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1. Introduction

Over the last 50 years, a number of areas of physiology have experienced great
progress in the development and integration of in silico models and simulation
tools of different organs. Multiscale human organ computational models are
available, for different organs including heart (see reviews" 2), lungs®*¢, and
cancer,”® with fine-grained biophysical detail and a great level of integration
from the genetic to the whole body level. Multiscale modelling and simulation
have been crucial in improving our understanding of mechanisms of
physiological and pathological phenomena, therapy and diagnosis. The
advanced in silico technology is currently opening promising and powerful
avenues for the investigation and improvement of the efficiency of therapies
and for the development of new medicines.

Perhaps the most advanced area of Computational Physiology is
Computational Cardiology, concerned with the investigation of the physiology
and pathology of the heart using computational modelling and simulating.
Computational heart models are multi-scale both spatially and temporally, and
integrate information across sub-cellular, cellular, tissue, and organ levels, with
spatial scales ranging from nanometres to metres and temporal scales from
picoseconds to years (if processes such as ageing or disease remodelling are
taken into account). Computational heart models have been demonstrated to
be useful and also predictive, providing a strong basis for their credibility in a
variety of settings, including the prediction of drug action (see, for example,®
16). This has led to an increase in the interest by industry and regulators, as
shown by the recent announcement by the Food and Drug Administration of
their intentions to replace to the Thorough QT study by a combined in vitro/in
silico assay.' In the next sections, we describe the state-of-the-art in
Computational Cardiac Electrophysiology, as an example of an advanced area
of in silico biology. We then describe how the technology is being developed
and used to advance our understanding of the causes and modulators of
variability in the response to medicines, through the application of
computational population-based approaches. We finish the Chapter with a
discussion on the processes required for the validation and constant challenge
of in silico methodologies in biology, as an iterative process which is required
to build their credibility for applications such as the development of new
medicines.

2. State-of-the art Computational Cardiac Electrophysiology

In this section, we describe the extensive computational technology available
to investigate and predict the electrophysiology of the heart at the single
cardiomyocyte and the whole organ level. Over 40 mathematical models of the
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electrical excitation in single cardiac cells are now available. They include
cellular models for a variety of species and cell types including ventricular, atrial
and Purkinje cardiomyocytes from human, rabbit and dog amongst others (see
the CellML repository: www.cellml.org). Three-dimensional anatomical models
of the cardiac ventricles and atria have also been constructed (see for
instance,'®34). Simulations using sophisticated software and numerical
techniques have been conducted to investigate the effect of drugs, disease or

mutations at the ionic level on the electrical activity of the human heart (324 27:
30, 34

2.1. Single cardiomyocyte models.

Cardiac cells are electrically excitable due to the presence in their membrane
of proteins, which act as mechanisms of ionic transport across the cellular
membrane, such as ion channels, pumps and exchangers. The transmembrane
transport of ions such as potassium, sodium and calcium results in electrical
and concentration gradients between the intracellular and the extracellular
media.

In cardiac cells, the transmembrane potential at rest is negative due to the
difference in ionic concentrations between the intracellular and the extracellular
spaces. Following a sufficiently large electrical stimulus, the transmembrane
potential experiences the action potential, i.e. a non-linear response which is a
direct consequence of the voltage-dependent properties of the membrane ion
channels, exchangers and pumps (Figure 1, middle panel). Firstly, the fast
sodium ion channels become activated allowing sodium to enter the cell, and
resulting in an increase or depolarization of the transmembrane potential
towards positive potentials. At depolarized potentials, calcium and potassium
channels become activated resulting in the plateau phase of the action
potential, during which calcium enters the cell triggering the mechanical
contraction of the cardiomyocytes through the excitation-contraction system.
Then potassium channels open, allowing outward currents due to the higher
potassium concentration in the intracellular than the extracellular space.
Potassium currents repolarise the transmembrane potential towards its
negative resting state. The shape of the action potential varies for different cell
types in the heart, due to differences in the numbers and kinetics of the different
voltage- and time-dependent ion channels in the heart.

