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Abstract

An integrative framework for computational modelling
of cardiac electromechanics in the mouse

Sander Land, Wolfson College

This thesis describes the development of a framework for computational modelling of
electromechanics in the mouse, with the purpose of being able to integrate cellular and
tissue scale observations in the mouse and investigate physiological hypotheses. Specifi-
cally, the framework is applied to interpret electromechanical coupling mechanisms and

the progression of heart failure in genetically modified mice.

Chapter 1 introduces the field of computational biology and provides context for the
topics to be investigated.

Chapter 2 reviews the biological background and mathematical bases for electrome-
chanical models, as well as their limitations.

In Chapter 3, a set of efficient computational methods for coupled cardiac electrome-
chanics was developed. Among these are a modified Newton method combined with a
solution predictor which achieves a 98% reduction in computational time for mechanics
problems.

In Chapter 4, this computational framework is extended to a multiscale electromechan-
ical model of the mouse. This electromechanical model includes our novel cardiac cellular
contraction model for mice, which is able to reproduce murine contraction dynamics at
body temperature and high pacing frequencies, and provides a novel explanation for the
biphasic force-calcium relation seen in cardiac myocytes. Furthermore, our electromechan-
ical model of the left ventricle of the mouse makes novel predictions on the importance of
strong velocity-dependent coupling mechanisms in generating a plateau phase of ventric-
ular pressure transients during ejection.

In Chapter 5, the framework was applied to investigate the progression of heart failure
in genetically modified ‘Serca2 knockout’ mice, which have a major disruption in mech-
anisms governing calcium regulation in cardiac myocytes. Our modelling framework was
instrumental in showing for the first time the incompatibility between previously measured
cellular calcium transients and ventricular ejection. We were then able to integrate new
experimental data collected in response to these observations to show the importance of
(B-adrenergic stimulation in the progression of heart failure in these knockout mice.

Chapter 6 presents the conclusions and discusses possibilities for future work.
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Chapter 1

Introduction

Heart disease continues to be a major concern as a leading cause of death in the western
world. In general, heart failure is defined as the the heart having insufficient pump function
to distribute blood flow and meet the circulation needs of the body. This mechanical pump
function is derived from the synchronous contraction of many cardiac cells, regulated by
a variety of feedback and control mechanisms.

There are many ways by which the disruption of normal cellular function and tension
generation can cause heart failure. For example, in healthy hearts, mechanical deformation
of the heart influences cellular function. As blood fills the heart chamber and muscle cells
are stretched, these cells generate more force to produce a more powerful contraction. This
feedback is key in ensuring the heart’s contractile capacity matches the inflow of blood,
and disruption of these mechanisms can have serious consequences.

Another potential cause of heart failure is dysregulation of the sympathetic nervous
system of the heart. The ‘B-adrenergic’ response increases both the force generated by
heart cells as well as the heart rate, and is adaptive in situations of injury with blood loss.
However, continuous low blood pressure can also trigger this response, leading to chronic
hypertension. Thus, this response can exacerbate heart failure and is therefore commonly
prevented by the use of S-blockers (Frishman and Saunders, 2011).

Thirdly, calcium signalling is a key component of muscle contraction, as it connects the
electrical and mechanical response of heart cells. This makes diseases which affect calcium
dynamics another potential cause of heart failure. For example, failure of the intracellular
calcium concentration to decrease quickly enough can lead to the heart failing to relax,
resulting in diastolic heart failure.

Despite the importance of these cellular processes involved in cardiac contraction, many
aspects of their molecular and genetic mechanisms are still poorly understood. Whereas
the basic steps by which an increase in intracellular calcium concentration initiates con-
traction have been known for some time, many important aspects remain controversial.

These include the steep relation between calcium and force (Sun and Irving, 2010), how

crossbridges in muscle cells move to generate force (Huxley, 2000), and the length- and

velocity dependencies of tension generation (Campbell, 2011).

These complex subcellular mechanisms which determine the behaviour of the heart



are increasingly being investigated in experimental models which exploit the opportunities

provided by genetic manipulation (Andersson et al., 2009b; Lee et al., 2010). The mouse

is the most commonly used species in such research; hundreds of inbred or genetically
engineered strains have been specifically developed to elucidate aspects of biochemistry
and physiology across a range of functions in both normal and disease models (Skarnes
et al., 2011).

Mathematical and computational models are also increasingly used to investigate com-
plex biological systems. These techniques aid in the move towards more quantitative,
consistent models in biology, enable in-silico experiments that are either too expensive
or unethical, and can provide detailed information about the internal dynamics of bio-
logical systems that otherwise may be difficult to measure. Motivated by an insufficient
understanding of cardiac biology and the causes of heart failure, models of the heart have
become one of the most researched areas in computational biology, and have been an im-

portant part in building our understanding of cardiac electrophysiology (Noble and Rudy,

2001). More recently this field has further expanded from its initial focus, and now in-
cludes models of various aspects of heart function including the electrical and mechanical
activity of both cardiac myocytes and myocardium, and blood flow to and from the heart

(Smith et al., 2004). Multi-physics models, in which several of these aspects are coupled

together, are increasingly being used to investigate the interactions between these func-

tions (Nordsletten et al., 2011). Within this class, electromechanical models are among

the more complex examples, in which the coupling between the electrical and mechanical

activity of the heart, at both the cellular and tissue level, is included.

However, even though electromechanical models have been used to investigate the
mechanisms of cardiac contraction in a variety of animals (Niederer and Smith, 2009; Ker-
ckhoffs et al., 2010; Keldermann et al., 2010; Campbell et al., 2008b), a model of a mouse

heart with the ability to incorporate and interpret the growing amount of experimental

data from mice does not yet exist. Furthermore, existing electrophysiological and contrac-
tion models are often based on data obtained across a range of species and temperatures.
These heterogeneous sources of data underpinning the parameter sets of many electrome-
chanical models creates significant limitations in the move towards the application of

models in both wet-lab and clinical settings (Niederer et al., 2009a). The lack of species

and body temperature consistent models is indicative of challenges in identifying model
parameters from only cell measurement data. This difficulty is in part due to the fact that
experimental preparations and measurements are often focused on proving the existence
of particular mechanisms, rather than quantifying their exact magnitude as needed for
parametrizing a computational model. An electromechanical model of the mouse thus
provides an important opportunity in moving beyond these limitations, integrating data
which is increasingly becoming available in both normal and transgenic animals, and using
it towards a better quantitative understanding of cardiac function, both specifically in this

common experimental model, and ultimately in other species.

Previous work in this area has already made progress in this area by developing data-

driven electrophysiology models of murine cardiomyocytes (Li et al., 2011, 2012). These




3 Introduction

models were driven by research in a strain of genetic knockout mice, in which the function
of the SERCA pump, an important part of calcium regulation in cardiac cells, was impaired

(Andersson et al., 2009b). These mice developed moderate heart failure over several weeks.

However, they did stay healthier than was initially expected from such a severe disruption

of cellular function (Andersson et al., 2009a; Louch et al., 2010). Further analysis revealed

several mechanisms by which other parts of the cell compensate for the loss of SERCA
function (Li et al., 2012; Louch et al., 2010; Swift et al., 2012). However, it was still not

clear whether these mechanisms are sufficient to maintain cardiac function, as calcium

dynamics remain severely impaired. Furthermore, as of yet no quantitative link has been
made between data collected in isolated cardiac cells from these mice, and the decrease in
heart function observed in vivo over several weeks.

This thesis describes the development of an electromechanical model for the mouse
heart, and its use in investigating the progression of heart failure in this strain of genetic
knockout mice. This allows us to connect models and experiments at the cellular scale with
the whole-organ function measured, and better explain the progression of heart failure in
these animals.

The thesis is organized as follows: Chapter 2 expands on the necessary background
in cardiac biology and the mathematical modelling, and reviews the previous work done
in electromechanical modelling. Chapter 3 describes our computational framework and
implementation on which the rest of the work is based. In Chapter 4 we describe both
a novel contraction model developed to represent the function of mouse cardiac muscle
cells at physiological temperatures and pacing rates, as well as the extension of this to
an electromechanical model and investigation of electromechanical coupling mechanisms.
Finally, in Chapter 5, we apply this model to investigate heart failure progression in Serca2
knockout mice, and explain the observations previously made in these mice. Chapter 6

summarizes the conclusions and discusses opportunities for future work.






Chapter 2

Background

Cardiac electromechanics integrates work from several extensively developed fields. These
include research into the biology, modelling and computational methods of cardiac elec-
trophysiology and mechanics at both the cellular and tissue level. This chapter aims to
provide the necessary background information and references to place the work described
in this thesis in context, Some of the topics will be dealt with only briefly; the main fo-
cus will be those most relevant to electromechanics research. Furthermore, this chapter
deals only with biology and mathematical modelling, leaving computational methods for
the following chapter. The chapter is organized as follows: after a brief introduction to
cardiac anatomy and cardiac cellular biology, we discuss several important concepts for
cardiac modelling in general, that have particular relevance to the work outlined in this
thesis. Next, section 2.3 explains the continuum modelling of tissue-level electrical and
mechanical properties. Finally, we give an overview of electromechanics, which combines

electrophysiology and contraction at both cellular and tissue scales.

2.1 Cardiac anatomy

The heart is responsible for continuously pumping blood to the lungs and rest of the body.
The organ consists of two atria which receive blood, and two ventricles which pump it back
to the rest of the body, as shown in Figure 2.1. Whereas the right ventricle only pumps
blood from the heart to the lungs, the left ventricle is responsible for blood flow to the
rest of the body, making it a primary focus for disease research and modelling.

The pump function of the left ventricle ventricle can be divided into phases, depending
on which of its two valves are open. In diastole the ventricle is filled with blood, starting
with rapid filling after the mitral valve opens, slowing down, and ending with another
period of rapid filling as the atrium contracts. After the mitral valve closes, the fact that
both valves are closed keeps volume constant, leading to the isovolumetric contraction
phase. In this phase pressure rises rapidly to exceed the aortic pressure, which opens the
aortic valve and starts ejection. At the end of ejection, both valves are once again closed,

leading to isovolumetric relaxation. This phase ends when the pressure in the atrium
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exceeds that of the ventricle, which opens the mitral valve, starting diastole once again.

Rapid electrical activation ensures the heart contracts synchronously. Electrical ac-
tivation starts at the sinoatrial node, initiated by pacemaker cells which spontaneously
activate. The atria are activated first, and electrical activation proceeds via the atrioven-
tricular node, as the valve plane separating the atria from the ventricles is non-conductive.
The specialized conduction system, which ends on a large portion of the endocardial sur-

face, ensures synchronous activation of the ventricles.

For more details on cardiac physiology, see the standard textbooks by Katz (2005) and
Opie (2003).

Superior
Vena Cava

Pulmonary
Artery

Pulmonary
Vein

Right
Ao N N A S Mitral

Aortic
Valve

Tricuspid
Valve

Inferior Vena Cava

Figure 2.1: Schematic illustration of human cardiac anatomy. (See Appendix C for
source)

2.2 Cellular biology and modelling

The heart consists predominantly of cardiac myocytes, the muscle cells that generate
force. These cardiac cells are roughly cylindrical, about 100 pm long and 10 — 20 pm
in diameter. Underlying the mechanical activity of these cells is the regular electrical
activation, which both regulates the calcium necessary for initiating contraction and is
responsible for the spread of activation throughout tissue. Due to the complexity of both
the electrical and mechanical activity of the cell, computational modelling studies have
tended to parallel experimental studies by focusing primarily on one of these aspects. The
sections below reflect this by discussing both the biology and modelling of electrophysiology

and contraction separately.
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2.2.1 Electrophysiology

At the basis of the efficient mechanical activity of the heart, is the fast and synchronous
electrical activation of cardiac cells. This electrical activity is driven by ion channels,
exchangers, and pumps present in cardiac cells, which allow ions to cross the membrane
and generate an action potential. A cardiac cell at rest has a large transmembrane potential
of -80 to —90 mV. When the cell is stimulated and reaches a threshold potential of
around —40 mV, an action potential is generated. Example action potentials for human
ventricular cells are shown in Figure 2.2. The upstroke which causes the fast electrical
activation of a cell, is driven by the fast inward sodium current. At the resulting higher
transmembrane potential, L-type calcium channels open and calcium ions enter the cell,
causing a clear plateau phase in human cells. The resulting local increase in calcium ions
near the membrane activates a process known as calcium-induced calcium release (CICR).
During this process a large amount of calcium is released from the intracellular calcium
store, the sarcoplasmic reticulum (SR), by means of the ryanodine receptors. At the end
of the cardiac cycle, calcium is pumped back into the SR by the SERCA2 pump*. As the
SR release and SERCA uptake are the primary source of variation in intracellular calcium
(Bers, 2000), and this transient drives the contraction of the cell, SERCA is a crucial
component in the cardiac cell, and reduced SERCA function can lead to serious illness

associated with contraction and heart failure (Kranias and Bers, 2007). Figure 2.3 shows

a schematic of the these calcium fluxes in the cell.

Repolarization back to the resting membrane potential is driven mainly by potassium
currents. There are also several ion exchangers and pumps which restore concentrations
back to their original levels, most notably the sodium-calcium exchanger (NCX), the
sodium-potassium pump (Na®™/K*-ATPase), and an ATP-driven calcium pump (PMCA,

plasma membrane Ca*" ATPase).

2.2.2 Electrophysiological models

Electrophysiological models represent the electrical activation and calcium dynamics in
the cell described in the previous section in a mathematically precise way.

The field of electrophysiological modelling can be traced back to Hodgkin and Hux-
ley’s original model of the giant squid axon (Hodgkin and Huxley, 1952), which resulted

in a Nobel Prize in Physiology or Medicine. The first solutions to this early model were

calculated over three weeks using a mechanical calculator (Schwiening, 2012). This com-

putation was necessary, as due to the complexity of biological models that represent parts
of a cell, they rarely have analytical solutions. Thus, it is no coincidence that the rise in
popularity and complexity of cardiac models has tracked the increase in available computer
technology. Mathematical and computational models inspired by the Hodgkin and Huxley
model played an important part in the investigation of cardiac cellular electrophysiology.

By integrating experimental observations in a mathematical model, both emergent results

*SERCAZ2, sarco/endoplasmic reticulum Ca®*-ATPase 2
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Figure 2.2: Action potentials for human ventricular myocytes. From the model
by Grandi et al. (2010)

-Tubule

(T

Figure 2.3: Calcium fluxes in the cell. This schematic shows is a single T-Tubule, a
deep invagination in the cell membrane contains the L-type calcium channels. Calcium
enters the cell through these, activates the ryanodine receptors (RyR), causing SR
calcium release. Intracellular calcium then activates the contractile proteins (‘TnC’,
‘Myofil’, both described later), and is eventually removed by NCX (‘NaCaX’), PMCA
(‘ATP’ pump on the cell membrane), and SERCA (indicated by the ATP pump on
the SR). Figure reproduced from with permission from “D. Bers. Calcium Fluxes
Involved in Control of Cardiac Myocyte Contraction. Circ. Res. 2000;87;p276” (Bers,

2000)
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and remaining differences in predictions can inform novel experiments, leading to iterative
improvements of both mathematical models and experimental results (Noble and Rudy,
2001).

Noble (1962) modified the Hodgkin-Huxley model to reproduce the action potentials

of Purkinje cells. As the calcium current had not yet been discovered, the sodium current
was modified to account for all inward fluxes. Similarly, the early contraction model
of Huxley (1957) was created before the discovery of the calcium current, and proposes
that the membrane potential directly influences contraction. Both of these models were
incomplete, yet contributed greatly by generating new testable hypotheses. After the
invention of patch-clamping techniques, the L-type calcium current was quickly discovered,
and integrated into newer generations of mathematical models. The availability of this
experimental data enabled modellers to create an accurate representation of the most

important currents led to the model of Beeler and Reuter (1977) for the ventricular action

potential. Further advances in understanding the function of pumps and exchangers in the
cell to maintain the gradient in ion concentrations resulted in the model of DiFrancesco
and Noble (1985), which included the Na-K pump and Na-Ca exchanger, and modelled

intracellular events such as calcium release from the sarcoplasmic reticulum. Additional

improvements in experimental techniques in the 90’s provided data for the Luo-Rudy

models for mammalian action potentials (Luo and Rudy, 1991, 1994a,b), which are still

the basis for many more recent models. A more detailed history of key developments of
electrophysiological models over the last 60 years is given in the recent overview by Noble
et al. (2012). The increase in computational power over the past 60 years has also made
it possible to investigate the emergent effect of cardiac cellular properties on whole-organ
behaviour using multiscale models, which will be described later in this chapter.
Although there are also phenomenological electrophysiological models which capture
action potential morphology without any detailed model of ion channels (Bueno-Orovio

et al., 2008; Fenton and Karma, 1998), these do not include the calcium dynamics necessary

for biophysically based coupling to a contraction model, and are therefore less useful for
electromechanical simulations in this thesis.

In the last two decades, a large number of detailed cardiac models have been published
which include the detailed calcium dynamics, including models for guinea pig (Noble et al.,
1998), mouse (Bondarenko et al., 2004; Li et al., 2010, 2011, 2012) human (Iyer et al., 2004;

Grandi et al., 2010; O’Hara et al., 2011) and many others. However, there are still large

differences in model parameters between similar electrophysiology models representing
the same species, as well as a large range of species and temperatures for the sources of

experimental data (Niederer et al., 2009a).

2.2.3 Mathematical and computational models

Electromechanical models of the heart integrate several different kinds of mathematical
models components within a single heart modelling framework. Among these, models of
the cellular electrophysiology have a rich history, as briefly reviewed in the previous section.

In this section, we use this historical context to introduce several important concepts in
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the field of mathematical modelling in general, which will be important in the rest of this

thesis.

The first concept we cover is the rationale of using mathematical and computational
models in biology. Mathematical models are a very explicit and quantitative way to rep-
resent biological knowledge. Aside from merely representing such biological mechanisms,
they can also be used as tools that can be used to investigate or suggest specific hy-
potheses. Initial model hypotheses are often focussed on investigating basic consistency
between different experimental measurements. The ability of a model to replicate emer-
gent behaviour of a system from more basic measurements provides evidence for a degree
of completeness in our conceptual understanding. An example of this is the reproduction
of action potentials from measuring and modelling ion channel properties, such as in the

pioneering work by Hodgkin and Huxley (1952). Electrophysiology models can also be

used to gain better understanding of a complex physical system, where the role of the
different components on the emergent behaviour of the whole may not be immediately
obvious, or be used to perform experiments by perturbing the system in ways that are too
expensive and/or unethical. Recent examples from electrophysiology modelling which use
models to test more advanced hypotheses or make predictions of cardiac function include
assessing the effect of blocking ion channels on changes in action potential morphology

and risk of side-effects from drugs (Mirams et al., 2011) and investigating the cause of

atrial arrhythmias in patients (McDowell et al., 2012).

The second concept is that of model limitations. All mathematical models are neces-
sarily simplified, as their purpose is partly to function as a more understandable version of
reality. Thus, despite the advances outlined above, this remains especially true of math-
ematical models of biological systems such as a cell, as these models represent a large
number of closely interacting proteins, with both significant complexity and uncertainty
in their interactions. As a result of both limited measurements and knowledge of a sys-
tem to be modelled, as well as conscious choices to omit or simplify specific components,
models are limited in what physiological questions they can be used to investigate. The
limitations of a model can be in part derived from the choices made in simplifying, and

from knowledge on the effect of simplifications.

Firstly, limiting the complexity of a model leads to hypotheses that clearly can not be
tested using the model. For example, models of cardiac cellular electrophysiology gener-
ally do not include a model of the contractile function of the cell, and often abstract this
component as nothing more than a calcium buffer. This makes them unsuitable for testing
a variety of hypotheses, including those related to understanding mechanical influence on
the electrophysiology. Secondly, the accuracy of the model can be affected by the simpli-
fications. As in the previous example, even when the amount of force generated by a cell
is not directly relevant to the hypothesis under investigation using an electrophysiological
cell model, the force generated has some influence on calcium dynamics. Thus, omitting
this component limits model accuracy. Similarly, many regulatory pathways in the cell
including those related to metabolism, the influence of the nervous system on cardiac cells,

and gene transcription are usually not included in models of cardiac electrophysiology. All
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of these omissions are likely to affect the accuracy of models in minor ways, and limit the
ways the models can be applied to study more extreme perturbations of their environ-
ment. The effects of modelling choices on the accuracy of model predictions tend to be
discovered as the field progresses and different choices are investigated. Model limitations
become apparent as they fail to match existing or new experimental measurements, or
when different models of the same system make significantly different predictions. Al-
though some of them are likely known in the model development process, such as those
resulting from choices between complexity and accuracy, the impact of other model lim-
itations can go undiscovered for years. For example, in the model by Noble (1962), the
lack of a calcium current makes the model unable to replicate action potentials without
large changes in the behaviour of the sodium current. This created several potential hy-
potheses for the mechanisms underlying the action potential of Purkinje cells: either there
are large differences in the properties of neural and cardiac sodium channels, or there are
other inward currents which cause the plateau phase. Although we now know that the
second of these hypotheses is correct, at the time the extent of the model’s limitations
were unknown. From this example we can also see that even severely limited models can
be useful, as by integrating and quantifying biological knowledge, they can reveal gaps in
our understanding and inspire further experiments.

This overview shows that there are major challenges in choosing what model compo-
nents and level of detail to include or exclude from an electromechanical model of the
heart, which includes models of the electrical and mechanical activity at both the cellular
and tissue level. Section 2.2.5 below describes our approach to balancing model complexity

and model limitations.

2.2.4 Animal models

As we have seen in the section describing the history of electrophysiological models, there
are a variety of animal species that have been represented using models. Mathematical
model development tends to follow experimental developments, and as the availability of
healthy human tissue and cells for experiments is extremely limited, a variety of animals
models has been used in investigations of cardiac biology. Similarly to the mathematical
models described in the previous section, this practice comes with a number of limitations,
and the impact of these depends on both the animal used, and the hypotheses under
investigation.

Larger animals such as pigs, sheep, and dogs are generally though to be more simi-
lar to humans, but are expensive to breed and maintain. Smaller animals such as rats,
mice, ferrets and guinea pigs are easier to maintain Mice and rats are especially pop-
ular in biological research due to their small size and short gestation period. Monkeys
and apes are the only mammals closely related to humans but are rarely used in cardiac
biology experiments. Most other mammals are far more distantly related, sharing a com-

mon ancestor over 80 million years ago (Springer et al., 2011). This creates a complex

relationship between animal size and similarity to humans. Some animals have become

standard experimental models in different fields, depending on their suitability, cost, and
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historical factors. Guinea pigs have action potentials more similar to larger mammals, due

to their similar levels of expression of the potassium channels (Noble et al., 1991), which

has made them a popular target for experiments and modelling cardiac electrophysiology.
Other examples of popular animal models are the use of rodents in ageing research (Foster
et al., 2012), zebrafish in developmental biology (Mayden et al., 2007), and rabbits in

investigating ventricular arrhythmias (Panfilov, 2006).

In the past decade, mouse models have become increasingly common, due to the rel-
ative ease of genetic manipulation in these animals: it was the first mammal to have its

genome sequenced (Waterston et al., 2002), and for some time the only species in which

germline transmission was possible (Mullins and Mullins, 1996). This has led to signif-

icantly more mouse data being available, both from healthy control as well as disease
models. The increasing use of mice has resulted in extensive knowledge of their limi-
tations for understanding human biology and disease, as well as further development of
technology to overcome them. For example, although the small heart size limits some of
the measurements that can be performed in these animals, the rise of smaller devices such
as miniature catheters over the last decade makes these experimental measurements less
problematic. However, the small heart size can still limit studies of regional biochemical

and physiological analysis (Walsh, 2001).

At first sight the mouse heart appear appears to a scaled model of a human heart in

many aspects (Tranquillo and Sunkara, 2007), with similar fiber organization and conduc-

tion velocity, and calcium and ventricular pressure transients are very similar to humans
after adjusting for a heart rate that is approximately 10 times higher. However, the differ-
ences in underlying gene expression between mice and human can be substantially larger

(Mullins and Mullins, 1996). With respect to electrophysiological function, there are large

differences between the action potentials of rats and mice, compared to humans, as can
be seen in detail in Figure 2.4. Although most ion channels are conserved across species,
there are significant differences in the potassium currents involved in repolarization be-

tween mouse and human ventricular myocytes (Nerbonne, 2004). Specifically, although

the upstroke is similar in both species, the repolarization phase shows clear differences
even after taking into account the disparity in heart rates. In humans, the upstroke is
followed by transient repolarization and a plateau phase, whereas in mice no plateau is
visible and repolarization is rapid. Regardless of theses larger differences in ion channel
expression, more electrophysiological studies are being done in mice, often with transgenic
changes to potassium channels. Interpreting these results requires detailed knowledge of
the limitations of the mouse as a model animal to infer the applicability of any results to

humans and other animals (Nerbonne, 2004).

