model, respectively. The

AP and hERG current after calibration is shown in Figure 4.5 in solid red lines. Due

to the change of the hERG current within each AP model, there are slight differences

in the repolarisation phase between the original AP models and the calibrated AP

models.
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Figure 4.6: Relative current contributions making up each modified AP
model remain different. The ionic currents of each calibrated AP model are
grouped into positive and negative currents and normalised. The relative current
contribution of each current to the overall AP is shown for the ORd-Li model [Dutta
et al., 2017], the Grandi-Li model, the ten Tusscher-Li model, and the Tomek-Li
model. The APs are paced at 1 Hz with an amplitude of −80 A/F till steady state.

Figure 4.6 compares the inward and outward currents of the calibrated AP models,

as opposed to the original AP models in Figure 4.3. The constituent ionic currents

are similar to the original AP models in Figure 4.3, even though the formulation of

the hERG-channel component is different.

4.3.2 Synthetic drugs

The drugs used in this study are dofetilide, verapamil, bepridil, terfenadine, cis-

apride, ranolazine, quinidine, sotalol, chlorpromazine, ondansetron, diltiazem, and

mexiletine, which are the training drugs used for CiPA [Colatsky et al., 2016]. The

parameterisation of these drugs into the drug-binding formulations shall be referred

to as synthetic drugs. Parameters of the drugs for the SD formulation are based on

experimental data by Li et al. [2017b]. Dofetilide and verapamil are chosen to repre-

sent trapped and nontrapped drugs, respectively, as they have the lowest and highest

Vhalf (the trapping tendency parameter), except for cisapride. Cisapride is not used to

represent nontrapped drugs because its low binding rate Kmax limits the inhibition of

the hERG current. The hERG current inhibition predicted by the Li-SD model with

the parameter abstraction of dofetilide and verapamil is not the actual drug itself.
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Therefore, we will refer to the parameter abstraction of dofetilide and verapamil as

example drug T and example drug N, for trapped and nontrapped drugs.

In addition to the calibration of the AP models under drug-free conditions, the

hERG current inhibition by the synthetic drugs in the Li-SD model is recalibrated

for the Lei-SD model due to their very different hERG current behaviour. The cali-

bration is performed by inferring the drug-related parameters from the experimental

data published by Li et al. [2017b] for the Lei-SD model. The experimental data are

the recorded hERG currents stimulated with a modified Milnes’ protocol [Li et al.,

2017b], which is designed to induce the trapping behaviour of drugs. The protocol

lasts 25 s with a resting potential at −80 mV and a voltage step of 0 mV for 10 s, re-

peated for 10 pulses. The recorded hERG currents are then normalised against those

recorded at drug-free conditions to obtain the fractional block. Only fractional block

data at the 0 mV step were provided in Li et al. [2017b]. Following the same data pro-

cessing method from Li et al. [2017b], hERG current data at four drug concentrations

are combined in an optimisation run. The parameters are optimised to minimise the

root mean squared difference (RMSD) between the simulated and actual normalised

current. Parameters Kmax, Ku and ECn
50 are logarithmic-transformed, while param-

eters n and Vhalf−trap are optimised as is. The optimisation is performed using the

covariance matrix adaptation-evolution strategy (CMA-ES) algorithm [Hansen et al.,

2003] with the PINTS software package [Clerx et al., 2019]. The optimisation is re-

peated 5 times with different initial points, and the best is chosen. The initial guesses

are sampled from log-uniform distribution for Kmax ∈ [105, 1010], Ku ∈ [10−7, 10−5],

ECn
50 ∈ [107, 109] and uniform distribution for n ∈ [0, 1] and Vhalf−trap ∈ [−100, 0].

Boundaries were set at Kmax ∈ [10−1, 1010], Ku ∈ [10−8, 10], ECn
50 ∈ [1, 1010], n ∈ [0, 2]

and Vhalf−trap ∈ [−200, 0] to ensure physiologically reasonable parameter values.

Table 4.1 lists the drug-related parameter values for the Lei-SD model after recal-

ibration. Figure 4.7 compares the drug-related parameter values for the SD formu-

lation in the Li hERG-channel component and the Lei component. The right panels

show the distribution of the parameter values of all synthetic drugs. Vhalf−trap and n

remain largely the same for both hERG-channel components, while Kmax, Ku, and

ECn
50 are mostly larger for the Lei component than the Li component, with wider dis-

tributions too. The RMSD shows the difference between the fitted simulation output

and the experimental data across all synthetic drugs. Both the Li and the Lei hERG-

channel components are able to fit the experimental data equally well. As noted in

Chang et al. [2017], Kmax and ECn
50 are not identifiable individually, but identifiable

as an expression.
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Figure 4.7: Comparison of the drug-related parameters for the Li-SD model
and the Lei-SD model. Panels on the left plot the parameter values and the root
mean squared difference (RMSD) between the simulated data and the experimental
data for the 12 synthetic drugs within the Li hERG-channel component and the Lei
component. Panels on the right show the distribution of each inferred parameter and
the RMSDs.
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Table 4.1: Parameter values of the Lei-SD model for all synthetic drugs.

Drug Kmax Ku (ms−1) ECn
50 (nM) n Vhalf−trap

(mV)

Dofetilide 3.699× 101 1.272× 10−5 1.520× 102 1.178 −1.048 ×
10−4

Verapamil 8.939× 107 9.152× 10−4 9.461× 109 1.044 −81.91

Bepridil 1.732× 108 3.263× 10−4 3.191× 109 1.005 −68.66

Terfenadine 4.962× 109 5.515× 10−5 9.771× 109 0.6685 −96.46

Cisapride 2.199× 101 2.830× 10−4 5.403× 101 1.041 −169.8

Ranolazine 9.196× 101 9.982 1.222× 105 0.9505 −110.5

Quinidine 9.944× 101 9.099 9.467× 103 0.8635 −79.57

Sotalol 3.458× 106 1.749× 10−2 5.987× 109 0.7402 −69.87

Chlorpromazine4.925× 107 9.404 6.157× 109 0.8808 −17.11

Ondansetron 1.398× 107 9.981 2.038× 109 0.8823 −84.84

Diltiazem 6.057× 106 1.000× 101 9.813× 109 0.9143 −75.68

Mexiletine 2.680× 101 9.991 4.031× 105 1.083 −78.49

4.3.3 Parameter space exploration and definition of similar-
ity range

The effect of a drug on the hERG current is parameterised by five drug-related pa-

rameters within the SD drug-binding formulation — Ku, Kmax, n, EC50 and Vhalf−trap

(Equations 4.1–4.3). The SD formulation can be simplified to three drug-related

parameters — Ku, Kmax and Vhalf−trap, as is done in Chapter 3.2.7. Based on Equa-

tion 4.1, the drug concentration D can be nondimensionalised by treating the expres-

sion Dn

Dn+ECn
50

as a dimensionless drug concentration input. Given a drug concentra-

tion, this expression scales the intensity of the drug effect from a spectrum of no drug

effect to maximum effect. This scaling follows a sigmoidal function described by the

drug-related parameters EC50 and n. Since the full spectrum of drug effects will be

covered in the comparisons, EC50 and n do not have an influence on the kinetics of

the drug-binding mechanism, but affect only the exact drug concentration where the

same intensity of drug effect is achieved. The SD formulation can thus be simplified

to the three remaining parameters — Ku, Kmax and Vhalf−trap. To investigate the

behaviour of the SD drug-binding formulation, we explore the parameter space of

Ku, Kmax, and Vhalf−trap (reflecting the unbinding rate, binding rate, and untrapping

rate, respectively). The parameter space encompasses the minimum and maximum

parameter values of all synthetic drugs (see Section 4.3.2), which is Kmax ∈ [1, 109],
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Ku ∈ [10−5, 1] and Vhalf−trap ∈ [−200,−1] for the Li-SD model. As mentioned in

Section 4.3.2, the drug-related parameters were recalibrated for the Lei-SD model,

thus the corresponding parameter space is Kmax ∈ [10, 1010], Ku ∈ [10−5, 10] and

Vhalf−trap ∈ [−170, 0] (Table 4.1). Parameter combinations within the parameter

space do not necessarily represent any real drug, and are thus referred to as virtual

drugs. For each virtual drug, the current inhibition caused by the SD formulation is

simulated based on the parameter values; while the equivalent current inhibition by

the CS formulation is inferred from the Hill curve (detailed in Section 3.2.3). The

current inhibition of both the SD and the CS formulation are simulated for the full

spectrum of drug effect, from at most 5% peak reduction to at least 95% peak re-

duction. The APD90s predicted by these formulations are then compared with the

metrics described in Section 4.3.4.
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Figure 4.8: The RMSD of all synthetic drugs with varying parameter
n. For each synthetic drug, its parameter n is varied to give a different parameter
combination. (Left panels) The RMSD of the synthetic drugs and their virtual drugs
plotted as boxplots for (A) the Grandi-Li model, (B) the ten Tusscher-Li model, (C)
the Tomek-Li model and (D) the ORd-Lei model. (Right panels) A histogram of
the difference in RMSD between the synthetic drugs and their corresponding virtual
drugs.

In addition to measuring the exact difference between the SD and the CS drug-

binding formulation, we want to identify situations where it does not matter which
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drug-binding formulation is chosen. We therefore define a similarity range where

if the difference between the drug-binding formulations lies within this range, they

are said to be similar, that is, the use of either drug-binding formulation does not

affect the APD90 prediction. This is based on the assumption that the parameter

values and Hill curves (used to characterise the synthetic drugs for the SD and the

CS formulation) derived from experimental data contain variability and uncertainty.

This variability and uncertainty will propagate to the output APD90, therefore a small

margin of difference in APD90 is acceptable.

Since the drug-related parameters EC50 and n affect only the actual drug concen-

tration where the AP prolongation, including the early afterdepolarisation (EAD)-like

behaviour, is observed, we utilise this property to define the similarity range. Follow-

ing that, a synthetic drug with its parameter n perturbed should not have a significant

difference with its corresponding synthetic drug, and thus should be classified as sim-

ilar to its corresponding synthetic drug. Therefore, we define the similarity range to

be the maximum difference between the synthetic drug and those with n perturbed

(Figure 4.8), multiplied by a factor of 1.2. That way, all synthetic drugs with their

value of n perturbed will still lie within the similarity range. To obtain this similarity

range, we first take each synthetic drug and perturb the parameter n to range from

0.65 to 1.304 (the minimum and maximum of n within all synthetic drugs) to form

a group of parameter combinations for that synthetic drug. These parameter com-

binations are referred to as virtual drugs as they might not represent any real drug.

These parameter combinations are each incorporated into the AP model by the SD

and the CS drug-binding formulation, then their APD90s are compared to measure

the difference. This procedure, including forming virtual drugs and comparing APD90

between the SD and the CS formulation, is performed for all synthetic drugs and all

AP models. The boxplots in Figure 4.8 show the distributions of the difference be-

tween the SD and the CS formulations for the groups of virtual drugs. The narrow

distributions indicate that the RMSD is not affected by the change in parameter n.

The Tomek-Li model has wider distributions because it is highly sensitive to pertur-

bations in the hERG current as its AP is heavily reliant on the contribution from

the hERG current (Figure 4.6). However, such magnitudes of RMSD are lower than

the difference observed in the parameter space (Figure 4.11). Note that the RMSDs

within the boxplot distributions shown in Figure 4.8 are the difference in APD90 be-

tween the SD and the CS formulation for each virtual drug. Each synthetic drug has

its own baseline value of RMSD (the difference between the SD and the CS formu-

lation). The change in parameter n in each synthetic drug creates a virtual drug,
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and this virtual drug has an RMSD value that deviates from the baseline RMSD of

the synthetic drug. Since the change in parameter n should not affect the difference

between the drug-binding formulations, the maximum deviation should be within the

similarity range. The similarity range is thus defined to be the maximum deviation

observed in all synthetic drugs, multiplied by a factor of 1.2. The histograms in Fig-

ure 4.8 compile the deviations observed in all synthetic drugs. The similarity range

are thus 0.820 ms, 0.704 ms, 106.1 ms and 18.37 ms for the Grandi-Li model, the ten

Tusscher-Li model, the Tomek-Li model and the ORd-Lei model, respectively.

This definition of the similarity range is based on the changes in APD90 of each

AP model, and is dependent on the AP model’s sensitivity to the hERG current.

Due to the variability in experimental data, 10 ms is commonly used as an acceptable

range for uncertainties, for example, in drug-safety testing [Hammond et al., 2001].

An absolute similarity threshold of 10 ms is also used as comparison to a similarity

range that is dependent on the AP model (Section 4.4.3).

4.3.4 Measuring the difference between the drug-binding for-
mulations

Similar to the comparison between drug-binding formulations performed in Chapter 3,

the difference between the drug-binding formulations are measured by the signed root

mean square different (RMSD) between the drug-binding formulations based on the

APD90 and the qNet score (Section 3.2.8). AP models without the specific currents

included in the qNet score will be treated as having zero-value currents.

Following Section 3.2.8, the signed RMSD is given by

RMSDsigned =

√√√√ 1

N

N∑
i=1

(SDi − CSi)2 × MD

|MD|
, (4.6)

where the mean difference MD = (1/N) ·
∑N

i=1(SDi − CSi) and, SDi and CSi are

APD90 or qNet scores of the SD and the CS formulations, respectively, at a drug

concentration i. The signed RMSD between an AP-IKr-SD model and an AP-IKr-CS

model will be represented using the symbol ∆ for convenience, giving ∆APD90 and

∆qNet for signed RMSD of APD90 and qNet scores, respectively.

In some cases, it may be difficult to compare the actual APD90 or qNet score

difference, as each AP model has a different sensitivity to perturbations in the hERG

current and thus exhibits various magnitudes of AP prolongation. An example shown

in Figure 4.9 showcases the different magnitudes of AP prolongations. The top left
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Figure 4.9: Example of the calculation procedure of ∆ÃPD90 for the Grandi-
Li model and the Tomek-Li model. APD90 is taken as an example here. The
Grandi-Li model and the Tomek-Li model are chosen to emphasise the difference. A
similar procedure is performed for the qNet score and other AP models. (Top left)
We first simulate the APD90s of example drug T and example drug N with the SD
(orange circle) and the CS (blue triangle) drug-binding formulations. The asterisks
indicate that the simulated AP exhibits EAD-like behaviour. (Top right) All APD90s
within each panel, regardless of the SD and the CS formulations, are normalised to
a range of zero to one. The min-max normalisation is performed with the minimum
and maximum of all APD90s within each panel. (Bottom) The signed RMSD is then
computed from the normalised APD90s by Equation 4.6.
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group of panels shows the APD90 of example drug T and example drug N for the

Grandi-Li model and the Tomek-Li model. These two AP models are chosen for this

example to emphasise the difference in APD90 magnitude simulated from different

AP models. The maximum AP prolongation predicted by the Grandi-Li model for

both example drugs is at around 50 ms, whereas the maximum AP prolongation of

the Tomek-Li model is close to 800 ms. Calculating the signed RMSD from APD90

or qNet score will provide a biased view of the difference between the SD and the CS

drug-binding formulations. Therefore, the APD90s and qNet scores are normalised to

the same scale so that different AP models are comparable. All data points (including

the APD90s of both the SD and the CS drug-binding formulation) within each panel

are normalised to a range of zero to one. The normalised APD90s are shown in the top

right group of panels. This normalisation method is performed because the APD90s

are simulated for the full scale of current inhibition, from less than 5% inhibition to

more than 95% inhibition. The APD90s simulated for each drug-binding formulation

cover almost the full range of AP prolongation. Mathematically, the normalised

values, S̃Di and C̃Si, are defined as

S̃Di =
SDi −mini{SDi, CSi}

maxi{SDi, CSi} −mini{SDi, CSi}
, (4.7)

C̃Si =
CSi −mini{SDi, CSi}

maxi{SDi, CSi} −mini{SDi, CSi}
, (4.8)

where mini{SDi, CSi} and maxi{SDi, CSi} are the minimum and maximum values,

respectively, of all simulated APD90s or qNet scores for a single virtual drug in the

SD and the CS drug-binding formulation. Finally, the signed RMSD is calculated

with normalised APD90s or qNet scores according to Equation 4.6, as presented in

the bottom group of panels in Figure 4.9. The signed RMSD of normalised APD90

or qNet score shall be denoted as ∆ÃPD90 or ∆q̃Net, respectively.

4.3.5 Simulations

All simulations were run with Python 3 using Myokit 1.35 [Clerx et al., 2016] with

the CVODE solver [Hindmarsh et al., 2005]. The absolute tolerance and relative

tolerance were set to 10−7 and 10−8, respectively. A summary of the computational

details for all coding implementations of this thesis is provided in Appendix A.
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4.4 Results

4.4.1 The relative IKr contribution in each AP model affects
APD – dofetilide and verapamil

We first compared the drug-binding formulations embedded within all AP models (the

Grandi-Li model, the ten Tusscher-Li model, the Tomek-Li model, and the ORd-

Lei model), for two sets of parameter values that represent a trapped drug and a

nontrapped drug. These sets of parameter values were taken from Li et al. [2017b].

Dofetilide is chosen to represent a trapped drug, and will be referred to as example

drug T. Verapamil is chosen to represent a nontrapped drug as it has the second lowest

trapping tendency, reflected in its low Vhalf−trap value. Cisapride, which has the lowest

trapping tendency, is not chosen because it has a low binding rate, which restricts

the hERG current inhibition even at high drug concentrations. Parameter values

that represent verapamil will be referred to as example drug N. These two example

drugs were incorporated into the AP models with the SD or the CS drug-binding

formulation embedded within, then simulated for a range of drug concentrations.

APD90 and qNet scores were computed from the simulated APs and compared in

terms of ∆ÃPD90 and ∆q̃Net (details of the metrics are described in Section 4.3.4).
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Figure 4.10: Example drug N shows a larger magnitude of ∆ÃPD90 and
∆q̃Net across all AP-IKr models, except for the ORd-Lei model. The (A)

∆ÃPD90 and (B) ∆q̃Net between the AP-IKr-SD model and the AP-IKr-CS model
for example drug T and example drug N. Positive values indicate that the AP-IKr-SD
model has higher APD90 or qNet scores than the AP-IKr-CS model.
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Figure 4.10 shows ∆ÃPD90 and ∆q̃Net for example drug T and example drug N

in all AP models. A positive value indicates that the AP-IKr-SD model has a larger

APD90 or qNet score than the AP-IKr-CS model. Example drug T (trapped drug)

has a smaller magnitude of ∆ÃPD90 and ∆q̃Net than example drug N (nontrapped

drug), except for the ORd-Lei model, implying that the effect of example drug T on

APD90 and qNet score is minimally affected by the choice of drug-binding formulation.

∆APD90 of example drug T lies within the similarity range (defined in Section 4.3.4)

for the Grandi-Li model and the Tomek-Li model, whereas the others, including ex-

ample drug T in the ten Tusscher-Li model and the ORd-Lei model and example

drug N, lie outside the similarity range. This suggests that if the Grandi-Li model

or the Tomek-Li model is chosen, hERG current inhibition of example drug T by the

SD or the CS drug-binding formulation does not affect the outcome. This counters

our hypothesis that a trapped drug will have a large ∆ÃPD90, while a nontrapped

drug has ∆ÃPD90 close to zero, or lies within the similarity range. Assuming the

SD formulation captures the trapping mechanism accurately and assuming a trapped

drug is more pro-arrhythmic, a trapped drug should show a longer APD90 than a

nontrapped drug. The CS formulation of a trapped drug is equivalent to a trapped

drug’s potency but without its trapping mechanism. Therefore, using the SD formu-

lation for a trapped drug should have a larger ∆ÃPD90 when it is compared to its

CS formulation equivalent. A nontrapped drug in the SD formulation, on the other

hand, should have similar APD90 to its CS formulation equivalent, and thus small

∆ÃPD90.

Positive ∆ÃPD90s for example drug T are observed only in the Grandi-Li model

and the Tomek-Li model. A positive ∆ÃPD90 is expected for example drug T fol-

lowing the reasoning described above, where the trapped drug should have a longer

APD90 in the SD drug-binding formulation than in the CS drug-binding formulation.

The drug-trapping mechanism incorporated in the SD formulation attempts to cap-

ture the accumulation of drugs in the ion channel, which will cause long-lasting and

more intense current inhibition than the CS formulation, thus prolonging the APD90

more than the CS formulation. The other models show negative ∆ÃPD90 for example

drug T, indicating that the AP-IKr-SD model has less AP prolongation on average.

On the other hand, ∆ÃPD90s for example drug N are all positive. However, exam-

ple drug N is not expected to be affected by the choice of drug-binding formulation

because the inclusion of the trapping mechanism should not have an effect on the

output for nontrapped drugs.
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The ORd-Lei model has a larger magnitude of ∆ÃPD90 for example drug T than

for example drug N, different from the rest of the AP models. The SD formulation for

example drug T predicts significantly less AP prolongation than the CS formulation.

This can be explained by the low binding rate (Kmax) of example drug T within the

SD formulation for the ORd-Lei model (Figure 4.7 and Table 4.1), which slows down

the binding of drugs to the channel and lessens the hERG current inhibition and

eventually lessens the AP prolongation. The CS formulation, on the other hand, is

unaffected by the binding rate and can fully inhibit the hERG current. Consistently,

the ∆q̃Net for example drug T and example drug N in the ORd-Lei model has an

opposite direction to ∆ÃPD90.

∆q̃Nets are mainly negatives, except for example drug T in the ten Tusscher-Li

model and the ORd-Lei model. ∆q̃Nets are expected to be of opposite sign from

∆ÃPD90s because the AP prolongation is caused by a decrease in the hERG current,

which lowers the qNet scores (Equation 3.6).

Across all AP models, the ∆ÃPD90 and ∆q̃Net are generally relatively smaller in

magnitude for the Grandi-Li model and the ten Tusscher-Li model than the ORd-Li

model and the Tomek-Li model. This trend is proportional to the magnitude of the

hERG current within each AP model, where the Grandi model and the ten Tusscher

model have the lowest hERG current contribution to the AP (Figures 4.6 & 4.5). The

inhibition of the hERG current in an already low contribution will not affect the AP

as much.