Computational Cardiac Electrophysiology has progressed over the last 50
years, since in 1960 Denis Noble published the first mathematical model of the
electrical activity of a cardiac cell.>> Noble’s doctoral work was based on the
studies by Hodgkin and Huxley, who developed the first model of the electrical
activity of a neuron (the axon of a giant squid)®*® and resulted on their award of
the Noble Prize of Physiology in 1963. The initial models included only a single
potassium and sodium current, based on their knowledge of electrophysiology
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at the time. Currently, most single cell cardiac models include ionic current
models based on the Hodgkin-Huxley formulation, and therefore they represent
ionic currents as the product of maximum conductance, gates, and driving force
resulting from the concentration and electrical gradients acting on the ion
across the membrane. The driving force iscalculated as the difference between
the transmembrane potential and Nernst or reversal potential for the ion. The
Nernst potential is a function of the intracellular and extracellular concentrations
for a specific ion, and it is equal tothe transmembrane potential resulting in no
flux across the membrane due to the equilibration of the diffusion and electrical
field acting on the specific ion.

The complexity of the cellular models has however increased owing to the
integration of the new electrophysiology knowledge generated over the years
on the types and modes of operation of cardiac ion channels, exchangers and
pumps (see for example,3”-48). As illustrated in Figures 1 and 2, current single
cell cardiac electrophysiology models include detailed representation of the
most important ionic transport mechanisms such as sodium and calcium and
potassium ion channels, the sodium/calcium exchanger and the
sodium/potassium pump, and also the biophysical processes underlying
calcium dynamics across intracellular compartments of the sarcoplasmic
reticulum. In some cases signalling pathways such as those underlying beta-
adrenoceptor stimulation and the CaMKII cascade are also incorporated.46:4°

Whereas the mathematical framework described above is generic for cardiac
tissue, the models are tuned to be specific, for example, of a particular animal
species or spatial location within the heart (for example, dog versus rabbit, atria
versus ventricles). Electrophysiological recordings obtained from laboratory
experiments are used to estimate the parameter value for ionic current
conductances and kinetics for specific cell types.38-47.50-52 The parameter values
in the models can sometimes be obtained directly from patch clamp recordings
or indirectly through the use of pharmacological action to estimate the
magnitude of specific properties such as ionic current conductances. Equations
and parameters are determined by minimisation of the difference between
simulated traces and mean experimental values. Therefore, models and
parameters are linked to the specific conditions and experimental models in
which the recordings were performed (including animal species and location of
origin of the preparation, temperature, solutions, recording technique, etc.).
Novel experimental findings lead to model updates and also to new models with
novel and improved features but also aspects inherited from previous
models.35'45'53'55

In view of the great complexity of measuring and modelling ionic currents, an
alternative approach is also adopted to model cardiac action potential
dynamics, consisting of simplified, minimal or phenomenological models.%6-5°



The equations in this case aim at capturing cellular-level properties, such as
morphology and rate dependence without including a detailed description of
specific ionic currents. The advantage is that the models have a reduced
number of equations and parameters to be identified, matching the limited
information obtained for specific cells and experimental recordings. The
phenomenological cellular models can capture the effect of drugs on cellular
properties such as the action potential shape and duration but they do not allow
representation on the effect of drug action on specific ionic currents.

2.2. Whole organ heart models.

Simulations of cardiac electrophysiology at the tissue and whole organ level
require mathematically modelling of the processes underlying intercellular
electrical coupling and propagation of electrical excitation from cell to cell
through cardiac tissue. The cardiac bidomain model is currently the gold
standard and arises by representing the cardiac tissue as a continuum with two
domains: the intracellular and the extracellular spaces, electrically connected
through the membrane of cardiomyocytes. Two partial differential equations
form the bidomain model, based on the assumption that cardiac tissue is a
continuum and on two fundamental laws: the Ohm’s law (to relate electrical
potential to flow of transmembrane, intracellular and extracellular currents) and
Kirchhoff’s law (for conservation of charge). Due to the computational expense
associated with whole organ simulations, simplified formulations of the
bidomain equations have been derived and are often used. This include the
monodomain and the Eikonal equations as well as fast graph-based methods,
as described in.®°