Contraction dynamics appear more similar between humans and mice, giving rise to the
aforementioned similarities in pressure transients. However, there are also some notable
differences, such as the dependence on heart rate of the force generated by cardiac cells
(force-frequency relationship), which is less pronounced in mice and rats compared to
larger mammals (Janssen, 2010). Furthermore, there are differences in myosin isoform

expression, with mice expressing mostly « myosin heavy chain, and humans mostly 3
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Figure 2.4: Ventricular action potentials for human and mouse. Human action
potential and currents shown on the left, and mouse action potential and currents
shown on the right. Details of ion channel currents making up the action potential
and their respective timing. (See Appendix C for source.)
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myosin heavy chain. This can be especially relevant when investigating disease phenotypes
related to changes in these isoforms, such as changes in the ratio of myosin heavy chain
isoforms induced by hypertrophy (Walsh, 2001). Another example especially relevant to
this thesis is that although the calcium transients of humans and mice are similar after
adjusting for differences in heart rate, mice rely more on intracellular calcium cycling
through SR release and SERCA uptake. Thus, perturbations to calcium regulation using
a genetic knockout in the mouse is likely to have different quantitative effects compared
to similar changes in humans.

From this overview it is clear that there are significant limitations to using the mouse
as a model for human disease in biological research. Nevertheless, the use of the mouse as
an experimental animal has been very successful over the past decade, and the mouse is

likely to remain popular as an animal model, which has motivated the topic of this thesis.

2.2.5 Our approach

This section describes our approach to modelling and interpreting animal data in light of
the issues presented in the last two sections.

With respect to model complexity and limitations, our choices are driven by a combi-
nation of the available data to characterize specific model components and the hypotheses
that we wish to test. To provide a specific example relevant to this thesis, we model only
the left ventricle, even though the heart consists of four chambers, is connected to the
circulatory system, receives input from the nervous system and interacts with the chest
cavity. This is likely to have some effect on the predictions our model makes, as me-
chanical interaction between the left ventricle and the atria, right ventricle, and the chest
cavity are likely to have some influence on pump function. This choice is in part driven
by our available data, which consists of measurements of pressure, volume, and geometry
of the left ventricle. Furthermore, the hypotheses we wish to test relate to reproducing
such characteristics of the left ventricle, which is the primary focus of disease research.
We also model the cells in the ventricle as behaving similarly throughout the tissue, even
though there is evidence of some spatial variation in the behaviour of cells (Dilly et al.,

2006; Bondarenko et al., 2004). Again, the existing electrophysiology models and the data

they are based on, as well as later measurements of cellular properties do not include this
level of detail, and our hypotheses are generally related to the bulk properties of the my-
ocardium. The choices made throughout building an electromechanical model of the heart
can influence the accuracy of our predictions. Thus, we discuss the potential limitations
that result from our modelling choices in more detail at the end of Chapters 4 and 5.
Lack of accurate knowledge of model parameters can also be investigated using a pa-
rameter sensitivity study. By varying model parameters and observing the effects on
simulation results, the impact of uncertainty on simulation results can be estimated. We
use this technique extensively in Chapter 4 to determine the most influential parameters

in both our cellular and whole-organ model of the mouse.

With respect to the limitations of animal models, our main goal in this thesis is to



15 Background

develop a model of the mouse primarily for understanding murine physiology and biology.
We discuss the potential applicability of our results to other species only briefly in the
relevant discussion sections.

In this thesis there is no major electrophysiological model development, as we used
published models with only occasional minor changes. However, it is important to note
that we do use recent models which have been developed with both parametrizability
and species- and temperature consistency in mind. Furthermore, we discuss potential
limitations of the models we use, especially when they have not been previously described.

The most important novel cellular model development will be presented in Chapter 4,
in the form of a model of cellular contraction. This field comes with relatively more
uncertainty than models of electrophysiology, especially with respect to the influence of
mechanical deformation on the tension generated by cells. The next sections describe the

biological background, mathematical modelling and these controversies in detail.

2.2.6 Cellular contraction

Cardiac muscle cells are striated: organized into many contractile sub-units called sarcom-
eres, each approximately 2 pm long. As shown in Figure 2.5, each of these units consists
of thin and thick filaments. The thick filaments contain myosin crossbridges which bind
to the thin ‘actin’ filament to generate force.

This process is started by electrical activation and the resulting increase in cytosolic
calcium. Calcium binding to the regulatory calcium binding site on troponin C* then

starts the contractile activation process.

Troponin  Tropomyosin Actin Thin (actin filament

Aclin Myosin fiament TN

Figure 2.5: Schematic of a sarcomere. Cardiac muscle is striated, consisting of many
sarcomeres. Each sarcomere contains actin and myosin filaments, which generate
tension. (See Appendix C for source)

Within the sarcomeres, binding of calcium to troponin C causes a conformational

change in its associated tropomyosin complex, unblocking the actin sites for myosin cross-

*often abbreviated TnC and denoted by TnC or TRPN in equations
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bridge cycling. Tension is generated by the combined effect of many crossbridges, each
generating a force of a few piconewton. The action of crossbridges is often described in
terms of a cycle, shown in figure Figure 2.6. In this cycle, a myosin crossbridge on the
thick filament repeatedly attaches to the actin thin filament, performs a power stroke

to generate force, and then detaches using ATP (Geeves and Holmes, 2005). Some de-

tailed measurements of crossbridges suggests that crossbridges make multiple small steps
during one ATP turnover event, and can move in a biased Brownian fashion along the
thin filament (Marcucci and Yanagida, 2012; Takano et al., 2010; Yanagida et al., 2000).

How exactly these components of Brownian motion and power stroke interact is still un-

known, as are other aspects of contraction such as the amount of force generated by a
single crossbridge (Huxley, 2000). However, evidence from other types of actin-myosin
motors in the cell suggests that both components may interact to generate larger step
sizes per cycle, with Brownian motion playing a role in the weakly bound state (Spudich

and Sivaramakrishnan, 2010).
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Figure 2.6: Crossbridge cycling models. Myosin crossbridges generate force using
ATP in the Lymn-Taylor cycle. First, myosin-ATP is hydrolized to myosin-ADP-
P;. In this configuration, the complex finds a binding site on the actin filament to
form actin-myosin-ADP-P;, also known as the ‘weakly bound state’. In the lever-arm
model, crossbridges make relatively large forward steps after release of P; to form the
strongly bound state. In biased Brownian ratchet models, crossbridges make many
small steps, some of which are backwards. In both cases, binding of ATP detaches
myosin from actin, and restarts the cycle. (See Appendix C for source)

Another important aspect of force development are the nonlinearities in the response of
force to calcium, or cooperativity. Peak calcium concentrations are generally 2-10 times the
minimum levels, whereas peak tension can be over 50x resting levels. This cooperativity
has been well known from measurements of the sigmoidal response of force to calcium in
isolated myocytes. Figure 2.7 shows an example of this response from the literature, fitted

using Hill curves:

1 : (2.1)
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where n is the ‘Hill coefficient’, F is the force generated, [Ca?"]; is the intracellular calcium
concentration, and [Ca?t]5q is the calcium concentration at which the generated force is
half-maximal. Such a curve can be derived from a basic model of n-stage cooperative

binding (Keener and Sneyd, 1998). However, the response of cardiac muscle deviates

consistently from a perfect Hill curve, with measurements below the best fitted curve,
which indicated a biphasic response with a higher degree of cooperativity for lower calcium

concentrations (Rice and de Tombe, 2004).

140 -

120 4

100 4

80

Force (%)

60

40 -

20 +

Calcium (uM)

Figure 2.7: Force-Calcium relationship at different sarcomere lengths. At higher
sarcomere length maximum force increases and the half-activation point shifts towards
lower calcium concentrations. This figure also shows some of the changes induced in
cells by experimental techniques, as most measurements of peak cytosolic calcium are
< 1uM in vivo, which would result in no tension generation. Figure reproduced from
(Dobesh et al., 2002).

The biological mechanisms that result in the observed cooperativity are yet to be fully

uncovered (Sun and Irving, 2010; Solaro, 2009). There is evidence that calcium binding to

troponin C is cooperative within thin filaments, but not when isolated (Davis et al., 2007;

Kreutziger et al., 2011). There is also evidence of end-to-end interactions of tropomyosin,

allowing tropomyosin to shift to allow crossbridge binding without the need for TnC at

all regulatory units (Tobacman, 2008; Rao et al., 2009). Finally, crossbridge binding has

been implicated in several ways, including helping to bring filaments closer together, and

keeping tropomyosin from blocking actin sites in the absence of TnC (Farman et al., 2010;

Smith et al., 2009). A major difficulty in measuring these effects is the large effect of

membrane permeabilization (‘skinning’) on measurements. This procedure makes it easy
to vary the intracellular calcium concentration, but is also known to affect measurements
of calcium sensitivity, Hill coefficient, and peak tension (Bers, 2002).

Overall, even though the basic steps and components of cardiac contraction have been

known for some time, the details of how they interact to generate tension, and how they
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are regulated, are far from agreed upon. For more on cardiac muscle contraction, see the
books by Bers (2002) and Opie (2003), as well as recent reviews (Solaro, 2010; Stehle and
Torga, 2010).

2.2.7 Coupling mechanisms and mechanoelectric feedback

The process by which myocytes generate force was presented in the previous section as
a simple chain of events only influenced by the calcium concentration. However, there
are many other factors which can influence this process. Among these are the multiple
feedback loops that enable tissue level mechanical deformation to influence both electro-
physiology and tension generation at the cellular level. These feedback mechanisms include

the strong influence that sarcomere length has on tension (Gordon et al., 1966), velocity

dependent crossbridge kinetics (Daniels et al., 1984) and stretch-activated channels (Kohl

and Sachs, 2001). As with cooperativity, both the details of the underlying mechanisms

and the relative importance of each of these processes for whole-organ function is currently

still poorly understood. The next sections describe some of these processes in more detail.

2.2.7.1 Length-dependence and the Frank-Starling mechanism

One of the most important feedback mechanisms is the influence of the muscle’s length
on the tension it generates. As cardiac muscle is stretched, it generates significantly more
force.

At the whole organ level this response is known as the Frank-Starling law of the heart,
named after pioneers Frank (1895) and Starling (1918) who performed experiments on
isolated hearts. Their main observation was that the heart itself can regulate the force it
generates to ensure outflow is balanced with inflow, without the need for external feedback.
This mechanism by which force increases with blood volume, now known as the ‘Frank-
Starling mechanism’, ensures that any difference between venous return and ejection is
quickly corrected, before the heart is damaged or blood flow to the rest of the body is
impaired.

For isolated cells this response is simply described as tension increasing with sarcom-
ere length. Several potential mechanisms have been implicated in this length-dependent

response of tension (Campbell, 2011). Firstly, the overlap fraction of thin and thick fil-

aments changes with sarcomere length, which allows more crossbridges to bind (Gordon

et al., 1966). However, this effect alone is much smaller than the observed length depen-

dence in cardiac muscle (Allen and Kentish, 1985).

Another aspect of length dependence is the increased sensitivity of the muscle to cal-
cium, known as length-dependent activation (LDA). In force-calcium measurements, the
typical Hill curve shifts leftwards towards lower calcium concentrations, at greater sarcom-
ere lengths, and maximum force increases. This shows that internal processes are more
sensitive to either calcium or troponin C at higher sarcomere length, which is a major fac-
tor in the change of isometric tension and whole heart function. However, the suggested

mechanisms for this ‘length dependent activation’ are controversial.
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One of the suggested mechanisms is change in interfilament spacing: as muscle cells
are stretched, the filaments are expected to become closer together, increasing the rate

of crossbridge binding (Moss and Fitzsimons, 2002). Experiments have shown changes

in length dependence properties when using osmotic compression techniques: inserting
molecules of high molecular weight to change interfilament spacing independent of sar-
comere length. However, more detailed studies that were able to distinguish effects of
sarcomere length, muscle diameter, and interfilament spacing independently suggest that

this mechanism is most likely not a major factor (Konhilas et al., 2002; de Tombe et al.,

2010). More recent evidence from the de Tombe group analyzing their x-ray diffraction

data from these studies suggests myosin head orientation as a dominant mechanism for
LDA instead (Farman et al., 2011).

Length dependence can also be related to effects caused by tension, as the limited effect
from sarcomere overlap could be enhanced by further feedback on tension generation or
calcium to TnC binding. There is a significant effect of myosin binding on the unbinding

rate of TnC to calcium under rigor conditions (Davis et al., 2007). However, this would

result in significant differences in force-pCa curves when calcium is decreased compared to
when calcium is increased, and such hysteresis is not observed in experiments (Rice et al.,
2008b). Moreover, length dependence is unaltered in experiments where tension generation

is prevented using blebbistatin (Farman et al., 2010). Conversely, similar experiments

using sodium vanadate to inhibit force generation do show this mechanism as significant
(Smith et al., 2009). Sun et al. (2009) suggest that there is a limited effect, but that this

is not a major component and often not detectable to statistically significant levels.

The affinity of TnC for calcium was originally thought to change with sarcomere length,
since length dependence changed when substituting cardiac TnC for skeletal TnC in skele-

tal muscle (Babu et al., 1988; Gulati et al., 1991). This mechanism is now considered

unlikely as later measurements could not reproduce the results and showed no change in
Hill coefficient (Fukuda et al., 2009; Moss et al., 1991). However, it is clear that troponin
plays a key role in length dependence. (Terui et al., 2008) show that replacement of cardiac

TnC with its skeletal counterpart changes the length dependence to be similar to skele-

tal muscle. This result is consistent with the observations of Farman et al. (2010), who

show that replacement of cardiac TnC with a variant that does not bind Ca?", produces
length-dependent changes in force-pCa relations. They suggest that LDA arises upstream
of cross-bridge binding by length-dependent changes in Ca?* cooperativity.

More recently, titin has been suggested as a main length sensor, with length-dependence
being determined through passive force rather than length alone (Patel et al., 2012; Lee
et al., 2010; Fukuda et al., 2009; Fukuda and Granzier, 2006; Cazorla et al., 2001). Titin

may also be involved in changing interfilament spacing as well as influencing other myofil-

ament properties.

Overall, although significant progress has been made in the past 20 years, the mecha-
nisms that govern length dependence of cardiac muscle remain unclear. For more discus-
sion on the length-dependence of cardiac muscle, see these recent reviews (Solaro, 2007;
Hanft et al., 2008; de Tombe et al., 2010; Campbell, 2011).
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2.2.7.2 Velocity dependence

Cardiac myocytes are also sensitive to the rate at which they are stretched, giving an
immediate response to fast shortening or lengthening that counteracts the change in length.
The force generated increases when lengthening the cell, and decreases during shortening.

Research in this area is sparse, making the biophysical mechanisms even more elusive
than other aspects of muscle contraction. Much work in this area is related to the pi-
oneering work by Hill (1938), who measured the heat released by skeletal muscle when
shortening, and related it to the energetics of the muscle. This formula is still used as it
provides a simple and accurate fit to force-velocity data. There is ongoing active research
on the velocity-dependent properties of cardiac muscle with similar protocols, by using
the unloaded shortening velocity as a main indicator. These experiments can give insight
into dependencies such as sarcomere length and calcium concentration of this response

(de Tombe and ter Keurs, 1992). However, for developing models of cardiac muscle more

detailed data on the velocity-dependent response is often required. Kawai and Brandt

(1980) have contributed to providing this by significantly improving the technique known
as sinusoidal analysis . In this method, the properties of muscle are analyzed by by induc-
ing a sinusoidal stretch, which leads to a sinusoidal change in force generated by the cell.
The shift in phase and amplitude then provides information about the cell’s biophysical
properties. Specifically, for cardiac muscle the result is fitted to the function (Kawai et al.,

1993):
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In this equation, y is the ratio of stress change to strain change, expressed in the

y(f)=H (2.2)

frequency domain. Where H derives from passive tension, the ‘C process’ is the main
short-term effect, a quick stretch will generate force opposing it. The ‘B process’ is a slower
effect, that causes the opposite reaction on a slightly longer time scale. The ‘D process’

is an even slower process, with controversial relevance in cardiac muscle (Campbell et al.,

2001). For these processes, the uppercase symbols B, C, D represent their magnitude, and

the lowercase symbols b, ¢, d their characteristic frequency.

More recent work using this technique uses (Palmer et al., 2007):

passive term

y(f) = Al p)f — B, G

_b+z‘f+c+z'f

(2.3)

Here, the ‘D process’ is dropped, and a more detailed fit to passive tension is used (Dick-

inson et al., 1997).

The response to sinusoidal perturbations and quick step changes in length are rea-

sonably well characterized from experiments, but the cellular mechanisms remain poorly

understood. In recent research Yadid and Landesberg (2010) show experimental evidence

for the C process appearing as a result of a decrease in the transition of strongly bound
to weakly bound crossbridges when a muscle lengthens. However, their model does not
predict a ‘B process’. This change in crossbridge transition rate only appears under length-

ening, while when shortening the force per crossbridge decreases instead. (de Tombe and
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ter Keurs, 1992). Mathematical modelling by Palmer et al. (2007) suggests the C process

does not require any addition and appears naturally from crossbridge cycling. Further-
more this author explains the B process as a frequency-dependent increase in the myosin
off-rate (Palmer, 2010).

Titin has also been implicated in the velocity-dependence, possibly functioning as a
contractile reserve in a tension- and velocity-dependent manner (Nishikawa et al., 2012)

or adding elastic recoil (Opitz et al., 2003).

2.2.8 Contraction models

Even though the heart’s primary function is as a pump, models of contraction for cardiac
cells are still far less developed than models of electrophysiology. A review by Rice and

de Tombe (2004) gives an overview of contraction modelling and discusses some of the

difficulties behind the slow development of contraction models. These are mainly related
to the fact that downstream contractile elements are more difficult to measure, components
of the contractile framework interact tightly and are difficult to study in isolation.

Since, as outlined above, there are significant controversies that exist over the basic
mechanisms of contraction, there are still different conceptual models for most subsystems
in muscle contraction, such as the different crossbridge models explained above. Research
has often focussed on distinguishing between such conceptual models rather than precisely
quantifying their details. Nevertheless, models have been an important part of investigat-
ing muscle contraction for a long time, going back to Hill’s model of released heat, force,
and velocity during contraction (Hill, 1938). A differential equation based model was
developed by Huxley (1957), which is still the reference model for much research today,
despite some of its limitations derived in part from the fact that the role of calcium in
contraction was yet undiscovered.

The processes leading to tension generation described in the previous section are de-
scribed in a wide range of mathematical models. They vary widely as such models balance
complexity, knowledge of biophysical mechanisms, and available experimental data. The
choices in prioritizing these aspects will depend on the purpose of the model. The math-
ematical models vary from the very simple, which relate time since activation, or calcium

potential directly to force through a formula (Kerckhoffs et al., 2003a), to detailed models

of parts of the sarcomere created to explore a specific mechanistically based hypothesis

(Campbell et al., 2011). Many important conceptual models of contraction include a de-

tailed model of tropomyosin kinetics and the crossbridge cycle, including several sub-states
depending on the attachment of ATP and position of crossbridges. An important exam-

ple is the six-state model of McKillop and Geeves (1993). It describes tropomyosin and

crossbridge dynamics using a blocked, closed and open state of tropomyosin along with
weakly, strongly or unbound crossbridges. While both the open and closed states allow
for weak binding of myosin crossbridges, only the open state allows for transition to the
force-generating strongly bound state.

For whole-organ simulations, where the force generated is more important than details

of the underlying biophysical processes, a different type of model is more common. This
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class of models, developed to enable whole organ simulations, typically do not include as
many sub-states, but do include enough detail to allow linking parameters to biological
data and the exploration of different hypotheses. They also include length- and velocity
dependent effects as such feedback is important for whole-organ function. The two models
most relevant for this thesis are described in the next two sections. Both of these are

relatively simple models used previously in whole-organ electromechanical models.

2.2.8.1 Niederer, Hunter & Smith, 2006

The model developed by Niederer, Hunter, and Smith (2006) was based on the model by

Hunter, McCulloch, and Ter Keurs (1998) which reproduces many experimental results

on isolated myocytes and was developed specifically for organ-scale simulations. It models
calcium dynamics, active tension and its length and velocity dependence. The model was
developed to be species and temperature specific, using the large amount of data available
from rats at 25°C.

In this framework, calcium/TnC dynamics are modelled by a simple molecular binding

model:
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Where [Ca2+]TrpnMaX is the total TnC concentration, and the unbinding rate kg is tension

dependent.

Tropomyosin/crossbridge dynamics are modelled by representing the transient changes in

the proportion of available actin sites z:
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Where the sensitivity [Ca2+]Trpn5o is length-dependent.
Whereas length dependence can often be represented by a modification to binding rates
or scaling of force, the complex response to shortening velocity requires a more detailed

model. One of these is the so-called fading memory model (FMM) (Bergel and Hunter,

1979; Hunter et al., 1998),which represents the velocity response as a several strain-rate

dependent variables which all decay with time, making them predominantly dependent on
a the window of most recent deformation.

The FMM model was used in the contraction model by Hunter, McCulloch and ter
Keurs, and was further adapted in the NHS model to better represent both shortening
and lengthening of muscle. An advantage of this model is that it is independent of the
contraction model, as it can be added as an addition after modelling isometric tension and
length-dependence. Furthermore, many of its parameters can be directly linked to the
sinusoidal analysis techniques described previously. As such, it does have the assumption

that the velocity response is independent of tension generated, or the current length of
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the sarcomere.

The fading memory model introduces several equations of the form:

40; A
dt @ oe (2:6)

The A; parameters are directly related to the viscous and elastic moduli, and «; to the
frequencies. 27b, 2w, 27d, i.e. parameters a1, A; are related to the slower ‘B process’,
g, Ao to the faster ‘C process’, and asg, A3 to the ‘D process’. Depending on whether
experimental data shows a clear ‘D process’, the third equation can be omitted or not.

The effect on tension ¢g(@Q) is given by an equation derived from the Hill force-velocity
curve (Bergel and Hunter, 1979), extended to model stretch and shortening in a symmetric
way (Niederer et al., 2006):
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Where a is the slope of Hill force-velocity equation.

Finally, active tension is determined by the available actin sites, an additional length-
dependent factor, and the maximal ‘reference’ isometric tension Ty at saturated calcium

and resting sarcomere length:

Ta:Tref'g(Q)' (1+ﬂ0(A_1)) ) °

(2.8)

ZMax

2.2.8.2 Rice, Wang, Bers & de Tombe, 2008

The Rice et al. (2008a) model is a more complex model of crossbridge dynamics and

contraction. It includes two TnC buffers, with a length-dependent term determining the
effective TnC concentration. Instead of two states describing tropomyosin/crossbridge
dynamics, it has a more detailed 4 state Markov model which includes non-permissive,
permissive, pre-powerstroke and post-powerstroke states. The most important of these is
the transition from the non-permissive IV state to the permissive P state which is part of

the cross-bridge cycle. Transition rates between these two states are given by:

knpr = knp- permtot (2.9)
kpnr = kpn /permtot (2.10)

1
permtot = (2.11)

1+ <4 permgg )nperm

TrOpRegulatory

Where Tropregylatory 1S the effective regulatory troponin concentration, perms, related to
the calcium sensitivity, and nperm is related to the degree of cooperativity. The cross-

bridge cycle consists of the states P, XBpostr and XBpyer corresponding to the fraction
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of crossbridges in a permissive, pre-powerstroke and post-powerstroke state.

The Rice et al. model uses a velocity dependence based on work by Razumova et al.

(1999). In this model the post and pre-force states of crossbridges are multiplied with

an average distortion state, which models the temporary distortion of crossbridges from

shortening and lengthening.

dXX:% = Cl% — coxXBprer + €3 (XXBPostR — xo) (212)
dxxgw = Cl% + C4XXBPreR — 4 (XXBPostR — xo) (2.13)

The model also includes several effects of these variables on crossbridge transition
rates. The biological basis of this model is the idea that during crossbridge cycling, the
myosin head can be characterized as weakly bound or strongly bound depending on its
orientation. Length changes briefly distort the orientation of the myosin heads, thereby
influencing the generation of tension. This biophysical basis is controversial (Yadid and

Landesberg, 2010), as is the description of crossbridge dynamics in general. Nevertheless,

the model reproduces experimental data well and is relatively simple.

Active tension is determined by the number of crossbridges effectively in the post-

powerstroke state, after taking into account distortion.

xXBprer - XBprer + xXBpostr - XBpostr
Lo - XB%/IOZ)ER

Ta = Tref ’ SOVFthick(A) ' (214)

Where SOVFypick(A) is a function modelling filament overlap, which is equivalent to
the (14 B (A — 1)) term with By = 1.65 in the NHS model when near resting sarcomere
length.