These example drugs, representing trapped drug and nontrapped drug, show that

the APD90s and qNet scores are not only dependent on the drug-binding formula-

tion, but also on the AP model and the hERG-channel component. Moreover, the

differences are not associated with the trapping tendency of the drugs, as we might

have expected. Example drug T does not cause more AP prolongation with the SD

drug-binding formulation, while example drug N does not predict similar AP pro-

longation between the two drug-binding formulations. To investigate whether this

outcome is generalisable to the parameter space of the SD drug-binding formulation,

we then perform a systematic exploration of the parameter space (detailed methods

in Section 4.3.3).
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Figure 4.11: The majority of the drugs in the AP-IKr-SD model have higher
APD90s than the AP-IKr-CS model, with the largest difference observed

in the Tomek-Li model. ∆ÃPD90s within the parameter space of the SD drug-
binding formulation for (A) the Grandi-Li model, (B) the ten Tusscher-Li model, and

(C) the Tomek-Li model. The colours of the markers indicate the ∆ÃPD90 of each
point. The grey circles in the bottom panels of (A), (B), and (C) are regions where
∆APD90 lies within the similarity range (Section 4.3.3). The triangles are the 12

synthetic drugs listed in Section 4.3.2, colour-coded with their ∆ÃPD90 values. These
triangles are projected to the Kmax - Ku plane as red circles for better visualisation.
(D) Histograms of ∆APD90, without normalisation, for each AP model in (A), (B)
and (C). The shaded region indicates the region where the ∆APD90 lies within the
similarity range. The dashed vertical line indicates zero ∆APD90. Positive values
indicate that the AP-IKr-SD model has longer APD90 than the AP-IKr-CS model.
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4.4.2 The binding and unbinding rates remain the primary
factors contributing to the differences between the SD
and the CS drug-binding formulation

Example drug T and example drug N, taken to represent a trapped drug and a

nontrapped drug, respectively, differ not only in their trapping tendency parameter

(Vhalf−trap), but also in their binding and unbinding rates (Kmax andKu). We therefore

further investigate the role of each parameter in the AP prolongation by exploring

the parameter space of Kmax, Ku, and Vhalf−trap (see Section 4.3.3 for details). For

each virtual drug, its drug effect, as captured by the SD drug-binding formulation, is

used to calibrate the equivalent drug effect in the CS formulation (a brief description

in Section 4.2.3 and a detailed description in Chapter 3.2.3). The virtual drug is

then incorporated into the AP models to predict its AP prolongation. The APD90s

simulated by the AP-Li-SD model and the AP-Li-CS model are compared using the

∆ÃPD90 (Section 4.3.4).

In the top panels of Figures 4.11A-C, the ∆ÃPD90 between the drug-binding for-

mulations for the Grandi-Li model, the ten Tusscher-Li model, and the Tomek-Li

model are shown. The dependence of ∆ÃPD90 on the parameters exhibits similar

behaviour to that in the previous chapter (Chapter 3), where the AP-Li-SD model

predicts longer APD90s than the AP-Li-CS model in the majority of the cases. Fur-

thermore, the maximum positive ∆ÃPD90 is achieved at the middle range of Ku

values. The AP-Li-SD models predict shorter APD90s than the AP-Li-CS models

at low Kmax values, as indicated by negative ∆ÃPD90s. ∆ÃPD90s remain relatively

constant as Vhalf−trap increases, while they increase rapidly then plateau as Kmax

increase. While the Grandi-Li model and the ten Tusscher-Li model show relatively

smooth changes in ∆ÃPD90 across the parameter space, the Tomek-Li model exhibits

large fluctuations in the ∆ÃPD90 due to the high sensitivity of the Tomek model to

perturbations in the hERG current and thus exhibits EAD-like behaviour frequently.

The bottom panels of Figures 4.11A-C show the ∆ÃPD90 of the 12 synthetic

drugs in triangles, and the data points with ∆ÃPD90 within the similarity range

(Section 4.3.3) in grey. The similarity range, where the difference in AP between

the AP-IKr-SD model and the AP-IKr-CS model are considered to be negligible, is

adjusted according to the AP model. ∆ÃPD90s that lie within the similarity range

form the similarity region. The similarity region encompasses a small volume in

the Grandi-Li model and in the ten Tusccher-Li model. The seeming dependence of

the similarity region on Vhalf−trap arises from the strict cut-off point of the threshold.

Points around the similarity region are within 1 ms of ∆ÃPD90 in the Vhalf−trap axis of
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the Grandi-Li and the ten Tusscher-Li model. The similarity region for the Tomek-Li

model, on the other hand, covers a larger volume, predominantly at high Ku values.

This implies that the Tomek-Li model is robust against the choice of the drug-binding

formulation with approximately 44% of the virtual drugs within the parameter space

cause similar AP prolongation regardless of the drug-binding formulation used. This

can be compared to more than 90% of the virtual drugs exhibiting AP prolongation

beyond the acceptable margin if the Grandi or the ten Tusscher model is used to

implement the SD formulation.

Figure 4.11D shows the histograms of the ∆APD90s for each AP model. The

distributions of the ∆APD90 for all AP models are skewed towards positive values.

Although occurrences of negative values (APD90s of the AP-Li-SD model are on aver-

age shorter than those of the AP-Li-CS model) are few, their magnitudes reach larger

values in all AP models except the Tomek-Li model. The ranges of ∆APD90 observed

in the Grandi-Li model and the ten Tusscher-Li model are significantly lower than

those observed in the Tomek-Li model (roughly 20 times lower). This discrepancy

aligns with the contribution of the hERG current to the AP model (Figures 4.6 and

4.5). The larger hERG current in the Tomek model allows for greater AP prolonga-

tion, resulting in a larger difference between the APD90s.

4.4.3 Changes in the open state probability reduce the effect
of drug binding

In addition to the replacement of AP models, we replaced the hERG-channel compo-

nent of the ORd-Li model (the AP model and hERG-channel component combination

chosen to develop the SD drug-binding formulation in Li et al. [2017b]) with the Lei

component to form the ORd-Lei model. The drug-binding formulations are then em-

bedded within the ORd-Lei model, and their simulated APD90s are compared. As

detailed in Section 4.3.2, the parameter values for the synthetic drugs are recalibrated

to capture the same drug effect as in the ORd-Li model.

In Section 4.4.1, we briefly compared the APD90 and qNet score between the

SD and the CS drug-binding formulation for a representative trapped drug and a

nontrapped drug (Figure 4.10). Distinct from the other AP models, the ORd-Lei

model has a large negative ∆ÃPD90 for example drug T (trapped drug representative)

and a small positive ∆ÃPD90 for example drug N (nontrapped drug representative).

This can be explained by the low binding rate, controlled by Kmax, of example drug

T for the Lei hERG-channel component (Figure 4.7). The low binding rate limits the

amount of drug compound that can bind to the channel, which limits the inhibition
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of the hERG current and thus results in lower AP prolongation. In contrast to the CS

drug-binding formulation, the ion flow can be fully stopped by fixing the conductance

value to near zero. Consistently, the ∆q̃Net for example drug T and example drug N

in the ORd-Lei model has an opposite direction to ∆ÃPD90.

Figure 4.12: The ORd-Lei-SD model is most likely to return slightly longer

APD90s than the ORd-Lei-CS model. (A) ∆ÃPD90s within the parameter
space of the SD drug-binding formulation for the ORd-Lei model. The colours of

the markers indicate the ∆ÃPD90 of each virtual drug within the parameter space.

(B) The grey circles are virtual drugs where ∆ÃPD90 is within the similarity range,
between −18.37 ms and 18.37 ms. The triangles are the synthetic drugs, colour-coded

with their ∆ÃPD90 values. These triangles are projected to the Kmax - Ku plane as red
circles for better visualisation. (C) Histogram of ∆APD90, without normalisation, for
ORd-Lei model. The shaded region indicates the region where the ∆APD90 lies within
the similarity range. The dashed vertical line indicates zero ∆APD90. Positive values
show that the ORd-Lei-SD model has longer APD90 than the ORd-Lei-CS model.

Extending the comparison to the parameter space, Figure 4.12A shows the out-

come of the parameter space exploration for the ORd-Lei model. The color of each

data point in Figure 4.12A indicates the difference between using either the SD drug-

binding formulation or the CS formulation for a virtual drug as viewed in terms of

∆ÃPD90. Positive values of ∆ÃPD90 imply that the SD formulation causes more AP

prolongation than the CS formulation, which covers the majority of the parameter

space. The difference in APD90 is not driven by Vhalf−trap (the trapping tendency

parameter). However, as opposed to the outcome in Figure 4.11, the ∆ÃPD90 of the

ORd-Lei model is independent of both Ku (unbinding rate) and Vhalf−trap. ∆ÃPD90s

are negative at small values of Kmax, covering only a small region of the parameter

space while achieving large magnitudes. Similar to the reasoning for example drug T,

low values of Kmax limit the binding of drugs to the ion channel and the inhibition of
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the hERG current, which restricts the AP prolongation. The CS formulation, on the

other hand, has no restriction in its inhibition of hERG current, and therefore can

cause longer AP prolongation than the SD formulation.

Figure 4.12B shows the ∆ÃPD90s of the 12 synthetic drugs in triangles and the

data points that lie within the similarity range in grey. The data points in grey indi-

cate that these virtual drugs are predicted to cause similar AP prolongation regardless

of the drug-binding formulation used. The similarity region is mostly at low Ku val-

ues (unbinding rate). The low unbinding rates and high binding rates provide the

opportunity for drugs to stay within the ion channel longer and maintain their hERG

current inhibition, without limitation from binding rates as before, allowing the SD

formulation to exhibit similar current inhibition to the CS formulation. Figure 4.12C

summarises ∆ÃPD90 from Figure 4.12A into a histogram, showing the difference in

APD90 without normalisation. The ∆APD90s are mostly positive, with a long tail in

the negative values.

In this study, the similarity range is defined according to each AP model. A simi-

larity range, independent of the AP model, may be more appropriate in certain cases,

for example when defining a safety margin for drugs in causing AP prolongation. Fig-

ure 4.13 shows the virtual drugs that lie within the absolute similarity range of 10 ms

for all AP models. With this absolute similarity range, the ORd-Li model and the

Tomek-Li model show that the choice of drug-binding formulation significantly affects

the predicted APD90; whereas for the Grandi-Li model or the ten Tusscher-Li model,

the predicted APD90 is unaffected by the choice of the drug-binding formulation. On

the other hand, the similarity region of the ORd-Lei model is similar to that when

a relative similarity range is used because the absolute similarity range of 10 ms is

close to the ORd-Lei model’s relative similarity range of 18.37 ms. The histograms in

Figure 4.13B further emphasise this outcome.

4.5 Discussion

This study aims to show the changes observed in AP due to the choice of the drug-

binding formulation of the hERG channel. The drug-binding formulations of interest

are the SD formulation, where drugs can only bind to the open and inactivated

open state of the hERG channel and are able to stay trapped within the hERG

channel throughout a voltage-clamp protocol pulse, and the CS formulation, where the

inhibition of hERG current caused by the drug is approximated by the conductance

reduction following the Hill curve. The AP considered in this study is based on several
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Figure 4.13: The Grandi-Li model and the ten Tusscher-Li model would
effectively predict the same APD90 for the whole parameter space regard-

less of the drug-binding formulation. (A) ∆ÃPD90 of the 12 synthetic drugs in
coloured triangles for the ORd-Li model, the Grandi-Li model, the ten Tusscher-Li
model, the Tomek-Li model, and the ORd-Lei model. These triangles are projected
to the Kmax - Ku plane as red circles for better visualisation. The grey circles are

parameter value combinations where ∆ÃPD90 lies within 10 ms. (B) Histograms of
∆APD90, without normalisation, for all AP models in (A). The shaded region indi-
cates the 10 ms similarity range. The dashed vertical line is at zero ∆APD90. Positive
values indicate that the AP-IKr-SD model has longer APD90 than the AP-IKr-CS
model.
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AP models — the Grandi model, the ten Tusscher model, and the Tomek model.

To allow the drug-binding formulations to be embedded within the AP models, the

hERG-channel components of the AP models are replaced by the Li hERG-channel

component [Li et al., 2017b], to form the AP-Li models. The SD and CS drug-

binding formulations were then used to incorporate a drug’s effect into the AP-Li

models and compared with the metrics ∆ÃPD90 and ∆q̃Net. ∆ÃPD90 and ∆q̃Net

are the signed RMSD of normalised APD90s and qNet scores between the SD and the

CS drug-binding formulation, respectively.

∆ÃPD90s and ∆q̃Nets have smaller magnitude for example drug T (a trapped

drug) than for example drug N (a nontrapped drug) (Figure 4.10), except for the ORd-

Lei model. The AP prolongation caused by example drug N is affected by whether the

SD or the CS drug-binding formulation is used. This is consistent with the conclusion

in Chapter 3, where the trapped drug does not invoke more AP prolongation with

the SD formulation.

We then explored the parameter space of the SD formulation, which is made up

of Kmax, Ku, and Vhalf−trap, for all AP-Li models. The parameters correspond to

the binding rate, the unbinding rate, and the untrapping rate, respectively. The SD

formulation generally predicts longer APD90 than the CS formulation (Figure 4.11A-

C). The average magnitude of ∆ÃPD90 is correlated to the magnitude of the hERG

current of each AP model. In all AP-Li models, negative ∆ÃPD90s are observed at

the extreme low end of the Kmax range. The low binding rates limit the drug-binding

to the hERG channel, lower the effect of hERG current inhibition, and thus have

lesser APD90 prolongation in the SD formulation than in the CS formulation. The

Tomek model has a relatively high hERG current (Figure 4.5) and is more prone to

predicting EAD-like behaviour. Since APs showing EAD-like behaviour are omitted

from the metric calculation, ∆ÃPD90s of the Tomek-Li model in the parameter space

are not smooth (Figure 4.11C). Even though the use of the SD formulation changes

the APD90 of the AP models, these changes are not driven primarily by the trapping

tendency parameter (Vhalf), but rather by the binding and unbinding rates (Kmax and

Ku).

Virtual drugs whose ∆ÃPD90 is within the similarity range are said to be unaf-

fected by the choice of the drug-binding formulation. This similarity range is defined

under the assumption that the parameter n of the SD formulation has a negligible

effect on ∆APD90. The threshold is thus set to be the maximum ∆APD90 caused by

the perturbation in the parameter n, and multiplied by a factor of 1.2. The threshold

value of the similarity range varies with the AP model and encompasses different
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regions within the parameter space (Figure 4.11). It follows from our definition of

the similarity range that the threshold value will be model-dependent. It makes sense

to have different threshold values for different AP models, as their sensitivities to

hERG current inhibition are not identical. After accounting for the difference, the

Tomek-Li model has the most virtual drugs that are unaffected by the choice of the

drug-binding formulation, while the Grandi-Li model and the ten Tusscher-Li model

have a small similarity region. The similarity region indicates drugs where the choice

of using either the SD or the CS formulation does not affect the AP prolongations

predictions. The implication of the similarity region to a real-world setting is the

potential replacement of the SD drug-binding formulation to the CS formulation for

drugs within the similarity region to reduce cost in performing complicated experi-

ments and parameterisation of drugs for the SD drug-binding formulation. However,

the Tomek-Li model and the ORd-Lei model will have opposing conclusions as their

similarity regions encompass different groups of drugs. In most real-world settings,

a similarity threshold independent of the AP model may be more appropriate. If an

absolute similarity threshold of 10 ms is chosen, the drug-binding formulations do not

have an effect on the APD90s of the Grandi-Li model and the ten Tusscher-Li model,

while the Tomek-Li model shows the opposite (Figure 4.13).

In addition to altering the AP models, the hERG-channel component of the ORd-

Li model is replaced with the Lei component [Lei et al., 2019b]. The ORd-Lei model,

although showing a majority of positive ∆ÃPD90s, exhibits low magnitudes. The neg-

ative ∆ÃPD90s occur at low binding rates, similar to the other AP-Li models. The low

binding rates restrict the hERG current inhibition in the SD formulation and there-

fore cause shorter APD prolongation than the CS formulation. A correlation between

the low positive values of ∆ÃPD90s and the hERG-channel component is compli-

cated by the interaction of several factors. The Lei component has lower open-state

and inactivated open-state probabilities under its AP-clamp protocol (Figure 4.4),

which would lower the drug-binding opportunities. However, the binding rate and

unbinding rate of the 12 synthetic drugs for the Lei component are mostly higher

than the Li component. This could be due to compensation against the difference

in drug-binding opportunities. The higher binding rate may interact with the lower

drug-binding opportunity to achieve a similar drug effect in both drug-binding formu-

lations. The drug-binding opportunity can also be viewed in terms of total time spent

in the open-state and inactivated open state. This way, the drug-binding opportunity

of the Lei component is higher than that of the Li component. The combination of

higher drug-binding opportunity with higher binding rates should inhibit the hERG
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current more and prolong the AP more, but the opposite is observed. This observed

trend should not be generalised as only a single alternative hERG-channel component

has been used.

One of the limitations of this study comes from the calibration of the CS drug-

binding formulation. The drug response of the Hill curve, used in the calibration,

is measured by the peak of hERG current simulated by the SD formulation using

the modified Milnes protocol [Li et al., 2017b]. It is known that the IC50 (one of

the parameters that defines the Hill curve) is dependent on voltage-clamp protocols

[Yao et al., 2005, Kirsch et al., 2004, Stork et al., 2007]. For example, Gomis-Tena

et al. [2020] designed protocols to determine the state preference of drug-binding

and showed that the IC50s vary with the protocols (as shown in Chapter 3). The

dependence of IC50 on the voltage-clamp protocol will affect the calibrated drug effect

on the CS drug-binding formulation, which then propagates to the simulated APD90

and eventually the ∆ÃPD90. However, it will not affect the qualitative comparison

between the SD and the CS formulations, where the trapping tendency of a drug

does not play a role in altering ∆ÃPD90, because the calibration issue changes the

reference APD90 (of the CS formulation) and not the trapping mechanism of the SD

formulation. Moreover, the range of drug concentrations used in the simulations is

chosen to encompass the drug effect for the entirety of the Hill curve (from no effect to

full inhibition) to ensure that the comparison between the drug-binding formulations

is robust against the IC50 values. The other limitation of this study is the use of

APD90 as a surrogate marker to the QT interval when comparing the drug-binding

formulations. Finally, this study focuses only on the hERG channel and its drug-

binding mechanism. We note that the AP prolongation predicted in this study is not

reflective of multi-channel blockers such as verapamil.

4.6 Conclusion

In all the comparisons performed, the binding rate and unbinding rate of the SD drug-

binding formulation remain the primary factor affecting the difference in APD90. The

trapping component plays virtually no role in the APD90 difference between the SD

and the CS drug-binding formulations. This study has shown that regardless of the

AP model or the hERG-channel component, the role of the trapping component,

specifically the parameter Vhalf−trap, remains minor in affecting the APD90 prolonga-

tion. The magnitude of the difference in the APD90 varies significantly across models,

some of which exceeds the accepted range of a drug safety margin. It demonstrates
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the importance of choosing a suitable model for specific situations, considering the

purpose and intent, as it could lead to inconsistent conclusions. More care is required

in designing models replicating the drug-binding mechanism and in extrapolating to

out of context-of-use. An experimental exploration is needed to determine the most

appropriate choice of AP model and hERG-channel component, and the resulting

uncertainty should be taken into account in future drug-binding studies.

The lack of influence of Vhalf−trap on the difference in APD90 suggests that it may

not be identifiable. An identifiability analysis on the SD formulation is required to

determine if Vhalf−trap can be estimated from the experimental data. It can also inform

improvements to the SD formulation and potentially the modelling of drug-trapping.

In the next chapter, we look into the practical identifiability of the SD drug-binding

formulation and potential ways to improve the drug-binding formulation.
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Chapter 5

Identifiability of the trapping
tendency parameter and its role
within the state-dependent
drug-binding formulation

Overview:
In Chapters 3 and 4, we performed sensitivity analyses on the state-dependent

(SD) drug-binding formulation. These analyses were done by simulating its action

potential (AP) for parameter combinations covering the parameter space and deter-

mining the influence of each parameter on the AP duration (APD). The results showed

that Vhalf−trap of the SD formulation does not influence the APD. This indicates that

Vhalf−trap may not be identifiable from the experimental data of current recordings.

In this chapter, we investigate the practical identifiability of the parameters of the

SD formulation and simplify the SD formulation based on the identifiability results.

We show that a simpler drug-binding formulation has improved identifiability while

still having a performance of risk prediction similar to the SD formulation.

5.1 Introduction

As discussed in Chapter 2, drug-binding to the hERG channel is an area of active

ongoing research, with implications contributing to the comprehensive risk assess-

ment of drugs. Mathematical models incorporating drug-binding that better reflect

channel behaviour under drug-induced inhibition may potentially provide accurate

proarrhythmic risk predictions.

The state-dependent (SD) drug-binding formulation that we have described in

detail in Section 2.5.5 was developed to incorporate drug-trapping into a drug-binding
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model, and hence to improve the proarrhythmic risk of drugs [Li et al., 2017b, Dutta

et al., 2017, Li et al., 2019]. However, drug-binding models cannot fully recapitulate

every detail of the drug-binding dynamics due to the lack of complete biological

knowledge. Moreover, the inclusion of every detail into the models, even if that were

possible, would increase the difficulty of accurately inferring all parameters of the

model, leading to parameter identifiability issues.

The SD drug-binding formulation is a relatively complex model that has been

developed to capture specifically the drug-trapping to hERG channel and has been

used, together with the Torsades Metric Score (TMS), to make predictions of the

proarrhythmic risk of drugs [Li et al., 2017b, Dutta et al., 2017, Li et al., 2019].