Simulation of propagation of electrical excitation through cardiac tissue also
requires the definition of spatial tissue characteristics such as its geometry,
which are defined by a mesh. Anatomical models of the upper or lower
chambers of the heart (whole-atria or whole-ventricles models) are obtained
from imaging modalities such as MRI and histology using segmentation
techniques to obtain a binary image that defines the boundaries of the cardiac
tissue (Figure 3).1.20.2131.3361.62 The processed image is then used to generate
a volumetric mesh by applying a discretisation process in space, which
depends on the numerical method used to solve the propagation model
equations, which often is the finite element method. Thus the underlying tissue
model is a discrete one composed of cells (the cardiac tissue), which is turned
into a continuous model (the bidomain model), and finally turned back into a
discrete anatomico-mathematical model to conduct the computer simulations.?
The anatomically-based volumetric mesh comprises the elements or points in
the cardiac domain over which the solution to the tissue model equation (e.g.
the bidomain model) is calculated. In order to resolve the spatial and temporal
scales of the electrophysiological dynamics, human ventricular meshes can



contain millions of elements making simulations computationally
expensive.13:24-30

Simulations of whole organ-level physiological activity are conducted using
software, developed through the efficient implementation of the computational
physiology models and techniques often run in high performance computing
platforms. In the case of the heart, this allows the simulation of the multi-scale
effects of drug action on the heart from the ionic level to the electrocardiogram
(ECG). An example is illustrated in Figure 3. The simulation of the ECG requires
an anatomical model of the human torso with biophysically detailed and
anatomically-based description of the human cardiac ventricles as described in
various reviews'33271 The simulations are computationally expensive as the
computational mesh contains 14,336,528 tetrahedral elements and single cell
membrane kinetics are represented heterogeneously by the Ten Tusscher &
Panfilov 2006 model? for epicardial, endocardial and mid-myocardial
behaviour based on transmural location. The human cardiac ventricular model
is coupled to the torso using the diffusion equation to account for the electrical
propagation from heart to torso. The ECG can then be measured on the body
surface, as shown in Figure 3. The multiscale models described here provide
the computational framework required to simulate the effects of medicines at
the ionic level, as described in the next section, and how they propagate to
cellular, tissue and whole organ activity.

Whole-organ simulations of the electrophysiological activity of the heart require
finding accurate approximations of the bidomain equations using numerical
techniques, such as the Finite Element Method. This is because an exact
solution cannot be obtained. The numerical method required to conduct the
simulations determines how anatomical meshes are discretised into smaller
spatial steps. The mesh spatial resolution is determined to achieve
convergence of numerical algorithms and has no relationship with the size of
the cells. Simulation complexity requires a trade-off within numerical routines
between efficiency, robustness and accuracy, and subtle interplays between
spatial and temporal resolutions. Verification of the numerical routines is key to
ensure the numerical stability of the simulations, and to avoid possible errors
or artefacts that would affect simulation results®7-7°,

At the whole organ and tissue level, the intracellular and extracellular
conductivity tensors include two important pieces of information: fibre
architecture and conductivity (Figure 3C). Fibre architecture, i.e. the local
direction of the conductivity tensor at all ‘points’ of the model, is usually
incorporated into tissue models by extracting information from histological or
DT-MRI images, using image processing algorithms or using a mathematical
rule that relates fibre rotation at a particular location with distance to the
surfaces of the ventricular wall.?7:3363-65 Conductivity values along and across



fibres are indirectly determined to yield conduction velocities, as measured
experimentally in tissue.®®

3. Simulating interactions of medicines with ionic channels.

In order to simulate the action of medicines on the heart, the equations in the
ionic models need to be altered to include terms representing the modulation
of ion channels by drugs. Drug action is usually modelled as a function of
concentration and mode of action of each drug. The complexity of the
mathematical models of ionic current/medicine interaction can vary from a
simple pore block model to more complicated markovian models including
kinetics states.®"?

Drug/ionic current models are based on receptor theory in pharmacology,
based on the application of receptor models developed in physical chemistry to
explain the mechanisms of drug molecules binding with cellular receptors (for
review, see’3). Clark was the first to apply the receptor model to describe the
effects of drugs on ion channels based on a framework previously used for
enzyme kinetics,.”