2.3 Tissue-scale physiology and modelling

To achieve efficient pump function, heart cells are organized into a specific tissue mi-
crostructure. This tissue microstructure is important for both electrical and mechanical
properties of cardiac tissue. The elongated shape of cardiac cells define a consistent ‘fiber
direction’ in tissue. This is the direction in which cells are stiffest, contract along, and are
most conductive. There are also clear sheet structures along which cells are more tightly
bound together. For more details see the detailed histological measurements along with
mathematical modelling of the tissue microstructure by LeGrice et al. (1995); Legrice et al.
(1997), and the recent review by Anderson et al. (2009).

Currently, these measurements are becoming more common due to diffusion tensor
MRI technology, which allows for non-invasive measurement of the tissue microstructure
(Healy et al., 2011). Recent research by Gilbert et al. (2012) has shown this technique

to not only detect fiber directions, but also yields comparable measurements for sheet

directions.
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2.3.1 Electrophysiology

The tissue microstructure is important in defining the electrical properties of cardiac tis-
sue. Cells in tissue are electrically coupled through gap junctions along the fiber direction,
and through the extracellular medium. With each beat, a coordinated reaction-diffusion
process driven by a high conductivity, fast upstroke and long recovery time of action
potentials quickly activates all the cells to ensure synchronous contraction. For the elec-
tromechanical models in this research, the tissue electrophysiology is used mainly to define

an activation pattern for contraction.

2.3.2 Electrophysiological modelling

In modelling cardiac tissue, the starting point is a continuum assumption, which ignores
the individual cells and describes an average, homogeneous, region in tissue. This avoids
the computational cost of modelling all of the approximately 5 billion cells in a human
heart. Even in smaller animals where the number of cells is not a computational barrier,
it avoids having to acquire detailed data about cell type and connectivity, in favour of
using more general bulk properties of cardiac tissue.

Models of tissue electrophysiology are almost exclusively based on the bidomain for-
mulation, which models tissue as two interleaving continuous spaces, the intracellular and
extracellular spaces. Associated with these spaces are the intracellular potential ¢; and
extracellular potential ¢.. A good introduction, which derives the equations in more detail

is given in Keener and Sneyd (1998). The bidomain equations are usually given in terms

of the intracellular potential and the transmembrane potential V,, = ¢; — ..

OV, . g; 1
Gm = V. <XCm W)i) - Fm(lion + Istim) (2.15)
V- ((0-1 + a-e)vd)e) = V- (szvm) - -[stim (216)

Where x is the surface to volume ratio of cells, C,,, the membrane capacitance, and o;, oe
the intracellular and extracellular conductances. The first of these equations describes the
current across the membrane and the second, equivalent to V - (5¢; + dede) = 0, enforces
conservation of charge between the two spaces.

When the conductivities are equally anisotropic, or the extracellular domain is highly
conductive, the bidomain equations reduce to the monodomain equations:

OV,

W =V- (vam) - = (Iion + Istim) (217)

R =

Where D = —G"(G’:g;)ilae.

Even in cases where anisotropy is not strictly equal, like in cardiac tissue, the mon-
odomain model can still be suitable in situations where the extracellular potential is not
important. For example, in simulations of an isolated heart under normal sinus rhythm.
In this case it can be considered a relaxed version of the bidomain model (Colli Franzone

et al., 2005). The monodomain model can be an order of magnitude more computation-
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ally efficient and is sufficient to reproduce many of the observations of wave propagation.
However, in simulations where current is injected in the extracellular space, for example to
simulate defibrilation, the full bidomain model is required to match phenomena observed

experimentally (Clayton and Panfilov, 2008).

For both models, the values of the conductivities o, oe, o are not easy to determine
using experiments, since they do not directly correspond to physical quantities. Some
experiments have tried to find measure equivalent physiological quantities, but no useful
experimental data is available (Roth, 1997; Clayton and Panfilov, 2008). Therefore, they

are usually chosen in such a way that accurate numerical simulations will match observed

wave propagation speed (also known as conduction velocity) and anisotropy ratio. There
is also some debate as to whether conductivity of cardiac tissue is transversely isotropic

or orthotropic (Hooks et al., 2002), although the former choice is still more common.

Changes in cell length and curvature also potentially have effects on the conductivity.
This has previously been modelled by changing conductivity tensors as the tissue deforms
in the monodomain equations (Nash and Panfilov, 2004; Whiteley et al., 2007):

oV 1

Ot detF (Zion + Istim) (2.18)

V- (det FDCTVxV;, ) — =
Cm

Where X, F',C are the original position, deformation gradient, and strain tensor fur-
ther explained in the section on mechanics modelling, which follows below.

The importance of mechanical deformation on the electrical properties is a topic of
debate. Although the monodomain and bidomain equations suggest the term is important,
actual conductivities are dominated by gap junctions between cells which to a first order
approximation do not change when the tissue is deforming. However, experimental data
and modelling analysis suggest that membrane capacitance and intercellular resistance are

involved in conduction slowing (Mills et al., 2008). All of these effects are minor, since the

electrical activation of the heart finishes before any large mechanical deformation starts.
Without the deformation terms, the calculation is more efficient, as the same matrix can
be used in each time step.

Research on the monodomain and bidomain equations is still a very active field, and
doing these simulations on a realistic geometry is a challenging computational problem.

Recent overviews are given by Linge et al. (2009) who focus on the bidomain equations,

and Clayton et al. (2011) who provide an overview of techniques and open questions for

electrophysiology simulations. The next chapter deals with the computational implemen-

tation of the monodomain equations in more detail.

2.3.3 Mechanics modelling

For the modelling of the mechanical properties of cardiac tissue we use nonlinear solid
mechanics. This is the same mathematical framework commonly used for modelling many

other materials. The mathematical theory is introduced only briefly here. More in-depth



27 Background

treatment can be found in standard textbooks such as Bonet and Wood (2008).

In solid mechanics theory, deformation of an object can be described by a function:
x = x(X, 1) (2.19)

The original position X is known as the reference configuration and x is the deformed

configuration.

The deformation gradient tensor, which deforms the original line segment dX to a

deformed segment dx = F'dX can then be defined as:

(9xi

oX,

F =Vx so F;j = (2.20)

The two most important concepts in solid mechanics theory are stress and strain.
Strain is a description of deformation in terms of relative displacement, and can be mea-
sured using length changes, commonly using the square of the local change in distances
due to deformation:

dx-dx = dAXFTFdX = dXCdX (2.21)

Where C = FTF is Green’s deformation tensor, or right Cauchy-Green deformation

tensor.

Another measure of strain is the Lagrangian/Green’s strain tensor E, which describes

the local change in length compared to rigid body motion:

1 1
3 (dx; - dxp — dX; -dXy) = dXT EdX, where E = S(C 1) (2.22)

Stress is a measure of the internal forces acting on an object. In the deformed configu-

ration, the force per area at each point is given by the traction t, which can be expressed

in terms of the Cauchy stress tensor o, as
on=t (2.23)

Where n is the area’s unit normal.

Thus, in an object in static equilibrium, for any small cube at point x with surface S and

dimensions dx x dx x dx, the balance of forces is given by:

+ €jx) — o (x)) €
— [ tds = 622 ; o) () = 52 S LT 2.24
0 /S S =ézx zi:a(x)e +o(x+eidzr)(—e;) :CZ = (2.24)
Taking dx — 0 yields
N L
K Dy =0, (2.25)

Which is the main equation to be solved in a (quasi-)static solid mechanics problem. The

problem can also be restated in the undeformed configuration, using the second Piola-
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Kirchhoff stress tensor T and the relation

1
o=-——FTFT 2.26
det F ( )
Stresses can be expressed in terms of strain using a constitutive law, described in the

next section.

Many materials can more easily change shape than volume. In this case the material

can be modelled as completely incompressible, by requiring the additional constraint:

det F =1 (2.27)

With this extra constraint, an extra unknown p is introduced which represents the
hydrostatic pressure responsible for the incompressibility. This term appears in the Cauchy

stress tensor as —pI, and as —pC~! in the second Piola-Kirchhoff stress.

2.3.3.1 Constitutive laws

The solution to the mechanics problem requires a description of the material behaviour
known as the constitutive law, which gives the stress as a function of the strain for the

material.

Most constitutive laws for cardiac tissue go back to Fung, who observed an exponential

relation between strain and stress (Fung, 1993). Like the electrical properties, the direction

of fibers is important, as myocardial tissue is highly anisotropic and nonlinear. Therefore,
the constitutive laws introduced below are given in terms of a coordinate system locally
aligned with the fiber, sheet, and normal directions (f, s, n) in the reference configuration.

Given these directions we can define the matrix:
L =|[f sn] (2.28)

Where the vectors are properly normalized and the signs chosen such that L is or-
thonormal. The strain tensor is transformed to a fiber-aligned coordinate system using
Efs™ = LTEL, stress tensor TF5™ is determined using one of the constitutive laws, and
transformed back using LTF$™LT. For a transversely isotropic law, s, n are arbitrary, as

long as L is orthonormal.

A constitutive law is usually expressed as a strain energy function W, and the relation:

pren _ AW
dEfsn

(2.29)

This form of a constitutive law automatically ensures some important theoretical restric-

tions, such as consistency under changes of coordinate system.

A commonly used cardiac constitutive law is the transversely isotropic law proposed
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by Guccione et al. (1991):

W = 120 (eQ - 1) where (2.30)
Q = CoE}+Cy(EL+E2, +2B2,) +2C1 (EgoEuf + EpnEyy)
This constitutive law is used throughout the thesis, as it strikes a good balance between

detail and parametrizability. Another common constitutive law is the an extension of the

Guccione law by Costa et al. (2001) to model orthotropic behaviour, with stress-strain

laws differing in three orthogonal directions:

W= 10 (le1) (2.31)
Q = Z bi E7; (2.32)
i,j€{fsm}

Other orthotropic laws include the pole-zero proposed by Nash and Hunter (2000) and

recent constitutive law proposed by Holzapfel and Ogden (2009), and several variations
on these (Schmid et al., 2006).

Using a strain energy function, the hydrostatic pressure term, and an active tension

T, can in the fiber direction f, we can express the second Piola-Kirchhoff stress tensor as:

dw
dBT*n

T=L LT —pCct 41,87, (2.33)

which expresses the stresses in actively contracting incompressible cardiac tissue in terms
of its strain, and completes the set of equations required to model actively contracting

cardiac tissue.

2.4 Windkessel models

The blood pumped by the heart appears in electromechanical models as a mechanical
boundary condition for the cavity pressure. During ejection, the change in pressure can
be accurately simulated using a Windkessel model.

This framework models the aorta as a compliant vessel, which obeys

Pao = Uao/Ca (234)

where C is the total arterial compliance, and v,0, Pao the volume of blood in the aorta and
pressure in the vessel, respectively. Blood flow to the rest of the body is modelled as a

simple resistance model
Iouwt = (pao - pout) /R, (235)

where R is the peripheral resistance, and the external pressure pout =~ 0 is assumed. These
elements make up the two-element Windkessel model, introduced by Frank (1899). A third

element, aortic characteristic impedance, was proposed by Broemser and Ranke (1930),
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which introduces a second resistance Z for the aortic valve, resulting in more realistic

aortic pressure waves. The resulting three-element Windkessel model is given by:

1
% = E(pao_plv) (2.36)
) (2.37)
1
Iowe = Epao (2.38)
Pao = 'Uao/C (2.39)

Where v}y, p1y are left-ventricular volume and pressure, respectively. This equation can be

d>vy,
dt2

solved for resulting in:

(2.40)

oy (11 Yduy  py Ldpy
de2 CZ RC) dt CZR Z dt

A further extension has been proposed by Stergiopulos et al. (1999), who introduce

inertance of the blood flow through the aortic valve as a fourth element. In this thesis we
use the commonly used three-element model to represent hemodynamics, as it is easier to
solve and parametrize, and the differences with the four-element model are small (Segers
et al., 2008).

2.5 Electromechanical models

Electromechanical models integrate the models described in the previous sections, and
combine them in a coupled multiphysics simulation, connecting the mechanical deforma-
tion of the heart to electrical and mechanical activity of the constituent cells. These models
are used for several different purposes, from investigating specific biological hypotheses to

clinically relevant modelling.

Although cardiac mechanical and electrical models have existed for many decades,
coupled electromechanical models are relatively recent. In the pioneering work by Usyk,

LeGrice, and McCulloch (2002), a 3D electromechanical model of the ventricles was devel-

oped based on an earlier mechanics model by Nielsen et al. (1991). This electromechanics

model was based on cubic Hermite finite element, and a simple phenomenological cell
model. It was very influential in early electromechanics research, and was used to investi-

gate the timing of electrical activation and mechanical contraction (Usyk and McCulloch,

2003b), as well as a study on the effects of biventricular pacing in hearts suffering from

left bundle branch block (Usyk and McCulloch, 2003a).
An early study by Sachse et al. (2004) used a high-dimensional guinea pig cell model

coupled to a detailed tension and monodomain model. Other early work by Kerckhoffs
et al. (2003a) was based on a simpler “eikonal” electrics model, which tracks the propaga-
tion wave front instead of solving cell models. Work by this group showed that a constant

delay between crossbridge formation and electrical activation leads to unrealistic deforma-
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tion. The same model was also used in several related studies focused on analysing the
effects of altered depolarization due to pacing (Kerckhoffs et al., 2003b,c, 2005).

The two groups involved in the work by Usyk et al, from the University of California,
San Diego and the University of Auckland, have both continued to advance electrome-
chanical models. The UCSD group, joined by Kerckhoffs, have published a number of
other studies using electromechanical models. They performed further research into the

effect of pacing sites in the context of chronic infarcts (Kerckhoffs et al., 2009), and the

impact of major cardiac abnormalities on heart function and clinical measures of dyssyn-

chrony (Kerckhoffs et al., 2010). There are also several studies by Campbell et al. on the

mechanisms of transmural variations in excitation-contraction coupling (Campbell et al.,

2008b,a), and a recent study by Aguado-Sierra et al. (2011) on patient-specific modelling

of dyssynchronous heart failure.

Related to the Auckland group, Smith et al. (2003) developed an early 2D electrome-

chanical model and used it to investigate the effect of cardiac deformation on ECG mea-

surements. Nash and Panfilov (2004) investigated the effect of deformation-dependent

conductivity on re-entrant arrhythmias. Nickerson et al. developed another early detailed
electromechanics model (Nickerson et al., 2005; Nickerson, 2005). This model included

length- and velocity dependence based on the Hunter-McCulloch-ter Keurs contraction

model. However, the model took on the order of 4000 processor hours to solve a single
cycle of electromechanical activity and instabilities appeared in the solution.

In more recent work on strongly coupled electromechanical models, these stability is-
sues were addressed by Niederer and Smith (2008), leading to the stable ‘update method’,

which will be described in more detail in the next chapter. These authors continued

work on electromechanics by studying the effects of tension-dependent binding of TnC

on calcium dynamics (Niederer et al., 2009b) in a rat model, as well as the relative role

of length- and velocity dependence mechanisms on the efficiency of whole organ pump

function (Niederer and Smith, 2009). In more recent work using human models they in-

vestigated the effect of length-dependent tension in the failing heart and CRT (Niederer
et al., 2011a) and quadripolar pacing (Niederer et al., 2012b,a).

Several other groups have also independently done work in electromechanical mod-
elling of the heart. Among these are groups who have investigated numerical methods for
electromechanics, such as the non-standard solution methods by Goktepe et al. (Goktepe
and Kuhl, 2009, 2010) and Wong et al. (2010). Pathmanathan and Whiteley generalized
the stable solution process of Niederer et al. and investigated convergence of the mechanics
component (Pathmanathan and Whiteley, 2009; Pathmanathan et al., 2010).

Nordsletten et al. (2011) review coupling of electromechanical models to other com-

ponents, including fluid dynamics, and coronary perfusion. Of these possibilities, only a
coupled electromechanics-fluid model has been realized, in research by Watanabe et al.
(Watanabe et al., 2004, 2008), although on a simple and non-refined model of the heart.
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The Panfilov group has continued work on electromechanics in the work by Kelder-

mann et al. (2010) on the potential role of stretch-activated channels on re-entrant wave

excitation. There is also significant interaction with the field of image processing. The
geometry used in electromechanical models is also often derived from image data, such as
MRI measurements. Work by Gurev et al. (2011) and Lamata et al. (2011) determining

and discretizing a cardiac geometry from such experimental data. The research group at

INRIA have used electromechanical models to enhance image analysis (Sermesant et al.,

2006), as well as much research into the use of MRI data for personalizing cardiac elec-

tromechanical models (Chabiniok et al., 2012; Delingette et al., 2012; Sermesant et al.,
2009).

More recently several other groups have begun research on electromechanical models,
such as work by Evangelista et al. (2011) Wall et al. (2012) Lafortune et al. (2012) Nobile

et al. (2012). For more on electromechanical models see the reviews by Kerckhoffs et al.

(2006) and Trayanova et al. (2011).

Historically, simulating cardiac electromechanics has been a computationally difficult
problem to solve. Most of these computational difficulties are related to the resolution
needed to solve the monodomain and bidomain equations to convergence. Although effi-
cient parallel solvers for the electrics problem exist, parallelization in electromechanics is
more complicated, due to the required coupling and different characteristics of the electrics
and mechanics problems. As a result, much of the research cited above uses meshes with
a density lower than required for convergence. Although this may not be necessary for

demonstrating some aspects of the numerics (e.g. (Goktepe and Kuhl, 2010)), it does raise

questions about the suitability of the chosen model, if biological and clinical conclusions
are to be drawn. For example, the pioneering work by Usyk et al. used identical meshes
with only a few hundred elements for both the monodomain and mechanics problems and

the work by Watanabe et al. (2008) uses three coupled problems each of which are not

solved to convergence, making their results more difficult to interpret. The earlier work by

Kerckhoffs et al. (2003a) used a simpler eikonal approach for the electrics problem, which

may be more suitable for situations where computational power is limited.

Another consequence of the difficulty of efficiently implementing electromechanics, is
the lack of readily available software to perform such simulations. Perhaps the best known
software is CMISS, developed at the University of Auckland over the last 30 years. There
are efforts to re-implement the functionality in a modern open-source version known as
OpenCMISS but support for detailed electromechanics is currently still a work in progress.
Another package is Continuity from the UCSD group, which can solve both cardiac
electrics and mechanics. Finally, the CHASTE software developed at Oxford (Pitt-Francis
et al., 2009), currently supports a simple model of electromechanics. All such packages
tend to be difficult to use, and are rarely used for research outside of their respective
research groups, as extensive support is needed to set up simulations or change code for

original work.

A further challenge is the species- and temperature consistency of such a complex
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multiphysics model. As discussed in section 2.2.2, for electrophysiological and contraction
cell models by themselves, this already poses a significant challenge. The variety of pa-
rameters are introduced at the whole-organ scale including tissue conductivity, geometry
and constitutive parameters, as well as hemodynamic boundary conditions. This requires
a wide range of experimental data, which is not always available. Especially in human,
some model parameters such as constitutive properties may not be practically or ethically
possible to obtain via direct measurements and have to be inferred from other whole-organ
data (Wang et al., 2009; Xi et al., 2011). A recent example of this is the work by Wall

et al. who incorporate a rat stretch-activated channel into a canine electrics model and

couples it to the HMT contraction model (based primarily on 20-27°C rat and ferret data),
and solve the resulting model on a mesh based on sheep MRI data. Such inconsistency in
even the most recent models shows that developing electromechanical models remains a
difficult problem.

2.6 Summary

This chapter summarized the current state of cardiac physiology and modelling, espe-
cially as it relates to cardiac electromechanics. From this survey it is clear that there are
significant challenges remaining for investigating heart failure progression in genetically
modified mice using an electromechanical model. Firstly, there is no readily available com-
putational implementation available to use for new electromechanical model development
which has the option of changing electrophysiology and contraction models as necessary.
This implementation challenge is addressed in the next chapter. Secondly, there have been
no mouse electromechanical models published, and pacing frequencies in whole-organ sim-
ulations rarely exceed 1 Hz. We address this in Chapter 4 through careful data-driven
modelling, where the developed framework is based on more recent available experimental
data for the species that is to be modelled, at realistic pacing rates and temperature.
Thirdly, extending this model to represent a genetically modified animal requires further
data about the quantitative effects of the genetic knockout, including the direct and com-
pensatory effects of the knockout. Furthermore, as highlighted in section 2.2.4, applying
any results to make conclusions about heart function in other species is challenging due to

the limitations of animal modelling and differences in calcium regulation between species.
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Chapter 3

Computational methods

This chapter gives an overview of the computational methods used to solve cardiac elec-
tromechanics. It describes our novel implementation developed for solving this coupled
multi-physics problem, including development and testing of the numerical methods to
make this process more efficient. The resulting framework forms the basis for further
model development in the next chapters.

As discussed in the previous chapter, there are few readily available frameworks avail-
able for electromechanical simulations. Furthermore, the research described in the next
chapters requires significant control over the computational framework, with the ability to
change components at will and quickly test variations in model equations and parameters.
As the implementation is mainly a means to accomplish the simulations required for this
scientific investigation, there is a balance between ease of implementation and efficiency.
The methods were initially developed and tested largely in a human modelling framework,
as both meshes and models were more readily available at the time this framework was
developed, and at the lower heart rate it represents a testing framework with better known
properties. The human modelling framework used for testing consists of an electrophys-
iology model from the literature, contraction model for rat reparametrized to reproduce
a human tension transient, and a human left-ventricular geometry from MRI data. For
completeness, details of the cell models are described in an appendix at the end of the
chapter, although these are less relevant for the rest of the work.

The next sections describe cell model development, along with the ordinary differential
equation solver used. After the presentation of the cellular level framework we extend the
models to solve tissue electrics using the monodomain equations. Finally, we extend the
model to a fully coupled electromechanical framework and describe several optimization

methods for mechanics solving.
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3.1 Cell modelling

3.1.1 Electrophysiology

For the electrophysiological basis of our human electromechanical testing framework we

have chosen to use the model recently published by Grandi, Pasqualini, and Bers (2010)

(GPB model) . Compared to other popular human models, it is not as complex as the

Iyer et al. (2004) model , and has more realistic calcium dynamics when compared to the

models from ten Tusscher et al. (the “TNNP model” (ten Tusscher et al., 2004) and the
‘TP model’ (ten Tusscher and Panfilov, 2006)). Specifically, the ten Tusscher et al. models

do not include multiple calcium compartments and calcium release from the sarcoplasmic

reticulum. This leads to calcium transients whose time to peak is overly fast compared to
experimental measurements.

The GPB model is quite detailed, containing a large number of ion channels, and a de-
tailed model of calcium dynamics including several compartments and associated buffers.
To improve computational tractability, we have thus simplified this cell model, making
it more suitable for use in human whole-organ simulations. We removed several buffer-
ing equations by using quasistatic approximations for high-affinity buffers and removing
low-affinity buffers. Furthermore, several intracellular sodium concentrations are approx-
imated as constants as they do not vary much. The resulting model has just 26 variables
instead of the original 38 and closely approximates the original.

Differences between the models in the action potential and calcium dynamics can be
seen in more detail in Fig. 3.1. Details of the model reduction process are described in an

appendix (section 3.A).

3.1.2 Contraction

We base our contraction framework on the model by Niederer, Hunter and Smith (NHS
model), which was parametrized using experimental data from rats at 25 °C. For consis-
tency with the GPB model, and to give realistic deformation patterns for testing numerical
methods, we have reparametrized this model using available experimental data for human
cells at body temperature, resulting in the isometric tension transient shown in Fig. 3.2.
The resulting model has faster rates of tension development which match isometric tension
development measured experimentally, and changes in rate constants are consistent with
the temperature differences between the NHS model and body temperature. Details of

the parametrization are described in section 3.B.

3.2 Numerical methods for single cell simulations

In this section we investigate explicit numerical methods for efficiently simulating the

reduced GPB model. Any differences mentioned in this section are compared to a reference
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Figure 3.1: Comparison between the reduced 26 variable model and original 38

variable GPB model.

Panel (a) shows the differences in membrane potential, which

are dominated by a slight shift in the timing of repolarization. Panels (b) and (c)
show the concentration of free Ca?t, and Ca?" bound to troponin C, respectively.
Both of these have maximum differences near their peak value.
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Figure 3.2: Isometric twitch tension. Results of tension generation in the
reparametrized NHS model coupled to the reduced GPB model

solution of the reduced model (solved using MATLAB’s ode15s with a maximum time step
of 0.1 ms), and not the original model. First we consider techniques which can be used to
make explicit integration more stable, allowing larger time steps, without considering the
accuracy of the solver. Next, we investigate adaptive time stepping to obtain the required

accuracy, while further improving numerical stability.