Trapping is postulated to be observable in the experimental current by the rate of

recovery of the current between pulses [Yang et al., 1995]. The modified Milnes’

protocol used by Li et al. [2017b], modified from the original Milnes’ protocol [Milnes

et al., 2003, 2010], is designed with long resting potentials between pulses. The

long resting potential is postulated to allow sufficient time for nontrapped drugs to

unbind from the channel, while trapped drugs will stay bound within the channel.

At the subsequent pulse, these authors assume that trapped drugs that stay within

the channel during the resting potential will maintain the current inhibition, whereas

nontrapped drugs will unbind from the channel, and the current magnitude will return

to that of the previous pulse. This recovery of the current magnitude to the previous

pulse is an indicator of a nontrapped drug. In Li et al. [2017b], the trapping behaviour

of drugs is quantified by the rate of recovery, which is calculated as the reduction of

the peak current between the pulses.

Figure 5.1: The structure of the SD drug-binding formulation (blue and
red) attached to the Li hERG-channel component in black. The blue and
red parts indicate the binding and the trapping components, respectively.
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5.1.1 Summary of the SD formulation

For ease of reference, the SD drug-binding formulation is described again briefly.

The SD drug-binding formulation characterises the current behaviour with a Markov

structure with a binding component and a trapping component (blue and red parts

of Figure 5.1, respectively). The SD formulation is given by

Kb = Ku ×Kmax ×
Dn

Dn + ECn
50

, (5.1)

Kn = Kt ×
1

1 + e−(V−Vhalf−trap)/6.789
, (5.2)

Kt = 3.5× 10−5, (5.3)

where the binding rate Kb, the unbinding rate Ku, the trapping rate Kt, the untrap-

ping rate Kn and the microscopic reversibility rate Kr describe the transition rates

between the drug-bound states (O*, IO* and C*) (see Figure 5.1). The parameters

that describe the drug effect can be interpreted as follows: Kmax controls the binding

rate; Ku defines the unbinding rate; Vhalf−trap determines the trapping tendency of

a drug; n describes the dependency of the current inhibition on drug concentration;

and EC50 normalises the drug concentration input against the drug concentration

that induces 50% of the maximal drug response. Trapped drugs are differentiated

from nontrapped drugs by having a slower transition rate out of the trapped state,

thus staying in the trapped state longer.

5.1.2 Uncertainty quantification of the SD formulation

Although the SD formulation has eight transitions among its binding and trapping

components, the current inhibition behaviour induced by each drug is characterised by

only five parameters. Chang et al. [2017] have shown that Kmax and ECn
50 have large

uncertainty, but Kmax/ECn
50 is identifiable, therefore the uncertainty is not reflected

in the variability in the current behaviour. In the same study, Vhalf−trap was shown

to have a large uncertainty for most drugs, with half of all drugs showing bimodality

in the distribution, indicating signs of nonidentifiability. The authors argue that

despite the large uncertainty, the trapping tendency parameter still correlates with

the expected proarrhythmic risk of drugs, consistent with the trend observed in their

previous study [Li et al., 2017b]. It is challenging to elucidate the parameters of

the SD formulation because the suggested drug-binding process is a two-step process

where the binding of drugs precedes trapping, and it is difficult to isolate the effect

of both from the current signal alone.
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5.1.3 Research question

The development of the SD formulation was aimed at improving the proarrhythmic

risk assessment of drugs. Towards this goal, the authors introduced the qNet and

the Torsades Metric Score (TMS) to measure the proarrhythmic risk of drugs, and

demonstrated that their predictions outperform other alternatives [Dutta et al., 2017,

Li et al., 2019]. In the previous chapters (Chapters 3 & 4), we explored the use of the

SD formulation outside its “context-of-use” [Pathmanathan et al., 2017] and tested

it against the APD, instead of the proposed TMS. We showed that the prolonga-

tion of the AP is not driven by the trapping component of the SD formulation. If

Vhalf−trap does not affect the APD, is it possible to accurately identify it from the

experimental data used in calibrating the SD formulation? Further, how will this

affect proarrhythmic risk prediction?

5.1.4 Summary

In this chapter, we investigate the practical identifiability of the parameters of the

SD formulation on synthetic data, that mimics the calibration data of the SD for-

mulation, for a range of parameter sets that cover the parameter space (Section 5.3).

We demonstrate that the trapping parameter Vhalf−trap has poor identifiability under

several noise conditions. We then adjust the trapping rate Kt (Section 5.4.1) and ex-

plore several voltage-clamp protocols (Section 5.4.2), finding unexpectedly that this

does not improve the identifiability. Trapping seems to be neither detectable nor

practically identifiable from IKr and the AP. Therefore, we propose three alternative

drug-binding formulations without the trapping component (Section 5.5). For the

first, we combine the binding and trapping components into a single new binding

component. For the second, the trapping component is effectively removed by setting

the trapping rate Kt to zero. For the third, we keep only the binding kinetics around

the open state of the hERG channel. These alternative drug-binding formulations

are explored in terms of their parameter identifiability (Section 5.5.2), their fit to in

vitro experimental data (Section 5.5.3) and their differences against the SD formula-

tion (Section 5.5.4). Finally, all drug-binding formulations are used to categorise the

drugs used in Li et al. [2017b] and their performance is compared (Section 5.5.5). All

studies performed in this chapter are listed in Table 5.1.
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Table 5.1: Summary of the studies performed in this chapter

Studies Details

Parameter identifiability of
the SD formulation

• To assess the practical identifiability of the SD for-
mulation

(Section 5.3) • The parameter that controls the trapping tendency
of drugs Vhalf−trap has poor identifiability

Modifications to the SD for-
mulation

• To improve the parameter identifiability of the SD
formulation

(Sections 5.4.1 & 5.4.2) • Changed the parameter that controls the trapping
tendency and explored several voltage-clamp protocols
• Parameter identifiability of the trapping component
is not improved

Introduction of alternative
drug-binding formulations
(Section 5.5)

• To suggest alternative drug-binding formulations
without the non-identifiable trapping component of the
SD formulation

Assessment of the alternative
drug-binding formulations
(Sections 5.5.2, 5.5.3 & 5.5.4)

• To assess the performance (parameter identifiabil-
ity, fit to experimental data and proarrhythmic risk pre-
dictions) of the alternative drug-binding formulations
against the SD formulation

Performance of all drug-
binding formulations

• To compare the risk prediction of all drug-binding
formulations

(Section 5.5.5)

5.2 Simulation of the SD formulation

We begin by giving a brief recap on the simulation details of the SD formulation,

including the choice of drug concentration and the parameter space. As detailed in

Section 3.2.7 of Chapter 3, we can reduce the number of parameters of the SD formu-

lation to three parameters. We take D̂ = Dn

Dn+ECn
50

as the dimensionless concentration

input. The range of D̂ used for the simulations within this chapter is based on the

drug concentrations used within the paper of the SD formulation [Li et al., 2017b].

The D̂ values of the experimental data in Li et al. [2017b] have 5th and 95th quantiles

as 1.2 × 10−8 and 0.65 respectively. Li et al. [2017b] performed experiments on four

drug concentrations for almost all of the drugs. For each parameter combination in

our simulations, we therefore take four values of D̂, explored logarithmically within

the given quantile range.

The parameter space, consisting of parameters Ku, Kmax, and Vhalf−trap, is defined

by the minimum and maximum parameter values of all drugs in the CiPA training

and validation drug sets [Li et al., 2017b, 2019]. The parameter space is thus a cube

of Kmax ∈ [1, 108] (unitless), Ku ∈ [10−5, 1] ms−1 and Vhalf−trap ∈ [−200,−1] mV.

For each point within the parameter space (a parameter combination), its effect on
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IKr can be simulated with the SD formulation for any given D̂ and then compared.

These parameter combinations will be referred to as virtual drugs, consistent with

previous chapters, as they are hypothetical and might not be equivalent to any existing

drugs. The parameter space is discretised into five equidistant grids to encompass a

wide range of possibilities in the parameter space. Kmax and Ku are discretised on

logarithmic scales.

All simulations were run with Python 3.8 using Myokit 1.33 [Clerx et al., 2016]

with the CVODE solver [Hindmarsh et al., 2005]. The absolute tolerance and relative

tolerance were set to 10−7 and 10−8, respectively. The code and datasets associated

with this study are available in a GitHub repository: https://github.com/FarmHJ/

SD-reduction. A summary of the computational details for all coding implementa-

tions of this thesis is provided in Appendix A.

5.3 Identifiability analysis of the SD drug-binding

formulation

We now perform a practical identifiability analysis of the SD drug-binding formula-

tion using a modified profile likelihood method on synthetic data. Throughout this

chapter, identifiability, practical identifiability and parameter identifiability are used

interchangeably. We first describe the generation of the synthetic data, then the

modified profile likelihood method.

5.3.1 Generation of synthetic data

We want to generate synthetic data that is as close to the experimental data in Li

et al. [2017b] as possible to better replicate actual experimental data. For any given

virtual drug (parameter combination), the IKr of the SD formulation is simulated

for the first ten pulses of the modified Milnes’ protocol (by Li et al. [2017b]) at a

time step of 10 ms. The SD formulation is first paced to steady state under control

conditions before the addition of the virtual drug. The drug-inhibited current is then

normalised against the control current to obtain the fractional block. The fractional

block is defined as

Bt,c =
Iinhibited,t,c
Icontrol,t

, (5.4)

where Bt,c is the fractional block at time point t and drug concentration c. The

Iinhibited,t,c and Icontrol,t currents represent the IKr current after the addition of drugs
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and the IKr current under control conditions, respectively, at time t and drug con-

centration c. The fractional block Bt,c for a given drug concentration c has a total

of 9900 time points in ms, coming from the 9.9 s period of interest of the modified

Milnes’ protocol (after removing the channel opening phase at the first 0.1 s of the

0 mV step of the modified Milnes’ protocol [Li et al., 2017b, Lei et al., 2024]) at a

10 ms time step for 10 pulses.

The normalisation of the drug-inhibited current by the control current ensures

the data is relatively consistent throughout the repeats by removing artifacts due

to cell size or cell-cell variability. When current magnitudes are close to zero (the

channel is closed), the fractional block will be dominated by noise or will achieve

large values and the simulations become computationally infeasible. Therefore, the

fractional block only at the 0 mV step of the modified Milnes’ protocol (the shaded

region of Milnes’ protocol in Figure 5.7) is used.

There are three noise models used in this study, which we term N1, N2 and N3.

The first (N1) is the ideal case where no noise is added, so the fractional block is

Bt,c =
Iinhibited,t,c
Icontrol,t

. (5.5)

The second noise model (N2) adds independent and identically distributed (i.i.d.)

Gaussian noise to the simulated IKr of the control condition and the drug condition

individually. The Gaussian noise is assumed to have zero mean and the standard

deviation, σ, is chosen to be 6.6× 10−3 µA, based on experimental data. The refer-

enced experimental data are IKr under the ramp protocol and the step protocol for

three drugs, i.e. dofetilide, cisapride and verapamil, provided by our collaborators

at Roche. These protocols are also used in one of the studies in this chapter (Sec-

tion 5.4.2). The estimated noise level is taken as the standard deviation of recorded

currents when the ion channel is in the resting state, i.e. the first 50 ms of the ramp

protocol and the first 100 ms of the step protocol. The Gaussian noise is added to the

simulated current of the control condition and the drug condition separately, then

normalised to obtain the synthetic fractional block. The synthetic fractional block

with the N2 noise model is

Bt,c =
Iinhibited,t,c + εt,c
Icontrol,t + ξt,c

, (5.6)

where εt,c ∼ N (0, σ2) and ξt,c ∼ N (0, σ2).

To mimic the experimentally observed fluctuation in IKr values, we also consider a

third noise model (N3). The N2 noise model did not seem to replicate the intensity of

109



noise commonly observed in experimental data, where more instabilities and variabil-

ities were observed. Due to the size of cells and cell-cell variability, raw currents can

fluctuate by as much as twice this magnitude. Even though these variabilities in cur-

rent magnitude were accounted for in the fractional block data, where the inhibited

current is normalised against the control current, the noise level cannot be completely

cancelled out. In the N3 noise model, we scale the magnitude of IKr, both the control

current and the drug-inhibited current, by half and then add Gaussian noise (with

the same standard deviation as the N2 noise model), creating a higher noise intensity

than the N2 noise model. The noisy drug-inhibited current is then normalised against

the noisy control current to obtain the fractional block. The fractional block with the

N3 noise model is

Bt,c =

Iinhibited,t,c

2
+ εt,c

Icontrol,t

2
+ ξt,c

. (5.7)

This is equivalent to doubling the noise intensity.

For reproducibility, generation of εt,c and ξt,c were seeded. The realisations of

ξt,c are the same for all noise models and all parameter combinations, while the

realisations of εt,c are the same for all noise models but differ between the parameter

combinations.

5.3.2 Error profile

Here, we perform a modified profile likelihood analysis on synthetic data to investigate

practical identifiability of the parameters of the SD formulation. Instead of using

log-likelihood as an assessment of the optimisation, we use the root mean squared

difference (RMSD) between the synthetic data and the simulated fit. It is easier

to interpret RMSD because it has the same unit as IKr. We refer to this modified

profile likelihood as the error profile. Parameter identifiability in the error profile is

determined by a minimum RMSD, as opposed to the maximum of the log-likelihood

for the profile likelihood.

Three sets of synthetic data with known parameter combinations, corresponding

to dofetilide, verapamil and cisapride, are used for this analysis. Dofetilide is chosen

to represent a trapped drug as it has the highest Vhalf−trap (the parameter associated

with drug-trapping) value; whereas cisapride and verapamil are chosen to represent

nontrapped drugs. Cisapride has the lowest Vhalf−trap value, but due to its low Kmax

(the parameter controlling the binding rate) value, cisapride cannot fully inhibit IKr at

high concentrations. Therefore verapamil, with the second lowest Vhalf−trap, is chosen
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as an alternative example drug. All drugs, i.e. dofetilide, cisapride and verapamil,

mentioned in this chapter refer to the parameter combinations of those drugs, not the

real drug.

The parameter ranges explored for the error profile are Kmax ∈ [1, 1010] (unitless),

Ku ∈ [1.8 × 10−6, 1] ms−1 and Vhalf−trap ∈ [−240,−0.25] mV (see Equations 5.1 to

5.3 and Section 5.2). The parameter ranges defined for the error profile were chosen

to encompass the parameter ranges observed from the CiPA training and validation

drugs [Li et al., 2017b, 2019], which are listed in Section 5.2. These parameter ranges

defined for the error profile extend from the experimentally observed ranges because

our chosen example drugs have parameter values close to the border of the experimen-

tally observed ranges. Dofetilide has Kmax and Vhalf−trap values close to the maximum

among all drugs in Li et al. [2017b, 2019], while cisapride has the lowest Vhalf−trap

value. The extension of the parameter ranges will provide a better picture of the er-

ror profile around the neighbourhood of the parameter values of the chosen example

drugs. Vhalf−trap is restricted to negative values to retain the property of the untrap-

ping rate Kn. The highest Vhalf−trap of all drugs (indicating a highly trapped drug)

tested in Li et al. [2017b] and Li et al. [2019] is −1 mV, giving an untrapping rate

Kn of roughly half the trapping rate Kt (see Equation 5.2). Whilst mathematically

Vhalf−trap could take positive values, no actual drugs have a positive value (loratadine

has the largest Vhalf−trap at −1 mV among all 28 drugs in Li et al. [2017b, 2019]), and

therefore we restrict the range we consider to negative values.

5.3.3 Minimisation of RMSD

The parameter values are optimised by minimising the root mean squared difference

(RMSD) between the synthetic data and the model simulation. The objective function

is the average RMSD across all drug concentrations tested:

1

4

∑
c

√∑
t (Yt,c −Bt,c)

2

T
(5.8)

where Yt,c is the simulated fractional block and Bt,c is the synthetic fractional block

(refer to Equations 5.5 to 5.7). The RMSD between the fractional block is computed

for all time points T = 9900 (Section 5.3.1). The RMSD values are then averaged

over the four drug concentrations c tested.

Given that the noise is compounded in the N2 and the N3 noise models (Equa-

tions 5.6 & 5.7) (from the noise added to the control current and the inhibited current)

the resultant noise on the fractional block
Iinhibited,t,c

Icontrol,t
cannot be assumed to follow a
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Figure 5.2: The resultant noise of synthetic data are similar to normal
distributions. The left and the middle panels show the probability density (in black)
of ε′t,c and ε′′t,c, respectively. They are the difference between the noisy synthetic data

(N2 and N3 noise models) and the noise-free data of Iinhibited

Icontrol
(based on Equations 5.9

& 5.10). The right panel shows the distribution of random numbers sampled from
a normal distribution for reference. The red solid lines show the probability density
function of normal distributions with mean and standard deviation (text in each
panel) of the histograms.

normal distribution [Hayya et al., 1975]. We examine the distribution of the resultant

noise following the equations:

N2 noise model, ε′t,c =
Iinhibited,t,c + εt,c
Icontrol,t + ξt,c

− Iinhibited,t,c
Icontrol,t

, (5.9)

N3 noise model, ε′′t,c =

Iinhibited,t,c

2
+ εt,c

Icontrol,t

2
+ ξt,c

− Iinhibited,t,c
Icontrol,t

, (5.10)

where ε′t,c and ε′′t,c are the approximated resultant noise for the N2 and the N3 noise

model, respectively. Figure 5.2 shows the distribution of the approximated noise

ε′t,c and ε′′t,c in the left and the middle panels, respectively. The distributions are

plotted by taking all instances of the noisy synthetic data (left-hand sides of Equa-

tions 5.9 and 5.10), following the procedure described in Section 5.3.1, and sub-

tracting the noise-free fractional block
Iinhibited,t,c

Icontrol,t
from it, to get instances of ε′t,c and

ε′′t,c. The histogram in the right panel shows samples generated from the normal

distribution N (0, 6.6 × 10−3µA) (the distribution of noise added to the simulated

currents (Section 5.3.1)) as a reference. The distributions of ε′t,c and ε′′t,c have means

of 2.3× 10−4 µA and −1.5× 10−5 µA, and standard deviations of 9.8× 10−3 µA and

1.9× 10−2 µA, respectively. This further verifies that the intensity level of noise im-

posed by the N3 noise model on the synthetic data is higher than that of the N2
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noise model, with almost twice the standard deviation. The red solid lines overlaying

the histograms are the probability density function of the normal distributions with

means and standard deviations of the histograms. Even though the distribution of

the approximated noise ε′t,c and ε′′t,c are not strictly normal, they are very close to

a normal distribution, as observed in Figure 5.2. This gives us confidence that our

use of least squares optimisation will give accurate recovery of the optimal parameter

values while mimicking the approach taken by Li et al. [2017b] in parameterising their

original model.

When performing inference, all parameters undergo logarithmic transformation,

except for Vhalf−trap, as they span several orders of magnitude. The starting point

of each optimisation repeat is randomly sampled from a log-uniform distribution

spanning the parameter space (defined in Section 5.2) for Kmax and Ku, and a uni-

form distribution for Vhalf−trap. Bounds are imposed on each parameter as follows,

Kmax ∈ [10−1, 1010] (unitless), Ku ∈ [10−7, 102] ms−1 and Vhalf−trap ∈ [−300, 0) mV.

The optimisation is performed using the Covariance Matrix Adaptation Evolution

Strategy (CMA-ES) from the PINTS 0.5.0 [Clerx et al., 2019] on Python 3.8.

For each parameter combination, five repeats of optimisations are performed with

different initial guesses to ensure the parameter space is well explored. The best-

performing repeat is presented. To ensure that the inferred parameter values were

within a sensible range, constraints were imposed on the range of the parameters.

These constraints were taken to be two orders of magnitude from the boundary of

the parameter space, except for Vhalf−trap because it was explored linearly, not logarith-

mically, where the limit is [−300, 0) mV. The optimal objective function is achieved

at least three out of five times, regardless of the noise model (see Section 5.3.1).

5.3.4 Practical identifiability of the SD formulation for three
example drugs

Figure 5.3 shows the error profile of the SD formulation for parameters Kmax, Ku

and Vhalf−trap (see Figure 5.1 and Section 5.2) for the three example drugs (dofetilide,

cisapride and verapamil) under the three noise models (Section 5.3.1). The error

profile shows the minimum RMSD achievable when one of the parameters is set to a

given value and then the remaining parameters are optimised given the value of the

fixed parameter (Section 5.3.2) [Cole et al., 2013]. The error profile provides insights

into the identifiability of the parameter [Raue et al., 2009].

For the binding-rate parameter Kmax, an optimum is observed at the true param-

eter value (first column), shown as vertical dashed lines in Figure 5.3, for all example
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Figure 5.3: Kmax is identifiable in all noise models, the confidence interval
for Ku becomes larger when the noise intensity increases and Vhalf-trap is
unidentifiable when its value is lower than −100 mV. The error profile of
Kmax, Ku, and Vhalf−trap for example drugs dofetilide, cisapride, and verapamil under
three noise models. The noise models are indicated by blue circles for the condition
without noise (N1), orange triangles when noise is added (N2), and green stars when
the currents are scaled by half and the noise is added (N3). The vertical dashed
lines are the true parameter values. The inset in the top right panel for Vhalf−trap of
dofetilide is a zoomed-in view for Vhalf−trap values greater than −1 mV.
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drugs. As the noise intensity increases (from the N1 to the N3 noise model, from blue

circles to orange triangles to green stars), the error profile of Kmax remains largely

similar, with a slightly flattened out error profile. The estimation of the unbinding

rate Ku is more susceptible to the effects of noise. Ku is identifiable under noise-free

conditions for all example drugs (second column of Figure 5.3). The local optima

become less pronounced as the noise intensity increases. The unbinding rate Ku of

verapamil (last row, middle column) is affected significantly by noise. The error pro-

file flattens out at large values when noise is added. The trapping tendency parameter

Vhalf−trap has the worst identifiability of all the parameters (rightmost column). The

error profile is flat at Vhalf−trap smaller than −100 mV for all example drugs, indicat-

ing that Vhalf−trap is not identifiable in that range. The only local optimum observed

for Vhalf−trap is for dofetilide when no noise is added, as emphasised in the inset in

the top right panel. For cisapride (middle row, right column), the RMSD does not

change with Vhalf−trap when it is at any value below −100 mV. This implies that

Vhalf−trap values smaller than −100 mV cannot be inferred accurately. The error pro-

file of Vhalf−trap for verapamil (bottom row, right column) becomes flatter even for

values greater than −100 mV when noise is added. The unidentifiability of Vhalf−trap

is therefore not limited to values smaller than −100 mV.