Receptor theory provided the basis for simulating the effects of drugs on ion
channels. It was however not until the late 1970's that Neher and Sakmann
developed the patch clamp experimental technique to record single ion channel
currents through a glass micropipette clamped to the cell membrane.” The
innovation enabled experimentalists to investigate and characterise the
interaction between drug compounds and single ion channels. A number of
early experimental studies of drug action on cardiac ion channels by Hille”®
paved the way for a mathematical representation of the interaction drug
molecule/ion channel receptor, based on classical receptor theory and laws of
physical chemistry.

Models of the interaction of molecules and ion channels can be loosely
categorised as:

1) Simple pore block: the flow of ions is restricted by the drug binding with a
continuously accessible ion channel receptor.

2) State and voltage-dependent binding theories: the modulated and guarded
receptor theories.

3) Allosteric effectors: drug binds with an allosteric receptor on the channel
protein, affecting the channel kinetics.

The mechanisms of drug/ion channel binding are usually a combination of all
three processes. Therefore, the identification of the dominant effect in any given
interaction is key to construct their mathematical models.



The simplest application of receptor theory to ion channel block is simple pore
block. The molecule is assumed to have continuous access to the receptor site
and the affinity of the drug for the receptor is assumed to be time and voltage
independent. There are two basic ways in which drug molecules binding with
ion channel receptors can inhibit the flow of ions through the channel pore. The
first one is if the receptor site is located in or near the channel pore. Then, the
bound drug molecule physically restricts the flow of ions through the channel
pore. Alternatively, drug binding with an allosteric receptor can cause a
conformational change which leads to restriction of the ions flow.

In the simple pore block model, the degree of channel block is a function of
drug concentration, the half maximal inhibitory concentration (IC50) and the Hill
coefficient for the targeted ionic channel. Thus, for a given drug dose [D], IC50
value and Hill coefficient n with respect to the channel j the formulation of drug
action on the ionic current conductance gj is given by

1
0] \"
1+ (ICBU)

If the law of mass action applies, binding of a ligand to one binding site should
not affect the affinity of another binding site. However, in many instances
binding experiments show cooperation between binding sites. In other words,
a ligand binding or dissociating from a binding site alters the affinity of other
binding sites. The Hill equation is often used in cooperative binding assays to
assess the degree of cooperation between more than one ligand binding to the
same receptor and was originally formulated to describe oxygen binding to
haemoglobin by Hill in 1910.77 The Hill equation is also used to describe the
relationship between the binding ligand concentration and the fractional
occupancy of binding sites and is used in cardiac pharmacology to describe the
affinity between a particular drug molecule and its binding sites on ion channels.
A Hill coefficient of one indicates independent ligand binding where the binding
affinity is not affected by whether or not other ligand molecules are already
bound. A Hill coefficient different than one means that a ligand binding to a
receptor would affect the affinity of the unblocked receptors for remaining
ligands.

9;([D]) = g;

The Hill coefficient n can be determined empirically from the slope of the
straight line estimate of the curve. The IC50 value and the Hill coefficient are
used in physical chemistry to define the affinity of an enzyme for a particular
binding site. These values can similarly be used to represent the binding
dynamics between drug molecules and ion channel binding sites for a simple



pore block. However, the drug action on ion channels is complicated by the
voltage and time-dependencies of the ion channel proteins.

As described in previous sections, cardiac ion channels are dynamic protein
structures, which activate and deactivate in response to changes in cellular
transmembrane potential and concentrations. The voltage-dependency of
cardiac ion channels is fundamental to cardiac activity as it regulates both
excitation and contraction of cardiomyocytes. Drug action on cardiac ion
channels is often also voltage and time dependent. However, because ion
channel state-transitions are voltage-dependent, it is difficult or even impossible
to distinguish between state and voltage-dependence of drug/ion channel
interactions. Two main hypotheses have been proposed to describe state-
dependent block, named the Modulated and Guarded Receptor Theories, as
reviewed by Brennan and colleagues’s.