3.2.1 Integration methods for Hodgkin-Huxley style gates

A commonly used integration scheme which guarantees the stability of the equations for
the Hodgkin-Huxley type gates, is the Rush-Larsen scheme (Rush and Larsen, 1978). This

is a first-order method which assumes the opening and closing rates during the time step

[t,t + At] can be taken to be approximately constant, equal to the rate at time ¢. Using

this assumption the exact solution for the fraction of open gates at t + At is given by:
gate(t + At) = gate_(t) — e 2/ eae®) (gate_(t) — gate(t)) (3.1)

Where gate_ (t) is the steady state value given the opening and closing rates at time ¢
and Tgate(t) their time scale. Alternatively, the rates can be taken to be equal to the
midpoint value, i.e. gate, ((Vin(t) + Vin(t + At))/2), to give the midpoint steady state
value gate_(t + At/2).

We propose a simpler alternative scheme, in which the normal forward Euler step is
prevented from overshooting this midpoint steady state value. That is, set gate(t + At) =
gate . (t+ At/2) whenever the value gate(t+ At)pwg given by standard forward Euler step
crosses this value (as can be checked using %(t) - (gate(t + At)pwr — gatey (t + At/2)) >
0). This is a first-order method that guarantees the gating variables will stay in their phys-
ical [0, 1] range and where solution at each step is bounded between the solutions for the
forward Euler and Rush-Larsen method. The method is referred to as the FWE, (forward

Euler/steady state) method. For single cell simulations, all of these methods work well,
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but there are small differences in the fast upstroke, which are important in monodomain

simulations, as we show in the section 3.4.

We apply the FWE,, method to the fastest gates (m,d,j), which allows for much
larger time steps. However, for steps greater than (.17 ms oscillations start to appear
in the junctional calcium component ([Ca®'];) and its remaining SLH; buffer during the
phase in which this concentration is decreasing. Note that applying a Rush-Larsen like
scheme to this buffer does not remove the instability, which seems to be caused by the
interaction between different calcium compartments and their buffers. This instability is

addressed below using an adaptive time step.

3.2.2 Adaptive time step

Computational efficiency can be further improved by making At a function of v or (31—;’.

However, the exact rule to use can be dependent on the cell model. In this particular
case, the main source of numerical error at At =~ 0.1 ms is the large overshoot in the
upstroke and subsequent reaction of the transient outward current, which significantly
affects APDyj.

To prevent this overshoot we apply an adaptive time step which limits the absolute
change in V,, to AV;;, max = 1 mV over a single integration step (similar to Luo and Rudy
(1991)), and require At < 0.05 ms when V;;, > 35 mV, to prevent a large sideways step
at the peak where the derivative is briefly ~ 0. This last condition is less important
in tissue models, where the upstroke tends to be more rounded. Secondly, we use a
similar limit to the time step for [Ca2+]j, limiting the time step such that AtJ[Ca2+]j €
[—0.001,0.0015] mM, where J[Caﬁﬂj is the sum of the fluxes in and out of the junctional
cleft. These bounds ensure a smaller step during the short phases of fast increase and

decrease in [Ca"];, and removes the instability for the [Ca?*]; component and its buffer.

The resulting method with an adaptive time step gives smooth solutions for a maximum
time step of At < 1/3 ms, shows minor oscillations for At = 0.4 ms and becomes unstable
around At = 0.5 ms, mainly due to the equations for the [Ca?*]; and [Ca’*]sr components.
We keep a maximum time step of At = 1/3 ms as standard. For this time step, differences
with a reference solution include a 0.2 ms decrease in APDgg, 0.3 mV higher spike in the
upstroke, 0.07% higher peak [Ca*"];, and 0.03% higher peak [Ca®"]1ypn.

Although the integration method is specific to the GPB cell model, the techniques

developed are more general. For example, for the TNNP and TP cell models the adaptive
time step based on % along with the specialized integration scheme for the m, d, h gates,

allows for time steps of up to 1 ms with similarly low levels of error.

Below is a pseudocode formulation of the methods used for integrating the single cell

model, including the FWE_, method and the adaptive time step. In this description, v is

the vector of state variables and f the function which returns %—;’.
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Algorithm 1: Integration scheme with adaptive time step for the GPB cell model.

V =YV
t=0
T = 1000
A7Vm,rnax =1
. = —0.001
ey, = —0.0015
At=1/3
while t < T do
% = f(ta V)
Atcurr = At

if Ateyrr |92 > AV jng, then
‘ Atcurr = AVm,ma}(/dd%
end
if V,,, > 35 then
| Ateurr = min(Ateyy, 0.05)
end

if Jjgyer) Alcurr > J723, then

\ Ateurr = T35, /et

end

if J[OzﬁﬂjAth < J{gfl’éﬂj then
‘ Atewr = [%;%ﬂj/J[Ca”]j

end

v=v+ Atcurr%
for gate € {m,d,j} do
if % - (gate — gate, (t + Atceyrr/2)) > 0 then
‘ gate = gate o (t + Atcurr/2)

end
end
t=1+ Atcurr

end

3.3 Tissue modelling

As explained in the previous chapter, cardiac tissue is modelled using continuum approxi-
mation, using the monodomain equations for electrics and nonlinear solid mechanics theory
for the deformation. These are both physically and numerically very different problems.
For the electrics problem, the computational difficulties are related to the steep wave-
front generated by the action potentials seen in typical cell models, which requires a high

resolution mesh. However, the spatial term in the problem can be reduced to a sparse
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matrix-vector solution process. The mechanics problem is computationally intensive to
solve because it is highly nonlinear, especially with the exponential increase in stress seen
in cardiac constitutive laws. There are no algorithms that are both tractable and guar-
anteed to find a solution for such systems of equations, and the calculation involved are
computationally intensive.

Because of the differences between these two problems, solving the multiple compo-
nents in a coupled electromechanical model with all their dependencies as one monolithic
system is computationally infeasible, as solving all high-dimensional cell models on a dense
grid together with the nonlinear mechanics problem would generate a very large nonlinear
system of equations. Instead, we use several numerical techniques to decouple the compo-
nents and solve each one in an efficient manner. A coupled electromechanics simulation

solved in this way consists of the following steps:

e Determine the initial deformation using any applied forces, pressures and residual

active tension. (Preload step)

e While time < feng

1. Solve the monodomain equations and single cell models for a total time of
Atmech- Sections 3.2 and 3.4 describe methods for efficiently solving these
equations. For a deformation given by a 1 Hz heart rate, the mechanics time

step can be set to Atpech = 1 ms.

2. Determine relevant cellular quantities for the mechanics model, such as the

fraction of bound crossbridges.

3. Solve for the mechanical deformation using the update method. In section 3.6

we present optimizations for this step.
4. Determine relevant mechanical quantities for the cell models, such as the active

tension or strain.

The update method, described in Niederer and Smith (2008), involves solving the

velocity dependent equations of the contraction problem (e.g. the Q; of the fading memory

model) within the Newton iterations of the mechanics solution process. This prevents
instabilities that will appear when the velocity of the previous time step is used to integrate

these equations.

The next sections describe our implementation of the monodomain and mechanics
equations separately. The coupling terms will be discussed in more detail in section 3.5.2
after both of the sub-problems have been discussed separately. Throughout the rest of
this chapter we present some novel computational methods for improving the tractability
of whole organ simulations. We start by discussing optimizations for electrophysiology,
which are also applicable outside of electromechanical models. Finally, section 3.6 presents

methods specifically for optimizing the mechanics part of a coupled simulation.
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3.3.1 Finite element method

Our computational methods for solving tissue level equations are all based primarily on
finite element methods. These are numerical techniques for approximately solving partial
differential equations. The main advantage of finite element methods is their flexibility
with respect to the geometry of the problem domain, making it very suitable for working
with model geometries derived from anatomical data. A full explanation of the finite
element method is beyond the scope of this chapter. Basic concepts are briefly explained
in this section for the sake of providing context for mathematical symbols used further on.
For details consult a text book on finite element techniques (Elman et al., 2005; Bonet
and Wood, 2008).

The finite element method is used to approximately solve equations such as
find u(x) such that vx € S f(x,u) =0 (3.2)

by converting it to a weak form:
Vo) / F(x,u)p® (x) dx =0 (3.3)
1%

and finding an approximation to the solution by solving this for a finite set of basis func-
tions {¢®)}, known as a basis. We use the standard ‘Galerkin’ finite element methods,
in which the solution u is also limited to be from a linear combination of the same basis
functions, i.e. u(z) =3, ¢® (z)ul®).

In general, the weak form requires some algebraic manipulation before being usable in
a computational setting, by introducing the boundary more explicitly using some variant
of the divergence theorem. These details are shown in the specific discretizations later in
this chapter. The resulting if f is linear in wu, such as for the monodomain and bidomain
equations, the problem can be reduced to a simple matrix-vector solution process. Other-
wise, it must be solved with a nonlinear solver such as a Newton iteration process, which

is the case in nonlinear mechanics.

3.4 Numerical methods for the monodomain model

In this section we investigate numerical methods for the monodomain model, using an
operator splitting method similar to Qu and Garfinkel (1999). This method is based on
Strang splitting (Strang, 1968), and decouples the cell models from the diffusion part of

the monodomain equations, incurring an error of the order O(At?) in the process. The

resulting method consists of the following steps:

solve d¥m = V.DVV, (3.4)

use the result to solve &¥ = f(t, Vi, V) (3.5)
1

and % = - = (Iion + IStim) (36)

dt Cm
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Where v denotes the vector of all variables of the cell model other than V,,. We use this

method over other operator splitting schemes (Whiteley, 2008) since it fully decouples

the cell models, which allows us to apply our explicit method with an adaptive time step
as developed in the previous section to simulate electrical activation efficiently. This full
decoupling also simplifies the implementation in general, allowing for a constant set of
equations, as well as easy substitution of the cell model by a different one, which is im-

portant in easily adapting the framework for different species and models.

The time-derivative in Equation 3.4 is discretized using a Crank-Nicholson approach:

Vm (t + At) - Vm (t)
At

(V-DVV;,(t) + V-DVV,,(t + At)) (3.7)

N

The spatial derivative is handled using the finite element method in our three-dimensional

model, described in section 3.4.2.

3.4.1 One-dimensional fiber
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Figure 3.3: Conduction velocity for different numerical methods. Conduction ve-
locity is shown as a function of time step taken for the Crank-Nicholson, backward
Euler, and forward Euler methods. Black line indicates At = h/CV(0.1 ms) for the
Crank-Nicholson method. The solution labelled “Rush-Larsen” uses the Rush-Larsen
scheme on the m,d,j gates, all others use the FWE, scheme for these gates. The
“multiple Forward Euler steps” method uses multiple forward Euler steps with a time
step of 0.01 ms to integrate the diffusion equations. The dashed blue line using the
new FWE scheme for the cell models combined with the Crank-Nicholson method
for the PDE indicates the solution method we use in the rest of our simulations.
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Before implementing our methods in a large three-dimensional model of the heart, we
first investigate their performance in a more tractable one-dimensional model. This model
is used to investigate the interaction with the proposed cell model solver, and its conver-
gence properties related to the time step used. Our one-dimensional model is a simple
10 mm long fiber with nodes spaced 0.1 mm apart, and a finite differences discretization
of the diffusion equation, implemented in MATLAB. To determine the method’s accuracy
we measure the conduction velocity, using a best linear fit to the upstroke times between
x =3 mm and x = 7 mm to ensure boundary effects will not contaminate the results. We

use D = 0.125 mm?/ms to get a CV of approximately 0.75 mm/ms.

Fig. 3.3 shows the conduction velocity for different integration methods for the diffu-
sion equation. The forward Euler method quickly loses accuracy and becomes unstable at
PDE time steps Atmono > 0.04 ms, consistent with standard stability analysis. This is very
restrictive considering the allowed time step for the cell model, but it is still possible to
use this method by integrating over a larger amount of time using several smaller forward
Euler steps. Comparing the backward Euler and Crank-Nicholson methods shows that the
latter is far more accurate, as can be expected from a second order method, at no signif-
icant extra cost. Further examining the accuracy of the Crank-Nicholson method shows
the maximum time step for an accurate solution to be around Atpeno = 0.1 —0.15 ms,
similar to the time step Atmono < h/CV = 0.13 ms given by the Courant-Friedrich-Lewy
condition for a wave travelling at the conduction velocity. Essentially, the cell models need
to be updated using the ODE solution process after the wave front has reached them, oth-
erwise conduction velocity slows as the large effects from cells activating their neighbours

are delayed.

For greater time steps, the wave travels through multiple grid points in a single integra-
tion step, reducing the speed of the reaction-diffusion process. This near-constant CV only
appears when using the FWE, scheme. Using the Rush-Larsen method, the CV starts
decreasing immediately. The exact reason for this is difficult to determine, but seems to
be related to the FWE,, method giving a faster upstroke combined with the way the dif-
fusion current is added by our operator splitting method. Similar differences between the
methods were found in experiments using the TNNP and TP models. Considering these
results we apply the Crank-Nicholson method with a time step of 0.1 ms, in combination

with the FWE,, scheme for the cell models, in subsequent simulations.

3.4.2 Finite element discretization

For a three-dimensional monodomain problem on an irregular geometry, Equation 3.7
is discretized using a finite element approach in space. We use linear basis functions

#M ... ¢ throughout in solving the monodomain equations.

Converting the term V- DVYV,, to a weak form, and use of integration by parts assum-
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ing a zero-flux boundary condition yields:

/ng(k)v.[)vvm dv = — /V ZDU ags;k) Z 8¢(l> = _A{/‘m (3.8)
. 80 3¢(k)

where Ay = Z Dij e, AV (3.9)

(3.10)

Where Vy, = ( 28 ..Vn(ln)) = (Vm(x(l)) . ..Vm(x(”))>, and ¢(*) is the basis function
such that ¢(*) (z;) = dy;.

Similarly
/¢<k>vm v = /¢ ) AV = MV, (3.11)
y
where My, = / qﬁ(l)¢(k) dv (3.12)
1%
(3.13)

Using these two derivations, Equation 3.7 becomes the matrix-vector problem:
M A\ -~ M A\ -
— 4+ = m At)=|—— = m .14
<At+2>v (t + At) <At 2)V (t) (3.14)

This calculation can be simplified using the mass-lumped approximation M instead of
M, where:

My, = 6x / o®) av (3.15)
14

3.4.3 3D fiber model

Our first three-dimensional model is of a 8 x 1 x 1 mm fiber with a regular hexahedral grid
using 0.1 mm spacing. We tested our monodomain method and conductivity parameter
D = diag <1.25, %, %) in this model*, by activating the fiber at the leftmost 0.5 mm
slice and measuring CV between x = 2 — 7 mm. To measure transverse CV we switch
fiber directions to a short axis. Results are shown in Table 3.1, and are consistent with
the one-dimensional results. Using the Rush-Larsen method instead, once again leads to

significant decrease in conduction velocity.

3.4.4 Adaptive time step

Results presented in section 3.4.1 show a limit of approximately 0.1 ms to our monodomain

solution method. However, the time step for the cell model integration scheme could
potentially be several times greater, as we demonstrated in section 3.2.2.

Solving the monodomain example further shows that after depolarization, diffusion

*i.e. a transversely isotropic conductivity chosen such that the transverse conduction velocity is expected
to be % that of the conduction velocity in the fiber direction.
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h (mm) 1/20 1/10 1/5 1/4 1/2 | Experimental
Long. CV | 0.769 0.758 0.725 0.704 0.588 | 0.741 £ 0.068
Trans. CV | 0.342 0.325 0.281 0.256 0.160 | 0.331 =+ 0.040
Ratio 225 233 258 2775 368 |22+£02

Table 3.1: Conduction velocities for different mesh resolutions. CV is shown in
mm/ms along with the ratio of longitudinal to transverse CV in the 3D fiber problem
for several grid resolutions h on the regular hexahedral mesh. Experimental data from
Doi et al. (2003) is from their in vivo measurements on healthy human controls.

is limited, so the time step during this phase could be increased, thereby lifting this
limit and increasing the efficiency of both the PDE and ODE solvers. This potential was
exploited by using an adaptive time step which depends on the value of max \%27‘2/\, which
is around 4000 V/mm? during activation but less than 0.2 V/mm? during the larger part
of repolarization. We use a larger (1/3 ms) or smaller (0.1 ms) time step depending on

2%V
Ox?

clear phase during depolarization in which the smaller time step is taken. When using

whether max |%—|/(previous At) is above or below some threshold 6;. This results in a
a criterion independent of the previous time step, there is a tendency to quickly switch
between the different time steps at certain phases, as |%2T‘2/| is dependent on the previous
step taken in the cell model integrator.

We can also derive and apply an adaptive time step for our 3D finite element model.
Adaptivity in such a model can be implemented using a threshold based on a measure of

diffusion derived from the forward Euler discretization:
(—M—lA) Vi ~ V- (DVV,,) (3.16)

As determining M ~!is far more time- and memory efficient than calculating M !, we
use this approximation throughout our monodomain implementation.

Using this method combined with the adaptive time step to simulate 1000 ms of con-
traction and relaxation in our fiber takes 3110 time steps in total (157 small steps, 2953
large steps), compared to about 10,000 for an accurate nonadaptive implicit scheme, and
50,000 for forward Euler integration with time step 0.02 ms. The underlying cell model is
called approximately 3900 times per cell. The resulting conduction velocity is identical to
using a constant 0.1 ms time step for the diffusion equation, and APDgqy values are around
0.1 ms lower. Compared to a reference solution using a time step of 0.01 ms, APDgg val-
ues show a similar distribution over the length of the fiber, and are all approximately
0.2 — 0.3 ms lower. These differences can all be expected from the accuracy of the cell

model solver as discussed in section 3.2.2.

3.5 Numerical methods for electromechanics

This section describes the discretization of the solid mechanics equations introduced in the

previous chapter, and completes the coupling of the electrical and mechanical problems.
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The resulting electromechanical model is used to test several optimization methods related

to solving the mechanics equations as part of a coupled multiphysics simulation.

3.5.1 Finite element discretization of the mechanics problem

The implementation of the mechanics problem is also based on the finite element methods,
although there are some notable differences due to the fact that this is a nonlinear problem.
For the governing equations, recall the balance of stresses (Equation 2.25). If we define

05+ as the column vector representing the jth row of o, this can be written as:
Vj: divoj, =0, (3.17)
Which has the weak form:

VR - / ¢®div o5, dV =0, (3.18)
1%

Using the divergence theorem fv F.gradg + g (divF)dV = fszav gF -n dS, this results

n:

(k) - / oW div oy, dV = / oW e, -n dS — / i« -grado® dV =0 (3.19)
1% S 14

Since t = on:

' a¢(k)
(B - ) av — [ t.0® 48 = 2
V"V /V EZ 0ji o, V4 /S e S=0 (3.20)

Using Equation 2.26 and incompressibility, the second Piola-Kirchoff form of the weak

form can be expressed as:

. oz, O
YY) : Ry(%,p) /Z MNa)? afc dv — /]gﬁ ds =0 (3.21)

Where x = <x§1),$é ),a:g ),a:f). (")> P = (p(l)...p(m)). This equation, with the
integrals evaluated using Gaussian integration, forms the basis for our implementation of
the solid mechanics problem. The second term is calculated using boundary conditions for
t. The first term can be evaluated using the constitutive law for T', pre-calculated values

of the basis functions, and the deformation gradient F', which is calculated using

dz: d (k) () d
Fj= %= 20t il (3.22)
dX; dX; dX;
The basis function derivatives are pre-calculated using dd’ o =3 dffék) (?% where C?% is
1 4R

. . c . . (M)
determined using a matrix inversion and Y =>. ﬁTXJ( ).
i l
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The incompressibility constraint also has a weak form:
Vk e [1.m]: Qu(x) = / Y ®) (det F—1) dV =0 (3.23)
1%

The basis functions @) ... 9™ are the same as those used to represent the hydrostatic
pressure as p(x) = » ) (x)pF). We use trilinear basis functions for the 1*), and
tricubic Hermite for ¢(®) to ensures continuity of the stresses and strains in the solution
(Bradley et al., 1997; Smith et al., 2004).

The resulting 3n + m variables X, p can be solved using the in 3n + m constraints

Ry;, Q using a root finding procedure. In our implementation a Newton solver is used,
combined with a simple line search method which repeatedly halves the search step to
prevent the residual from increasing too much. Although most details of this methods are

handled by the software package PETSc, the approach is shown in algorithm 2.
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Algorithm 2: Newton Solver with line search.

atol = 107° ; // convergence threshold

oy =1.05; // maximal increase in norm of residual early on
ap =5 ; // maximal increase in norm of residual later in the search

A, =1073; // step size threshold
iter, =30 ; // iterations threshold
function residual(x, p) begin

‘ return (Rn(f{, P). .. Ru3(x,p) Q1(%)... Qm(i))

end
function Jacobian(x, p) begin

end

function newton-solve(X, p) begin
r = residual(x, p);

iter = 0; while ||r|| > atol do
iter = iter +1;

J = Jacobian(x, p);

Axp = —J 'r;
A=2;
repeat

A= \/2;

(Xn, Bn) = (X, D) + AA@p;
r, = I'eSidual()in7 ﬁn)’

(x,p) = (X,p) + AAzp;
r =Ty,

end
end

OR11
8p<m>

aRnS
8])(771)
0

// entries determined using finite differences
OR1y OR11 ORu1
oz 7 gz gp(D)
aRnB 8Rn3 8Rn?)
oz 7 gz gp(h)
return 90, 90, 0
oz 7 9gn)
dQ’"L an O

until ||r,|| < oy lI7ll or (|Irall < agllr]l and (iter > iters, or A < Ap));
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3.5.2 Electromechanical coupling

Several quantities still need to be interpolated between the different steps of solving the
mechanics and electrics problems. From the finer electrics mesh to the Gaussian quadra-
ture points of the courser mechanics mesh, we interpolate the value of z to each of the
mechanics Gauss points using trilinear interpolation.

From the mechanics to the electrics, we need to determine the extension ratio A at the
electrophysiology grid points. This can be done efficiently by using A = || fz||/|| fx | where
fo= (31—2‘ fe (likewise for fx) and f¢ = (cosa,sina,0) is the fiber direction in the reference
element for a fiber angle «.

Finally, we need the strain and active tension in each of the cell grid points for terms
involving length-dependent or tension-dependent binding. Interpolating this from Gauss
points back to the electrophysiology grid is problematic, since the Gauss points have much
lower resolution and do not extend to the boundaries. The solution we propose involves
storing separate values for the state variables w at the electrophysiology grid points. When
determining the new value for A\, we integrate the state variables to determine the length-

and velocity-dependent active tension at each grid point.

3.6 Optimizing repeated mechanics solutions

Depending on the number of electrophysiology nodes and number of processors used, either
mechanics or electrics may dominate the runtime of the solution process. Algorithmic
improvements to the repeated mechanics solution process could thus significantly speed
up the coupled solution process.

The most computationally expensive aspects of the mechanics solver are determining
the Jacobian of the nonlinear system, and solving the resulting linear system in the Newton
iteration, so an effective way to reduce the total simulation time is to reduce the total
number of these full Newton iterations needed. We will cover three different methods for

accomplishing this.

3.6.1 Strain prediction

We propose to use a technique to reduce the number of iterations needed, using a prediction
of the mechanical deformation at the next time step. Such techniques have been applied

before (e.g. in structural mechanics (Eriksson, 1993)), but their effectiveness is highly

problem dependent and they have not been applied previously in cardiac electromechanics,
where length- and velocity-dependent active contraction uniquely drives the deformation.

Changes in the deformation between the 1 ms time steps are small, and stress and
strain are generally smooth over time, so a prediction derived by extrapolating from the
previous solutions will likely be closer to this solution than directly using the previous
solution. Since Newton iterations tend to converge faster when the initial guess is close to

the converged solution, this will speed up the overall solution process.
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The effectiveness of this approach is demonstrated in section 3.7 by using linear,
quadratic and cubic extrapolation. The use of exact polynomial fits to solutions may
cause some overfitting when higher order polynomials are combined with potential small
errors in the solution due to the convergence criterion. In an attempt to prevent this, we
have also tested a “best fit” extrapolation using more previous solutions, which is more
likely to detect the general trend in changes while ignoring small deviations. To determine
the least squares best fit of order n, > &, a;t’, to data points d(t;),j = 1...m, we solve
the linear system Aa = b where Ay = > 7", t;?H*Q, by =", d(t)t™ L. See Fig. 3.4 for
an example which shows the different types of extrapolation for a single degree of freedom.

These techniques can be used during the simulation phase, as well as in the preload

phase when the force is slowly increased over several load increments.
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Figure 3.4: Schematic illustrating the different methods for predicting the next
solution for a degree of freedom using extrapolation. The circles indicate previous
solutions, and the three squares indicate the three different predictions at time = 6.
The red line uses the default method of no extrapolation, the blue line uses an exact
quadratic fit over three previous solutions, and the green line uses a best cubic fit over
five previous solutions. Since an exact cubic fit would take four data points, this last
extrapolation corresponds to “Order 3, best fit (+1)” in results presented in Table
3.2.