The binding rate Kmax is reasonably identifiable for all example drugs under all

noise models; whereas the confidence interval for the unbinding rate Ku gets larger

as the noise intensity increases. Vhalf−trap has poor identifiability in the range smaller

than −100 mV under noise-free conditions. This range of unidentifiability is extended

when noise is added, in particular for verapamil. The magnitude of the RMSD is

relatively small for Vhalf−trap as compared to the other parameters, further verifying

its poor identifiability. This suggests that it would be difficult to infer Vhalf−trap

accurately, especially with noisy data.

The conclusions from this error profile analysis are limited as it is restricted to the

chosen parameter combination and to a single dimension. For a more holistic view of

the parameter identifiability of the SD formulation, we extend the limited number of

parameter combinations explored in the error profile to a large number of parameter

combinations that covers the parameter space (Section 5.2). Synthetic data with the

three noise models are generated for the sampled parameter combinations, then the

parameters are inferred from the noisy synthetic data, as done for the error profile

(Section 5.3.3). The accuracy of the inferred parameters compared to the actual

parameter values is then assessed to get insights into the practical identifiability

of the parameters. If all parameter combinations can be recovered from the noisy
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synthetic data, then the data contains features that are unique to the parameters and

cannot be replicated by compensation between parameters, thus implying that the

parameters are identifiable.

5.3.5 Practical identifiability of the SD formulation for the
parameter space

The top panels of Figure 5.4 show example realisations of the fit of the SD formula-

tion to synthetic data of the three noise models. The chosen example realisations are

the parameter combinations that give the largest RMSD (worst performing) in each

noise model. The bottom panels show the RMSDs between the noisy synthetic data

and their fitted simulations for all parameter combinations performed. Each pixel in

the 3D plots is colour-coded with the RMSD between the fitted simulation and the

synthetic data generated by the parameter combination indicated by the axes (Kmax,

Ku and Vhalf−trap). For each parameter combination, noisy synthetic data is generated

according to the procedure described in Section 5.3.1, then the SD formulation is op-

timised repeatedly five times with different initial values in a search for the best fit to

the synthetic data. A detailed description of the method is provided in Section 5.3.3.

The top left panel of Figure 5.4 shows that the fit of the SD formulation to

synthetic data is almost perfect when no noise is added, with the RMSD being lower

than 2.5× 10−7. As expected, we get larger RMSDs when noise is added. The

RMSDs range around 10−2 for the N2 noise model and double this for the N3 noise

model, which are of the same magnitude as those obtained when fitting to actual

experimental data (see Section 5.5.3). Qualitatively, the SD formulation can still

replicate the fractional block when noise is added (top panels). The 3D plots show

a correlation between the optimisation performance and the binding-rate parameter

Kmax. The optimisation performance worsens as Kmax increases, but the difference is

small.

Figure 5.4 shows that the SD formulation can capture the fractional block even

with noisy data. We next explore if the parameters can be inferred accurately in

Figure 5.5. Figure 5.5 compares the true parameter value (x-axis) used to generate

the synthetic data and the inferred parameter values (y-axis). The diagonal lines

serve as references for parameter values that are inferred accurately. The red and

green shaded regions in the Vhalf−trap column refer to the association between the

Vhalf−trap values and the risk categorisation of drugs observed by Li et al. [2017b].

It was observed that low-risk drugs have Vhalf−trap < −85 mV (green region), while

high-risk drugs have Vhalf−trap > −65 mV (red region) [Li et al., 2017b]. Note that
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Figure 5.5: When noise is added, the unbinding rate Ku cannot be inferred
accurately at high values, while Vhalf-trap largely stays within the associated
risk category observed by Li et al. [2017b]. Each panel compares the inferred
parameter value (y-axis) with the true parameter value (x-axis). The grey dashed
line is the y = x line, where the true and inferred parameters are equal. The colour
of the data points indicate the value of Kmax. The red and green shaded regions for
Vhalf−trap indicate the high- and low-risk categories, respectively, that are associated
with the Vhalf−trap values observed in Li et al. [2017b].

118



these threshold values of Vhalf−trap are not metrics used to categorise drugs, simply

observations.

Without noise (top row), Kmax and Ku (related to binding and unbinding rates,

respectively) are inferred accurately as all points lie on the diagonal lines, while

Vhalf−trap cannot be inferred accurately at low values. This is consistent with the

error profile in Figure 5.3, where the RMSD is flat when Vhalf−trap < −100 mV.

Although Vhalf−trap is not fully identifiable, the inferred Vhalf−trap values still lie within

the same risk region as that identified by Li et al. [2017b]. We refer to this, where

the parameter is not exactly identifiable but is identifiable within a defined threshold

range, as weakly identifiable.

When noise is added, the unbinding rate Ku loses its identifiability at large values.

In the N3 noise model (bottom row), true Ku values larger than 10−2 ms−1 are fitted

mostly close to the boundary of Ku at 102 ms−1. This is also consistent with the error

profile in Figure 5.3, where Ku becomes unidentifiable at large values, as indicated by

constant RMSDs. The identifiability of Vhalf−trap gets worse with noise, though the

inferred values still remain largely within the same risk region as the true value. The

data points in Figure 5.5 were coloured based on their Kmax values to investigate the

correlation between the RMSD and the Kmax values observed in Figure 5.4, where

the RMSD increases with Kmax. However, Figure 5.5 does not show any observable

correlation between parameter identifiability and Kmax.

This identifiability analysis shows that Vhalf−trap is weakly identifiable (the inferred

values remain within the same risk region as their true values, as mentioned previ-

ously), even in noise-free conditions. In general, the higher the level of noise, the less

likely the parameters will be inferred accurately. The binding-rate parameter Kmax

can be inferred accurately regardless of the level of noise; the fits of Ku are affected

by the level of noise when its values are large; and Vhalf−trap is strongly affected by the

level of noise. Given that Vhalf−trap cannot be inferred accurately (Figure 5.5), but

no difference in the RMSD is shown with regards to Vhalf−trap (Figure 5.4), implies

that Vhalf−trap has a limited effect on the fractional block. This is consistent with our

previous results where Vhalf−trap does not drive the difference in APD90 between the

SD formulation and the conductance scaling (CS) formulation (Chapters 3 & 4). All

results point to the fact that the synthetic data generated by the SD drug-binding

formulation contains insufficient information to allow for the inference of the value of

Vhalf−trap. The effect of Vhalf−trap is not observable in the AP, nor in the IKr current.
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5.4 Adjustments to the SD formulation

5.4.1 Investigation of the range of parameter values in the
SD drug-binding formulation – trapping rate Kt

This limited effect of Vhalf−trap on the AP and IKr could result from the definition of

the SD drug-binding formulation. Vhalf−trap is defined implicitly through the equation

of the untrapping rate Kn (Equation 5.2),

Kn = Kt ×
1

1 + e−(V−Vhalf−trap)/6.789
. (5.11)

Moreover, noting that Kt =3.5× 10−5 ms−1 is fixed as a constant value as defined in

Li et al. [2017b] and V = 0 from the use of only the 0 mV step of the modified Milnes’

protocol as the calibration data (Section 5.3.1), we have

Kn = 3.5× 10−5 × 1

1 + eVhalf−trap/6.789
. (5.12)

From here, we can make use of the parameter values inferred from experimental data

for all CiPA drugs published in Li et al. [2017b, 2019], where Vhalf−trap ∈ (−200,−1]

mV. Using this range for Vhalf−trap in Equation 5.12 allows us to calculate the range

of the untrapping rate Kn as being (1.8× 10−5, 3.5× 10−5) ms−1. Again, referring to

the parameter values inferred from experimental data by Li et al. [2017b, 2019], we

have the binding rate coefficient Kb = Kmax×Ku and unbinding rate Ku being within

ranges (8.0 × 10−5, 2.8 × 104) ms−1 and (1.7 × 10−5, 1) ms−1, respectively. Thus, we

have that the ranges of binding and unbinding rates (Kb and Ku) are much higher

than the ranges of the trapping and untrapping rates (Kt and Kn), by up to eight

orders of magnitude. Referring to the structure of the SD formulation (Figure 5.1,

Section 5.2), the trapping of drugs within the closed bound (C*) state is preceded by

the binding of the drug compounds into the channel either to the open bound (O*)

state or the inactivated bound (IO*) state. Therefore, we can hypothesise that drug

compounds will bind and unbind from the channel quickly due to the fast binding and

unbinding rates but seldom get trapped within the C* state because of the relatively

slow trapping rate. The expected effect of trapping on the current might thus not be

detectable from the fractional block or differentiable between binding and trapping.

From Equation 5.12, we can see that the expression 1

1+e
Vhalf−trap/6.789 has an up-

per bound of 1, which equates to the untrapping rate Kn having an upper limit

of Kt at 3.5× 10−5 ms−1 (defined in Li et al. [2017b]) and thus limits its effect on

the current. The trapping rate Kt was chosen by Li et al. [2017b] to best separate
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trapped and nontrapped drugs and best fit the SD drug-binding formulation to the

experimental data. To increase the frequency of drug-trapping within the SD for-

mulation, we increased the trapping rate Kt to values comparable to the binding

rate, from i.e. 10−5 ms−1 (the same order of magnitude of the actual trapping rate

of 3.5× 10−5 ms−1) to 103 ms−1, which is close to the maximum binding rate Kb at

around 104 ms−1. We then observed the effect of Kt on the fractional block and the

identifiability of Vhalf−trap. This is performed on the three example drugs of dofetilide,

cisapride and verapamil.
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Figure 5.6: Increasing the trapping rate Kt affects the steady state IKr and
state occupancy minimally, with almost no effect when Kt ≥ 10−1 ms−1. Kt

therefore is not identifiable. The stack plots show the relative contribution of
each state of the SD formulation (as illustrated in Figure 5.1) and the IKr current
(red solid line) at steady state with increasing trapping rate Kt. The rightmost panels
show the error profile (RMSD) of each example drug with respect to the trapping rate
Kt. The vertical dashed lines indicate the actual Kt at 3.5× 10−5 ms−1. Dofetilide,
verapamil and cisapride are chosen as reference points.

The stack plots in Figure 5.6 show the proportion of time of the channel being

in each state throughout the modified Milnes’ protocol at steady state (1000th pulse
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of the protocol). The colours represent different states within the SD formulation

(as illustrated in Figure 5.1 and described in Section 5.1.1), and the blues represent

the drug-bound states. The states with asterisks (O*, IO* and C*) are the drug-

bound states of the SD formulation, whereas the states without asterisks are part of

the base hERG-channel model (as illustrated in black in Figure 5.1). The red lines

overlaying the stack plot show the steady-state current, which would be measurable

in an experimental setting. The Kt values of each example drug increase across the

columns from left to right. The stack plots can provide insights into how the change

in Kt affects the occupancy of each state during the modified Milnes’ protocol.

In the stack plots representing dofetilide (first row), more than half of the channels

are in the drug-bound states (blues) throughout the protocol. At the start of the

protocol, excluding the drug-bound states, the remaining channels enter the open

(O) and the inactivated (IO) state, allowing the flow of current from the open state

(indicated by the red lines). At the resting potential (from 11 s onwards), the channels

either remain in the drug-bound states or enter the non-current conducting states

(IC1, IC2, C1 and C2), stopping all ionic flow across the channels and thus having

zero current. The trapping behaviour of dofetilide (a trapped drug) can be observed

from the stack plots. The occupancies of the drug-bound states (blues), especially the

C* state, are large from the start of the protocol, indicating that the drug compounds

remain within the channels from the previous pulse. The drug compounds also remain

within the channels until the end of the pulse when the channels are closed. In

contrast, the nontrapped drugs verapamil and cisapride enter drug-bound states after

the channels are open, inhibiting the current after the channels are open, as can be

observed in the sharp decrease in the current after reaching its peak. The drug

compounds then unbind from the channels and the channels exit the drug-bound

states at the end of the protocol, showing the properties of nontrapped drugs where

they cannot stay bound within the channels when the channels are closed.

As the trapping rate Kt increases (from left columns to right), more dofetilide

stays within the trapped state C* at the end of the protocol, while verapamil and

cisapride, both nontrapped drugs, exit the trapped state C*. As the Kt of the example

drugs increases from 10−5 to 10−3 ms−1, the IKr of dofetilide has a slightly decreased

peak and a flattened current, while the IKr of the nontrapped drugs have increased

peaks. However, as the trapping rate Kt increases further, no further changes are

observable.

To further verify our observations, we performed an error profile analysis of the

trapping rate Kt on the example drugs (rightmost panels of Figure 5.6) under ideal
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conditions without noise. The error profile shows that the trapping rate Kt is not

identifiable. This further demonstrates that the effect of the trapping rate Kt is

not reflected in IKr. The fractional block does not contain sufficient information to

elucidate Kt. Li et al. [2017b] may have chosen to fix the trapping rate to address

this problem.

The untrapping rate Kn is modified by the value of Vhalf−trap, while also being

dependent on the trapping rate Kt and the membrane potential V (Equation 5.3).

We have shown in Figure 5.6 that IKr is unaffected by the trapping rate Kt. The next

step is to look into the membrane potential V . The parameters of the SD formulation

are inferred from the fractional block recorded at the 0 mV step of the modified

Milnes’ protocol. The voltage-dependency of the trapping component (Equation 5.3)

is not well-explored. We take the equation of the untrapping rate Kn (Equation 5.3)

as it is defined in the SD formulation and perturb the membrane potential V by

using voltage-clamp protocols with varying voltage steps. This is performed with

the intention of investigating whether it is possible to improve the identifiability of

Vhalf−trap by designing an improved protocol.

5.4.2 Investigation of the equations of the SD drug-binding
formulation – membrane potential V

We repeat a similar parameter identifiability analysis to the one performed in Sec-

tion 5.3, using three other protocols — the ramp protocol, the step protocol and the

staircase protocol (Figure 5.7).

The first protocol is the modified Milnes’ protocol, taken from Li et al. [2017b] and

modified from Milnes et al. [2010]. The modified Milnes’ protocol is the protocol used

to develop the SD drug-binding formulation [Li et al., 2017b] and used in the previous

two chapters (Chapters 3 & 4). Please refer to Chapter 3.2.6 for more details.

The other protocols used are the ramp, the step, and the staircase protocol. The

ramp protocol and the staircase protocol have varying voltage steps; this allows a

better exploration of the membrane potential V . The ramp and the step protocols

are used by our collaborators at Roche and recommended by the CiPA initiative

to study the binding of drugs to the ion channel, and thus could provide us with

experimental data if needed. Due to the use of a fractional block when inferring the

parameter values [Li et al., 2017b] (Section 5.3.1), control currents close to zero are

not used, as this could cause the data to be dominated by noise or achieve extremely

large values, and become computationally infeasible. The time period of interest for

the modified Milnes’ protocol is [1100, 11000] ms, for the ramp protocol it is [60, 656]
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Figure 5.7: Protocols and the simulated IKr. The modified Milnes’, the ramp,
the step and the staircase protocols and their elicited IKr (black solid lines in the
bottom panels). The red dashed lines show an example of the inhibited current. The
example chosen is dofetilide, with parameter values taken from Li et al. [2017b], at a
drug concentration of 10 nM. The shaded region indicates the time period of interest
for the inference performed on synthetic data to ensure that the fractional block stays
within the computationally feasible values.
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ms, for the step protocol it is [660, 1150] ms (for the tail current) and for the staircase

protocol it is [3410, 12900] ms. The periods of interest are indicated as the grey

region in Figure 5.7. The chosen time period for the step protocol is the tail current

(the repolarising step at −40 mV) as it is commonly used to study current behaviour

(deactivation of the channel after activation) in the literature [Kodirov, 2020], and

to avoid spikes or dips in the current. The noisy synthetic data for this analysis

are generated in a similar way as with the modified Milnes’ protocol, as detailed in

Section 5.3.1.

Similar to the approach of using 10 pulses of the modified Milnes’ protocol of Li

et al. [2017b], we take the first 10 pulses of the ramp and the step protocols when

generating the synthetic data. The trapping tendency of drugs is commonly identified

from the recovery of the current to previous pulses [Stork et al., 2007, Windisch et al.,

2011], thus several pulses of the protocols (the opening of the channels) are used to

differentiate trapped and nontrapped drugs. Experimental data in Figure 5.12 shows

that the peak current for a trapped drug dofetilide decreases with each successive

pulse, while the peak current of a nontrapped drug cisapride recovers at each pulse.

However, the staircase protocol is designed to explore the full dynamics of the hERG

channel by exploring many voltage steps within a single pulse [Lei et al., 2019b]. The

resultant IKr of a single pulse therefore contains more information on the channel

kinetics than the other protocols. It is also a longer protocol than the ramp and the

step protocols. However, to retain the idea of using several pulses to identify trapped

and nontrapped drugs, we decided to use more than a single pulse, but fewer than

10 pulses. After running a simple test with three and five pulses, there is no clear

difference in the inference accuracy between the two. Therefore, we settled on using

three pulses of the staircase protocol, as it is also computationally cheaper.

We perform the practical identifiability analysis on the SD formulation with syn-

thetic data generated from the protocols described above. Figure 5.8 compares the

fit of the parameters between the protocols. Each panel shows distributions of the

difference between the inferred parameter values and their respective true parameter

values. Each distribution contains 125 points, i.e., all the parameter combinations

chosen to cover the parameter space (Section 5.3.1). A zero value of the differences

(∆Kmax, ∆Ku, ∆Vhalf−trap and ∆traces) is the target as it indicates that the inferred

value is the same as the true value.

In the ideal case without noise (first row), both Kmax and Ku (parameters re-

lated to the binding and unbinding rates respectively) are equally identifiable for all

protocols as the distributions are centered close to zero. Even though ∆Kmax can
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Figure 5.8: The modified Milnes’ protocol provides the highest accuracy
for all parameters in noisy data. Each panel shows boxplots of the difference
between the inferred and the true parameter value, and the RMSD between the fitted
and the true fractional block (right column) for all four protocols – the modified
Milnes’ protocol, the ramp protocol, the step protocol, and the staircase protocol.
The red lines indicate the median of the distribution.
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achieve values close to 105 under the ramp protocol, it is relatively small given that

the maximum possible difference based on the parameter space is 108. Note that

the parameter space is defined with ranges Kmax ∈ [1, 108], Ku ∈ [10−5, 1] ms−1 and

Vhalf−trap ∈ [−200,−1] mV. The staircase protocol improves the identifiability of

Vhalf−trap under noise-free conditions, as observed by the median that is closer to zero

and a smaller spread of the distribution. No improvement to the identifiability of

Vhalf−trap is observed for the ramp and the step protocol, even though the RMSD is

lower with the step protocol than with the modified Milnes’ protocol. As the noise

intensity increases, ∆Kmax and ∆Ku of all protocols have similar orders of magni-

tude. On the other hand, the inference of Vhalf−trap gets worse for the ramp and the

step protocol, with the recovered value of ∆Vhalf−trap even reaching 200 mV; this is

equivalent to the whole of the defined range of Vhalf−trap. The spread of the distribu-

tion for ∆Vhalf−trap is similar between the modified Milnes’ protocol and the staircase

protocol, but the median ∆Vhalf−trap and RMSD are higher in the staircase protocol.

For synthetic data without noise (top row), the step protocol and the staircase

protocol achieve better accuracy in ∆Kmax, ∆Ku and RMSD than the other two

protocols, and comparable accuracy in ∆Vhalf−trap to the modified Milnes’ protocol.

Vhalf−trap is best inferred using the staircase protocol if we have noise-free experimen-

tal data. As noise is added to the synthetic data, Kmax and Ku are inferred with

similar accuracy regardless of the protocol used. The unbinding rate Ku tends to

be overestimated close to the bound when the true values are large (data for the

modified Milnes’ protocol are shown in Figure 5.5), but that is not the case for the

ramp and the step protocol. The fractional block generated from the modified Milnes’

protocol, out of all protocols tested, can best predict Vhalf−trap and best fit the traces

when encountered with noisy data. Despite the poor identifiability of Vhalf−trap from

noisy data (Figure 5.5), the modified Milnes’ protocol is still best suited to identify

Vhalf−trap, out of all of the protocols tested.

In the SD drug-binding formulation, the drug-trapping mechanism is voltage-

dependent (Equation 5.3). However, the experimental data used to calibrate Vhalf−trap

has a fixed voltage of V = 0 mV. This leads to our attempt to explore the membrane

potential V by using protocols with varying voltage steps to better identify Vhalf−trap.

Indeed, the staircase protocol (Figure 5.7) that consists of many voltage steps can best

identify Vhalf−trap when no noise is added. However, in noisy conditions, the median of

∆Vhalf−trap using the staircase protocol is higher than the modified Milnes’ protocol,

but the spread of the distribution is narrower (Figure 5.8). In conclusion, the use

of other protocols to explore the voltage-dependency defined in the drug-trapping
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mechanism of the SD formulation (Equation 5.3) does not improve the identifiability

of Vhalf−trap.

We investigated the variables involved in the equation of the untrapping rate Kn

(Equation 5.2) by increasing the trapping rate Kt and perturbing the membrane

potential V via various voltage-clamp protocols. These adjustments do not improve

the identifiability of Vhalf−trap nor induce any changes in IKr. This leads to the question

of whether the trapping component is required to explain the trapping behaviour

observed in the experimental data.

5.5 Alternative drug-binding formulations without

the trapping component

The SD drug-binding formulation consists of a binding component and a trapping

component (Figure 5.1 and Section 5.2). We have shown that by modifying the

trapping component (Equations 5.2 & 5.3), the practical identifiability of Vhalf−trap

remains unchanged. This implies that Vhalf−trap is not practically identifiable from ex-

perimental data, and that the fractional block does not contain sufficient information

to elucidate Vhalf−trap.