The modulated receptor theory was proposed by Hille in 1977 based on his
work on the effects of local anaesthetics on sodium channels in nerve cells.”®
The premise of the modulated receptor theory is that the affinity of the drug for
the ion channel binding site is dependent on the state of the ion channel. This
implies that the binding affinity is voltage and time-dependent. Figure 4
illustrates the basic kinetic scheme of the Modulated Receptor Theory
proposed by Hille. In this case, as an example, the model of the ion channel
includes three states, namely open (O), closed (C) and inactivated (I). The
modulated receptor theory proposes that the drug can bind in all three states
but the affinity of the drug for the ion channel binding sites is voltage and time-
dependent and is different for each state. Drug binding with each state causes
the channel to enter modified bound states, all three non-conducting (indicated
by asterisks). From the bound states, the channel can either transition to an
unbound state or to one of the other bound states until it recovers from binding.

In contrast, the Guarded Receptor Theory proposes that the drug molecule
binds with a single bindable conformation with fixed affinity and that access to
the binding site is restricted due to the conformational changes of the protein.
Thus, the molecule action on the ion channel is dependent on the conformation
of the channel, which is voltage and time dependent. The Guarded Receptor
Theory was pioneered by the work by Starmer and colleagues in the mid-
1980's, who investigated the effects of local anethestics on cardiac sodium
channels.”® The main difference between the Guarded versus Modulated
receptor theory, as depicted in Figure 4, is that the drug molecule binds to the
particular channel state conformation, and recovery from binding is often also
state-dependent. In the example of open-state block, this could be caused by
the drug molecule being trapped by the closed or inactivated conformations of
the channel and thus the channel is only able to recover from block when it
returns to the activated state.
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Both the Modulated and the Guarded Receptor Theories focus on voltage and
time-dependent association and dissociation processes, due to conformation
of the channel protein, and do not consider the drug effects on ion channel
conformation state transition dynamics. However, many drugs also have
allosteric effects, causing changes in the dynamics between protein
conformation states. For instance, lidocaine binding to sodium channels in rat
skeletal muscle was shown to produce a functional change in the channel
dynamics by slowing down its inactivation dynamics.” A consequence of this
is that the sodium channel is preferentially in the late scattered mode when the
drug is bound compared to the transient (fast) mode of the unbound sodium
channel. Thus, the drug compound does not simply block the ion channel, but
alters its dynamics by binding to its allosteric receptor. This implies that no
explicit drug bound states need to be represented in the model, as the binding
of the drug molecule is taken into account in the model as changes in the
transition rates between conformation states. However, the binding process of
the drug compound to the allosteric receptor can also abide by the Modulated
or Guarded Receptor Theories. Therefore, a more comprehensive model of
drug-ion channel interaction including allosteric regulation consists of both
unbound and bound states, with a conducting bound open state and transitions
between unbound states being different than for bound states.

4. Investigating variability: population of models approach.

Biological variability is a common feature of all physiological systems, and a
key challenge in the development of new medicines. Variability manifests itself
at all levels in all organs of living organisms as differences in physiological
function between individuals of the same species or as differences in time for
the same individual. Variability becomes even more important when it involves
significant differences in the outcome of exposure to pathological conditions or
treatment. Thus, healthy cells of the same species and location usually exhibit
a qualitatively similar behaviour. For example, cardiomyocytes of a similar
location and species exhibit a similar action potential. However, significant
quantitative inter-subject and intra-subject differences exist, which in cardiac
cells are manifested as quantitative differences in action potential morphology
and duration. The small differences under physiological conditions may
however be important in explaining the different individual response of each of
the cells and patients to disease and treatments.

To date, experimental and theoretical research has often ignored the variability
underlying the physiological and pathological responses of different individuals
to disease and medicines, ultimately hampering the extrapolation of results to
a population level. Often average of the recordings is performed to reduce
experimental error, therefore also averaging out the effects of inter-subject
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variation, and resulting in an important loss of information. This averaging of
experimental data is inherited by theoretical research, and consequently,
models such as those described in the previous sections are often developed
for a “typical' behaviour within a particular sub-population. This is certainly the
case in cardiac electrophysiology, and therefore, although all experimentally-
measured action potentials (APs) are different, even within a homogeneous
population, a single AP model is developed and used in the simulations, again
losing all information regarding inter-subject variability.