3.6.2 Modified Newton methods

An additional way to avoid calculating the Jacobian is to keep it constant over several
iterations. This will reduce the convergence rate, but make each iteration much less

computationally expensive. We use a strategy similar to the “N2” method from Linge

et al. (2005), updating the Jacobian when convergence is slow, specifically if convergence

is expected to take > 20 iterations given the ratio of the norms of the last two residuals.
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3.6.3 Matrix-free solvers

A third way to avoid calculating the Jacobian is the use of Jacobian-Free Newton-Krylov
methods which allow for taking a Newton step without requiring the evaluation of a

Jacobian. An overview of these methods is given by Knoll and Keyes (2004). They are

based on the observation that for a Jacobian at xo, J(xo) = 4£(x¢) and vector x, the

Jacobian-vector product can be approximated by just one evaluation of f:

f(xo + hx) — f(x0)

J(x0)x ~ A

(3.24)

When using Krylov subspace methods, the Jacobian appears only in these matrix-vector
products, and in GMRES specifically we need only one such product per iteration. A
JFNK solver will be more efficient as long as the linear system can be solved within a few
hundred GMRES iterations. In practice this is not sufficient to lead to a solution in later
Newton iterations, which is likely caused by the fact that there is no simple way to use a

preconditioner (Knoll and Keyes, 2004). However, it does often lead to rapid decrease in

the residual at the beginning of the solution process. We therefore switch to our normal
solver when the JFNK solver fails to reduce the norm of the residual of the linear system
by at least 90% within 100 GMRES iterations for 3 consecutive Newton iterations. In the
normal Newton solver we calculate the full Jacobian and solve the linear systems using
UMFPACK (Davis, 2004).

Both the modified Newton and matrix-free method will generally use more residual
evaluations, but with fewer evaluations of the Jacobian. We will test these methods only
on 3D problems, where the relative computational cost of evaluating a Jacobian is much

greater compared to evaluating a residual.

3.7 Models and results

We also used the fiber model to investigate the performance of the extrapolation methods,
by coupling the electrics to a one-dimensional mechanics model with quadratic/linear
finite elements and a Mooney-Rivlin constitutive law. Results for a fiber with a fixed
left boundary and free right boundary are shown in Table 3.2. These show even simple

extrapolation as outlined in section 3.6.1 can lead to large improvements in performance.

In the one-dimensional case, the number of Newton iterations can be further reduced
if the residuals for several extrapolated candidate starting points are evaluated and the
best one used as the starting point of the solution process. Since in three-dimensional
cubic Hermite finite elements, a full Newton iteration is over two orders of magnitudes
more expensive than a simple residual evaluation, considering multiple extrapolations
and modified Newton iterations is more important. Therefore, we always try several
candidate solutions in the three-dimensional case, and present the results by maximum

order included.
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Order | Exact fit Best fit (+1) Best fit (42)
0 4205 - -
1 2241 2318 2385
2 1525 1411 1216
3 1499 1159 1343

Table 3.2: Newton iterations required for the 1D fiber problem. Shown are the
number of iterations required for 2000 ms of simulation time in the 1D fiber problem,
using better initial guesses for the mechanics solution. Best fit (+1) and (+2) use 1
and 2 more previous points than required for an exact fit, respectively.

3.7.1 3D Fiber

(a) 3D Fiber (b) Left ventricle

Figure 3.5: Problem setup for the three-dimensional models. Panel (a) shows the
3D fiber, with the fixed left side indicated in blue, and the flat side with applied force
indicated in red. Panel (b) shows the personalized mesh of a human left ventricle,
where the blue nodes have extra stiffness and the blue nodes at the base have boundary
conditions on their z position and derivatives to ensure a flat surface throughout the
solution process. The position of the rightmost node with a green dot is fixed in the
x,y, z directions, while the leftmost one is fixed along the y, z directions. Nodes at
the apex with a yellow dot are part of multiple collapsed elements and have their
derivatives fixed to zero.

Our first three-dimensional model is that of the 8 x 1 x 1 mm fiber, which we model
using 32 tricubic Hermite elements, with the fiber direction along the long axis (see Fig.
3.5(a)). For electrophysiology we keep our regular hexahedral grid with 0.1 mm spacing.

For testing the optimization of our mechanics implementation, we add mechanical
boundary conditions: a completely fixed left side, fixed derivatives to give a flat right side
é% = (% = 65822;53 = 0, and a 10 kPa force applied at the right end which extends the
fiber. Electrical activation for our coupled simulation consist of an intracellular stimulus

in the sphere ||x|| < 0.5 mm at one corner, to induce a slight bend in the fiber as tension
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is generated earlier at this corner. Results for the strain prediction and modified Newton
methods are shown in Table 3.3. The JNFK methods can have some impact in the context
of non-modified Newton methods, but are ineffective compared to the best results here,

and we have not included them in further comparisons.

3.7.2 Human left ventricle

For our next test of the improved mechanics solver, we use a 112 element cubic Hermite
mesh of the left ventricle fitted to human patient data (Lamata et al., 2010) (see Fig.
3.5(b)). Fiber directions with transmural and apex-to-base heterogeneity were automati-

cally generated based on data by Usyk et al. (2000). For boundary conditions we fix the

base to be fixed and flat in z, fix one node on epicardium at the base completely, and
fix the one on opposite side in just the y position. We also fix all derivatives to be 0 for
the three nodes at the apex, and apply a constant 1 kPa cavity pressure. Furthermore,
we increase the stiffness for the nodes at the base by doubling Cy (and interpolating the
constitutive parameters linearly within elements), to account for the interaction with the

rest of the heart, as well as near the apex as in Nickerson et al. (2005). We use Gaussian

integration, which avoids determining any quantities at the singularity in fiber directions
at the apex. The relatively course hexahedral electrophysiology grid was generated reg-
ularly spaced in the mechanics finite elements reference space and consist of 3.98 million
nodes spaced at most 0.5 mm apart. We increase the conductivity to compensate for the
course grid and stimulate in a 4 mm high section in the middle of the heart (see figure 3.6).
The main purpose of the model is as a numerical testbed rather than a clinically relevant
tool, and to show that results on a realistic geometry can be quite different compared to
simple geometries applied in other studies. The resulting number of Newton iterations,

Jacobian evaluations and CPU time needed can be seen in Table 3.4.

The results show that modified Newton methods are very effective at reducing the
number of Jacobians required in the solution process. As these are computationally in-
tensive to obtain, this method decreases CPU time by as much as a factor 100 in the fiber
model, even though the required number of Newton iterations can increase. In all cases,
predicting the next solution using extrapolation methods is also effective, further reducing
CPU time and the required number of Jacobians, as well as the number of iterations.
Combined they result in a 99.6% reduction in the number of Jacobians in the LV problem,
resulting in a 98% reduction in computational time, even when the required number of
iterations doubles. Fastest simulations in this section took around 7 hours on a single
processor, divided between around 86% in solving electrics, 3% in solving mechanics and

11% in coupling routines.
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Mod. Newton JFNK Extrap. | Iter. Jac. CPU (h)
off off off 2815 2815 3.08
off off on 664 664 0.72
off on off 2409 2409 3.11
off on on 865 865 1.36
on off off 8355 22 0.06
on off on 1546 16 0.03

Table 3.3: Results for the 3D fiber problem. Shown are the total number of
Newton iterations, Jacobians calculated, and CPU time of the mechanical part for
10 preload steps and 1000 solver steps of 1 ms each in solving the 3D fiber problem,
with a tolerance ||residual| < 107°. The experiments with modified Newton “on”
use the “N2” method from Linge et al. (2005), JENK ‘on’ start the solution process
with a Jacobian-free Newton-Krylov solver before switching to a normal solver when
convergence slows down, and extrapolation “on” tests several extrapolated solutions,
and use the one with the lowest residual as the starting point for the solution process,
including exact fits up to cubic, and quadratic and cubic best fits over five previous
solutions, as in the quadratic best fit (+2) and cubic best fit (+1) in Table 3.2.

Mod. Newton Extrap. | Iter. Jac CPU (h)
off off 3155 3155 15.15
off on 894 894 6.12
on off 18430 27 0.51
on on 6385 12 0.28

Table 3.4: Results for the human left ventricle problem. Shown are the total number
of Newton iterations for 100 preload steps and 1000 time steps of 1 ms each in solving
the human left ventricle problem, with the same setup as used in the experiments
from Table 3.3.
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Figure 3.6: Results for the human left ventricle problem. Panels A-F show the
deformation and electrical activity on the endocardium at 0,25, 125,225, 325,425 ms
simulation time respectively. The stimulation site can be seen in panel B as the region

of early activation.
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3.8 Discussion

This chapter presented an integrated set of numerical methods to speed up multiple as-
pects of solving a strongly coupled electromechanical model, which forms the basis of our
electromechanical mouse modelling framework.

Our model includes several feedback mechanisms: influence of sarcomere length on ten-
sion, velocity dependent crossbridge kinetics and length- and tension-dependent binding
rates. Furthermore, the framework proposed here can readily include stretch-activated
channels, whereby mechanical deformation influences the cellular electrophysiology, al-

though there is still significant debate over their basic mechanism (Kohl and Sachs, 2001).

This will allow for sufficient flexibility in substituting a different contraction model, re-
gardless of which feedback mechanisms need to be investigated.

For the monodomain model we developed a method which allows a PDE time step of
0.1 ms with no significant impact on conduction velocity and adaptivity which increases
this limit. Our cell model integrator complements this solver, as it allows taking similarly
large ODE time steps. These methods can be applied in simulating cardiac conduction,
as well as both weakly and strongly coupled electromechanical models.

Specifically for electromechanical models we suggested a technique for improving the
starting point of the nonlinear solver, by predicting the next solution from the previous
ones. These methods were found to be effective on 3D finite element problems, where they
can save 70 — 75% of the computational time for mechanics, in a non-modified Newton
setting. Use of a modified Newton method which keeps the Jacobian constant over several
time steps, changes the impact of the extrapolation methods. They can reduce both the
total number of iterations needed and number of Jacobians calculated, but with a lower
computational cost in general, the absolute reduction in CPU time is smaller.

Jacobian-free Newton-Krylov methods were also investigated, but were not effective
combined with a modified Newton method. This lack of effectiveness of JFNK methods
is related to both the ability to re-use the LU factorization when a direct solver is used in
a modified Newton method setting, as well as the lower number of residual calculations
required, which changes the balance of efficiency such that iterative methods are less
competitive.

The impact of these methods on performance depends largely on the size of the heart.
The mechanics problem has fewer degrees of freedom, but involves solving a nonlinear
system and is more difficult to parallelize. Also, models of smaller hearts (e.g. mice, rats)
have approximately the same number of mechanics elements, but far fewer electrophys-
iology nodes, which makes optimizing the mechanics part of the model relatively more
important. On larger hearts, the electrics solution process is an important factor in total
runtime. For such larger hearts with dense electrophysiology grids, solving the electro-
physiology system on tens of millions of nodes would dominate the solution process even
more. This also brings with it a large memory requirement, as storing large linear system
and preconditioner and the variables for a complex cell model takes over 45 GB of mem-

ory for 32 million nodes. This is a major remaining challenge for running these kind of
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simulations without supercomputing power, and the main reason for the coarse grid used

in section 3.7.2. However, for work on smaller mouse hearts in the following chapters, per-

formance of the monodomain solver is less relevant, and the improved numerical methods
for mechanics will translate directly into significant speedup.

There are also a number of weaknesses in our current approach which were revealed in
using this framework. Although the monodomain solver performs adequately for our pur-
pose, it has a weakness that was revealed by later research. When tested in a benchmark

of monodomain solvers (Niederer et al., 2011b), it was revealed that although convergence

of the solver with respect to larger time steps is good, other numerical methods have bet-
ter spatial convergence properties. This seems to be related in part due to the choice of

mass lumping (Pathmanathan et al., 2012). Using M only for speeding up the adaptivity

criterion, and using the full matrix in the discretization, would lead to improved spatial
convergence properties without significant loss of efficiency. Furthermore, although spe-
cialized cell model solvers, such as the one we developed for the GPB model, can be very
efficient, they can take some effort to develop and don’t generalize to other families of
models, including the mouse electrophysiology model used in the next chapter.

Finally, the use of truncated left ventricular models leads to some ambiguity with re-
spect to the boundary conditions at the base. The determination of an optimal choice for
these mechanical boundary conditions remains a challenge. Previous solutions have in-

cluded similar increased stiffness (Nickerson et al., 2005), a fixed base plane (Keldermann

et al., 2010) or epicardium (Niederer and Smith, 2009), and prescribing this boundary

based on MRI data (Xi et al., 2011). Prescribing the motion is not an option for our par-

ticular simulations, and which of the remaining choices leads to more accurate predictions

is still unknown.
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These appendices expand on some technical details of reducing the GPB model, and

parametrizing the contraction model.

3.A Details of simplifying the GPB model

We consider several ways of simplifying the GPB model, making it more efficient for sim-
ulating cardiac electrophysiology, using standard techniques from the literature. These
simplifications also remove some of the stiffness in the model, which enables effective
application of the explicit methods we describe in section 3.2. In all experiments we
use the epicardial version of the model, stimulated at mod(¢, period) € [10,11) ms by

Ipp = 52 mV /ms. We use the same notation as in the supplement to Grandi et al. (2010).

3.A.1 QSS formulation of the calsequestrin buffer

The first technique to reduce the number of equations we use involves replacing an equation

for a buffer b with maximum capacity b; for a free concentration c,

b = Kone(br — b) — kogth, (3.25)
e = fle,...)— <, (3.26)

. N . o o d _ 1 _ b K
with its quasi-steady state (QSS) approximation G = 135 f(c,...) where 6 = (Kt—&—c)2 and

K = kofi/kon (see (Keener and Sneyd, 1998) for details).

The rate of change in the calcium concentration in the sarcoplasmic reticulum (d(’:i%)
is given by;
dCGSR meo dqun
dt = JSQT‘C(l - (JSRleak‘/ST + JSRCarcl - dt : (327)

Vingo . . . .
Where Jserca, JSRy, o T2, JSRegre A€ calcium fluxes in and out of the sarcoplasmic retic-
ulum and Cjgp, is the concentration of calcium bound to calsequestrin in the sarcoplasmic

reticulum. By applying a rapid buffering approximation this equation is changed to:

dCaSR 1 Vm 0
dt = (JSET‘CG, - <JSRleak‘/;: + JSRCaTel)) (328)

B 1+ Hcsqn

Bmaz e ,Kcsqn
Where Ocsqn = (Kmq::k#m)z and Kesgn = Kof fosgn/Konesgns Where kon s koff..q, are the
binding and unbinding rates of calcium to calsequestrin and Bjaz,,,, is the maximum

buffer capacity.

3.A.2 Fixed sodium concentrations

Another technique is to set concentrations which do not vary much over a single cardiac
cycle to be constant. There are 5 variables which describe sodium concentrations in the

cytosol, junctional cleft and subsarcolemmal space, as well as buffers in the junctional
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cleft and subsarcolemmal space. However, none of these vary sufficiently over the course
of a single action potential to have a large impact on model predictions. The intracellular

sodium concentrations vary little over the course of a single beat (Na; changes less than <
dNa; __ dNaj _ dNag __
t = = =0
dt dt dt
and remove equations for their buffers Na B; and Napg,. We set the concentrations to a

0.1%), and can be set to a constant value. For this change we se

constant value, after pacing the model at a certain frequency for 100 beats. Differences
after eliminating these equations are small (Table 3.5, row “ Fixed sodium”), including only

a 0.15 mV higher membrane potential during upstroke and 0.3 ms slower repolarization.

3.A.3 Myo and TnCh calcium buffers

Similarly, buffering to myosin and high-affinity binding site of troponin also has a limited
effect. Replacing the buffers by algebraic equations using a quasi-steady state assumption

is not possible due to the low binding rates, so we choose to completely eliminate these

buffers from the model, setting the equations for them to d]\gi"’c = d]\{ffm = dT:fh"‘ =

dTZtChC = 0. Differences in Table 3.5 (rows “No TnCh buffers” and “No Myo buffers”)

show that removing the extra troponin buffers has the largest effect and removing the

myosin buffers has a smaller additional effect on the calcium transient. In later sections
any mention of the concentration of calcium ions bound to troponin C ([Ca®"]1ypy) refers

exclusively to the low-affinity binding site which drives contraction.

3.A.4 Quasi-steady state formulation of the subsarcolemmal and

junctional buffers

The last change involves fast buffering approximations to some of the subsarcolemmal and
junctional buffers This change is applied much like the formulation of the calsequestrin
buffer. Define:

Ksll = koffsll/konsu (329)
Bma:c ow -Ksll

O, = = ]2+ 5 (3.30)
(Ksu + [Ca ]J)

KSlh = koffslh/konslh (3~31)
Bz i -Kslh

Osin;, = = gh;r 5 (3.32)
(Ksm + [Ca ]J>

d[Ca2*]; dSLH; dSLL;
[ = ]J — J[Ca2+]j — TJ _ T J (333)

Where we define J[Ca2+}j as all the fluxes in and out of the junctional cleft unrelated to
buffering.

The model we use only makes the assumption of a quasistatic state for the SLL buffer,
dSLL; _ o d[Ca?*];
dat — sl T dt

using to end up with:

d[Ca2+]j N 1
dt 14 93”].

<J[Caz+]j — 45LA ) (3.34)
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. 247,
Further applying the quasistatic formulation of the SLH buffer dS(iHJ = Osin; d[C;t l;

gives the formulation for both buffers eliminated, which is:

d[Ca%]j _ 1 J
dt 1+ 0, + Oan, [Ca*"];

(3.35)

However, we did not use this formulation as it results in larger changes in key variables.
Equivalent changes can be applied to the subsarcolemmal space (subscripts j replaced by
sl in equations). This results in slightly lower peak concentrations in these compartments,
resulting in slightly lower peak [Ca?']; as can be seen in Table 3.5 (“QSS SLL buffers”).

Applying the same technique to the high-affinity buffers in these compartments, or
to the ryanodine subsystem (as in the TP model, where a similar model reduction was

performed (ten Tusscher and Panfilov, 2006)) results in significant changes in peak [Ca®"];

timing, because of the slow (1/kog =~ 15-30 ms) time scales involved, so we have left the

original formulations unchanged.

Simplification #ODE APDgy  Peak [Ca’"]; Peak [Ca®"|1ypn
QSS CSQN buffer | 37 - +0.06% +0.03%

Fixed sodium 32 +0.3ms +0.19% +0.05%

No TnCh buffers | 30 +0.7ms +1.2% +0.8%

No Myo buffers 28 +0.7ms +1.4% +1%

QSS SLL buffers | 26 +0.6 ms +1.5% +1%

Table 3.5: Differences for important variables in the GPB model after reducing
the number of equations. #0ODE indicates the number of ordinary differential
equations in the reduced models. All differences are compared to the original model,
at 1 Hz pacing.

3.B Parametrization of the contraction model

This section describes in detail the re-parametrization of the NHS rat contraction model
to represent human muscle. Currently available experimental data are insufficient to fully
reparametrize the model, but does allow us to fit the most important parameters to give
sufficiently physiological whole-organ function to test our solution methods. We start by
adding the tension-dependent unbinding of Ca?* from troponin C from the NHS model
to the GPB model, by introducing a tension dependence in the troponin C unbinding
coefficient within the GPB model:

Ty
kog = k . 0.1,1— 3.36
off refoff * 1MaX < ) ’YTref) ( )

We keep the original value of v, and now need to estimate kefofr, taking into account the

peak T, . 27
Tret ~ 56.2

at A = 1 as in the original model, and assuming the single cell values reflect isometric

lower tension-dependent unbinding at higher levels of tension. Assuming

tension, we can define a simple tension curve with this % and approximate time to
re
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peak and relaxation of tension. Using this as input to our coupled model, we estimated
krefoft as 5% higher than the GPB value of kog, at which the tension-dependent [Ca”]rﬁpn

curve is a good match for the original one of the GPB model.

Values of peak tension during a twitch from experimental data vary around 20 — 50 kPa

in single cells generating maximum tension (Mulieri et al., 1992; Pieske et al., 1996). We

use a reference tension of Ty = 100 kPa, which has been shown to be consistent with

whole-organ contraction(Niederer and Smith, 2009). This corresponds to around 45 kPa

peak tension in an isometric twitch at resting sarcomere length.

Next, we determine the Hill coefficient, which determines the steepness of the steady
state relationship between force and [Ca®T]; (Bers, 2001). Force-pCa curves vary depend-

ing on sarcomere length and temperature, with Hill coefficients ranging from 2.0-6.5 have

been reported in a variety of mammals (Yue et al., 1986; Hunter et al., 1998; Niederer et al.,

2006). There is limited data on intact cardiac muscle in humans at body temperature,

but Gwathmey and Hajjar (1990) reported a Hill coefficient of around 5 in intact human

cardiac muscle at 30 °C, which is consistent with values observed at that temperature in
other species. We set the Hill coefficient to n = 5 in accordance with the best available

data in intact fiber at higher temperatures.

Similar to our process for determining T;.¢, we set [Ca2+]50 to the same fraction of the
peak [Ca?T]; as in the NHS model, resulting in a value of [Ca®T]50 = 0.25 uM. This is quite
low compared to experimental data, which includes [Ca®"]5q in ferrets as 0.44uM at 30 °C
(Yue et al., 1986) and [Ca®T]5 in humans as 0.58uM at 30 °C (Gwathmey and Hajjar,
1990). However these comparisons are made in the context of the general lack of data

for intact human cardiac muscle at body temperature, and this low value is also a direct

consequence of peak [Ca2+]i in the GPB model, which is at the lower end of experimentally
observed values. For coupling to other electrophysiology models this parameter should be

adjusted according to peak [Ca®"];.

Removal of the cooperative unbinding term in the equation for actin binding (a2 = 0)
gives a tension transient that can not both reach a high maximum and relax to low levels
of tension, which shows the importance of this term. Including the half-activation value
K, for cooperative unbinding in optimization results in a very low K, since this adds a
constant unbinding factor which makes it easier to achieve better relaxation. However, this
is also highly unrealistic. Setting K, = 0.1 is sufficient to give better relaxation overall,
so we do not include in further optimization. We are left with three free parameters,
the binding and unbinding rates «q, a1 and .. To constrain our optimization we use
a common measure of how reaction rates in biological systems change when temperature

increases, known as the Q10 value:

10/(T2—T1)
i > (3.37)

10=1| —
Q= (3
Where R, Ry are the reaction rates at temperatures T7,7T5. For biological systems, the
Q10 value is generally between 1 and 3, which corresponds to a maximum 270% increase

when changing the temperature from 25 °C to 37 °C. Using simulated annealing to fit
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the parameters to experimental data for time to peak tension (TPT), and time to 50%
and 95% relaxation (RT5p, RTg5), as well as low levels of resting tension, restricted to
these Q10 values, we arrive at values shown in Table 3.6, which show consistent Q10
values across all three parameters. These values give a peak tension of 46.3 kPa, tension
at 990 ms after activation of 1.9 kPa, and relaxation times consistent with experimental
data, as shown in Table 3.7 (“Reparametrization”). Fig. 3.2 shows the resulting tension

transient for an isometric twitch in a single cell.

Parameter Trer [Ca®T]50 op o 09 K,
Original 56.2 kPa 1.05 uM  8/s 2/s 1.75/s 0.15
Reparametrization | 100 kPa 0.25 uM  22.3/s 5.2/s  4.6/s 0.10
Q10 23 22 22

Table 3.6: New parameters for the NHS active contraction framework. Shown
are the parameters we use to simulate human cells at body temperature. Note that
Q10 values only apply to binding rates.

Source TPT (ms) RTso (ms) RTys (ms)
Mulieri et al. (1992) 157 + 10 117+ 8 -
Pieske et al. (1996) 165+ 7 116 + 6 334 + 43
Reparametrized coupled model 146 123 330

Table 3.7: Tension development in isometric twitch. Shown are the time to

peak tension (TPT) from onset of tension and time to 50% (RT50) and 95% (RTgs5)
relaxation from peak tension. For the models we use a rate of increase in tension
greater than 0.01 kPa/ms as threshold to detect onset of tension, and measure RT5q,
RTg5 as the time when tension decays below 50%,95% of the difference between peak
tension and minimum tension for 1 Hz pacing.
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Chapter 4

Electromechanical modelling
of the mouse heart

As outlined in the introduction, genetically modified mice are increasingly being used to
investigate the biophysical underpinnings of cardiac mechanics. However, computational
models have lagged behind this move to using mice as the standard experimental animal.
Furthermore, many cardiac models lack species and temperature consistency, which creates
limitations in their use in interpreting experimental data.