5.5.1 Introduction to the alternative drug-binding formula-
tions

Figure 5.9: Alternative drug-binding formulations to the SD drug-binding
formulation without the trapping component. The (A) C, (B) NC and (C)
O drug-binding formulations are shown in blue, attached to the hERG channel com-
ponent (black) from Li et al. [2016].

The first option is to combine all three drug-bound states into a single drug-bound

state. Since the trapping/untrapping rates are not identifiable, we combine the com-

plicated drug-binding kinetics into an aggregated rate which we could potentially

identify while retaining the behaviour of the SD formulation. The structure of this

drug-binding formulation is shown in Figure 5.9(A) in blue. It will be referred to as
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the C drug-binding formulation after the cycle of the drug-binding formulation. The

second alternative is to remove the trapping component (red component in Figure 5.1)

altogether and to keep the binding component (blue component in Figure 5.1). This

is essentially having the trapping rate Kt = 0 ms−1, which also enables us to re-

move the microscopic reversibility requirement placed on Kr in the SD formulation.

Figure 5.9(B) shows the structure of this drug-binding formulation, which will be re-

ferred to as the No Cycle (NC) drug-binding formulation. The third option is to have

a single drug-bound state and to allow channels to enter this state only from the open

state. The reason for this structure is that the measurable current flows only when

the channel is open, and any transition between non-open states will have a minimal

effect on the measured current. This drug-binding formulation will be referred to as

the O formulation, and its structure is shown in Figure 5.9(C). The Markov structures

of the NC formulation and the O formulation were used in a comparative study of

various drug-binding formulations [Lei et al., 2024], but with different definitions for

the binding kinetics. They showed that the prediction of proarrhythmic risk varies

with the drug-binding formulations.

We are going to compare the models mathematically to show how the parameters

in the SD formulation and the alternative drug-binding formulations map to one

another. This will be used in Section 5.5.2 to compare the formulations. To do this,

we first define the transition rates of the C formulation by comparing it with the SD

formulation. We take the binding rates (K1 and K3 in Figure 5.9A) to be the same

as defined in the SD formulation, leading to

K1 = K3 = Kb,C
Dn

Dn + ECn
50

, (5.13)

where the Kb,C is the binding rate of the C formulation. It is equivalent to Kmax×Ku

in the SD formulation (Equation 5.1). The C formulation has a cycle that consists of

the open (O), inactivated-open (IO), and drug-bound (D) states; thus, the transition

rates have to satisfy the microscopic reversibility, where we have

K2KIO→OK3 = K1K4KO→IO, (5.14)

⇒ K2 = K4
KO→IO

KIO→O
, (5.15)

where KO→IO is the transition rate from the O state and the IO state, and similarly

for KIO→O. For a comparison between the drug-binding formulations, we take the C

formulation as a summarised version of the SD formulation, and thus let

[D] = [O∗] + [IO∗] + [C∗]. (5.16)
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where [X] is the probability of being in state X. The rate of change of the drug-bound

state of the C formulation is

d[D]

dt
= K1[IO] +K3[O]− (K2 +K4)[D]. (5.17)

From Equation 5.16, we have

d[D]

dt
=
d[O∗]

dt
+
d[IO∗]

dt
+
d[C∗]

dt
. (5.18)

The derivatives of the transition rates are defined in the SD formulation:

d[O∗]

dt
= Kb[O] +Kn[C∗]− (Ku +Kt)[O

∗], (5.19)

d[IO∗]

dt
= Kb[IO] +Kn[C∗]− (Kr +Kt)[IO

∗], (5.20)

d[C∗]

dt
= Kt[IO

∗] +Kt[O
∗]− 2Kn[C∗]. (5.21)

Combining Equations 5.19–5.21 with Equation 5.18, we get

d[D]

dt
= Kb[IO] +Kb[O]−Ku[O

∗]−Kn[C∗]−Kr[IO
∗]. (5.22)

We then compare Equation 5.22 and Equation 5.17. We have that K1 = K3 = Kb

as defined in Equation 5.13. Based on Equation 5.16, we take the maximum value of

each term on the right hand side and

suppose [O∗] = 1⇒ [IO∗] = [C∗] = 0, [D] = 1⇒ K2 +K4 = Ku, (5.23)

suppose [IO∗] = 1⇒ [O∗] = [C∗] = 0, [D] = 1⇒ K2 +K4 = Kr, (5.24)

suppose [C∗] = 1⇒ [O∗] = [IO∗] = 0, [D] = 1⇒ K2 +K4 = Kn. (5.25)

The microscopic reversibility rate, termed Kr in the SD formulation, is defined as

in Equation 5.15 in the C formulation. Additionally, there is no untrapping rate Kn

in the C formulation. Therefore, we are left with the first relation in Equation 5.23

K2 +K4 = Ku. (5.26)

Referring to the microscopic reversibility relation (Equation 5.15) for the C formula-

tion, we have

K2 =
KuKO→IO

KIO→O +KO→IO
, (5.27)

K4 =
KuKIO→O

KIO→O +KO→IO
. (5.28)
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Note that the relations in Equations 5.27 and 5.28 are for the comparison of the

drug-binding kinetics between the SD formulation and the C formulation. It is also

valid to have the binding rates of the C formulation to be defined as in Equation 5.13

and the unbinding rates as

K2 =
Ku,CKO→IO

KIO→O +KO→IO
, (5.29)

K4 =
Ku,CKIO→O

KIO→O +KO→IO
, (5.30)

where Ku,C is the unbinding rate of the C formulation.

Similarly, for the NC drug-binding formulation, we take the binding rates to be

the same as defined in the SD formulation, which gives

K1 = K3 = Kb,NC
Dn

Dn + ECn
50

, (5.31)

where Kb,NC is the binding rate of the NC formulation. Since there is no cycle in the

NC formulation, there is no requirement on microscopic reversibility, so we take K2

and K4 as is. For better readability and consistency in the naming method, we name

K4 as Ku,NC for the unbinding rate from the open bound state (O*) and K2 as Kr,NC

for the unbinding rate from the inactivated bound state (IO*), though it has nothing

to do with the microscopic reversibility.

Finally, for the O drug-binding formulation, we define the transition rates K1 and

K2 by taking reference from the SD formulation, which gives

K1 = Kb,O
Dn

Dn + ECn
50

, (5.32)

K2 = Ku,O, (5.33)

where Kb,O and Ku,O are the binding rate and unbinding rate of the O formulation,

respectively.

Now, we have proposed three alternatives to the SD drug-binding formulation

without the trapping component. Figure 5.10 shows the structure of the C formula-

tion, the NC formulation, and the O formulation, with the naming of the transition

rates comparable to that of the SD formulation. For easier readability, the defining

equations of the alternative drug-binding formulations are reiterated. Based on the
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Figure 5.10: Alternative drug-binding formulations to the SD drug-binding
formulation without the trapping component, with matching naming con-
vention. The (A) C, (B) NC and (C) O drug-binding formulations are shown in
blue, attached to the hERG channel component from Li et al. [2016]. The naming
of the transition rates matches that of the SD formulation for comparison between
drug-binding formulations.

naming convention in Figure 5.10, the transition rates of the C formulation are

Kb = Kb,C
Dn

Dn + ECn
50

, (5.34)

K2 =
Ku,CKO→IO

KIO→O +KO→IO
, (5.35)

K4 =
Ku,CKIO→O

KIO→O +KO→IO
; (5.36)

the equations of the NC formulation are

Kb = Kb,NC
Dn

Dn + ECn
50

, (5.37)

Ku = Ku,NC , (5.38)

Kr = Kr,NC ; (5.39)

and the definition of the O formulation is

Kb = Kb,O
Dn

Dn + ECn
50

, (5.40)

Ku = Ku,O. (5.41)

We then compare these formulations to the SD formulation in terms of their

parameter identifiability, their fit to the experimental data (how well the formulations

capture the experimental data), the properties unique to each formulation and their

contribution to the risk metric score.

5.5.2 Practical identifiability of the alternative drug-binding
formulations

We have shown in Section 5.3.5 that some of the parameters of the SD drug-binding

formulation are unidentifiable, specifically the parameter that controls the trapping
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tendency Vhalf−trap. The C formulation and the O formulation each have two parame-

ters, one less than the SD formulation, while the NC formulation has fewer constraints

on its transition rates (without the microscopic reversibility and the fixed trapping

rate Kt). These alternative drug-binding formulations are therefore expected to have

better parameter identifiability than the SD formulation.

To investigate the parameter identifiability of these formulations, we repeat the

procedure described in Section 5.3.3 with the parameter space individually defined for

each drug-binding formulation. Based on our definition of the binding rate of the C

formulation Kb,C (Equation 5.13), it is equivalent to Kmax×Ku of the SD formulation.

We can define its range by referring to Kmax×Ku of the SD formulation, which would

give the range [10−5, 3 × 104] ms−1 to encompass the parameter values of all CiPA

training and validation drugs [Li et al., 2017b, 2019]. Ku,C of the C formulation is

comparable to Ku of the SD formulation, as defined in Equation 5.26, thus can be

defined to have the same range as Ku ∈ [10−5, 1] ms−1. However, if the parameter

space is explored on equidistant grids, we would have parameter combinations with

larger unbinding rates K2 and K4 than binding rates K1 and K3 (Figure 5.9A and

Equations 5.34 to 5.36). That would imply drug compounds almost never stay bound

to the channel. Once they bind, they unbind very quickly. The unbinding of drugs is

preceded by binding. The reaction would be too fast for the current to be inhibited

by the drugs and, therefore, would not contain sufficient information to identify the

unbinding rates. The parameters cannot be inferred accurately whenever the binding

rates are lower than the unbinding rates (data not shown). The relation Kb > Ku

is given in the SD formulation because Kmax is always greater than 1, giving the

binding rate coefficient (Kmax ×Ku) > Ku. Moreover, the inferred parameters of the

C formulation from the experimental data have binding rates greater than unbinding

rates (Table 5.4, Figure 5.14). Therefore, we impose a constraint Kb > Ku on the

parameter space to ensure the sampled parameter combinations are physiologically

feasible. Since the defined range of Kb and Ku of the parameter space overlapped, we

would have parameter combinations that violate the constraint if we were to sample

the parameter combinations as an equidistant grid. As a simple cut-off, we remove

parameter combinations that do not satisfy the constraint Kb,C > Ku,C and increase

the number of points in the grids explored, from five to six, in the parameter space

for higher resolution. With this revised definition of the parameter space, we have

(6× 6)− 11 = 25 parameter combinations for the C formulation, with 11 parameter

combinations violating the Kb,C > Ku,C constraint.
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For the NC formulation, the ranges of its binding and unbinding rates are Kb,NC ∈
[10−5, 3 × 104] ms−1 and Ku,NC ∈ [10−5, 1] ms−1, respectively, similar to the C for-

mulation. On the other hand, the range of Kr,NC is referenced from Kr of the SD

formulation. Kr of the SD formulation was defined to satisfy the microscopic re-

versibility, to ensure the transition rate along the cycle is the same regardless of

the route taken (clockwise or counterclockwise) [Li et al., 2017b]. Kr is KO→IO

KIO→O
Ku,

where KO→IO

KIO→O
is constant at 0 mV of the modified Milnes’ protocol, as is the case for

Li et al. [2017b]. Kr roughly equals to 3.8672Ku. Therefore, we had the range of

Kr,NC ∈ [5 × 10−5, 4] ms−1. Following the same reasoning as in the C formulation

in constraining the binding and unbinding rates, we remove parameter combinations

with Kb,NC > Ku,NC and do not impose any restriction on Kr,NC . After increasing

the number of grid points and constraining the binding and unbinding rates, there

are (6 × 6 × 6) − 88 = 128 parameter combinations for the constrained parameter

space of the NC formulation, where there are 88 parameter combinations violating

the Kb,NC > Ku,NC constraint.

The binding and unbinding rates of the O formulation are similar to those of the

NC formulation. We have the range of the binding and unbinding rates as Kb,O ∈
[10−5, 3 × 104] ms−1 and Ku,O ∈ [10−5, 1] ms−1, respectively. We imposed the same

constraint Kb,O > Ku,O on the O formulation. Similar to the C formulation, the

parameter space is explored on an equidistant grid of six grid points. There are

also 25 parameter combinations for the O formulation. The parameter space of all

drug-binding formulations is listed in Table 5.2.

The parameter identifiability of the alternative drug-binding formulations is inves-

tigated using the same procedure as for the SD formulation, described in Section 5.3.3.

Briefly, synthetic data with varying noise intensity are generated, as detailed in Sec-

tion 5.3.1. The parameter space, as defined in Table 5.2, is explored on an equidistant

grid on a logarithmic scale. The alternative formulations are then fitted to the noisy

synthetic data. The inferred parameters are compared to their true parameter values.

Figure 5.11 shows the parameter identifiability of all drug-binding formulations

under all noise models. The x-coordinates of the points in the left and the mid-

dle panels are the true parameter values used to generate the synthetic data. The

inferred parameter values correspond to the y-coordinates. The parameter is identifi-

able if all points lie on the diagonals, where the inferred values equal the true values.

The binding rate Kb and the unbinding rate Ku of all drug-binding formulations are

comparable based on the definition of the drug-binding formulations, as described

in Section 5.5.1. The binding rates Kb,C , Kb,NC and Kb,O are comparable to the
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Table 5.2: Defined parameter space for all drug-binding formulations.

Drug-binding formulation Parameter space

SD formulation Kmax ∈ [1, 108]

Ku ∈ [10−5, 1] ms−1

Vhalf−trap ∈ [−200,−1] mV

=⇒ (5× 5× 5) = 125 points

C formulation Kb,C ∈ [10−5, 3× 104] ms−1

Ku,C ∈ [10−5, 1] ms−1

with Kb,C > Ku,C

=⇒ (6× 6)− 11 = 25 points

NC formulation Kb,NC ∈ [10−5, 3× 104] ms−1

Ku,NC ∈ [10−5, 1] ms−1

Kr,NC ∈ [5× 10−5, 4] ms−1

with Kb,NC > Ku,NC

=⇒ (6× 6× 6)− 88 = 128 points

O formulation Kb,O ∈ [10−5, 3× 104] ms−1

Ku,O ∈ [10−5, 1] ms−1

with Kb,O > Ku,O

=⇒ (6× 6)− 11 = 25 points
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Figure 5.11: The O formulation with the least number of parameters has
the best parameter identifiability, comparable with the C formulation.
The left and middle columns show the inferred values of the binding rate Kb and
the unbinding rate Ku, respectively, against the true values. The results of the SD
formulation (black circles), the D formulation (blue squares), the NC formulation
(orange stars), and the O formulation (red triangles) are shown. The diagonal line
serves as a reference where the fitted parameters equal the true parameter values.
The right-most column gives the RMSDs between the synthetic data and the fitted
simulations.
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binding-rate coefficient Kmax ×Ku of the SD formulation, while the unbinding rates

Ku,C , Ku,NC and Ku,O can be compared to Ku of the SD formulation. Please see

Figures 5.1 and 5.10 for references to the transition rates. The right column shows

the distribution of the RMSDs of the fit to the synthetic data for all the drug-binding

formulations.

In the noise-free condition (top row), the binding rates Kb and unbinding rates Ku

of all drug-binding formulations, except the NC formulation, are inferred perfectly

to the true values. The NC formulation has both Kb and Ku inferred inaccurately,

with Ku being inferred further from the true values. This could be due to the lack of

information within the current signal regarding the transition rates between the inac-

tivated states, and the additional degree of freedom allows for compensation between

parameters to capture the current behaviour. This will be further discussed in Sec-

tion 5.6. The RMSDs of all drug-binding formulations have similar medians. When

noise is added (second row), Kb and Ku of the SD formulation are overestimated when

the unbinding rate Ku is large. The overestimation of Kb of the SD formulation results

from the overestimation of Ku as Kb here refers to Kmax ×Ku of the SD formulation

(please also refer to Figure 5.4). The C formulation loses some degree of identifiability

at larger Kbs and Kus, with both parameters being overestimated. The parameter

identifiability of the NC formulation gets worse with noise. While Kb is mainly over-

estimated, Ku can be both overestimated and underestimated in the NC formulation.

The mismatch between the inferred Ku and the true Ku becomes greater as the true

Ku gets larger. Even though a wide range of Ku, covering almost the whole parameter

space, is inferred from larger values of actual Ku in the NC formulation, there is a

subset of parameter combinations that have Ku inferred accurately. Kb and Ku of the

O formulation are misidentified when the true values are large. This is similar to the

C formulation, but the O formulation has Ku values inferred closer to the true value.

On the other hand, Ku values of the SD formulation are inferred at the upper limit

of the parameter space for almost all parameter combinations with large Ku. The

RMSD between the synthetic data and the fitted simulations of the NC formulation

has the lowest median, with its distribution placed relatively lower. At the highest

noise intensity (the N3 noise model), the parameter identifiability of all drug-binding

formulations is the worst. In the SD formulation, more Kus are inferred close to the

upper limit of the parameter space when the true Ku is large. That is similar to

the C formulation. In the NC formulation, more binding rates Kb are overestimated

and Ku is inferred with even lesser accuracy. Similarly, in the O formulation, more

of the binding rates Kb and more of the unbinding rates Ku are overestimated. The
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NC formulation has the lowest median for its RMSDs, indicating a good fit to the

noisy synthetic data, but has poor parameter identifiability, as observed in the left

and middle columns.

For all drug-binding formulations, the parameter identifiability gets worse as the

noise intensity increases. On the whole, the binding rate Kb has better identifiability

than the unbinding rate Ku, regardless of the noise intensity or the drug-binding

formulation. The binding/unbinding rates of all drug-binding formulations tend to

be overestimated, except for the Ku of the NC formulation, where such a tendency

is not observed. The NC formulation has the overall best fit to noisy synthetic

data, as shown by the lower RMSDs, but it has the worst parameter identifiability.

Moreover, the inferred unbinding rates Ku span the range of the parameter space.

Even though the SD formulation has good parameter identifiability at low values of

Ku, the identifiability deteriorates quickly when Ku is large, with Ku values mostly

inferred close to the upper limit of the parameter space. Overall, the O formulation

has the best parameter identifiability, and the C formulation comes next.

The O formulation and the C formulation have the fewest parameters, only two

(Kb and Ku), instead of three parameters for the SD and the NC formulations. Al-

though the NC formulation has a simpler Markov structure than the SD formulation

and does not have a trapping component, the NC formulation has the same number of

parameters as the SD formulation due to the freedom of independent unbinding rates

Ku and Kr (transition rate from the open-bound O* state and from the inactivated-

bound IO* state). Moreover, the SD formulation has a fixed trapping rate Kt, which

leaves only one free parameter to control the trapping/untrapping mechanism. There-

fore, rather than having two additional degrees of freedom from having the trapping

component (trapping and untrapping rate) in the SD formulation, one degree of free-

dom is removed by fixing the trapping rate Kt, while the other degree of freedom

is taken by the fixed microscopic reversibility rate Kr in the SD formulation, and

the additional degree of freedom in the unbinding rates in the NC formulation. The

flexibility in the unbinding rates of the NC formulation potentially allows for compen-

sation between the parameters. The O formulation is similar to the NC formulation,

but having zero binding and unbinding rates from and to the IO state. Without the

IO* state, the identifiability (of the O formulation) is improved significantly. This

implies that the fractional block generated from the NC formulation does not con-

tain information to elucidate the binding and unbinding rates. On the other hand,

the SD formulation has two parameters controlling the binding/unbinding rates (Kb

and Ku), instead of three for the NC formulation, and one parameter controlling the
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trapping/untrapping rates whose effect is limited by the fixed trapping rate Kt, thus

the SD formulation has better identifiability with the binding and unbinding rates

Kb and Ku.

5.5.3 Inference performance of all drug-binding formulations
on experimental data

The experimental data used in this study were published by Li et al. [2017b], and are

the data these authors used in developing the SD formulation that we have considered

throughout this thesis. The modified Milnes’ protocol described in Li et al. [2017b]

is used. Current stability was ensured prior to the addition of drugs by ensuring

that the difference between the current amplitudes over 10 consecutive traces is less

than 5% [Li et al., 2017b]. The first ten pulses after the drug wash-in are recorded

at 10 ms timestep. The fractional block, instead of the raw recorded current, at the

0 mV step of the modified Milnes’ protocol is made available by Li et al. [2017b] on

the GitHub repository: https://github.com/FDA/CiPA. Each drug concentration

is repeated several times, and the mean fractional block across all repeats is treated

as the data for the optimisation of the drug-binding formulations. When fitting to

experimental data, we performed ten repeats of each optimisation.

We assess the performance of the C, the NC, and the O drug-binding formulations

in real experimental settings by fitting these formulations to the experimental data

published by Li et al. [2017b]. This is different to the synthetic data studies as there

are no ground truths with experimental data, and it is impossible for any noise models

to fully replicate the noise in the experimental data due to the various sources of noise,

such as cell-cell variability and experimental artefacts.

The optimisation procedure is detailed in Section 5.3.3. Briefly, the experimental

data are fractional blocks at the 0 mV step of the first 10 pulses of the modified Milnes’

protocol (Figure 5.7, Section 5.4.2), averaged over several repeats. The optimisations

to the experimental data are performed 10 times with different initial guesses. The

optimisation run with the lowest RMSD is presented. The optimal objective function

is achieved more than once for all drug-binding formulations.

For better visibility, the fits of the drug-binding formulations to the experimental

data for 12 CiPA training drugs [Li et al., 2017b] are split into two figures of the SD

and the O formulation (Figure 5.12) and the C and the NC formulation (Figure 5.13).