Understanding how inter-subject variability determines the efficacy and safety
of medicines for specific patients or groups of patients is still a major challenge
for both the practice of medicine and the development of new medicines. The
importance of temporal and intra-subject variability has also been highlighted
in recent years. For example, an experimental study showed evidence of
remodelling of ionic currents in cardiac cells cultured for 24h in the presence of
dofetilide, a drug blocking the rapid component of the delayed rectifier
potassium current.8? This means that cells change over time to adapt to the
presence of drugs, potentially affecting the efficacy and safety of medicines. An
increasing number of studies also demonstrates the strong effects circadian
rhythms have on our bodies and the increasing importance given to
chronotherapy.8'-83 A recent study conducted in mice demonstrated the effects
of circadian rhythms on cardiac repolarization and arrhythmias providing
measurements from the mRNA to the electrocardiogram level, and showing
oscillations in ionic currents and the QT internal of the electrocardiogram during
day and night.8 Circadian rhythms may also influence the higher propensity of
sudden cardiac death at specific times of the day.®' Therefore, understanding
the effect of circadian rhythms on the response to medicines could also be
potentially important, and in silico methods have the potential of making an
important contribution to this effect.8

The high degree of inter-species, inter-subject, temporal and spatial biological
variability has become an increasingly important topic in computational
physiology.'1.16.43.52,54.8586 Computational population-based approaches have
been proposed in recent studies to shed light into ionic determinants of inter-
cellular variability to the response of individual cells to medicines and disease.
Davies et al.’¢ adjusted model parameters in a canine cellular model to obtain
19 different models, which were fit to specific action potential recordings. An
alternative approach has been recently developed based on the construction of
populations of cell models, building on studies by Marder and colleagues in
neuroscience.?® Thus, Sarkar et al.' constructed populations of around 300
cardiac cell models by varying ionic properties in an arbitrary range, and
demonstrated variability in cardiomyocyte response to ion channel block.
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More recently, Britton et al.'? have proposed a methodology to tightly couple
experimental measurements and in silico models to construct and calibrate
populations of cell models to investigate the causes of experimentally-
measured variability in physiological conditions and following drug response
(Figure 5). The research builds on previous studies showing the importance of
sensitivity analysis in investigating the ionic determinants of inter-subject
variability in biological properties.*3:54

The experimentally-calibrated population of cell models proposed by Britton et
al.’> aims at capturing the variability exhibited in specific experimental
recordings under physiological conditions and to predict inter-subject variability
in response to potassium channel block. The main assumption of the novel
approach is that inter-subject variability in experimentally-measured action
potentials is primarily caused by quantitative differences in the properties of
ionic currents, rather than by qualitative differences in the biophysical
processes underlying the currents. All models in the population therefore share
the same equations, which are used as the model structure to generate more
than 10,000 candidate models with different sampled parameter values for the
ionic properties within a wide range (Figure 5A). The cell model population is
then calibrated using a set of cellular biomarkers extracted from experimental
recordings at three pacing frequencies to capture key rate-dependent action
potential properties. The experimentally-calibrated model population is then
used to identify the ionic mechanisms which may underlie inter-subject
variability for each biomarker, yielding information on the relative importance of
ionic currents in the generation of the AP at each pacing frequency.

As illustrated in Figure 5B, the same paper by Britton et al.’? shows that the
population of cell models can then be used to predict variability in the response
of rabbit Purkinje fibres to drug action (using an independent dataset). Figure
5B shows how the calibrated cell model population quantitatively predicts the
prolongation of action potential duration caused by exposure to four
concentrations of dofetilide, a blocker of the rapid component of the delayed
rectifier potassium current (lkr). This intervention was considered because I«
block is the main assay required in safety pharmacology assessment due to its
potential importance in drug-induced Torsades de Pointes. It is therefore
important in the development of all new medicines.

A computational population-based approach was also applied in® to
investigate ionic causes of differences in the response of human ventricular
myocytes to heart failure, a common disease that leads to ion channel
remodelling. The ability of computational models to reflect and explain
variability under disease conditions could be very powerful in the development
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of new medicines for cardiovascular disease treatment and also for safety
pharmacology.