The use of heterogeneous data is indicative of challenges in identifying model param-
eters from only cell measurement data. Specifically, many contraction experiments are

done at lower temperatures (Stull et al., 2002) or in skinned preparations, which (as dis-

cussed in Chapter 2) are known to significantly affect results. Even in intact preparations
at body temperature, maximal active tension at the cellular level is typically significantly
less than seen in tissue, and decreases over tens of seconds in conditions of saturated

calcium concentrations (Campbell, 2011).

These difficulties with single cell data further confound our ability to make quanti-
tative connections between detailed measurements at the cellular scale, and whole organ
function observed in vivo. Translating between these measurements is a challenge, as there
are significant differences between measurements of single cell tension transients and ven-
tricular pressure. Single cell tension tends to be more asymmetric, with longer relaxation,
compared to the more symmetric pressure transients (e.g. compare Figures 4.5 and 4.11).
These differences are most likely to be a result of length- and velocity dependent feedback
on cellular contraction. However, their relative effect on whole organ function can be
difficult to measure, due to the difficulties with cellular data, as well as the controversies

that exist over the biophysical mechanisms (cf. sections 2.2.7.1 and 2.2.7.2). This has led

to the use of phenomenological tension models being used at the whole organ scale (e.g.

(Sermesant et al., 2006)), for reproducing realistic ventricular pressure transients in the

absence of detailed knowledge of the coupling mechanisms involved.
In this chapter our goal is to address these challenges through the development of
an electromechanical mouse model at 37°C and a physiological 6-8 Hz heart rate. This

model provides an important opportunity to integrate data which is increasingly becoming
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available in both normal and transgenic mice, and using it towards a better quantitative
understanding of cardiac function, both specifically in this common experimental model,
and ultimately in other species.

The next section describes our new contraction model for murine cardiomyocytes at
37°C, which is based primarily on experimental data obtained under physiological con-
ditions, and is able to represent fast murine contraction kinetics. This cellular model
is extended to the whole-organ scale in section 4.2 supported by data from the litera-
ture as well as MRI and pressure-volume measurements, and passive inflation on isolated
hearts. We also look at the issue of model parametrization in detail in both single-cell and
whole-organ contexts, with the goal of providing clarity about the degree of confidence in
these parameters given the experimental data constraining them. Firstly, we investigate
the identifiability of the cell model parameters in the section 4.1.4 by using a novel vi-
sualization which relates constraints given by experimental data to the model parameter
space. Secondly, we use our electromechanical model to perform a comprehensive sensi-
tivity analysis and an investigation of coupling mechanisms in sections 4.3. Finally we use
this framework in section 4.4 to compare in-silico experiments with recent experimental
data and provide an analysis of deformation dependent electromechanical coupling mech-
anisms. Through this model analysis our goal is to quantify the effects of the deformation

dependent coupling mechanisms underlying the shape of ventricular pressure transients.

4.1 Cellular modelling

For our contraction model we have aimed to strike a balance between modelling detail and
ability to parameterize the model using available data. The model is primarily based the
two previously published models discussed in section 2.2.8, both of which have been used
before in a whole organ context.

The first of these is the model developed by Niederer, Hunter, and Smith (2006) (“NHS

model”) , which has a relatively simple structure and has clear procedures for determining

most of its parameters. However, the model is unable to capture the faster relaxation
kinetics of mouse cardiac muscle at higher pacing frequencies.

The second model published by Rice et al. (2008a), provides a more detailed four state

Markov model of the sarcomere, incorporating troponin, tropomyosin and crossbridge
kinetics. The processes for determining its many parameters are less clear, as are their
uniqueness with respect to the fitting methods used. However, the model reproduces a
wide variety of experimental data, and is better able to capture the faster kinetics of
contraction. Both models are also primarily based on experimental data obtained under
nonphysiological temperatures ranging between 15-25°C at a 1 Hz stimulation frequency
in animals which have physiological heart rates in the 6-10 Hz range. Figure 4.1 shows an
overview of the cell model and interaction with the tissue scale. This model has also been

made available in the CellML repository™*.

*http://models.cellml.org/e/e4/, http://models.cellml.org/w/dcowan/Land_et_al_2012
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Tissue
scale

Figure 4.1: Cell model overview. Calcium binds to troponin C (TRPN) in a
cooperative way. This increases XB, the fraction of actively cycling crossbridges.
Length- and velocity dependencies are added to calculate the force generated, which
is used at the tissue scale.

4.1.1 Electrophysiology

At the basis of contraction lies the change in intracellular calcium, for which we use
the data-driven C57BL/6 mouse model developed by Li et al. (2011) based partly on

experimental data from Andersson et al. (2009a). The only change we have made to this

model is a reparametrization of the ryanodine receptors to Ap, , = —0.08, to better match
experimental data for time to peak of the calcium transient. The new calcium transient
after setting Ap, r = —0.08 and pacing the model at 6 Hz is shown in Figure 4.2, and has
time to peak, decay profile, and diastolic calcium all in the range of experimental data.
Changes in action potentials between the old and new choice of Ap, ; differ by at most
0.3mV.

4.1.2 Troponin binding

Active tension is initiated by calcium binding to the second calcium binding site on tro-
ponin C (TnC). There is significant evidence that shows that this reaction is cooperative
with a Hill coefficient of 1.6-2.0 in experiments on isolated bovine and human actin fila-
ments (Davis et al., 2007; Gillis et al., 2000; Tobacman and Sawyer, 1990). This is further
supported by recent data from Kreutziger et al. (2011), who show that different single

amino acid variants of TnC can have a significant effect on the steepness of the force-

calcium relationship in mice. Our model of troponin binding captures this cooperativity
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Figure 4.2: Calcium transient for the electrophysiology model paced at 6 Hz.

Figure shows the original Ap, , = —0.04 transient, new Ap, . = —0.08 transient,
experimental time to peak calcium, and experimental diastolic calcium levels.

using a standard cooperative binding equation which has a Hill curve as its steady state

solution:

dTRPN ( [Ca2t];
-, - kTRPN [7

NTRPN
1 —-TRPN) — TRPN | . 4.1
— - ) (1~ TRPN) - TR (1)

Ca”"]1s0

Where TRPN represents the fraction of occupied regulatory sites, krrpy the unbinding
rate, and nrrpy the Hill coefficient. We use nirpy = 2 because of the higher tempera-
ture and increase in cooperativity with temperature observed in mice (Blanchard et al.,
1999), and krrpx = 0.1/ms based on Davis et al. (2007) (15°C, isolated reconstituted fila-

ments from mixed bovine/human /rat proteins). While this krrpy value was determined at

lower temperature, it does not have a clear temperature dependence (Niederer et al., 2006;

Little et al., 2012) and the current value is high enough to reproduce experimental mea-

surements of force at a 6 Hz stimulation frequency. The value of [Ca2+]T50, the calcium
concentration needed for 50% bound TnC in steady state, can be taken directly from Ky
values obtained in experiments (K; = ([Ca*"]150)"™*PN). However, such measurements
are also typically obtained at lower temperatures, and is inconsistent between different
sources. Davis et al. (2007) gives K4 ~ 5 , which results in significantly reduced activation
for physiological calcium transients. Gillis et al. (2000) give [Ca?t]p50 > 3uM at 37°C,
with a shift of 0.13 pCa units from 21°C to 37°C in bovine preparations. Tobacman and

Sawyer (1990) report [Ca?t]rs0 ~ 1uM at 25°C in bovine thin filaments. Applying a

0.13-(37 — 25)/(37 — 21) ~ 0.1 pCa shift to this gives [Ca*"|150 ~ 0.8uM, which was

deemed a more plausible value considering our calcium transient.

As discussed previously in section 2.2.7.1, there have also been suggestions of cross-

bridge binding affecting the unbinding rate of calcium from TnC. However, more recent
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work suggests this effect appears only under rigor conditions, and is not significant under

physiological conditions (Sun et al., 2009; Farman et al., 2010). For this reason we have

not included it in the model. Furthermore, the troponin buffer can be either strongly or
weakly coupled to the intracellular calcium, depending on whether binding directly affects
intracellular calcium. In the previous chapter we coupled our troponin buffer strongly,
as there was an equation for the troponin concentration already present in the electro-
physiology model. However, since the Li et al. model of electrophysiology includes only a
quasi-steady state buffer for cytosolic calcium, unlike the Grandi et al. model which has
more detailed buffering equations. The quasi-steady state buffer represents a combina-
tion of several buffers present in the cell, and the total concentration of these individual
buffers (including troponin) is unknown. Therefore we have chosen to keep the original

formulation, and couple only weakly between our electrophysiology and mechanics models.

4.1.3 Tropomyosin/crossbridge kinetics

The process of calcium binding to TnC causes a conformational change in its associated
tropomyosin complex, unblocking the actin sites for myosin crossbridge cycling.

These mechanisms can be described using many states and parameters, although there
are not nearly enough experimental data to parametrize such models. However, it is
still useful to relate our simpler model to a more detailed description of the underlying
biophysical mechanisms. As described in section 2.2.8, the six-state model of McKillop

and Geeves (1993) described the mechanisms of contraction using a blocked, closed and

open state of tropomyosin along with weakly, strongly or unbound crossbridges. While
both the open and closed states allow for weak binding of myosin crossbridges, only the
open state allows for transition to the force-generating strongly bound state. Assuming
the open and closed states are in rapid equilibrium, this reduces to a four-state model as
in Rice et al., with tropomyosin kinetics and a crossbridge cycle.

Due to the scarcity of experimental data and the intrinsic difficulties of measuring the
details of subcellular processes, we further reduce this model by collapsing the crossbridge
cycle to a single state, which leaves the model with the following two states. The first
state is the crossbridge state XB, in which the crossbridge is actively cycling. A constant
fraction of these is considered to be in weakly/strongly /unbound states. The second state
is the nonpermissive state N =1 — XB.

As the crossbridge cycle is not faster than tropomyosin kinetics, this reduction will
only be reasonable for sufficiently slowly changing calcium, as is physiological. The model
is less suitable for reproducing other features such as the response to fast step changes in
calcium.

The equation for transition between these two states is also chosen to give a Hill curve
at steady state. There are several functions which give such a steady state which have
been used previously. These include as cooperativity only in the binding rate (Niederer
et al., 2006) or a division of cooperativity between the binding and unbinding rates (Rice
et al., 2008a). Since there are insufficient data about subcellular mechanisms to distinguish

between these two possibilities, we tested both in a simulation study. Using the division
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of cooperativity results in a 10 ms reduction in RTgy and halves tension at the end of a
twitch without significantly affecting time to peak tension, resulting in an improved fit for

the twitch transient compared to experimental data (Stull et al., 2002).

We choose our nonlinear function to ensure TRPN5g has a clear interpretation, i.e.
XB(TRPN = TRPNjg) = 0.5 at steady state, resulting in:

1
dXB
T k., <permtot (1 -—XB) p— tX )

here permtot = ﬂ "
whete p “\V\TRPN;, )

We set kpp, = 0.1,n,4, = 5 in accordance with time to peak and Hill coefficient measure-
ments (Blanchard et al., 1999; Stull et al., 2002), and TRPN59 = 0.35 to obtain a peak

XB of around 1/3 which leaves sufficient room for length-dependent activation, and is

(4.2)

consistent with levels typically seen in force-calcium loops (Stull et al., 2002).

These parameters result in a force-pCa Hill fit with coefficient of 6.7, compared to
6.68 £ 0.63 at 37°C from experimental data (Blanchard et al., 1999). A biphasic Hill fit
(McDonald and Moss, 1995) results in Hill coefficients of 8.3 and 4.1 for the lower and

upper part of the curve, respectively, as shown in Figure 4.3. Such different Hill coefficients

have been observed previously in experiments (McDonald and Moss, 1995; Dobesh et al.,

2002; Rice and de Tombe, 2004), and have previously been attributed to slower rates of

crossbridge cycling at higher saturation (Dobesh et al., 2002). However, we found that

this effect is to some extent even present in a simple [Ca®"];/TnC model, where the Hill
coefficient in their lower part of the Hill curve is approximately 50% higher compared to
the upper half when fit separately. Introducing cooperative binding of calcium to TnC
increases this effect to the magnitude observed in experiments, with the lower part of the
Hill curve having double the Hill coefficient compared to the upper half.

The model’s response for tension generation and relaxation is shown in Table 4.1,

where it is compared to experimental data.

4.1.4 Parameter sensitivity and identifiability

The two stages of cooperative binding in the model introduces pairs of parameters, some
of which may be highly coupled and thus problematic to distinguish during fitting: the
sensitivities [Ca®T)150, TRPN50, binding rates krrpx, kx, and Hill coefficients ngpx, .-
To determine the effect of this coupling on model parametrization, as well as how new
experimental data could help improve it, we performed a parameter sensitivity analysis.
We vary the pairs of parameters to identify the regions in which RT5g € [19,25], RTgg €
[45,55], TPT € [30,41], max XB(t) € [0.3,0.4], XB(t = 167ms) < 0.01. The Hill coef-
ficients are further limited by the resulting Hill fit of the steady state force-pCa curve
to [6,7.5]. We visualize the regions in which these constraints are met for each pair of
parameters. The “viable” region for a pair of parameters can then be identified as the
intersection of these individual constraints, and its boundaries show which experimental

data best constrains which parameters.
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Figure 4.3: Biphasic Hill fits to model force-pCa response. A best linear fit of
log F'//(1 — F) to pCa was applied separately for the upper and lower halves. The Hill
coefficient n,,, for the nrrpxy = 1 case was chosen to ensure the Hill coefficient fit for
the entire curve matched the ntrpy = 2 case.

Source TPT RTs59 RTgg Experiment, muscle, pacing
Andersson et al. (2009a) | 33.5£0.5 US, isolated myocytes, 6 Hz
Stull et al. (2002) ~ 35 22+3  ~45 | IT, trabeculae, 6 Hz

Stull et al. (2006) 2442 IT, trabeculae, 6 Hz

Bluhm et al. (1999) ~ 30 ~ 27 ~ 60 | IT, LV papillary, 6 Hz
Bluhm et al. (2000) 37+2 35+2 IT, LV papillary, 6 Hz
Stuyvers et al. (2002) ~ 40 ~ 30 ~ 50 | IT, RV trabeculae, 5 Hz.
Palmer et al. (2004Db) ~ 41/37 ~ 55/38 | IT, RV trabeculae,4/10 Hz
Model results 36 23 49

Table 4.1: Experimental data compared to model results for isometric twitch
tension. TPT is time to peak tension from onset of tension in ms, except for
Andersson et al. where it indicates time to peak shortening. RT'59, RTgq refer to time
to 50% and 90% relaxation in ms. US refers to an unloaded shortening experiment,
IT to an isometric twitch experiment, and RV, LV to right- and left-ventricular. All
data are from mice at 37°C or 37.5°C. The ~ symbol indicates an approximation
obtained from twitch transient graphs or bar charts shown in sources.
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Results for the sensitivities are shown in Figure 4.4 (A). These confirm the high de-
gree of coupling between these parameters, constrained by the peak XB and relaxation
times. While the viable region spans a wide range of values of either parameter, it is
also very narrow, showing that determining one parameter accurately is sufficient for con-
straining both of them. Panel B shows results for the binding rates. Assuming that both
processes happen on a similar time scale, we can see that these rates should be in the
range of 0.07-0.15 to obtain realistic tension development and relaxation. Without such
an assumption, there is a significant range of viable parameter values. Finally, results
for the Hill coefficients are shown in panel C. These parameters are restricted to a fairly
narrow window determined by the force-calcium Hill coefficient fit, peak XB, and relax-
ation kinetics. Overall, evaluating pairs of parameters in this way results in an intuitive
visualization of what parameters are well constrained, which experimental data matters

most, and where new data can help further constrain the model development process.

4.1.5 Length dependencies

Adding length- and velocity dependent factors to the model, the normalized force including

length and velocity dependence is given by:
F, = g(Q) x h(X\) x XB. (4.3)

Where ¢(Q) determines the velocity dependence, h()) the change in maximum force, and
A is the extension ratio along the fiber direction.

Consistent with recent reviews (Hanft et al., 2008; Solaro, 2007), we base the increase in

maximum force on filament overlap, modelled using the approach from Rice et al. (2008a),

and simplified as:

'(X\) = 1+ Bo(X+ min(),0.87) — 1.87) (4.4)
h(A) = max(0, ' (min(),1.2)) (4.5)

where Gy = 1.65, resulting in a linear length dependence near resting length, and a twice as
steep decrease in tension when the sarcomere length falls below the thick filament length
(at A = 0.87).

As outlined in section 2.2.7.1, a shift in calcium sensitivity is an additional and im-
portant mechanism for the length-dependence of tension. As details of the subcellular
mechanisms which cause this are still being debated, we use a simple phenomenological

representation, where the calcium sensitivity [Ca2+]T50 is directly length dependent:
[Ca*]rs0 = [CaZ 5y (14 81 (A — 1)) (4.6)

Data from Stull et al. (2002, 2006) shows twitch transient force roughly doubles with
a 10% increase in sarcomere length. Having established h()\), the length-dependent acti-

vation can be estimated from these data, resulting in 3 = —1.5. Figure 4.5 shows the

length-dependencies at both steady state and for twitch transients.
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Figure 4.4: Viable regions for pairs of highly coupled parameters. The viable
regions are shown as the shaded region as the intersection of all constraints, with lines
showing the borders of individual constraints: ‘max XB’ is the maximal value of XB
in a beat, ‘min XB’ is the minimal value of XB in a beat, ‘TPT’ is the time to peak
tension, ‘RT5q’ as the time to 50% relaxation, ‘RTgg’ as the time to 90% relaxation.
The ranges for these constraints are given in section 4.1.4. Our final choice of model
parameters is indicated by ‘X’ in the figures. Panel A shows the parameter sensitivity
for [Ca"] 150 and TRPN5p. The time to peak does not limit parameters within these
ranges, and has been omitted from this visualization. The ‘max XB’ constraint is
most influential in limiting the range of possible parameter choices. Panel B shows
the parameter sensitivity for krgpn and k,,. Many of the constraints limit these
parameters from below, while only the time to peak tension is influential in setting an
upper bound. Panel C shows the parameter sensitivity for nigpy and n,,. The time
to peak curve was omitted in this panel as well, to improve the visualization as it does
not contribute to restricting the parameters. A further constraint ny, representing
the Hill coefficient fit of the complete model, was also included here. The ‘max XB’,
RTgp and np constraints combined result in a clear region in parameter space for
these two parameters.
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Figure 4.5: Length-dependence of tension. Panel A shows twitch transients at
various sarcomere lengths (A = 0.8,0.85,0.925,1,1.075,1.15,1.2 from bottom to top,
where the extension ratio A = m) The maximum force Fye, is compared to
experimental data in inset. Panel B shows force-pCa curves for different extension

ratios (A = 0.8,0.9,1.0,1.1,1.2 from bottom to top).
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There are significant differences between models with regards to the relative importance
of the change in maximum force and length-dependent activation such as increased calcium
sensitivity. For example, our choice of (g is significantly smaller than in the NHS model,
where By = 4.9. This balance between the different factors in the length-dependence of

tension will be further investigated later in this chapter at the whole organ level.

4.1.6 Velocity dependence

Another well known aspect of cardiac muscle is the velocity dependence of force. As the
exact mechanisms involved remain debated (cf. section 2.2.7.2), we use a phenomenological
“fading memory” model as in the NHS model, which can reproduce many of the observed
effects without being tied to underlying mechanisms.

The parametrization of the velocity dependence is based on sinusoidal analysis experi-

ments (Kawai and Brandt, 1980). Our only complete source of data of this kind of analysis

performed at 37°C is from Palmer et al. (2007), whose data was digitized and fitted using

equation 2.3:
passive term

— i i
u(f) = Alzmifp)f — DL, Y

“hrif Tetif

using a standard unconstrained nonlinear optimization algorithm to obtain the viscous

(4.7)

and elastic modulus. See Table 4.2 for results, which are consistent with the ¢ = 81.7/s
value reported by Palmer et al. Figure 4.6 shows the resulting fit to this sinusoidal analysis
data.
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Figure 4.6: Fit to data from Palmer et al. (2007).

Data from Palmer et al. suggests > A;/a; < 0, which would increase tension at
a constant shortening velocity. Therefore we take into account the partial results from
Blanchard et al. (1999), and set ay = 150/s, ag = 500/s. We leave a at 0.35 based on the
NHS model. Finally we set A = —4, Ay = —4A; to obtain a magnitude and ratio of B,C

in the range of experimental data. These values are uncertain as the viscous and elastic

moduli scale with isometric tension, which was not reported by Palmer et al. and can
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Source a1 = 27b a9 = 271 B C temp.
Blanchard et al. Blanchard et al. (1999) | 2715 =94/s 2766 = 415/s ~800 ~ 1000 | 27°C
Blanchard et al. Blanchard et al. (1999) | 2727 =170/s 2794 = 591/s - - 37°C
Palmer et al. (2007) 2710.7 =67/s 2783.7 =526/s 566 2489 | 37°C
Model 150/s 500/s -4 B
Virtual experiment 153/s 502/s 642 —-3.7B

Table 4.2: Experimental data compared to model parameters and results for strain-
rate response using sinusoidal analysis.  Showing experimental results from the
literature for the frequency parameters of the B and C processes converted to equiv-
alent model parameters aq, ag, and their magnitudes B, C. The data from Palmer
et al. were obtained by fitting parameters to data digitized from a figure. “Model”
shows model parameters used, while “Virtual experiment” shows results from fitting
the model response.

often be lower in experiments with saturating [Ca2+}ias mentioned previously. We thus

investigate the effect of this parameter further in our whole-organ simulations below.

Running a virtual sinusoidal analysis ([Ca?*]; = 1 mM, 0.25% length change) and
fitting the resulting curve to Equation 2.3 with £ = 0 fixed results in values shown in
Table 4.2. Our resulting fmin = 20 Hz, fmax = 85 Hz also closely match results from
Palmer et al. (fmin = 20 Hz, finax = 80 Hz).

4.1.7 Tension scaling

Finally, tension is scaled from normalized force to actual tension for a whole organ context:
T, = Tref X Fy. (4.8)

Where the reference tension Tef encapsulates the total number of crossbridges and the
fraction of cycling crossbridges in the force generating state at any time. For the NHS
model the equivalent parameter is 56.2 kPa, but this is set to 100 kPa in later whole organ
models (Niederer and Smith, 2009). In the Rice et al. model an equivalent value can be
derived from Tyef = % x kxb / XBp&ig ~ 0.7 x 120 / 0.71 ~ 120kPa, where PnoxB

is the sum of all states in the crossbridge cycle.

Experimental data often indicates much lower values of around 20 — 30 kPa (Blanchard

et al., 1999; Stuyvers et al., 2002; Palmer et al., 2004a) although some twitch transient

data peaks at 50 kPa (Stull et al., 2002) and other results go up to 112 kPa for maximum
developed tension (Kreutziger et al., 2011). We set Tyt = 120 kPa consistent with previous

models and the higher end values for maximum tension and twitches, XB = 0.35 resulting

in 42 kPa in a twitch transient at resting SL.
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4.2 Whole organ simulations

As murine experimental models are typically primarily focused on determining the effects
of changes at the cellular scale on whole-heart function, and experimental data are more
readily available at this scale, it is important to extend models to make this link between
subcellular mechanisms and whole-organ function in models. This introduces several new
model components, including the material properties of cardiac tissue, electrical activa-
tion sequences, mechanical boundary conditions, valves, and blood flow in the chambers.
Their effects on model results also needs to be characterized within their experimental con-
straints, to provide or exclude alternative explanations for any changes observed in heart
function. Most of our experimental measurements are only available for the left ventricle,
including passive inflation and pressure-volume measurements. The MRI data includes a
right ventricle as well, but is also not of sufficient resolution to accurately capture this
part of the anatomy. Therefore we limit our computational model to only represent the

left ventricle.

4.2.1 Experimental data

To develop and validate our model at the whole organ scale, we have recently obtained a
range of multimodal whole-organ data sets in mice. These measurements were performed
by our collaborators at the Oslo University Hospital on the same Black6 strain as used
to parametrize the electrophysiological cell model (Li et al., 2011). Appendix B includes
details of the materials and methods used to obtain these measurements. Briefly, the data
includes in vivo MRI data and pressure-volume measurements and passive inflation of ex
vivo hearts. MRI data used for mesh generation and volume estimation was obtained
at a 0.2 X 0.2 x 1 mm resolution during a whole heart cycle. Pressure and volume were
measured in vivo using a pressure-volume catheter, along with ECG, and flow measure-
ments to accurately determine start and end of ejection. These data were used to obtain
end-diastolic pressure (EDP), aortic pressure at start of ejection, and pressure and volume

transients for comparison.