The solid grey lines in each panel are the mean fractional block, with the shaded region

indicating the standard deviation of all repeats. The drug concentrations used for

each drug are listed as text in each panel. The higher the concentrations, the greater
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Figure 5.12: The SD drug-binding formulation fits the experimental data
(published in Li et al. [2017b]) better than the O formulation. The grey
lines show the mean fractional block, with the shaded region showing the standard
deviation. The drug concentrations used for each drug are listed as text in each panel.
The fitted fractional block of the SD (black solid lines) and the O (red dashed lines)
formulations are overlaid on the experimental data.
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Figure 5.13: The C drug-binding formulation tends to achieve in-pulse
steady state, while the NC formulation is flexible in exhibiting slopes of
the fractional blocks. The grey lines show the mean fractional block, with the
shaded region showing the standard deviation. The drug concentrations used for each
drug are listed as text in each panel. The fitted fractional block of the C (blue solid
lines) and the NC (orange dashed lines) formulations are overlaid on the experimental
data.
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the inhibition on the current, the lower the magnitude of the fractional block. Some

drugs have larger standard deviations than others, showing more variability between

the repeats, such as terfenadine and verapamil. Each trace shows 10 pulses of the

fractional block only at the 0 mV step of the modified Milnes’ protocol next to each

other. During the 0 mV step, the hERG channel activates, and drug compounds bind

to the open channel and inhibit the current. This gives the decreasing traces within

each pulse. In between pulses at the resting potential of −80 mV (see Section 3.2.6

and Figure 5.7 for details of the modified Milnes’ protocol), the membrane voltage

returns to its resting potential and closes the channel. To reiterate the descriptions

from Section 5.1 and Chapter 3, in this state, some drugs would stay bound in the

closed channel, which is termed the trapped drug; others would unbind from the

closed channel, which are nontrapped drugs. Therefore, at the subsequent opening

of the channel, trapped drugs would still be bound to the channel and maintain the

current inhibition from the previous pulse, with potentially more binding of drug

compounds to the channel, whereas nontrapped drug are cleared from the channel

and the current would recover to its previous magnitude. The rate of this recovery

of current characterises the trapping phenotype of drugs. The rate of recovery is said

to be slow when the current at the start of each pulse is similar to the current at

the end of the previous pulse. Examples of drugs showing a slow recovery rate are

dofetilide and terfenadine, while drugs showing a fast recovery rate are cisapride and

verapamil. For trapped drugs, i.e., a slow recovery rate, the peak of the trace at the

tenth pulse is lower than the peak at the first pulse, whereas nontrapped drugs, i.e.,

a fast recovery rate, have similar peaks for all 10 pulses.

In Figures 5.12 and 5.13, the fits of the SD, O, C, and NC formulations to the

experimental fractional block are shown in black solid lines, red dashed lines, blue

solid lines, and orange dashed lines, respectively. The SD formulation is fitted to

the experimental data with the optimisation method described in Section 5.3.3, and

not taken directly from Li et al. [2017b], for a fair comparison between all drug-

binding formulations. Figure 5.14 compares the fitted Kb, the fitted Ku, and the

RMSD between the fitted simulations and the experimental data of all drug-binding

formulations. Figures 5.12, 5.13 and 5.14 will be viewed collectively for comparison.

We will focus on three behaviours of the fractional block for easier explanation and

comprehension. The first feature is the peak of the fractional block of each pulse, a

property that is used to characterise the trapping behaviour. The next feature is the

decreasing curve within each pulse. The fractional block can decrease linearly such as

dofetilide, or decrease in a way that resembles an exponential decay such as bepridil.
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Figure 5.14: Comparison of fitted Kb, Ku and the RMSD between all drug-
binding formulations. The SD formulation has the overall lowest RMSD,
while the alternative drug-binding formulations outperform the SD for-
mulation for some of the drugs.

Table 5.3: Inferred parameter values of the SD drug-binding formulation for all CiPA
training drugs.

Drug Kb Ku (ms−1) EC50n

(nM)
N Vhalf−trap

(mV)
RMSD

Dofetilide 3.553×10−4 1.828×10−5 1.39× 102 1.185 0 3.889×10−2

Verapamil 5.453× 104 6.408×10−4 1.854× 1010 1.047 −73.01 2.523×10−2

Bepridil 1.730× 105 3.371×10−4 2.02× 1010 1.009 −14.02 3.889×10−2

Terfenadine 4.926× 102 7.474×10−5 2.713× 107 0.667 −75.77 2.903×10−2

Cisapride 2.938×10−3 2.376×10−4 5.7× 101 1.034 −204.1 3.979×10−2

Ranolazine 9.616×10−1 1.768×10−2 1.509× 105 0.9544 −88.80 1.047×10−2

Quinidine 9.087×10−1 1.495×10−2 1.238× 104 0.8719 −74.32 1.819×10−2

Sotalol 2.468× 104 1.405×10−2 7.548× 109 0.7539 −10.47 1.788×10−2

Chlorpromazine 6.309× 106 9.855×10−2 1.803× 1010 0.8991 −7.168 3.094×10−2

Ondansetron 5.288× 105 4.379×10−2 4.046× 109 0.9030 −79.48 1.553×10−2

Diltiazem 7.999× 107 6.529× 101 4.847× 109 0.9359 −69.39 1.194×10−2

Mexiletine 1.209× 103 8.594× 101 4.569× 105 1.089 −72.04 2.187×10−2
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Table 5.4: Inferred parameter values of the C drug-binding formulation for all CiPA
training drugs.

Drug Kb Ku (ms−1) EC50n (nM) N RMSD

Dofetilide 2.691× 10−4 5.831× 10−6 1.468× 102 1.175 2.425× 10−2

Verapamil 2.496× 104 1.418× 10−3 7.084× 109 1.048 3.007× 10−2

Bepridil 2.784× 104 1.348× 10−3 1.222× 109 0.9942 5.455× 10−2

Terfenadine 3.197× 101 2.997× 10−5 3.589× 106 0.6385 4.108× 10−2

Cisapride 3.429× 10−3 5.464× 10−4 5.808× 101 1.016 4.318× 10−2

Ranolazine 6.86× 10−1 2.024× 10−2 1.683× 105 0.9419 1.04× 10−2

Quinidine 7.68× 10−1 1.995× 10−2 1.345× 104 0.8629 1.645× 10−2

Sotalol 9.266× 104 2.536× 10−2 2.368× 1010 0.7464 2.365× 10−2

Chlorpromazine 5.462× 105 2.59× 101 8.93× 106 0.8889 3.862× 10−2

Ondansetron 4.028× 105 3.317× 10−2 8.162× 109 0.9117 1.21× 10−2

Diltiazem 5.166× 105 8.638 4.687× 108 0.9466 1.134× 10−2

Mexiletine 6.202× 102 8.164× 101 4.953× 105 1.1 2.112× 10−2

The third feature is that in some instances, the current attains a steady value within a

single pulse, which we term in the foregoing the steady value. For example, quinidine

and mexiletine achieve a steady value instantaneously at the start of each pulse, while

dofetilide and terfenadine do not achieve a steady value within each pulse, and their

traces decrease throughout the pulse.

For dofetilide, all four drug-binding formulations have similar simulated outputs

with a slight difference in the peak and the decreasing curve within each pulse, espe-

cially at higher concentrations, where the alternative drug-binding formulations (red

dashed lines for the O formulation, blue solid lines for the C formulation, and orange

dashed lines for the NC formulation) predict a more linear decrease. The RMSDs

of the drug-binding formulations (Figure 5.14) are close to each other, but the SD

formulation has the lowest RMSD, indicating that the SD formulation fits closer to

the experimental data. Bepridil and terfenadine show the largest difference among

the drug-binding formulations in terms of their RMSDs. For bepridil, the C formu-

lation (blue solid) struggles to capture the decreasing curve of the traces, especially

at 30 nM and 100 nM. The prediction of the C formulation achieves a steady value

instantaneously for all concentrations from the first pulse onwards, which does not

necessarily replicate the experimental data. At 30 nM, the C formulation matches the

steady value of the first pulse, while at 100 nM, the C formulation matches the steady

value of the last few pulses. However, this feature of the C formulation matches the
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Table 5.5: Inferred parameter values of the NC drug-binding formulation for all CiPA
training drugs.

Drug Kb Ku (ms−1) Kr (ms−1) EC50n

(nM)
N RMSD

Dofetilide 9.472× 101 5.467 ×
10−6

1.938 ×
10−3

9.256×106 1.025 2.242 ×
10−2

Verapamil 1.452× 105 9.95× 10−4 1.769 ×
10−2

1.582 ×
1010

1.067 2.691 ×
10−2

Bepridil 6.896× 102 3.102 ×
10−5

8.329 ×
10−4

1.467×108 0.9881 4.69×10−2

Terfenadine 1.625× 104 2.753 ×
10−5

1.124 ×
10−3

5.111×108 0.6552 3.219 ×
10−2

Cisapride 2.814 ×
10−3

1.029 ×
10−4

9.582 ×
10−4

5.423×101 1.053 3.87×10−2

Ranolazine 8.855 ×
10−1

9.687 ×
10−3

4.74×10−2 1.672×105 0.9424 1.029 ×
10−2

Quinidine 1.496 1.27× 10−2 8.386 ×
10−2

1.34× 104 0.863 1.642 ×
10−2

Sotalol 1.389× 105 1.365 ×
10−2

6.707 ×
10−2

2.419 ×
1010

0.7464 2.361 ×
10−2

Chlorpromazine 5.137× 105 1.123 1.535 1.524×108 0.889 3.862 ×
10−2

Ondansetron 4.323× 105 4.45× 10−2 3.536 ×
10−2

7.882×109 0.912 1.209 ×
10−2

Diltiazem 9.566× 105 1.606 9.996×101 1.018×109 0.9465 1.134 ×
10−2

Mexiletine 3.202× 101 8.971 ×
10−1

9.492×101 4.945×105 1.1 2.113 ×
10−2
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Table 5.6: Inferred parameter values of the O drug-binding formulation for all CiPA
training drugs.

Drug Kb Ku (ms−1) EC50n (nM) N RMSD

Dofetilide 1.317× 10−3 5.902× 10−6 1.487× 102 1.173 2.435× 10−2

Verapamil 8.959× 105 1.375× 10−3 5.429× 1010 1.05 2.963× 10−2

Bepridil 8.003× 104 1.279× 10−3 7.593× 108 0.9944 5.408× 10−2

Terfenadine 2.448× 102 3.072× 10−5 5.594× 106 0.6378 4.068× 10−2

Cisapride 1.628× 10−2 5.266× 10−4 5.847× 101 1.016 4.25× 10−2

Ranolazine 2.696 1.644× 10−2 1.6783× 105 0.942 1.041× 10−2

Quinidine 3.161 1.695× 10−2 1.339× 104 0.863 1.643× 10−2

Sotalol 4.195× 105 2.091× 10−2 2.671× 1010 0.7464 2.364× 10−2

Chlorpromazine 5.073× 105 1.28× 10−1 3.446× 108 0.8889 3.863× 10−2

Ondansetron 4.226× 105 2.563× 10−2 2.272× 109 0.9115 1.212× 10−2

Diltiazem 5.609× 105 1.93 4.677× 108 0.9465 1.134× 10−2

Mexiletine 2.621× 102 7.087 4.945× 105 1.1 2.113× 10−2

experimental data at 300 nM where the fractional block is replicated nicely for all

pulses. Although this feature does not reflect the properties of the data at lower

concentrations, the C formulation replicates the data nicely at the highest drug con-

centration of 300 nM. The O formulation (red dashed), with the same degree of

freedom as the C formulation, performs similarly to the C formulation (blue solid) in

replicating the experimental data of bepridil. However, the SD (black solid) and the

NC formulations (orange dashed) perform better at capturing the decreasing curve,

especially at the lowest drug concentration of 10 nM. The NC formulation (orange

dashed), in particular, does not achieve a steady value (flatten out) at the end of

each pulse, but keeps its decreasing trend for all drug concentrations. Again, this

property does not replicate the experimental data, especially not at the highest con-

centration of 300 nM. Of all drug-binding formulations, the SD formulation (black

solid) appears to fit the trace best at 100 nM, while none of the formulations can

replicate the trace at 30 nM well. All drug-binding formulations failed to capture

the in-pulse steady value and the decreasing curve simultaneously. For terfenadine,

another trapped drug, both the SD (black solid) and the NC (orange dashed) formu-

lations capture the decreasing curve better than the O (red dashed) and the C (blue

solid) formulations. This is apparent at 100 nM. All drug-binding formulations, ex-

cept the SD formulation (black solid), fail to achieve the steady value observed within

each pulse. At 30 nM, all drug-binding formulations underestimate the experimen-
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tal data. The mismatch of all drug-binding formulations at one drug concentration

could indicate that the experimental data at that concentration is an outlier to the

expression Dn

Dn+ECn
50

(Equation 5.1) that defines the binding rate. This expression rep-

resents the efficacy of the drug and describes how the change in drug concentration

affects the intensity of the current inhibition. Among the trapped drug examples,

all drug-binding formulations show a decrease in peak current throughout the pulses,

except for the C formulation (blue solid) for bepridil, indicating that all drug-binding

formulations are capable of exhibiting the trapping behaviour (associated with the

reduction of the peak current [Li et al., 2017b]).

For the nontrapped drug cisapride, the simulated output of the O (red dashed)

and the C (blue solid) formulation reaches a steady value within each pulse almost

instantaneously, but at a slower rate than for bepridil. The NC formulation (orange

dashed) replicates the decreasing curve of each pulse at 10 nM better than the SD

formulation. The fractional block at 100 nM of cisapride is underestimated by all

drug-binding formulations, predicting magnitudes that are close to 300 nM. We spec-

ulate that the drug effect at 100 nM does not follow the expression Dn

Dn+ECn
50

, and thus

it is unable to capture the variability of the drug effect accurately. This is similar

to terfenadine at 30 nM, as mentioned earlier. This mismatch from all drug-binding

formulations could be due to model misspecification or inconsistent data. However,

given the reasonable fit for all concentrations of other drugs, it is unlikely that the

model is misspecified. Moreover, the inconsistencies in this set of data dominate the

mean fractional block, conforming to our speculation that this dataset is dominated

by noise. The experimental dataset giving the mean fractional block of cisapride

at 100 nM is calculated from three complete repeats and one repeat with only the

first five pulses. Additionally, these three complete repeats have very different mag-

nitudes (see Figure B.1 for the individual traces). This is also apparent from the

large standard deviation in the mean fractional block (Figures 5.12 and 5.13). We do

not address this outlier data because of the many variational inconsistencies observed

in the other drugs, adding to the complexity of the pre-processing of the data. A

detailed description of the data inconsistencies and the complexity it brings is dis-

cussed in Appendix B. For the other nontrapped drug verapamil at 300 nM, the SD

formulation (black solid) captures the decreasing curve at the first pulse and sub-

sequently achieves steady values that are slightly lower than the experimental data.

On the other hand, the O (red dashed), C (blue solid), and the NC (orange dashed)

formulations achieve instantaneous steady values from the first pulse onwards. This
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property matches the experimental current behaviour of verapamil at 103 nM and the

later pulses of the other drug concentrations.

In the remaining drugs, the O (red dashed), the C (blue solid), and the NC (or-

ange dashed) formulations tend to predict an instantaneous steady value within each

pulse and remain relatively constant throughout the pulses. This can be reflective

of the experimental data in some cases, for example, ondansetron and diltiazem. In

these examples, the SD (black solid) formulation always predicts a decreasing curve

at the first few pulses, never achieving a steady value instantaneously, regardless of

the experimental data. In conclusion, the O formulation, similar to the C formula-

tion, cannot capture the decreasing curve of the fractional block; the NC formulation

cannot capture the in-pulse steady value unless it is achieved instantaneously; and

the SD formulation cannot achieve the in-pulse steady value instantaneously at the

first few pulses. None of the drug-binding formulations can exhibit a decreasing curve

and achieve instantaneous steady value simultaneously for a single drug.
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Figure 5.15: The alternative drug-binding formulations have the flexibility
to exhibit the concentration-dependent increase in peak reduction, and the
constant low peak reduction as the drug concentration increases, whereas
the peak reduction increases only for the SD formulation. Peak reduction at
the tenth pulse from the first pulse of the experimental data and simulations of all
drug-binding formulations. The x-axis concentration points are concentrations used
for each drug (listed in Figures 5.12 and 5.13) in increasing order.
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The main motivation for the development of the SD formulation is to describe

the trapping behaviour of drugs, which is characterised by the rate of recovery of

current from previous pulses. Li et al. [2017b] uses the reduction of the peak current

at the tenth pulse from the first pulse as an indicator of trapping behaviour. In

Figures 5.12 and 5.13, the alternative drug-binding formulations (the C, the NC, and

the O formulations) demonstrate flexibility in presenting a reduction of peak, such

as dofetilide and terfenadine, and a constant peak throughout the pulses, such as

cisapride and diltiazem. This implies that the alternative drug-binding formulations

are capable of distinguishing the trapping behaviour, as characterised by the peak

reduction. Figure 5.15 shows the peak reduction between the first pulse and the

tenth pulse for the experimental data and all drug-binding formulations. The x-axis

refers to the sequence of concentrations used for each drug (as listed in the panels

of Figures 5.12 and 5.13) in increasing order. The peak reduction of the known

trapped drugs (dofetilide, bepridil, and terfenadine) shows an increasing trend with

the drug concentration, an expected feature of the trapping behaviour. The SD and

the NC formulations are comparable in matching this trend, whereas the C and the

O formulations fail to predict the peak reduction of bepridil. For the nontrapped

drugs (cisapride, verapamil, and ranolazine), the peak reduction of the experimental

data remains relatively constant as the concentration increases. The C, the NC, and

the O formulations are better fits to the trapping behaviour of nontrapped drugs,

i.e., maintaining similar peak reduction as drug concentration increases, than the SD

formulation, even though they do not match the exact value of peak reduction. The

SD formulation predicts an increasing trend of the peak reduction even when the

experimental data shows constant peak reduction. This is observable in the panels

of the bottom row in Figure 5.15. On the other hand, the alternative drug-binding

formulations show the same peak reduction for all drug concentrations, regardless

of the trapping behaviour exhibited by the experimental data. This agrees with

our observation in the fit to experimental data (Figures 5.12 & 5.13), where the SD

formulation (black solid) shows decreasing peaks at the first few pulses for all drugs,

while the alternative drug-binding formulations show similar peak values throughout

all pulses for most of the drugs (for example, quinidine, sotalol, ondansetron and

diltiazem). Figure 5.15 supports our observation that the alternative drug-binding

formulations are capable of exhibiting the spectrum of trapping behaviour, from the

lack of recovery seen in dofetilide to the full recovery of the peak in ranolazine.

Overall, the RMSDs (Figure 5.14) show that the SD formulation fits the experi-

mental data with the lowest RMSD for half of the drugs, whereas the C and the O
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formulations perform the worst in most cases. This is to be expected since they have

fewer free parameters. However, in some cases, the alternative drug-binding formu-

lations perform better than the SD formulation (quinidine and ondansetron), and at

times as well as the SD formulation (ranolazine, diltiazem and mexiletine). When

the RMSDs are similar between the drug-binding formulations, the binding and un-

binding rates (Kb and Ku, respectively) can take on different values. For example,

diltiazem and mexiletine have similar RMSD, but their Kbs and Kus can be up to

two orders of magnitude smaller than that of the SD formulation. The greatest dif-

ference in Kb is observed with dofetilide, which has at least four orders of magnitude

difference, but this translates to a reasonably close RMSD.

Even though the drug-binding formulations have their limitations in replicating

the experimental data, it could be partially due to the inconsistencies within the ex-

perimental data. In addition to the inconsistencies in cisapride and terfenadine, as de-

scribed previously, the fractional block of chlorpromazine also shows some unexpected

behaviour. The fractional block increases within each pulse instead of the expected

decrease that is caused by the inhibition from drug compounds. This behaviour is

also observed in quinidine at 103 nM. The inconsistencies in the experimental data

make it challenging for us to perform our own pre-processing on the data and there-

fore we decided to use the experimental data as it is published and we discuss the

inconsistencies further in Appendix B.

5.5.4 Comparisons to the SD formulation

The drug-binding formulations each have their limitations in fully recapitulating the

current behaviour exhibited in the experimental data, although all are capable of

capturing the current behaviour specific to drug-trapping (Section 5.5.3). In the fit

to the experimental data in the previous section (Section 5.5.3), the SD formulation

shows a largest peak reduction of 80.59%, while the C formulation has a highest peak

reduction of 79.03%, the NC formulation shows 78.06% maximum peak reduction and

the O formulation shows 79.07% maximum peak reduction. In addition to large peak

reduction, the C, the NC and the O formulations can exhibit low peak reduction,

as shown in Figures 5.12 and 5.13, with a minimum peak reduction of close to 0,

illustrating their ability to encompass the spectrum of trapping behaviour. The SD

formulation, however, shows a minimum peak reduction of 12.54%.

We further investigate the features of the trapping component within the SD

formulation that are unique to it and cannot be replicated by the alternative drug-

binding formulations. In particular, we want to investigate the difference in the
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current behaviour and the binding kinetics between the alternative drug-binding for-

mulations and the SD formulation. We have previously shown that the SD formulation

is better at capturing both the decreasing curve and the in-pulse steady value, but

struggles to achieve steady values instantaneously from the first pulse.

To do so, we generate noisy synthetic data from the SD formulation, as described

in Section 5.3.1. Then, we fit the alternative drug-binding formulations to the noisy

data generated by the SD formulation. We have described in Section 5.5.1 how the

parameters of the C, the NC, and the O formulations can be comparable to the

parameters of the SD formulation. We take the binding rate coefficient Kb,SD of the

SD formulation to be Kmax × Ku. Kb,SD can be compared to the binding rates of

the alternative drug-binding formulations (Kb,C for the C formulation, Kb,NC for the

NC formulation, and Kb,O for the O formulation). The unbinding rate Ku,SD of the

SD formulation can be compared to the unbinding rates Ku,C of the C formulation,

Ku,NC of the NC formulation, and Ku,O of the O formulation.