As well as investigations into inter-subject variability, a number of experimental
and clinical studies highlight the importance of temporal or beat-to-beat cardiac
variability in quantifying arrhythmic risk caused by disease or medicines.
Indeed, changes in the magnitude of beat-to-beat cardiac variability in response
to drug or disease have been linked to the pro-arrhythmic potential in
experimental and clinical studies, also showing their predictive power to identify
patients at high risk of arrhythmia.88-92

Recent studies hypothesized that the intrinsically stochastic opening and
closing of cardiac ion channels contribute to beat-to-beat cardiac variability, and
that pro-arrhythmic drugs might unmask and enhance their effect.>2:86.93 This is
based on the idea that slight beat-to-beat differences in the number of channels
opening and closing at specific times could manifest themselves as beat-to-
beat differences at the cellular level (for example in the duration of the action
potential). Several in silico studies®?86.93 have investigated the mechanisms
underlying these processes, and have linked stochasticity in ion channel
behaviour to the variability of cellular outcomes following drug action.

In a combined in vitro/in silico study, Pueyo et al.%? investigate the contribution
of the stochastic behaviour of the slow delayed rectifier potassium current (Iks)
to beat-to-beat cardiac variability. The same study also shows how this effect
is enhanced following the application of an Ikr blocker (Figure 6). In isolated
cells, the stochasticity in Iks could also explain how Ikr block results in potentially
pro-arrhythmic instabilities in repolarization (named early afterdepolarizations)
in some cells and some beats. Stochasticity in Iks may therefore explain, at least
in part, some mechanisms of inter and intra-subject variability in repolarisation
in response to drug action. Interestingly, the repolarization instabilities were
supressed in tissue simulations due to the electrotonic effects of intercellular
coupling. These results highlight the importance of multiscale simulations in
elucidating the complex interplay of mechanisms determining the response of
biological systems such as the heart to pharmacological compounds.

5. Validation of in silico models and simulations.

As in silico models and simulation techniques develop both conceptually and

technically, the question of their verification and validation becomes crucial for

their uptake beyond scientific research into industrial and regulatory arenas.?'”

The process of validation of in silico models and simulations is complex and still
under investigation but it is essential to increase the credibility of in silico methods

as powerful techniques to augment the information extracted from experimental
and clinical investigations.
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The paper by Carusi et al.? specifically explores the issue of validation of
computational physiological models in the context of their construction and
applications. It highlights the iterative nature of the process of validation and the
fact that it needs to consider the ensemble of equations, parameters, simulation
techniques, software and experiments used for a particular study or purpose,
namely, the Model-Simulation-Experiment system. This is of course similar to any
other experimental science involved in the development of new medicines, and
specifically experimental biology, where the interpretation of experimental
recordings depends on knowledge with the entire history of the samples and
techniques used to obtain the results.

In Computational Physiology, a necessary (although insufficient) condition for
in silico methods validation is the verification of the robustness and
convergence of numerical techniques and software used in the simulations, as
they are implicated throughout model construction and simulation.? Once this
aspect is demonstrated, the credibility of in silico models is based on
physiological validation, which is the evaluation of the simulation results,
through comparison to independent experimental data sets, not used in the
model construction. It is important to re-emphasize the iterative nature of
validation, which is a process rather than a final result.?

As discussed in previous sections and in Carusi et al.,? multiscale models often
result in data used in construction and validation being acquired at different
levels (e.g. ionic versus cellular or organ level), and therefore in different
preparations and using different techniques. As a consequence, the multiscale
models are often constructed from experiments using a variety of techniques
and preparations. Each experimental technique involves a modification of the
preparation with respect to its in vivo state, therefore introducing alterations in
the measurements. Therefore, validation through comparison of experiments
and simulations needs to take into account the potential distortion introduced
by experimental recordings techniques in order to be able to interpret the
success or failure of simulations in matching/predicting experimental results.

Biological variability is of course one of the identified challenges in the evaluation
of in silico models, as it can greatly influence experimental results and their
comparison to simulated data. As discussed in the previous section, the sources
of electrophysiological variability are multiscale, spanning a wide range of spatio-
temporal scales and the more we understand them, the more we will be able to
advance in the quantitative evaluation of in silico models for their biological
validation. Given the dynamic interplay and the variability in models, experiments
and simulations, standards and interoperability at the modelling, simulation and
experimental levels are essential, as reflected in the development of specific
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languages such as CellML, SBML and FieldML for model encoding, repositories
and databases.%*%