The passive inflation data set was obtained from echo measurements in isolated hearts
at 0,5, and 10 mmHg, and used to estimate the increase in volume at a given pressure.
Using manual segmentation of the short-axis slices as well as a measurement of apex-base

distance in a long-axis slice, the volume change V' (p)/V(0) was estimated as:

V(p)/V(0) = A(p)/A(0) - D(p)/D(0) (4.9)

where A(p) is the area of the cavity in a short-axis slice and D(p) the apex-base distance,
as functions of the cavity pressure. This was done separately for two slices to give two

estimates for 5 and 10 mmHg.
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4.2.2 Simulation setup

For our whole-organ simulations we apply the framework for electromechanics as described
in the previous chapter. For mechanics we use a 112 element cubic Hermite mesh derived
from the MRI data, at a time point halfway through diastole to approximately match the
geometry of a stress-free ventricle. We estimate mechanical properties based on passive
inflation data, as described below, and adjust the reference state as needed to match EDP
and EDV from PV and MRI data. Since this process converges quickly, the second choice of
reference geometry was consistent with available data. We use a dense electrophysiology
grid with a spacing of =~ 0.1 mm. The smaller size of the mouse allows for this high
resolution, although the ~ 10° nodes still incur a significant computational cost due to
the fast time scales involved in the detailed cellular model. The ODE solver used is
described in algorithm 3. Due to faster contraction, a smaller time step than the 1 ms
used in Chapter 3 for mechanics is required. Specifically, we use a 0.1 ms time step for
mechanics and monodomain equations, and half this for monodomain equations during
the depolarization, to ensure convergence. The mesh and mechanical boundary conditions

are shown in Figure 4.7.
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Algorithm 3: Cell model ODE solver. For the cell model solver we use a standard
fixed-point iterations on a Crank-Nicolson scheme, with an adaptive time stepping
scheme which decreases the time step temporarily when slow convergence is detected.
The algorithm is presented here for completeness, with optimizations and numerical
details present in the actual code omitted for clarity.

a=0.5;// convergence speed threshold for adaptivity
tol = 107 ; // convergence threshold
S = diagonal matrix with S;; giving the approximate magnitude of variable y;;
function timestep(t,y,dt) ; // time step from t to t+ 0t
T =t + 6t;
while ¢ < T do
rp =T = 00;
Ys =Y;
while rdt > tol do
yn=y+ % (%(t,y) + %(t,ys)) ;
r=max S |y, — ysl;
if r/r, > o then
ot = 6t/2;
restart outer “t < T” loop, without resetting t;

end

Tp =T;

Ys = Yn;
end
Y =1Ys;
t=1t+ dt;

end

The framework is further extended with a full heart cycle model. We inflate to the
end diastolic pressure (EDP= 0.7kPa), and stay in the diastolic phase until volume flow

reverses. Next, we simulate isovolumetric contraction dgftl" = 0 until the cavity pressure is

high enough to open the aortic valve (pi, > p, = 9 kPa as in experimental data). Ejection

is then simulated using the three element Windkessel model described in Chapter 2:

2
d Uy _ < 1 1 > dvlv DPiv ldplv (410)

de2 czTRC) @t T CzZR Z at

where R is the peripheral resistance, C' is the total arterial compliance, and Z is the aortic
characteristic impedance. When flow reverses once again, we switch to the isovolumetric
constraint to reproduce isovolumetric relaxation. Finally, when pressure relaxes below
0.1kPa, we switch back to diastole by solving a simple phenomenological model for diastole

given by dggv = f—O(EDP — piv). This is implemented by solving the equation

d?vy, duyy dpry
Mg T me g tmsT s maty + mspre +me =0 (4.11)

monolithically in the mechanics Newton iteration process, , with coefficients m; varying

depending on the heart cycle to represent isovolumetric phases (dé’gv = 0), diastolic filling,

or the Windkessel model.
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Figure 4.7: Mesh generation process and boundary conditions. Panel A shows
the raw MRI data, numbered from base to apex, with segmentation in blue. Panel
B shows the fitting of a cubic Hermite finite element mesh to this data set. Panel
C shows the application of boundary conditions: blue nodes at the apex are part
of multiple collapsed elements and have their derivatives fixed to zero. All nodes at
the base (green) are fixed along the apex to base z axis. Furthermore, one of the
red nodes at the base is fixed along the x and y directions, and the other along the
y axis, which prevents free rotation and translation of the mesh during the solution
process without limiting the deformation. Nodes at the apex and base have increased
stiffness, interpolated throughout their neighbouring elements. The region of electrical
activation is indicated in gold.
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4.2.3 Electrical activation

Two important factors in the electrical activation of tissue are the activation pattern, and
the conductance The latter was set using D¢y = 0.33 mm?/ms to obtain a conduction ve-

locity of around 75 cm/ms (Tamaddon et al., 2000), with Dgs = Dy, = ﬁD #f consistent

with the anisotropy observed in mice (Baker et al., 2000).

We initiate electrical activation with a stimulus midway between apex and base near the
endocardium (60 mV /ms for 3 ms). This was compared to the simpler case of inducing full
activation homogeneously, which gives a large decrease in EF (ejection fraction, 36.5% vs
56.3%). These differences are caused by a difference in calcium transient, which is increased
in cells which act as a source for activation of nearby cells. This effect can be reproduced
by inducing homogeneous activation with a stimulus current of —40sin(2t)mV /ms
for t € [0, 7], which increases EF back up to 53.1%.

Since the shape of the stimulus current can change simulation results significantly, and

Istim =

is significantly different in tissue from the stimulus protocol used in single cells (Igtjy, =
—50mV /ms for 1 ms), we pace the cell model again for 5000 beats with the above sinusoidal
current, so as to better prepare it for a tissue environment. This changes EF to 61.2%
for endocardial activation, and aids in an earlier decrease of the larger calcium transient

seen in tissue. Figure 4.8 shows this pacing protocol is sufficient to reach steady state ion

concentrations.
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Figure 4.8: Changes in intracellular ion concentrations. Shown are changes in
intracellular calcium (A), potassium (B) and sodicum (C) when pacing the electro-
physiology model for 5000 heartbeats using the sinusoidal stimulus current.

4.2.4 Fibers

Our choice of fiber distribution throughout the tissue is -60°at the epicardium to +90°at
the endocardium, based on mouse DTMRI data from Jiang et al. (2004). To investigate

the sensitivity of our model to this choice, we compared it to several other choices of

fiber directions. By looking at the position of the apex, we are able to clearly show
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Figure 4.9: Location of the apex for three different fiber distributions. Simu-
lation time includes inflation, isovolumetric contraction, ejection and the beginning
of isovolumetric relaxation. The legend shows a slab of tissue with transmural fiber
directions.

some small but significant differences in deformation. When using a -70°to +70°variation
throughout the wall, ejection is similar, but the deformation was more realistic in the
case of using mouse DTMRI data, as the apex-to-base distance did not increase. With
detailed fiber directions based on dog data (Usyk et al., 2000) the ventricle inflates slightly

more compared to the £70° case, and generates more force because of this, but the model

produces an approximately 10% lower ejection fraction, as the apex moves less during
ejection. Details of the apex movement for these three cases are shown in Figure 4.9,
which demonstrates the steep fiber angles are important for preventing a large increase in
apex-base distance during IVC. The mouse DTMRI fiber directions produce a similarly
high ejection, but also does not suffer from the unrealistically large increase in apex/base

distance during isovolumetric contraction.

4.2.5 Material and hemodynamic properties

What remains to be determined are the material properties of cardiac tissue, and the
Windkessel parameters which determine the relation between blood flow and pressure
during ejection.

For our material properties we use the Guccione constitutive law (see section 2.3.3.1)
We use C7 = 1.1,Cy = 8,C3 = 2.0,Cy = 3.7 based on work by Omens et al. (1994), with
(' adjusted from 9.2 to 8 to better match passive inflation data. Figure 4.10 shows the

estimates for volume change in experimental data, compared to parameters from Omens
et al. (1994) (C2 = 9.2) and adjusted parameters (Cy = 8). We only estimate Cs since it

is highly coupled to other constitutive parameters (Xi et al., 2011), and passive inflation
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data are insufficient to estimate all parameters. Stiffness at the base and apex is increased
(C1 = 8) as in Chapter 3.

___25¢

=2

\>’:\ *
o -0
> 2f

(]

(@)

c

©

o

O 45}

o :

< . Adjusted (CQ=8)
= - == Omens et al.

(e}

> * Data

0 0.2 014 016 Oi8 1 1.2
Pressure (kPa)

Figure 4.10: Constitutive parameters and passive inflation data. Figure shows the
relative increase in volume. Inset shows example segmentation of echo data, where
apex-base distance is indicated in the long-axis slices and the cavity is segmented in
the short-axis slices.

For the Windkessel model we use R = 400 mmHgs/ml, Z = 20 mmHgs/ml, C =
0.002 ml/mmHg. Aortic characteristic impedance and peripheral resistance are compatible

with extrapolations from rat data (Westerhof and Elzinga, 1991) assuming the mass of a

mouse is 20% that of a rat, as well as data from Segers et al. (2005). A simple estimate

using the cardiac output and aortic blood pressure results in R = 535 mmHgs/ml, which

is known to be an overestimate (Toorop et al., 1987), and therefore also consistent with

our choice. Compliance was based on differences between different Windkessel model fits

(Segers et al., 2008) and data from four-element fits (Segers et al., 2005) to constrain C

to a moderate increase from the value used in four element Windkessel models, and then

adjusted according to PV data.

4.3 Parameter variation results

Table 4.3 shows a summary of parameter variations at the whole-organ level. We have
chosen a set of key metrics available from pressure-volume data to compare with. Of
these, ejection time and peak systolic pressure are important for characterizing ejection,
easily determined, and show little variation across experiments. The other measures, end-
systolic pressure and stroke volume, are more difficult to compare directly, as end-systolic
pressure is more variable in the literature, and the volume measurements differs between
MRI and PV data. However, these are still included to give a more complete picture of

the relative influence of different parameters.



4.4 Coupling mechanisms 84

ejection  peak SP  ESP SV
PV data 43 ms 11.8 kPa 6.9 kPa 28.8 ul
default 27.3 ms 16.0 kPa 11.3kPa 38.5 ul
Whole-organ parameters
Cy —12.5% 7T03ms T03kPa TO0.1kPa T 1.9ul
Cy +370% 105ms T03kPa T01kPa T 1.1ul
EDP +0.1kPa | T 0.5ms T 04kPa T 0.1kPa T 26ul
Pa +1 kPa 7T01ms T05kPa f0.7kPa | 1.8ul
R —50% T01lms |01kPa | 04kPa T0.5ul
Z +50% 138ms f1.3kPa | 03kPa | 2.6ul
C —50% = T05kPa ) 1.6kPa |l 4.6 ul
Cellular parameters

Bo —50% T01lms T02kPa = 1 2.4 ul
B1 —50% f+25ms | 05kPa | 0.1kPa | 0.2ul
Tief —20 kPa T13ms | 1.3kPa | 05kPa 52wl
Ay = —29 f108ms 27kPa | 05kPa |l 4.9ul
a +50% T05ms | 02kPa | 0.1kPa =

Table 4.3: Summary of parameter sensitivity results at the whole organ level. Re-
sults shown for duration of ejection, peak systolic pressure (SP), end systolic pressure
(ESP) and stroke volume (SV), in the first beat of the simulation. The magnitude
of parameter variation is based on how constrained it is given available data, and
generally taken in the direction to increase duration of ejection. See Tables 4.4 and
4.5 for detailed results.

The constitutive parameters C1, Cy, C3 have similar effects on overall stiffness, where a
higher stiffness decreases diastolic volume, and ejection as expected. Surprisingly, increas-
ing Cy results in a slightly higher SV, and duration of ejection can both slightly increase
or decrease depending on the geometry used. Overall the model is very insensitive to large
changes in this parameter. The model is also not very sensitive to large changes in R or
C.

There are clearly some significant differences between simulations and PV data, in
both the duration of ejection and peak systolic pressure. The only parameter which
extends ejection by > 1 ms for our default parameter variation is the aortic characteristic
impedance Z. However, this parameter is well constrained from data, and furthermore
increases peak systolic pressure when extending ejection, increasing the difference between

model results and pressure data from measurements.

4.4 Coupling mechanisms

Even after careful model parametrization, significant differences remain between exper-
imental data and simulations, as can be seen from comparing the rows ‘PV data’ and
‘default’ in Table 4.3. The new parameters and boundary conditions introduced when
embedding the cellular model within the whole organ framework have been constrained,
and we have found no explanation at this scale. This motivated an investigation into those

aspects of the cell model that were less constrained during the cellular modelling stage,



85 Electromechanical modelling of the mouse heart

and are influenced by the mechanical deformation. This includes the balance between the

mechanisms of length dependence, as well as aspects of the velocity dependence.

4.4.1 Length dependence of tension

For the length dependence of tension, we included a filament overlap factor as well as a
shift in calcium sensitivity. We assumed the latter factor was dominant, but had no direct
data in mice to constrain their relative influence.

To test the assumptions made in our cell model, we applied two parametrizations
which give a roughly identical increase in tension for 10% stretch: our parametrization
By = 1.65, 61 = —1.5 with dominant LDA factors, and By = 4.9, 51 = —0.8 closer to the
NHS model’s settings. The comparison in Figure 4.11 (A) shows the former parameter
set maintains higher pressures for longer, as it takes some time for tension to decrease
when shortening, which leads to a higher EF and faster relaxation. These differences show
that our initial choice is closer to experimental data, and suggests to keep the unchanged

parametrization.

4.4.2 Velocity dependence

Another important aspect of the cell model, in the context of ongoing debates about the
mechanisms underlying the coupling between mechanical deformation and cell function,
is the velocity dependence. We parametrized this model component using data from
sinusoidal analysis. The moduli A, As involved were fitted to experimental data using
the viscous and elastic modulus, but these scale with isometric tension, which can often
be lower in experimental measurements.

To further investigate the effect of these parameters, in light of the differences between
experimental data and our results, we again compare two different cases in detail. Com-
parison of our default parametrization as outlined in 4.1.6 to using A; = —29 as in the
NHS model (keeping Ay = —4A;). Figure 4.11 (B) shows the difference is clear, and the
higher velocity dependence is much closer to PV catheter pressure data. This confirms
our previous suspicion that the elastic and viscous modulus may not always be suitable
for parametrizing single cell models directly. The results also show a reduction in several
differences between model and experiments, most significantly the duration of ejection
which was much lower. Other cellular scale parameters which can reduce this difference
include a decrease in the length-dependent binding parameter 1. However, Gy has the
opposite effect and the combination of these parameters is well constrained from cellular
data, as shown in the previous section.

A higher a results in a slightly longer ejection phase, and lowers peak systolic pressure,
though the effects are very small considering experimental data is centered around the
0.2 — 0.4 range (Niederer et al., 2006). We also briefly tested violating the constraint
> Ai/a; < 0 mentioned in the section on cellular modelling (by setting ao = 750 /s or o =

75 /s). This results in oscillating tension and strain, as well as very short ejection time,

confirming that the adjustment to meet this constraint was indeed needed. Figure 4.11
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Figure 4.11: Effect of length and velocity dependence on whole organ function.
Panel A shows a comparison for two different length dependent tension mechanisms,
with weak velocity dependence. Panel B shows a comparison of two magnitudes for
velocity dependent effects. Panel C shows the same comparison of length dependence

as panel A, but using a strong velocity dependence.
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(C) shows that in this corrected case, our conclusions about the length dependence are still
valid, with 4 pl higher ejection and better relaxation in the case of high length-dependent

activation.

4.4.3 Tension scale

Finally, we consider the tension scale T,er. For our initial case, decreasing reference ten-
sion to Tt = 100 kPa decreased ejection by 5.2 ul, lowering overall pressure without
significantly impacting duration of ejection. In the case of the proposed high velocity de-
pendence, ejection similarly decreased, taking it out of the range of experimental values.
Increasing T}t to 140 kPa increased both ejection fraction and overall pressure. This shows
that T, = 120 kPa is a more realistic choice than T, = 100 kPa, in line with isometric
twitch force used in other models. However, it can not rule out a value which is slightly
higher, considering the variability in peak pressure found in experimental data (Joho et al.,
2007). Figure 4.12 shows a pressure-volume loop for the cases Trof = 120 kPa, Ay = —29
and Ter = 140 kPa, Ay = —35, compared to experimental data. Both of these cases are
well within experimental variability, with end-systolic volume between estimates from PV
and MRI (= 25 ul). Figure 4.13 shows the Tr = 120 kPa, A; = —29 case in more detail.
As there was a significant difference in IVC duration, we also performed a simulation at
8 Hz, closer to the MRI data, at which this difference was reduced as pressure transient

minima coincided.
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Figure 4.12: Pressure-volume loop, compared to echo data. The volume for PV
data has been shifted to the EDV of MRI data, to account for elements like papillary
muscles being included in volume in both simulation and MRI data, but not in echo.
End systolic volume from MRI data coincides approximately with the left axis limits

(25 pl).
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Figure 4.13: Detailed simulation results. Results obtained using T, = 120, A; =
—29. Left panels show velocity and pressure for simulations at both 6 Hz and 8 Hz
compared to experimental data, with PV catheter pressure offset to match EDV from
MRI data. Note that heart rates differ slightly between PV and MRI data. Bottom
left panel shows the mean value of ¢(@), which indicates the relative effect of the
velocity dependence on tension. Panels on the right show simulation results (8 Hz) at
key points: end of inflation, beginning of ejection, mid ejection, end of ejection and
end of isovolumetric relaxation. Both the fiber arrows and the endocardial surface are
colored to represent the fiber strain A. Transmural surfaces is colored depending on
the calcium concentration, ranging from green (diastolic) to black (peak in single cell
preparations with standard pacing) to white (hyper-activated in tissue).
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4.5 Discussion

In this chapter we have developed an electromechanical model which can reproduce the
ventricular function of the mouse at body temperature. The model combines a novel
cellular contraction model, and a ventricular model for electromechanics. The limitations

and wider significance of both components are discussed in this section.

4.5.1 The cellular contraction model

A fundamental component of our model for electromechanics of the mouse, is the cardiac
cellular contraction model we have developed. This model is simple enough to be suit-
able for use in organ-scale simulations, while still being firmly grounded in the biological
foundations of muscle contraction.

To parametrize this model we have used a range of experimental data from the liter-
ature, including twitch transient times, properties of isolated myofilaments, force-calcium
curves, and other data. Our visualization method for parameter identifiability shows which
parameters of the contraction model are already well determined from this experimental
data, and where new experimental data could help further model development. For exam-
ple, it shows that the narrow but long valley of viable parameters shown in Figure 4.4 (A)
means that more detailed data on calcium to TnC binding at physiological temperatures
would further constrain both parameter values.

However, the model also has a number of limitations which may be improved upon
in the future. Firstly, in our contraction model, the steep relationship between force and
calcium is driven by cooperative effects at two different points. The first is the equation
for calcium binding to troponin C. This choice was mainly driven by experimental results
which show this reaction is cooperative, but not sufficiently so to explain force-calcium
curves. We also model cooperativity downstream from TnC activation, which represents
cooperative effects of tropomyosin and crossbridges during tension development in the
myofilaments. Such a two-stage cooperativity model has to our knowledge not been used
in previous mathematical models of cardiac contraction. The resulting force-calcium rela-
tionship shows strong biphasic cooperativity, with higher cooperativity at lower calcium
concentrations. This is in good quantitative agreement with experimental data that was
not used in parametrizing our model, further validating our choice of including multiple
cooperative effects. A single-stage cooperative binding, with a simple ligand binding model
for TnC as used in previous models, still produces a biphasic Hill curve, but not one that
quantitatively agrees with the experimental data. Furthermore, from the visualization
of viable regions in parameter space we can see that our choice of cooperativity is well
constrained by experimental data. However, there are also still a number of uncertainties
in our model of cooperativity. Without a good understanding of the biophysical under-
pinnings of cooperativity, Hill curves are used to represent individual cooperative effects.
Although these are commonly used to represent a generic type of cooperative reaction, they

are derived using a theoretical assumption which is biologically implausible (Weiss, 1997).
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Furthermore, the choice of splitting cooperative terms between binding and unbinding is
not well constrained. For calcium to TnC binding, the cooperativity was assumed to be
on the binding rate, whereas downstream cooperative effects were split between binding
and unbinding. This was mainly motivated by previous modelling efforts and the need
for some cooperative unbinding to allow for sufficiently fast relaxation. Thus, although
some cooperative unbinding is needed to accurately reflect the relaxation of muscle in an
isometric twitch, and our model of two-stage cooperativity represents experimental data
well, the exact form of our model is not grounded in solid biophysical mechanisms, as

these are currently not known.

The length-dependent aspect of our contraction model is largely based on phenomeno-
logical considerations. Whereas recent experimental data implicates titin and troponin as
major components underpinning the length dependent response, our model implements
LDA as a simple modification of the half-activation of calcium to TnC. In practice this
choice works well to reproduce experimental data. However, this result may be in part
due the binding step of calcium to TnC introducing a small delay in length-dependent
activation, which ensures that the strong decrease in tension influences late ejection and
isovolumetric relaxation. In reality this delay may be linked to other biological mecha-
nisms, such as titin and its downstream factors. Strong delays in the response of force

to length changes have been shown before in experiments (Levy and Landesberg, 2006),

but to our knowledge has not been measured in mice at body temperature, and will likely
be difficult to separate from velocity dependent effects under these conditions. Further
length-dependence is implemented as filament overlap, although this is only a minor fac-
tor, and there are fewer uncertainties in representing this mechanism. The simpler form
we use is only suitable near resting sarcomere length, which is sufficient in realistic tis-
sue deformations. This LDA model may be updated in the future as more data becomes
available, although the difficulties that have been encountered in this field so far suggest
that it may be several decades until controversies are resolved and consistent quantitative

data of mechanisms of length-dependent activation of cardiac muscle becomes available.

The velocity dependence of cardiac muscle was modelled using a fading memory ap-
proach. This approach fits well with the experimental data from sinusoidal analysis that
was used to parametrize it. Our data sources suggested the lack of a D process in murine
cardiac muscle, which has been previously hypothesized to not be significant in cardiac
muscle in general. Due to mathematical constraints on the parameters, i.e. the fact that
tension should decrease when muscle shortens with a constant velocity. we used data from
two different sources. Both of these sources presented data from mice at body temperature,
and the differences may reflect difficulties in fitting data, especially at lower frequencies.
Although in theory sinusoidal analysis data can be used directly to parametrize a fading
memory model, the magnitude of results is conflated with the tension generated by cells.
Normalized metrics may be more useful in parametrizing contraction models, but the mean
active tension during such experiments is often not reported. The parameter a, which re-
flects the curvature of the force-velocity response, was inherited from previous work. This

parameter has been shown to be relatively constant across species. Furthermore, model
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predictions are not influenced much by changing this parameter within the range of ex-
perimentally observed values. The form of the force-velocity equation is also dependent
on the assumptions made in NHS model, i.e. that shortening and lengthening muscle have
opposite responses. Considering current research data suggests that these responses in-
volve different mechanisms (Yadid and Landesberg, 2010; de Tombe and ter Keurs, 1992),

such symmetry is likely to be an oversimplification. Other recent research points to a

more complex response, which may be dependent on the history of tension development

(Nishikawa et al., 2012), although this research is still preliminary and speculative.

In summary, our contraction model improves significantly on existing models and pro-
vides novel explanations for experimental data. Further refinements to the model can be
made in future work, especially as additional experimental data becomes available which

better elucidates the mechanisms of cardiac muscle contraction.

4.5.2 The ventricular model

The cellular contraction model was embedded in an electromechanical model of the left
ventricle. The parameters introduced at the tissue level include tissue conductivity, me-
chanical properties of tissue, and hemodynamics. Extending our model thus required
additional experimental data, which was collected by our collaborators. Data from pas-
sive inflation and in vivo pressure-volume loops, combined with data in the literature,
enabled us to determine most of these parameters introduced at the whole-organ level.

We were able to estimate overall tissue stiffness based on passive inflation data. How-
ever, C1 and Cy remain tightly coupled as previously shown (Xi et al., 2011). The relatively
small effect of Cy on the mechanical deformation explains the large variations in this pa-
rameter between different studies, and the difficulty of determining it using optimization
methods (see e.g. Wang et al. (2009)).

Regarding hemodynamics, we identified pressure at the beginning of ejection as an

important parameter which can significantly influence simulation results. Taking this pa-
rameter directly from experimental results prevents incorrect fitting of Windkessel models
and velocity dependent effects, as they are highly coupled with pressure at the beginning of
ejection in their effects on peak systolic pressure. The three-element Windkessel model we
use does not include an inertance element, unlike more detailed models of hemodynamics

(Segers et al., 2008). This may have caused ejection to end earlier in our model, with a

higher end systolic pressure, although it is less likely to significantly affect predictions of
ejection fraction. For our whole organ results, we have used a simple model for diastole,
as our study focuses on earlier cardiac phases, which are more sensitive in changes to
our parameters. Overall, parameters introduced at the tissue level tend to be either well
constrained by these data, or have a relatively minor effect on results.