Figure 5.16 compares the binding and unbinding rates of all drug-binding formu-

lations inferred from synthetic data generated by the SD formulation. In the left and

middle columns, the x-axis indicates the true parameter value of the SD formulation

used to generate the synthetic data, while the y-coordinates refer to the inferred pa-

rameter values for all drug-binding formulations. Data points on the diagonal line

imply that the binding/unbinding rates of the fitted drug-binding formulation match

those of the SD formulation that was used to generate the synthetic data. Since

model misspecification is inevitably introduced in this analysis, we do not expect all

parameters to lie on the diagonal line.

However, since the binding rates Kb,SD, Kb,C , Kb,NC and Kb,O have the same

definitions (Sections 5.2 & 5.5), they are expected to fall close to the diagonal line. On

the other hand, the unbinding rate Ku is hypothesised to be smaller in the alternative

drug-binding formulations as they do not have any trapping component, and the

channel would have to stay within the D state or the O* state (refer to their structure

in Figure 5.9) longer to mimic the stay within the C* state in the SD formulation

and the delay of the unbinding process.

The left column of Figure 5.16 shows that Kb of the C formulation (blue square),

the NC formulation (orange star), and the O formulation (red triangle) are recovered

close to that of the SD formulation. Under ideal conditions without noise, more

parameter combinations in the C formulation (blue squares) are predicted to have

binding rates Kb lower than the true Kb of the SD formulation, whereas the NC

and the O formulations mostly overestimate the Kb values of the SD formulation.
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Figure 5.16: The same binding rate Kb values of the alternative drug-
binding formulations can replicate that of the SD formulation, while the
unbinding rates Ku are predicted to have different values from the SD
formulation. The left and middle columns show the inferred values of the binding
rate Kb and the unbinding rate Ku, respectively, against the true values. The results
of the C formulation (blue squares), the NC formulation (orange stars), and the
O formulation (red triangles) are shown. The results of the SD formulation (black
circles) are the same as in Figure 5.4, and shown here for reference. The diagonal
line serves as a reference where the fitted parameters equal the true parameter values.
The right-most column gives the RMSDs between the synthetic data and the fitted
simulations.
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In the noisy conditions (the N2 and the N3 noise models), the alternative drug-

binding formulations mostly infer Kb values to be higher than the true Kb, but at

values comparable to the inferred Kb of the SD formulation. Even within the SD

formulation, where there is no model misspecification, the predicted Kb is not perfect

(also discussed in Section 5.3 and shown in Figure 5.11).

The inferred Ku values of the alternative drug-binding formulations do not match

well with the Ku of the SD formulation. When no noise is added, the alternative

drug-binding formulations (all markers except black circles) mostly infer Ku lower

than the Ku of the SD formulation, as expected, except for the smallest Ku, where

some of them are overestimated in the NC formulation (orange star). As the noise

intensity increases (middle and bottom rows), Ku values seem to be inferred higher

than the true values, especially when the true Ku values are large. However, the

unbinding rates Ku of the alternative drug-binding formulations are mainly predicted

to be lower than the inferred Ku of the SD formulation. Note that the Ku values of

the SD formulation are also inferred to be higher than their true values when the true

values are large.

The RMSD distribution in the right column shows that, when no noise is added

(top row), the simulated output of the SD formulation fits perfectly to the synthetic

data, whereas there are some mismatches between the alternative drug-binding for-

mulations and the SD formulation. Among the alternative drug-binding formulations,

the NC formulation (orange) can best fit to the synthetic data generated by the SD

formulation, while the C formulation (blue) and the O formulation (red) shows sim-

ilar distribution of the RMSD values. The magnitude of the RMSD increases with

the noise intensity. Given the model misspecification in this analysis, the RMSDs

of the alternative drug-binding formulations are only slightly higher than the SD

formulation. Even though the RMSD between all drug-binding formulations is com-

parable, the alternative drug-binding formulations present different kinetics from the

SD formulation, which are also evident in the experimental setting (Section 5.5.3).

5.5.5 Proarrhythmic risk categorisation of drugs using dif-
ferent drug-binding formulations

Although we have shown in Sections 5.5.2 and 5.5.3 that all drug-binding formulations

can recapitulate the current behaviour with reasonable accuracy, they can only do so

using very different parameter values. The SD formulation was developed to improve

the prediction of the proarrhythmic risk of a drug by including a trapping component

(red component of Figure 5.1). This was combined with the introduction of new

153



metric scores, the qNet and the Torsades Metric Score (TMS) [Dutta et al., 2017, Li

et al., 2019]. The qNet computes the resultant ionic charge of several major currents

across the channel during an action potential. These currents include the L-type

calcium current ICaL, the late sodium current INaL, IKr, the slow rectifier potassium

current IKs, the inwardly rectifying potassium current IK1 and the transient outward

potassium current Ito. This simultaneous use of several major currents takes into

account the compensatory effect of the currents on the action potential and on the

risk profile of the drugs [Dutta et al., 2017, Weiss et al., 2010, Volders et al., 2000].

The TMS is calculated by taking the average of qNet values for drug concentrations

of 1–4 ×Cmax. A drug with a TMS that is less than 0.0579 C/F is classified as a high-

risk drug, whereas a drug with a TMS that is greater than 0.0689 C/F is a low-risk

drug, with any drug in between categorised as an intermediate-risk drug [Li et al.,

2019].

Given that the drug-binding formulations each exhibit different features in the

current behaviour (Section 5.5.3), and that the drug-binding formulations propose

different drug-binding kinetics for the same current behaviour, we want to investi-

gate whether the drug-binding formulations affect the risk categorisation of drugs.

We therefore calculate the TMS of the 12 CiPA training drugs for all drug-binding

formulations. The current inhibition on currents other than IKr is based on the Hill

curve coefficients published in Li et al. [2017b]. The current inhibition on IKr is based

on the drug-binding formulations we have, with the parameter values inferred from

the experimental data. The parameter values for the drugs are listed in Tables 5.3

to 5.6. The parameters of the SD formulation we used are our inferred parameters,

optimised using the procedure described in Section 5.3.3, to ensure that we use the

same optimisation procedure throughout all drug-binding formulations for a fair com-

parison. The conductance scaling (CS) formulation, which we have used extensively

in Chapters 3 and 4, is included in this comparison. Briefly, the CS formulation in-

hibits the current by scaling the maximal conductance following a Hill curve, which

effectively reduces the magnitude of the current. The coefficients of the Hill curve are

taken from Li et al. [2017b].

Figure 5.17 shows the TMS of the 12 CiPA drugs for all drug-binding formula-

tions. The colour of the data points follows from Dutta et al. [2017], where red,

blue, and green represent drugs in the high, intermediate, and low risk categories,

respectively. The horizontal lines refer to the threshold values classifying the drugs

into different risk categories, taken from Li et al. [2019] for reference. The TMS of

the drugs calculated using the SD formulation remain within their risk categories,
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except for terfenadine (blue circle) and verapamil (green circle), whose TMS are close

to the thresholds of a higher risk category. This is consistent with the uncertainty

range published in Li et al. [2019], where terfenadine (blue circle) has an uncertainty

range close to the higher risk category. The TMS of drugs using the SD formulation

(Figure 5.17) is not the same as presented by Li et al. [2019] because the parameter

values we used are re-inferred with our own optimisation procedure (Section 5.3.3).

This is to ensure a fair comparison between all drug-binding formulations by using the

same optimisation procedure throughout. The correlation between the risk of drugs

and the TMS remains; that is, drugs can be categorised into their risk categories

by their TMS with recalibrated threshold values. This implies that the threshold

values categorising the risk of drugs are sensitive to the parameter values in the SD

formulation.

The separation of drugs by their TMS using the CS formulation is not as clear

as that of the SD formulation. The TMS for low-risk verapamil (green circle) is

comparable to that of intermediate-risk chlorpromazine (blue cross). Moreover, the

TMS of high-risk sotalol (red star) lies between the intermediate-risk drugs (blues), a

higher score than the intermediate-risk cisapride (blue triangle) and terfenadine (blue

circle). Therefore, using the TMS, the CS formulation does not give the correct risk

categorisation for the drugs.

We have shown in Figures 5.13 and 5.14 that the C formulation performs the worst

in capturing the decreasing curve within each pulse of the experimental data. This is

because the transition through the cycle of the C formulation, i.e. from the inactivated

(IO) state to the drug-bound state (D) and then to the open state (O) (refer to

Figure 5.9A for the model structure), and the reverse route, happens much more

frequently and easily in the C formulation than in the SD formulation. Recall that

the trapping rate of the SD formulation is much slower than the binding/unbinding

rates, with a difference of up to eight orders of magnitude (Section 5.4.1), thus the

transition through the cycle (IO to IO* to C* to O* and to O) (refer to Figure 5.2

for the structure of the SD formulation) happens very slowly. In the C formulation,

the channel transits through the drug-bound state more frequently. Drug compounds

bind and unbind quickly and do not stay bound within the channel. Therefore, the

C formulation lacks the ability to delay the unbinding process to mimic the drug-

trapping behaviour. The C formulation may fail to capture the behaviour of IKr

under drug inhibition. This will then be propagated to the TMS. In Figure 5.17,

for the C formulation, the TMS of the low-risk drugs (greens) are separated from
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the intermediate-risk drugs (blues), but that is not the case between intermediate-

risk drugs (blues) and high-risk drugs (red). The TMS of low-risk ranolazine (green

triangle) is close to the intermediate-risk cisapride (blue triangle) and lies within

the intermediate-risk threshold. The TMS of high-risk drugs bepridil (red triangle)

and dofetilide (red circle) blend in with the intermediate-risk drugs (blues), making

it impossible to differentiate high-risk drugs from intermediate-risk drugs using the

TMS.

The NC formulation performs consistently better than the C formulation in its fit

to the experimental data, while performing better than the SD formulation for some

drugs (Figures 5.13 & 5.14), including cisapride, ranolazine, quinidine, ondansetron,

diltiazem and mexiletine. From that, we hypothesised that the NC formulation can

differentiate the drugs into their risk categories, showing an association between the

risk categories and the TMS, similar to the SD formulation. Figure 5.17 shows that

the TMS using the NC formulation are clearly separated between the low-risk and

intermediate-risk drugs, following the threshold values defined by Li et al. [2019]

using the SD formulation. The high-risk drugs (reds) are also separated from the

intermediate-risk drugs (blues), although with a smaller margin. Although high-risk

sotalol (red star) falls into the intermediate-risk category defined by Li et al. [2019], a

recalibration of the threshold values for the NC formulation would accurately classify

all drugs into their respective risk categories.

Although the NC and the SD formulations have different TMS, they both can

classify the drugs into their respective risk categories. Among all drugs with similar

TMS between the NC and the SD formulation, such as diltiazem (green cross) and

ranolazine (green triangle), the RMSDs between the simulated current and the ex-

perimental data of the SD and the NC formulations are similar (Figure 5.14), but

the simulated current exhibits different properties, as evident in the fractional block

shown in Figures 5.12 and 5.13 and their respective binding kinetics shown in Fig-

ure 5.14. This implies that the risk categorisation by the TMS can be replicated with

different binding kinetics and without the trapping component.

While the O formulation struggles to fit to the decreasing curve of drug inhibition,

similar to the C formulation (Figures 5.12 & 5.13), the TMS of all drugs computed

using the O formulation are ordered based on their risk categories, except for the high-

risk bepridil (red triangle). The TMS for high-risk bepridil (red triangle) is slightly

higher than the intermediate-risk drugs terfenadine (blue circle) and ondansetron

(blue star). The O formulation can be viewed as the NC formulation without the

binding of drugs to the inactivated-open (IO) state (Figure 5.10). The idea for the
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O formulation stems from the fact that the current recordings from patch-clamp

experiments are measurable when the ion channel is open. It is a challenge to design

protocols that extract information or allow elucidation of the kinetics surrounding

the inactivated-open state. This is apparent in the identifiability analysis where the

unbinding rates of the NC formulation are not identifiable (Figure 5.11).

We have shown in Figure 5.15 that the alternative drug-binding formulations

are capable of exhibiting the full spectrum of the trapping behaviour. However, for a

trapped drug bepridil, the C and the O formulations fail to match the increasing trend

of peak reduction with drug concentration. Bepridil (red triangle in Figure 5.17) is

also the only drug that lies outside the association between the TMS and its risk

category. Since the O formulation is capable of capturing the peak reduction but fails

to do so for bepridil, we next explore whether, following the approach of Li et al.

[2017b], incorporating the contribution of the trapping phenotype, quantified by the

peak reduction, into the optimisation procedure, will allow us to test if the binding

kinetics is capable of capturing the drug-trapping properties.

5.5.6 Inclusion of trapping behaviour into the objective func-
tion

As introduced in Section 5.1, the trapping behaviour of drugs can be quantified by the

reduction of the peak of current between pulses of the modified Milnes’ protocol [Li

et al., 2017b]. In Li et al. [2017b], the objective function used to infer the parameter

for the SD formulation includes two terms quantifying the trapping phenotype. These

terms are the relative peak reduction between the first and the second pulse and the

relative peak reduction between the first and the tenth pulse. These terms are added

to the objective function only when 0.5 of the fractional block is achieved for a given

dose.

We added these two terms to the objective function in our optimisation procedure,

in addition to the traces, following the approach taken by Li et al. [2017b], as follows

∑
c

[∑
t

(Yt,c −Bt,c)
2 + 0.2wcT

P1,c − P10,c

P1,c

+ 0.2wcT
P1,c − P2,c

P1,c

]
, (5.42)

where the weight wc = 1 if Bt,c < 0.5 for some t for a given dose c, else wc = 0.

Yt,c is the simulated fractional block, Bt,c is the experimental fractional block, Pn,c is

the peak at the nth pulse for drug concentration c, and T is the total time points.

Here, sum of squared error is used to compare the traces, following Li et al. [2017b],

instead of the root mean squared error used throughout this chapter. Figure 5.18
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Figure 5.18: The drug-binding formulations can fit to the peak reduction
of trapped drugs (dofetilide, bepridil and terfenadine) when the trapping
phenotype is included in the objective function. The SD, the NC and the
O formulations can separate the drugs into their risk categories. Top panels
(top and middle rows) show the peak reduction of the experimental data and all drug-
binding formulations. The y-axis is the relative peak reduction between the first and
the tenth pulse for each drug concentration. Two additional terms which quantify the
peak reduction are included in the objective function when inferring the parameters
for the drugs. The last row shows the TMS for all drug-binding formulations: SD, C,
NC and O formulations. The TMS is computed with parameters that are optimised
to match the peak reduction, in addition to traces. The red, blue and green markers
refer to high-, intermediate- and low-risk drugs, respectively. The horizontal lines
indicate the threshold values for the risk categorisation of drugs from Li et al. [2019].
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(first two rows) shows the relative peak reduction between the first and the tenth

pulse of the experimental data and the drug-binding formulations when the peak re-

duction terms are added to the objective function. Compared to the peak reduction

when only traces were included (Figure 5.15), the inclusion of the peak reduction in

the objective function improves the fit of the peak reduction (quantification of the

trapping phenotype) of bepridil for the C and the O formulation, and cisapride for

the SD, the C and the O formulation. The SD formulation has improved fit to the

peak reduction for most of the drugs, such as verapamil, ondansetron and diltiazem

(refer to Figure 5.15 for comparison). The peak reduction becomes more consistent

as the drug concentration increases, matching the experimental data. Other than the

drugs mentioned, the peak reduction of the alternative drug-binding formulations are

unaffected by the adjusted objective function. With this adjustment to the objec-

tive function, there is a clear separation in the trend of the peak reduction between

known trapped drugs (dofetilide, bepridil and terfenadine) and known nontrapped

drugs (cisapride, verapamil and ranolazine). The peak reduction of trapped drugs

increases with drug concentration, while the peak reduction stays relatively constant

for nontrapped drugs as the drug concentration increases.

When the terms quantifying the peak reduction were included in the objective

function, the parameters of the drug-binding formulations were optimised to different

parameter values. The TMS will therefore also change. The bottom row of Figure 5.18

shows the TMS calculated using the drug-binding formulations with parameters opti-

mised based on the adjusted objective function. With the objective function following

closely to Li et al. [2017b], the TMS of the SD formulation once again falls into the

risk categorisation threshold from Li et al. [2019], replicating their results. The C

formulation has some minor changes in the TMS, specifically bepridil (red triangle),

from being among the intermediate-risk drugs to being below them (see Figure 5.17

for the TMS without the peak reduction). The TMS calculated using the C formula-

tion still does not correlate with the risk categories of drugs and thus cannot be used

as a marker to predict a drug’s risk category. For the NC formulation, the TMS cor-

relates with the drug’s risk categories, with a similar sequence as the SD formulation.

A recalibration of the threshold values by a regression analysis, as is done in Chang

et al. [2017], would have all drugs classified into the same risk categories as those

assigned to them in Colatsky et al. [2016], but that is out of scope for this study.

The TMS of the O formulation has a major change for bepridil (red triangle). Its

TMS is much lower than the previous one (Figure 5.17) and falls among the high-risk

drugs after the peak reduction is incorporated into the objective function. Another
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difference for the O formulation is cisapride, where its TMS lowers, but still remain

within the intermediate-risk drugs threshold. When the peak reduction is included

into the objective function, using the O formulation, the drugs can be separated into

the same risk categories using the TMS as those computed using the SD formulation.

In conlusion, the O drug-binding formulation, with interpretable parameters (i.e.,

the binding and unbinding rates), can classify the CiPA training drugs accurately

when the trapping phenotype is taken into consideration in the characterisation of

the drugs. The SD formulation, with its more complex and non-identifiable trapping

component, is therefore not necessary to classify drugs using the TMS.

5.6 Discussion

This has been a complex chapter in which we have introduced multiple studies to

allow us to fully explore the different aspects of the SD formulation. In this discussion

section, we bring together all of our findings and conclusions, repeating in places to

make it easy to follow.

In previous chapters (Chapters 3 & 4), we showed that the trapping compo-

nent of the SD formulation has minimal effect on the changes in the APD90s. In

this chapter, we showed that this is due to the non-identifiability of the trapping

tendency parameter Vhalf−trap (see Figure 5.1 and Section 5.2 for description of the

Vhalf−trap) (Section 5.3). Adjustments in the defining equation of the trapping com-

ponent (Equation 5.2) did not improve the identifiability of Vhalf−trap (Sections 5.4.1

& 5.4.2). Therefore, we introduced three alternative drug-binding formulations which

do not include the unidentifiable trapping component (Section 5.5). The C formula-

tion combines all drug-bound states of the SD formulation into a single drug-bound

state; the NC formulation removes the trapping component and is equivalent to hav-

ing zero trapping/untrapping rates of the SD formulation; and the O formulation only

retains a single drug-bound state that connects to the open state (Figure 5.9). We

have shown that the C formulation and the O formulation give improved parameter

identifiability compared to the SD formulation, and the NC formulation has poor

identifiability for both the unbinding rates, Ku and Kr (Section 5.5.2). For the same

current behaviour, we have shown that the alternative drug-binding formulations have

lower unbinding rates than the SD formulation, which we have speculated compen-

sates for the missing trapping component (Sections 5.5.3 & 5.5.4). All drug-binding

formulations had their limitations in capturing the current behaviour: the SD formu-

lation could not achieve an instantaneous steady value at the first two pulses, the C
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and the O formulations failed to replicate the decreasing curve within each pulse, and

the NC formulation could not capture the decreasing curve and replicate the in-pulse

steady value simultaneously (Section 5.5.3). Although none of the drug-binding for-

mulations could fully capture the full spectrum of current behaviour observed in the

experimental data, all exhibited a range of recovery rate of the current, indicating that

they can express different trapping behaviours. Moreover, the Torsades Metric Score

(TMS) calculated using the NC formulation classified the drugs into their respective

risk categories, showing that the trapping component is not necessary for obtaining

the correct classification (Section 5.5.5). The addition of the trapping phenotype into

the objective function improved the classification of drugs for the O formulation (Sec-

tion 5.5.6), which has only two parameters that are both interpretable and practically

identifiable (Sections 5.5 & 5.5.2). In conclusion, the trapping component of the SD

formulation was not necessary to categorise the drugs accurately. A drug-binding for-

mulation with only binding/unbinding rates, and inclusion of the trapping phenotype

in the objective function, can replicate the risk classification of drugs, as with the SD

formulation.

5.6.1 Reasoning for the alternative drug-binding formula-
tions

The trapping component of the SD formulation is neither measurable nor inferable

from the fractional block measured from the current-conducting state of the channel.

We removed the trapping component in two ways and suggested three alternative

drug-binding formulations. The idea for the construction of the C formulation (refer

to Figure 5.9 for the structure of the C formulation) was to summarise all drug-

bound states and transition rates into one, retaining only the binding kinetics instead

of separating them into two components of binding and trapping. This formulation

reduced the number of parameters from three in the SD formulation (ignoring the

drug concentration parameters of n and EC50) to two, namely the binding and un-

binding rates. However, these two parameters were unable to capture the full range

of current behaviour observed in the experimental data. The binding rate controls

the speed of the decrease within each pulse, while the unbinding rate affects the mini-

mum fractional block within each pulse, and simultaneously the rate of recovery in the

subsequent pulse. Therefore, at least three parameters are required to individually

capture the speed of decrease, the within-pulse steady-state, and the rate of recovery.

Moreover, instead of being retained within the trapped state as expected, drug com-

pounds remained within the O* state and the IO* state to mimic the stay within the
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trapped state and seldom transited through the cycle of the SD formulation (refer to

Figure 5.1 for the structure of the SD formulation). When we prevented drugs from

entering the trapped state by fixing the trapping rate to zero, the fractional block

still showed the decreasing curve similar to those observed in the experimental data.

Therefore, we constructed the NC formulation to have zero trapping rate and without

the trapping component (refer to Figure 5.9 for the structure of the NC formulation).

Since there is no cycle in the structure of the NC formulation, we were free to

define the transition rates without the need to satisfy the microscopic reversibility.