Physiological validation needs to be considered like a continuous and iterative
process between experimental and computational research.? The aim is
augmenting the information on the physiological system or process under
investigation, such as for example the mode of action of a new medicine on
specific organs. The dynamics of the iterative process are driven by advances
in both experimental and computational techniques as well as investigations on
their combined use. The process is driven both by matches and miss-matches
of simulations and experiments (or success and failure in validation).2% The
iterative nature of this process is clear from the evolution of single cell
electrophysiology models of different types and species, which has often
resulted in families of several generations of models,3%45% possibly capturing
different aspects of cellular physiology given the large biological variability. As
new experimental data and techniques become available, inconsistencies
between computer simulation predictions and experimental recordings allow
accelerating the refinement and improvement of our knowledge and its
integration in quantitative and qualitative models.

With respect to cardiac electrophysiology at the whole-organ level, the process
of iteration between experiments and simulations has been crucial, for
example, to improving the understanding of important human health
phenomena such as ventricular fibrillation,3%-%° the most dangerous type of
lethal arrhythmia, and the mechanisms underlying electrical defibrillation, the
only effective therapy against sudden cardiac death.! In both cases, whole
ventricular electrophysiology simulations were successfully combined with
clinical and experimental methods to bring two important advantages:

1) high spatio-temporal resolution on the three-dimensional simulated
electrophysiological activity of the ventricles overcome limitations of clinical or
experimental recordings, which often exhibit low spatio-temporal resolution
and/or just the surface of the heart.

2) computer models and simulations provide the ability to dissect the relative
importance of different factors, which result in the identification of key
properties, which may determine the progress of disease and might inform the
development of new therapies.

Similar approaches are likely to make a similar impact in the development of
new medicines through the use of combined in silico, in vitro and in vivo studies,
building on the great advances being achieved in Computational, Experimental
and Clinical Medicine.
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Figures:

Figure 1: Construction of computational cardiac electrophysiology models from
ionic current to whole organ level. For the last 50 years, ionic current models
have been constructed mostly based on patch-clamp data. The integration of
ionic current models results in cellular level models for simulation of the action
potential and concentration dynamics. Cardiac simulation at the whole organ
level requires the construction of image-based anatomical models and a
mathematical description of the processes underlying propagation of electrical
excitation through cardiac tissue, which can take the form of bidomain,
monodomain, eikonal or graph-based models.

Figure 2: Structure of the human action potential model by O’Hara-Virag-Varro-
Rudy. The schematic represents ion channels, exchangers and pumps acting
as mechanisms of ionic transport across the surface and sarcoplasmic
reticulum membranes to produce the action potential and calcium transients
(with permission from (46)).

Figure 3: Computer simulation of the effect of drug action on the heart from
ionic currents to body surface potentials using a human electrophysiological
model of the heart and the body torso. Anatomical model of the human torso
(A) with human ventricular model (B) including realistic fibre orientation (C).
Simulated body surface potentials (D) and electrocardiogram (E) under control
and following potassium channel block. Modified with permission from (13).

Figure 4: Receptor modelling theory for drug/ion channel interactions. The
schematic represents the generic ion channel as having three conformational
states:

closed (C), open (O) and inactivated (l) in drug unbounded and bounded
states

(without and with an asterisk, respectively). The state transition rates between
channel states are an and 3n, and the voltage and time-dependent affinity of
the drug molecule for the channel states is represented by the functions f(v, t),
g(v, t) and h(v, t). (Modified from (73) with permission).

Figure 5: Inter-subject variability in cellular cardiac electrophysiology. A.
Simulated action potentials obtained with an experimentally-calibrated
population of rabbit Purkinje cell models (blue traces), in range with
experimental action potentials (red traces). Black traces correspond to models
excluded from the model population for being out of experimental range. B.
Range of action potential duration prolongation caused by four doses of the
HERG block dofetilide obtained using the experimentally-calibrated model
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population (bars) and in experiments (white dots). Modified with permission
from (12).

Figure 6: Temporal variability in simulated cardiac action potentials caused by
the stochastic nature of the slow component of the delayed rectifier potassium
current, under control condition and following the application of HERG block.
Pro-arrhythmic abnormalities in repolarization (i.e. early after depolarizations)
are obtained in some simulations following a deceleration of the stimulation
frequency. Modified with permission from (52).
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