No constraints were imposed on the unbinding rates (Kr,NC and Ku,NC) of the NC

formulation. The NC formulation has three parameters, which is the same as the

SD formulation, which are Kb,NC , Ku,NC , Kr,NC for the NC formulation and Kb,SD,

Ku,SD, Vhalf−trap for the SD formulation. It was therefore not surprising that the NC

formulation with more parameters has poorer parameter identifiability than the C

formulation with two parameters. The SD formulation has two additional constraints:

microscopic reversibility and the fixed trapping rate Kt. The definition of the trapping

component of the SD formulation also added another layer of complexity to the drug-

binding formulation, namely the choice to define the trapping component as voltage-

dependent, the decision to define it in a similar fashion to the activation gate of the

hERG channel, and the choice to fix the trapping rate (Equation 5.2). The complexity

of the definition made it difficult to interpret the parameters in physiological terms

and verify them in any way or constrain them into feasible and reasonable ranges.

One thing to note is that by imposing these constraints, Li et al. [2017b] assumed

that all drugs conform to the constraints and that these constraints are intrinsic

properties of the ion channel. Li et al. [2017b] assumed a fixed trapping rate Kt for

all drugs. This trapping rate Kt was chosen for an optimised fit for this particular

dataset. A different value would likely be needed for a different dataset. Despite

the additional complexity, the SD formulation has better parameter identifiability

than the NC formulation. It is speculated that the constraints imposed on the SD

formulation allow little room for compensation between parameters and thus have

better parameter identifiability. Moreover, the poor parameter identifiability of the

NC formulation could be due to the lack of information in the current recordings to

elucidate the transition rates.

The current recordings measured in a patch-clamp experiment are indicative of

open ion channels. Given that the experimental recording do not provide direct

information on the inactivated state, we remove the binding to the inactivated state

from the NC formulation to create the O formulation (see Figure 5.9 for the structure
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of both drug-binding formulations), even though several studies have suggested higher

binding affinity associated with the inactivation of the channel [Ficker et al., 1998,

Perrin et al., 2008, Mitcheson et al., 2000a, Mitcheson, 2008, Vandenberg et al., 2012].

The O formulation allows drugs to bind and unbind only from the open channel.

Developing a drug-binding formulation that incorporates the real-world condition

but without informative data to elucidate would only allow compensation between

parameters and obtain the wrong characterisation of the drug-binding mechanism.

We can further suggest other drug-binding formulations based on our observations,

such as extending the drug-bound state of the D formulation with an additional state

that transits into and out of the drug-bound state D.

5.6.2 Implications and future work

Our work has shown that the trapping phenotype has to be included in the ob-

jective function when inferring the parameters of the O formulation to accurately

categorise the drugs using the TMS. The parameters of the O formulation have bet-

ter interpretability and identifiability. This implies that the binding kinetics, without

the trapping kinetics as defined in the SD formulation, are sufficient to capture the

drug’s property that plays a role in the risk prediction. A follow-up is to compute the

TMS of the CiPA validation drugs [Li et al., 2019] using the O formulation to further

validate our conclusion. The improved practical identifiability of the O formulation

may make it easier to measure or infer the parameter values from experimental data

and improve the reliability of its risk prediction.

While there is no way to determine the ground truth of these parameter values, the

parameter values that incorporate the trapping phenotype classify the proarrhythmic

risk of drugs better. This suggests the need to have experimental data recorded over

a few pulses (to quantify the peak reduction) if we are to design alternative shorter

protocols. Ten pulses of the modified Milnes’ protocol used for the development of

the SD formulation are extremely long (lasts for 250 s in total). With a simpler drug-

binding formulation, with fewer parameters, it is possible to design protocols that are

easier to perform while also serving our purpose in predicting the risk of drugs.

5.7 Conclusion

We conclude that the trapping component of the SD formulation is not necessary for

classifying drugs into their respective risk category. In previous chapters, we showed

that the trapping component of the SD formulation plays a minor role in affecting
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the action potential duration. We showed in this chapter that the restriction is due to

the non-identifiability of the trapping component defined within the SD formulation.

This issue cannot be improved by loosening the constraints or extending the range

of values considered for the model variables, particularly the membrane voltage V

in Equation 5.2. We then developed three alternative drug-binding formulations by

modifying the model structure and its defining equations to remove the trapping com-

ponent. We have a drug-binding formulation that summarises all drug-bound states

in the SD formulation into a single drug-bound state (C formulation), the other one

that eliminates the trapping component (NC formulation) and finally a drug-binding

formulation that keeps only the binding kinetics at the open state (O formulation).

The C and the O formulations have better identifiability than the SD formulation,

but do not have sufficient degrees of freedom to capture the drug-binding from the ex-

perimental data. The NC formulation has better interpretability and less constraints

than the SD formulation, although the parameters are not as identifiable as those

of the SD formulation. The NC formulation has comparable fit to the experimental

data as the SD formulation and can classify drugs with similar accuracy as the SD

formulation. The analysis of the O formulation showed that the inclusion of only the

binding kinetics of drugs (without the trapping behaviour of drugs) within the drug-

binding formulation and the incorporation of the peak reduction (quantification of

the trapping behaviour of drugs) into the objective function are sufficient to classify

drugs into their risk categories.
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Chapter 6

Conclusion and discussion

In this conclusion chapter, we summarise the main results presented in this thesis and

the contributions of these results to the aim of the thesis in assessing the credibility

of the drug-binding formulation.

Computational models of cardiac cells have been utilised to establish a comprehen-

sive proarrhythmic risk assessment for translational drug safety evaluation [Brennan

et al., 2009]. The most recent drug safety guidelines are beginning to include risk

predictions of computational models as part of a more comprehensive drug risk as-

sessment [ICH E14/S7B Q&A, 2022]. Therefore, it is of importance for computational

models, also as part of the CiPA initiative, to provide robust and reliable risk pre-

dictions of drugs for the benefit of patients while also preventing unpredicted and

nonjustifiable proarrhythmic risk. A credible computational model should be able

to make predictions with high confidence while also acknowledging the limits and

uncertainties surrounding the model predictions.

In this thesis, we investigated and assessed the predictive reliability of the state-

dependent (SD) drug-binding formulation [Li et al., 2017b] in predicting the proar-

rhythmic risk of drugs. The SD drug-binding formulation was developed by research

teams in the FDA as part of the CiPA initiative to provide a proarrhythmic risk

prediction model. In Chapter 2, we introduced the concepts required to understand

the thesis, which includes the physiology of the heart, the mathematical models de-

scribing the action potentials, the translation of experimental data to mathematical

models, and the relevance of these models in cardiac safety testing, with a specific

focus on models of drug-binding to the hERG channel and the assessment of the

credibility of these models.

In Chapter 3, we assessed the robustness and reliability of the SD formulation by

performing a sensitivity analysis. We investigated the contribution of each component
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(the binding component and the trapping component) of the SD drug-binding formu-

lation to the prolongation of the action potential (AP). The AP prolongation of the

SD formulation was compared to that of the conductance-scaling (CS) drug-binding

formulation. We concluded that the SD formulation differs from the CS formulation

in predicting the AP duration; however, the main driver of the difference is not the

trapping component of the SD formulation. This runs counter to the claim that the

trapping behaviour contributes to the risk of drugs, or at least shows that the trap-

ping component defined by Li et al. [2017b] does not contribute to AP prolongation

in this particular context.

In Chapter 4, we further consider the choice of model components on the reliability

of the predictions of the SD formulation. To investigate the influence of different AP

models in the prediction of AP prolongation, we embedded the SD formulation into

several combinations of AP models and hERG-current components and compared

their predicted AP prolongation. The predicted AP prolongation differs significantly

among the AP model. However, the qualitative result remains the same. The trap-

ping component of the SD formulation does not drive the difference between the SD

formulation and the CS formulation. This is in agreement with our previous result in

Chapter 3. The trapping component of the SD formulation contributes little to the

AP and possibly the hERG current as well, regardless of the AP model.

In Chapter 5, we investigated the practical identifiability of the SD formulation.

We showed that the Vhalf−trap parameter of the trapping component is unidentifiable,

but it remains correlated to the proarrhythmic risk prediction of the drug. Adjust-

ments to the SD formulation, which include changing the fixed trapping rate and

using multiple different voltage-clamp protocols, did not improve the identifiability

of Vhalf−trap.

The practical non-identifiability of Vhalf−trap led us to simplify the SD formulation

by removing the trapping component. We suggested three alternative drug-binding

formulations of the SD formulation and compared them to the SD formulation that

has the trapping component. Not surprisingly, the drug-binding formulations with

fewer parameters have better parameter identifiability but lack the degrees of freedom

to capture the current behaviour fully. We showed that the trapping component is

not necessary when categorising the proarrhythmic risk of drugs using the Torsades

Metric Score (TMS). Moreover, the binding kinetics, without the trapping kinetics,

is sufficient to classify the proarrhythmic risk of drugs accurately. This may provide

some insight into how the trapping component should be defined or how the binding

component can be updated to encapsulate the trapping behaviour of drugs.

167



On the whole, this thesis demonstrates the importance of conducting a detailed

assessment of the credibility of a computational model. The SD formulation, by

incorporating drug-trapping, works well in categorising drugs according to the TMS

[Chang et al., 2017]; however, it does not imply a direct association between drug-

trapping and proarrhythmic risk. The defined trapping component does not result

in the expected prolongation of the action potential, regardless of the hERG-channel

component and the AP model, implying that a drug-binding formulation without

the trapping component might work just as well. The introduction of redundant

components into the drug-binding formulation may lead to overfitting and wrongly

link the trapping component to the risk prediction of the SD formulation. We further

verified that the trapping component is not necessary for classifying the risk of drugs,

as a reduced model without the trapping component can separate the drugs into their

risk categories as well as the SD formulation.

6.1 Future work

There are other aspects to consider, which are not covered in the thesis, when devel-

oping computational models for robust and reliable predictions. A straightforward

next step will be to complete the model assessment of the O formulation, similar to

those performed on the SD formulation [Li et al., 2019, Chang et al., 2017]. This

includes a regression analysis to recalibrate the TMS threshold for the O formula-

tion, verification of the risk prediction of the O formulation to the CiPA validation

drugs, and an uncertainty quantification to characterise the confidence interval of the

risk categorisation of the O formulation. For the SD formulation, the TMS of the

CiPA validation drugs did not fall within the pre-defined threshold calibrated from

the training drugs [Li et al., 2019]. The authors argue that a ranking score, instead of

a strict cut-off threshold, may lead to better performance due to the relatively small

training set [Li et al., 2019]. The verification of the O formulation with CiPA valida-

tion drugs will show if the TMS threshold calibrated using the CiPA training drugs

will also hold for the validation drugs. Moreover, the uncertainty quantification may

further inform whether the binding kinetics, without drug-trapping, are sufficient for

the risk prediction of drugs.

Extending from the O formulation, the simulation studies performed in this thesis

can be validated using appropriate experimental data. Validation of the simulation

outputs is an important step to establish the credibility of computational models.
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Throughout this thesis, several comparisons between computational models were per-

formed at various scales. In Chapters 3 and 5, several drug-binding formulations were

compared, while in Chapter 4, the AP models were compared in the context of the

drug-binding formulations. A validation of these results may inform the suitability of

these computational models in proarrhythmic risk prediction or other contexts-of-use.

This can be done by comparing the simulation results with experimental data, such

as AP prolongation under drug inhibition, the reverse use dependency of drugs, or

the risk prediction of drugs not within the training set. To perform validation against

experimental data, the computational models have to first be calibrated to reflect

the properties of an AP. One example is the calibration of an AP model performed

by Tomek et al. [2019]. This thesis focuses on the role of the trapping component

on the AP, not the exact AP duration. Therefore, such detailed calibration was

not performed. We hypothesise that it will not affect our conclusion that the AP

prolongation does not depend on the trapping component.

Another avenue for future work is to obtain additional experimental data to pro-

vide insights into drug-trapping or the drug-binding process, or to validate the compu-

tational models. The additional experimental datasets could be experimental repeats

performed using voltage-clamp protocols other than the modified Milnes’ protocol [Li

et al., 2017b]. The voltage-clamp protocols could be designed to provide insights into

developing a new mathematical formulation of drug-trapping or to validate a given

mathematical formulation of drug-trapping. Although it was shown in Chapter 5 that

the use of other voltage-clamp protocols did not improve the parameter identifiability

of the SD formulation, the protocols were not designed to specifically improve the pa-

rameter identifiability of the SD formulation. Protocols designed based on the SD for-

mulation may improve its identifiability. Protocols could also be optimised for the O

formulation. The simpler O formulation with only two parameters may allow shorter

and easier-to-implement experiments to elucidate its binding kinetics. The experimen-

tal procedure used for the SD formulation is difficult to perform [Kramer et al., 2020].

The modified Milnes’ protocol, which lasts for 25 s, is repeated 10 times to capture

the trapping behaviour. It was challenging to maintain signal stability throughout

this long period [Kramer et al., 2020]. High-quality signal recordings are required,

given the sensitivity of the parameters to noise. Although the experimental data used

for the SD formulation [Li et al., 2017b] was performed with manual patch-clamp,

which generally produces high-quality recordings compared to high-throughput patch

clamp experiments, the inconsistencies within the data, as discussed in Appendix B,

may affect the risk prediction outcome. When designing an optimal experiment, the
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practicality and feasibility of the data acquisition process and the ability to identify

parameters from the data should be taken into account. Our conclusion in Chapter 5

showed that the trapping behaviour has to be well-characterised when inferring the

parameters, which may require protocols to be repeated over several pulses. This

prior knowledge may be utilised to constrain the experimental design space.

All of the alternative drug-binding formulations, introduced in Chapter 5, are

proposed based on our observations from the evaluation of the SD formulation. The

alternative drug-binding formulations each have their own strengths and weaknesses.

While the O formulation has good parameter identifiability and can categorise the risk

of drugs accurately, it has a poor fit to the experimental data. It struggles to capture

the delay in current inhibition (the decreasing curve feature observed in the calibration

data for the SD formulation [Li et al., 2017b], mentioned in Section 5.5.3). To avoid

this drawback, we could consider and assess other possibilities for the drug-binding

formulation. For example, we can add a trapped state to the drug-bound (D) state

of the C formulation (see Figure 5.10 for the structure of the C formulation), where

drugs can bind to the open state or the inactivated-open state and transition to this

trapped state. The proposed structure is shown in blue on the left of Figure 6.1, with

the additional state shown in red. This is to mimic the delay of staying in the drug-

bound states in the SD formulation, and slow down the cyclic transition between the

open state, the inactivated-open state, and the drug-bound state, which is observed in

the C formulation but not the SD formulation (Section 5.6.1). Another example will

be to add a trapped state to the drug-bound (O*) state of the O formulation to allow

for the delayed current inhibition observed in the experimental data (Figure 6.1 on the

right). However, the addition of drug-bound states to the drug-binding formulation

may lead to identifiability issues. Additional experimental data may be required to

differentiate between the drug-binding formulations to select the most suitable model

for a given purpose [Patten-Elliott et al., 2025].

Figure 6.1: Markov structure of the proposed drug-binding formulations in
blue and the additional proposed component in red.
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6.2 Concluding Remarks

The results of this thesis lead to larger questions in computational modelling of bi-

ological systems. It is impossible to develop a comprehensive computational model

that fully captures a biological system. Therefore, considerations should be given to

the level of detail to be included in the computational model, which is the main focus

of this thesis. It is based on the context of use (or a list of contexts of use) for the

model, and an understanding of the data available. On the one hand, the additional

detail may provide a more accurate prediction of the reference data set, but on the

other, it could be an effect of overfitting. The effect of the additional component may

not be detectable from the experimental data, or it may have a negligible effect on the

model outcome. If the computational models are used in safety-critical situations, it

becomes more important to establish the credibility of the model. The improvement

in the robustness and accuracy of the prediction provided by the additional detail

has to be justifiable for the resources required to elucidate or measure the additional

complexity.

This thesis has shown that the trapping component does not contribute to the

robustness and accuracy of the prediction, and thus, the inclusion of the trapping

component in the drug-binding formulation cannot be justified. However, it is not

straightforward to assess whether the inclusion of a particular additional component

in a complex mathematical model is justifiable. The main challenge is to capture a

particular experimental observation within a mathematical formulation that reflects

the underlying biological mechanism. A further challenge is then to devise experi-

mental protocols that allow this mathematical formulation to be parameterised. The

focus of this thesis has been on one such mathematical formulation of Li et al. [2017b],

and we have demonstrated just how complex this modelling process can be. Further

factors that must be taken into consideration in this process are: the choice of base

model, the parameter sensitivity, and parameter identifiability. The forensic analysis

of a particular computational model performed in this thesis demonstrates the im-

portance of model evaluation within this model development process. Such a model

evaluation acts as an essential foundation in assessing the credibility of model pre-

dictions. This approach should find wider application in mathematical and computa-

tional modelling of biological systems, and is particularly important when assessing

models that are used in safety-critical decision making.

Moreover, our work has highlighted the importance of fully considering the in-

tended “context-of-use” in this model assessment process. In our case, when com-
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paring the effects of varying the base AP model, the ion channel model, and the

drug-binding model, on proarrhythmic risk prediction of drugs, we found that all

combinations had an influence on the particular measured output (in this case, APD),

but did not change our overall conclusions. This may not be the case in other situa-

tions, and in mature areas of systems biology, which greatly complicates the task of

the modeller. We hope that the approach taken in this thesis will provide a blueprint

for other researchers undertaking such complex modelling projects.
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Appendix A

Software availability and details

For reproducibility and replicability of the research work in this thesis, the codes are

available on GitHub repositories:

1. Chapter 3: https://github.com/FarmHJ/importance-of-binding-mechanism

2. Chapter 4: https://github.com/FarmHJ/binding-mechanism-extend

3. Chapter 5: https://github.com/FarmHJ/SD-reduction

All code is written in Python language. Simulations of the cardiac models were

performed using Myokit 1.35.4 or later versions [Clerx et al., 2016]. The numerical

solver used within Myokit to solve for the systems of ODE is SUNDIALS [Hindmarsh

et al., 2005]. The cardiac models were taken from CellML repository [Lloyd et al.,

2008], and modified accordingly. The optimisations were performed using the PINTS

software package [Clerx et al., 2019]. High performance computing provided by Uni-

versity of Oxford Advanced Research Computing (ARC) facility was used to perform

the computations in Chapter 4 and Chapter 5. https://doi.org/10.5281/zenodo.22558
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Appendix B

Data inconsistencies

In Section 5.5.3, we compared the performance of the alternative drug-binding for-

mulations in terms of their fit to the experimental data. In the Figures 5.12 and

5.13, it was observed that each drug-binding formulation has their own properties

and limitations. As mentioned in Section 5.5.3, the SD formulation cannot achieve

instantaneous steady state from the first pulse; the C formulation cannot capture the

decreasing curve unless it is relatively linear; the NC formulation struggles to replicate

the decreasing curve and the in-pulse steady state simultaneously; the O formulation

also fails to capture the decreasing curve, similar to the C formulation. However,

there were instances where none of the drug-binding formulations were able to cap-

ture the experimental data, for example cisapride at 100 nM and chlorpromazine at

103 nM (Figures 5.12 & 5.13). A similar situation occurred for terfenadine at 30 nM.

All drug-binding formulations underestimated the fractional block from the second

pulse onwards. All drug-binding formulations also overestimated the inhibition by

mexiletine at 105 nM.

These could be due to inconsistencies within the experimental data. For exam-

ple, the fractional block of chlorpromazine at 103 nM reached a minimum and then

slowly increased within each pulse, but the fractional block was expected to decrease

throughout a single pulse. Moreover, the poor fit of terfenadine and cisapride for

one single drug concentration may imply that the experimental data is inconsistent

with the expression Dn

Dn+ECn
50

(Equation 5.1). We speculated that these inconsisten-

cies of the experimental data arise from noise and variability between repeats and is

amplified by the pre-processing.

The experimental data published by Li et al. [2017b] was fractional block, where

the drug-inhibited current was normalised against the current under control condi-

tions, not the raw recordings of current. The traces were then averaged over all
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Figure B.1: Individual traces of chosen drug at a chosen concentration to
show examples of the outliers. Individual traces of terfenadine at 100 nM, bepridil
at 100 nM, cisapride at 100 nM, verapamil at 30 nM, 100 nM and 103 nM, diltiazem
at 3× 103 nM and mexiletine at 3× 104 nM and 3× 105 nM. The red traces highlight
the outlier.
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repeats. The inconsistencies were evident from the wide standard deviations, for ex-

ample terfenadine at 100 nM, cisapride at 100 nM and verapamil at 30 nM. Figure B.1

shows the individual traces of a few drugs chosen to illustrate the data inconsistencies.

There were some clear outliers in the data, such as one of the repeat of terfenadine

at 100 nM has higher magnitude than the rest of the repeats and the opposite was

observed in verapamil at 103 nM. The red traces highlight the inconsistencies. Other

than the current magnitude, the current behaviour also varied with repeats. Such

behaviour included the fractional block decreasing across the pulses for all repeats

except for one or two repeats where it stays consistent throughout the pulses, and

vice versa. This was observed in bepridil at 100 nM, diltiazem at 3× 103 nM and

mexiletine at 3× 104 nM. Another unexpected current behaviour was observed in

the fractional block where it did not decrease monotonically across all pulses nor

stay consistent throughout all pulses, such as verapamil at 30 nM and mexiletine at

3× 105 nM. In addition, we observed an increase in the fractional block within each

pulse, instead of an expected decrease. This behaviour was observed in chlorpro-

mazine at 103 nM and 3× 103 nM (see Figure 5.12). We also observed inconsistencies

in cisapride at 100 nM where the repeats span a wide range of magnitudes. The range

of its magnitude covered the range from the lower drug concentration at 10 nM to the

higher drug concentration at 300 nM, as is evident from the overlapped standard de-

viation (Figure 5.13). Finally, the 10th pulse of cisapride at 300 nM (Figure B.1)was

significantly higher than the rest, leading to a sudden jump at the tenth pulse in the

average traces after pre-processing. There is no clear pattern of inconsistencies within

the data. It is therefore difficult for us to come up with a principled way of excluding

subsets of data to ensure that all data are consistent. We will leave this for future

work, where we could also potentially look into different sets of data using protocols

other than the modified Milnes’ protocol.
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