Using this model we have also demonstrated that using whole-organ experimental data
and modelling can help bridge some of the uncertainties inherent in cellular experimental
data and improve our understanding of mechanical feedback mechanisms. The marked
differences between isometric tension development in single cells and pressure development

measured in vivo, can be largely attributed to a strong velocity-dependent component of
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tension development during early ejection. This velocity dependence is key in both limiting
the rate of pressure development as well as extending the duration of ejection, resulting in
the more flattened shape of pressure transients. At the end of ejection, tension is briefly

increased by the ‘B process’ known from sinusoidal analysis (Kawai et al., 1993), resulting

in higher pressures at the end of ejection, as can be seen from the velocity dependence
effects in Figure 4.13. The end of this phase, combined with the faster relaxation at a
shorter sarcomere length, likely leads to the high dp/dt iy values seen. Although this result
was obtained in mice, the observed differences between tension transients in isolated cells
are apparent in many other species, including humans. Thus, our results strongly suggest
that including a velocity-dependent component of tension is important across species in

accurately predicting tension generation during systole.

Furthermore this result confirms our suspicion that isometric tension in these single cell
experiments was likely to be much lower than generated in vivo. Explicit reporting of the
isometric tension during sinusoidal analysis experiments would make such experimental
data more useful for direct use in cell model parametrization, by allowing parametrization
based in relative magnitudes. Compared to previous parametrization of fading memory
model in the NHS model, our analysis revealed similar magnitudes for the B and C
processes, although they have higher characteristic frequencies. This may be related to
the fast heart rate in mice. We were also able to test the choice of T¢f in a whole-organ
context, confirming that isometric twitch transients at resting SL should generate around

40-45 kPa peak tension, as used in previous whole-organ work and cell models.

Fiber directions were also shown to be important, as they can affect deformation and
whole-heart function, most significantly apex to base shortening during IVC and ejection.
Our current dataset is based on DTMRI measurements in the literature, but uses only the
transmural variation in the fiber angle and assumes apex-to-base heterogeneity. Similarly,
as mentioned in Chapter 2, the use of a left-ventricular model with transmural homogeneity
may limit the predictive value of the model with respect to the mechanical deformation.
This is apparent in Figure 4.13, where the movement of the base is likely influenced by

the lack of connection to other tissue near the base.

Modelling cardiac function at a higher heart rate and physiological temperature al-
lowed for more quantitative comparison with data from in vivo measurements compared
to previous murine models at low temperatures or pacing frequencies, as differences be-
tween models and experiments can not simply be rationalised by appealing to temperature
differences. Using more physiological conditions, it has already been shown that previous
contraction models do not always handle relaxation well at these pacing frequencies, which
can easily go unnoticed when running simulations at 1 Hz or comparing simulation results

to experimental data obtained at lower temperatures.

Finally, there are significant differences between experimental measurements from con-

scious mice, compared to anaesthetized mice (Joho et al., 2007). In this thesis we have

focused on the latter, consistent with our recently obtained experimental measurements
and most data in the literature. However, to what extent these differences involve changes

in function at the cellular scale remains an important open question.
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Despite all of these minor limitations, the framework for mouse modelling is sufficiently
detailed for investigation of specific experimental results. The next chapter contains a
specific application of the framework by using it to investigate heart failure progression in

a genetic knockout mouse.
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These appendices present the extended results for parameter variation, and a clear sum-

mary of the contraction model equations.

4.A Detailed whole-organ results

Tables 4.4 and 4.5 included here present a more extensive version of Table 4.3. Shown are
duration of isovolumetric contraction (IVC), duration of ejection (ej.), peak systolic pres-
sure (peak SP), end-systolic pressure (ESP), end-diastolic volume (EDV) and end-systolic
volume (ESV).

For completeness we repeat some of the parameter descriptions here: Material prop-
erties are governed by C1,Cs,C5,Cy. Windkessel parameters Z,C, R represent aortic
impedance, aortic compliance, peripheral resistance. EDP and p, are pressures at end-
diastolic and end IVC respectively. T, is the reference tension. Reaction rates for troponin
C and crossbridges scale with krgrpn, kx respectively. The Hill coefficient for crossbridge
binding is given by n,,. Length dependence is modelled by filament overlap (5p) and LDA
(61), and aq, ag, a are involved in the velocity dependence as the characteristic frequency
of the B and C processes and a measure of curvature of the steady state force-velocity
relation, respectively. The main parameter A; which distinguishes the two tables repre-
sents the strength of the velocity dependence. Note that Ay is changed along with A as
Ay = —4A;.
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parameter IVC (ms) ej. (ms) peak SP (kPa) ESP (kPa) EDV (ul) ESV (ul)
default 21.9 27.3 16.0 11.3 62.9 24.4

Z —50% 21.9 115 62.9 223 |
Z +50% 21.9 31.1 11.0 62.9 26.9

C —50% 21.9 27.3 16.5 62.9 28.0

C +50% 21.9 27.2 15.8 62.9 Vi3

R —50% 21.9 27.4 15.9 10.9 62.9 23.9

R+ 50% 21.9 27.3 16.0 11.4 62.9 24.6

Pa =8 kPa 21.2 27.1 15.4 B 629 227 |

pa =10 kPa 22.5 27.4 16.5 12.0 62.9 26.2

EDP = 0.6 kPa | 225 26.8 15.5 11.0 24.3

EDP = 0.8 kPa | 21.4 27.7 16.4 11.5 24.4

Cy = 1.05 kPa 21.7 27.5 16.1 11.2 63.7 24.2

Cy = 1.15 kPa 22.0 27.2 15.9 11.1 62.1 24.3
Co=7 21.6 27.6 16.3 11.4 64.6 24.2
Cy=9 22.2 27.0 15.8 11.2 D6E2 246
Cs=15 Mechanics solver failed during IVC

C3=25 22.2 26.6 15.6 11.0 DGO 246
Cy=5.35 21.8 27.2 16.1 11.2 62.6 23.6

Cy =137 21.7 26.8 16.3 11.4 62.0

T,: = 100 kPa 22.8 28.6 [0 63.0 29.7

T, = 140 kPa 21.2 25.7 17.0 115 62.8

a; =0.075/ms | 217 254 171 114 62.6

a1 =0.225/ms | 220 28.3 15.5 11.1 62.9 26.5

ag = 0.4/ms 22.1 29.0 15.3 11.1 62.9 26.3

g = 0.75/ms 21.6 11.4 62.6 219 |
a=0.175 21.9 26.8 16.2 11.3 62.9 24.4
a=0.525 21.9 27.8 15.8 11.2 62.9 24.4

k., = 0.05/ms 24.2 30.2 15.4 11.2 62.9 24.1

ke, = 0.15/ms 26.5 16.1 11.3 62.9 25.1
krrex = 0.05/ms 30.6 15.3 11.1 62.9 24.4
krrex = 0.15/ms 26.3 16.0 11.2 62.9 24.9

Bo = 0.825 22.1 27.4 16.2 11.3 62.9 220 |
Bo = 2.475 21.6 27.0 15.7 11.1 62.8 26.3

B =—0.75 23.9 29.8 15.5 11.2 62.9 24.6

By =-2.25 25.6 16.3 11.2 62.9 24.4

Ny =4 21.6 29.2 15.5 11.2 62.5 25.1

N, =6 22.0 25.9 16.5 11.3 63.4 23.7
Table 4.4: Detailed whole organ parameter variation results for A; = —4.

Columns show duration of isovolumetric contraction, duration of ejection, peak sys-
tolic pressure, end-systolic pressure, end diastolic volume and end-systolic volume,
respectively. Cells are colored according to minimum (blue), maximum (green), or no
change from default (white).
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parameter IVC (ms) ej. (ms) peak SP (kPa) ESP (kPa) EDV (ul) ESV (ul)
default 23.2 38.1 13.3 10.8 62.9 29.3
Z — 50% 23.2 11.0 62.9
Z 4+ 50% 23.2 40.0 14.3 10.6 62.9 31.6
C —50% 23.2 374 14.1 62.9 31.9
C +50% 23.2 38.4 13.1 62.9
R —50% 23.2 38.4 13.2 62.9
R+ 50% 23.2 38.0 13.4 10.9 62.9 29.5
pa =8 kPa 22.6 383 2 629
pe = 10 kPa 23.8 37.8 14.0 11.6 62.9 31.6
EDP = 0.6 kPa 23.8 37.2 13.0 10.6 29.1
EDP = 0.8 kPa 22.7 38.9 13.6 10.9 65.8 29.5
C1 = 1.0 kPa 23.0 38.5 13.5 10.9 64.6 29.7
C) =12 kPa 23.4 3.7 13.1 10.6 614 290
Co=17 22.9 38.6 13.5 10.9 64.9 294
Cy=9 23.5 37.6 13.2 10.7 L6L2 - 293
Cs3=15 22.9 38.9 13.6 10.9 65.6 29.7
C3=25 23.5 37.3 13.1 10.6
Cy=5.35 23.1 38.3 13.4 10.9 62.6
Cy =137 22.8 38.9 13.4 10.9 62.0
T..e = 100 24.1 38.1 63.0
T, = 140 22.5 37.7 13.9 11.0 62.8
a1 0.075 Mechanics solver failed during ejection
ag 0.225 23.7 40.4 62.9
az 0.75 Mechanics solver failed during ejection
a=0.175 23.0 36.7 13.7 10.9 62.9
a = 0.525 23.5 39.3 13.1 10.8 62.9 30.5
k. = 0.05/ms 254 41.2 13.1 10.7 62.9
ks = 0.15/ms 37.1 13.4 10.8 62.9 29.7
krrpx = 0.05/ms 13.1 10.7 62.9 28.9
Ergpn = 0.15/ms 36.8 13.4 10.8 62.9 30.1
Bo = 0.825 23.5 38.7 13.3 10.8 62.9
Bo = 2.475 22.9 37.4 13.3 10.7 62.8 30.0
B =—0.75 25.2 40.4 13.0 10.7 62.9 30.8
b1 =—2.25 13.5 10.8 62.9
Ny, =4 22.8 40.9 13.1 10.7 62.6
ng =6 23.4 1361 | 136 10.8 63.4

Table 4.5: Detailed whole organ parameter variation results for A; = —29.
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4.B Contraction model

This appendix lists all equations, symbols, and parameters used for the contraction model.

[Ca®*lrso = [Ca® 5, (1461 (A — 1))
ca?t) \"
ATRPN = frnes ([cﬁ*]) (1 — TRPN) — TRPN
T50
1
dXB  _ _ -
T E, (permtot (1 -XB) p——— XB>
ermtot = M "
P - TRPN3,
dQ; __ d
7= Ag e
a@+1 Q < O 2
9(Q) = Lo ST whee Q=) Qi
(1+Q) Q>0 i=1
W(A\) = 1+ Bo(\+min(\, 0.87) — 1.87)

A) = max(0, ' (min(, 1.2))
Fo = 0(@) x h(\) x XB
To = Tt X Fy

Symbol | Meaning

A Extension ratio, i.c. A = ;oaomere engh

h(\) Influence of filament overlap on tension.

9(Q) Velocity dependent effect on tension

Q; Internal fading memory variables

TRPN | Fraction of regulatory troponin C sites with bound calcium
XB Fraction of available crossbridges cycling.

F, Normalized force

Ts Active tension

Table 4.6: Symbols used in the contraction model.

(4.12)

(4.13)

(4.14)

(4.15)

(4.16)
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Parameter | Value Meaning Source

TUPRPN 2 Hill coefficient for cooperative | Fitted to F-pCa
binding of Ca to TnC

krren 0.1/ms | Unbinding rate of Ca from | Data from isolated filaments.
TnC

[Ca2+}rTe5fo 0.8 uM | Calcium sensitivity at resting | Cellular data, magnitude of calcium
sarcomere length transient.

Nt 5 Hill coefficient for cooperative | Data from isolated filaments.
crossbridge action

ko 0.1/ms | Scaling factor for rate of cross- | Fitting to isometric tension.
bridge binding

TRPNj5g 0.35 Troponin C sensitivity Fitting to isometric tension.

Aq -29 Magnitude of the ‘B process’ | Whole-organ data and simulations.

Ag —4A, Magnitude of the ‘C process’ | Sinusoidal analysis data.

o 150/s 27w x characteristic frequency | Sinusoidal analysis data.
of the ‘B process’

1% 500/s 27w x characteristic frequency | Sinusoidal analysis data.
of the ‘C process’

Bo 1.65 Magnitude of filament overlap | Rice et al. model, based on sarcom-
effects ere geometry.

01 -1.5 Magnitude of length- | Peak isometric tension data at sev-
dependent activation effects. | eral SL.

Trot 120 kPa | Tension scale Cellular data, previous work, con-

firmed by whole-organ simulations.
Table 4.7: Data sources and methods of parametrization for the contraction

model.
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Chapter 5

Heart failure progression
in Serca2 knockout mice

Wee, sleekit, cow'rin, tim’rous beastie,

O, what a panic’s in thy breastie!

As discussed in Chapter 2, contraction in cardiac muscle cells is caused by rapid changes
in the intracellular calcium concentration. An important factor in these rapid changes is
release and uptake of calcium ions by the sarcoplasmic reticulum (SR), an intracellular
compartment which functions as a calcium store. Uptake of calcium into this store is
regulated by the sarco(endo)plasmic reticulum Ca?* ATPase 2 (SERCA2) ion pump, which
transports calcium from the cytosol into the SR at the end of each heartbeat. The majority
of calcium cycling during a heart beat is through release and uptake from the SR, with the
remainder being transported through transmembrane currents such as the L-type calcium
channel, sodium-calcium exchanger (NCX) and plasma membrane Ca>" ATPase (PMCA).
SR function accounts for up to 90% of calcium cycling in mice (Bers, 2002), and decreased

SERCAZ2 function has been associated with both systolic and diastolic heart failure across
species (Kranias and Bers, 2007; Louch et al., 2010).

To investigate the effects of decreased SERCA2 function, including the effects of the
gene on normal function and its role in diseases, our collaborators at the Oslo University

Hospital have developed a genetic knockout mouse (Andersson et al., 2009b). In this chap-

ter we model these genetically modified mice, motivated by previous experimental results
recently obtained in these animals. The next section provides some necessary background
for this particular study. Section 5.2 further describes the role of our computational mod-
elling framework, which we apply in the rest of this chapter to investigate the progression

of heart failure in these mice.
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YIS ver cre Mer

Gene transcribed in
cardiac cells due to l
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Cre recombinase
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Figure 5.1: Serca2 knockout mouse. The Serca2 gene is ‘floxed’; which allows it to
be the MerCreMer gene after introduction of tamoxifen.

5.1 Previous work in Serca2 knockout mice

As may be expected from the vital importance of SERCA in the heart, removal of the

Serca2 gene has major consequences for heart function. Periasamy et al. (1999) found

that when mating of heterozygous mutant mice with one missing copy of the Serca2 gene,
there are no living homozygous offspring. That is, a full knockout of the SERCA pump
is lethal at the embryonic stage, which prevents investigation of the effects of two missing
copies of the Serca2 gene on heart function from birth.

Fortunately, technology for genetic manipulation has advanced to the point where
gene-knockouts can be induced at a later stage, as well as limited to cardiac tissue. The
mice we will model in this chapter are genetically modified to lose the Serca2 gene in
cardiomyocytes after introduction of tamoxifen in their food. The development of these

genetic knockout mice is described in detail in (Andersson et al., 2009b). Briefly, genes

can be removed by using a Cre recombinase gene, which was originally discovered in a
bacteriophage. The Cre gene removes sections of DNA flanked on both sides by a 34 base

pair “loxP” signal sequence (Sauer and Henderson, 1988). By combining this gene with

a tissue-specific promotor sequence, such as the a-MHC promotor (Sohal et al., 2001) or

[-actin promotor (Zhang et al., 1996), the Cre gene will be expressed only in the heart.

Next, to be able to induce the expression of the Cre protein at a specific time, its
genetic sequence is combined with that of a hormone binding domain. A hormone binding
domain attached to a protein often inhibits expression of the protein in the absence of a
relevant hormone. Specifically, a mutated variant of the oestrogen receptor is used, which
is no longer sensitive to oestrogen, but still sensitive to the pharmaceutical tamoxifen

(Littlewood et al., 1995). The effectiveness of such a hormone binding domain on the
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inhibition of protein expression can depend on many factors, including which protein is

targeted and the location of the hormone binding domain (Picard et al., 2000). In this

particular case, Zhang et al. (1996) found that for the Cre protein, effectiveness increases

when Cre is flanked on both sides by the tamoxifen binding domain. The resulting gene is
referred to as MerCreMer (murine oestrogen receptor - Cre recombinase - murine oestrogen
receptor).

Andersson et al. (2009b) applied these techniques to investigate the effects of gene

knockout of the Serca2 gene in mice. They inserted the loxP signal sequences to flank
the Serca2 gene to create heterozygous Serca2™"/fo% mice*. These were used to breed ho-
mozygous Serca2fo*/flox mice, before interbreeding with a-MHC MerCreMer mice to create
Serca2flo</flox To(q-MHC MerCreMer) mice with a homozygous inducible cardiomyocyte
specific gene knockout of the Serca2 gene. Figure 5.1 shows a schematic of the process of
gene knockout in these mice.

The Serca2fo</ox mice are used as controls in research, and referred to as flox/flox or
“FF” mice, while the Serca2®</fox Tg(a-MHC MerCreMer) are referred to as knockout,
“KO” mice. The FF mice are for our purposes considered identical to wild-type Serca2"t/ ™t
mice, as the minor change of “floxing” this gene does not have significant effects on gene

expression (Andersson et al., 2009b).

This genetically modified mouse has been the focus of several studies so far. In a

follow-up study to developing the knockout mice, Andersson et al. (2009a) measured cel-

lular calcium, shortening as well as whole-organ ejection. Even though SERCA protein
content is reduced to < 5% by 4 weeks after knockout, ejection fraction is near normal.
Only after 7 weeks the mice develop more severe cardiac dysfunction. This sustained
function of the heart, despite a large reduction in SERCA function and lethality of a gene
knockout in utero, suggests the existence of significant compensatory mechanisms which
may be important in understanding SERCA related heart failure across species. Previ-
ous experiments on isolated myocytes, combined with mathematical modelling, has shown
that calcium transients are compensated for by upregulation of transmembrane calcium

dynamics, most importantly the L-type calcium channels and NCX (Li et al., 2011, 2012).

Underlying these are adaptive changes in the cell geometry, including T-tubule remod-

elling and a decrease in SR volume (Swift et al., 2012). However, despite all of these

compensatory mechanisms, calcium transients in knockout mice remain very small, an

observation that seems fundamentally inconsistent with the whole organ response.

5.2 Computational modelling study

In this chapter we apply our integrative mouse modelling framework to investigate the
link between cellular and whole-organ function in the Serca2 knockout mouse. There ap-
pears to be a significant discrepancy between the large decrease in calcium dynamics and

the relatively small changes in whole-heart function observed. This discrepancy can be

*“flox” refers to flanked by loxP



5.3 Measurements of calcium transients 102

resolved in several ways. Firstly, compensatory mechanisms at the level of the myofila-
ments could be boosting the calcium signal to allow for sufficient tension generation to
be consistent with the ejection fractions observed. Secondly, the calcium transient could
be significantly different in vivo compared to what is measured in isolated cells. This is
possible since previous observations in isolated myocytes were performed mainly in the
absence of other factors present in vivo, and with many experiments performed at low
frequencies. Most significantly, effects of S-adrenergic stimulation, which is involved in
the body’s response to stress and the fight-or-flight response, are not taken into account
in such measurements. The effects of G-adrenergic stimulation include increased cardiac
output through increased SERCA and L-type calcium influx, changes in calcium sensitiv-

ity, and myofilament properties (Saucerman and McCulloch, 2006; Metzger and Westfall,

2004). Furthermore, increased norepinephrine levels have been observed previously in KO

mice (Andersson et al., 2009a), but have not yet been taken into account in experiments

on isolated myocytes at physiological pacing rates.

In this chapter we use our electromechanical modelling framework to investigate both
of these hypotheses: increased (-adrenergic stimulation and changes in myofilament prop-
erties. Since the data collected by our experimental collaborators on the effects of (-
adrenergic stimulation on calcium dynamics can be investigated using an identical protocol
as applied to control data, the effects of increased (-adrenergic stimulation are presented
first in sections 5.3, 5.4 and 5.5. However, these measurements were performed in part
due to preliminary results from computational modelling and visualization. As shown in

Figure 5.2, contractile response to identical calcium concentrations differs drastically in

knockout mice compared to control, and do not seem easily explainable from compen-
satory changes to the myofilaments alone. To better quantify this intuition, parameter
estimation experiments are included at the end of this chapter in section 5.6, which outline

the whole-organ response to alterations in myofilament properties.

5.3 Measurements of calcium transients

5.3.1 Experimental methods

Collaborators at the University of Oslo performed experimental measurements on isolated
cardiac cells to obtain calcium transients. Measurements were performed 4 and 7 weeks
after introduction of tamoxifen, in separate groups of mice, referred to as KO4 and KO7
mice. Control flox/flox mice at the same age as KO7 mice are denoted by FF. Pressure-
volume loops were also measured in FF, KO4 and KO7 mice. Calcium transients were
measured using whole-cell fluorescence, and calibrated using previously measured levels
of diastolic calcium. These measurements were repeated with the addition of 200 nM
isoproterenol, which is used to simulate the effect that B-adrenergic stimulation has in
vivo. We refer to measurements with and without isoproterenol as ‘+ISO’ and ‘control’
respectively throughout this chapter. For more details on the experimental methods, see

appendix B.
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0.2 0.3 0.4 0.5
Ca (uM)

Figure 5.2: Force-calcium loops. A preliminary visualization which links previ-
ously measured cellular and whole-organ response. Results show force estimated as in
section 5.5 plotted against previously measured calcium transients. Colors represent
average sarcomere length, from > 5% shortening in blue to > 5% lengthening in red.
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5.3.2 Results
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Control Peak Ca (nM) | 442+25 250+5 236+5
+ISO Min Ca (nM) 152 +11  251+£23 315417
+ISO Peak Ca (nM) 990 £135 459 +84 430429

Figure 5.3: Calcium transients without (‘control’) and with (‘+1SQO’) isoproterenol.
Panels show results as mean+SE in FF (n = 7), KO4 (n = 12) and KO7 (n = 10)
mice from left to right. Accompanying table shows details of peak and minimum
calcium concentrations. In control mice, diastolic calcium is maintained, while peak
calcium decreases significantly. With isoproterenol, diastolic calcium decreases in
FF due to upregulated SERCA, but increases in KO due to a lack of SERCA and
increased calcium influx. Peak calcium increases with isoproterenol to reach levels
approximately equal to FF control levels.

Representative calcium transients are shown in Fig. 5.3, along with details of diastolic
and peak calcium measurements. Firstly, these replicate results previously shown for
calcium transients in FF and KO mice in the absence of isoproterenol. In the absence of -

adrenergic stimulation, diastolic calcium is maintained at around 200 nM (Andersson et al.,

2009a; Li et al., 2012), which was used to calibrate the new measurements. Peak calcium

significantly decreased after gene knockout, and the magnitudes of calcium transients at
7 weeks after introduction of tamoxifen are consistently reduced to < 15% of FF. After
addition of isoproterenol, we see a very different progression in the calcium transients. For
the FF mice, peak calcium levels increase due to upregulated calcium influx, while diastolic
calcium levels decrease through upregulated SERCA. However, in KO mice upregulation
of SERCA has little effect, as protein levels are low after the genetic knockout. This causes
a significant increase in both diastolic and peak calcium in the KO+ISO compared to KO
control. Interestingly, the peak calcium levels in knockout mice treated with isoproterenol
reach levels which appear equal to those in healthy FF controls, and this level is maintained
at both time points. Indeed, statistical analysis of peak calcium in FF control, KO4+ISO
and KO7+ISO confirms that they are not significantly different (ANOVA p = 0.945).
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5.4 Simulating ventricular function

Metric FF KO4 KOT7
EDV adj. (ul) 58.9 54.6 55.0
EDP (kPa) 1.02  1.66  3.02
SEP (kPa) 105 98 111
Min. P (kPa) 008 128 235
Control [Ca?*]ied (uM) | 0.578 0.469 0.423
+ISO [Ca?t el (uM) | 0.427 0.588 0.661

Table 5.1: Simulated parameters. Parameters obtained from experimental pressure-
volume loops. EDV adj. is end-diastolic volume adjusted by 15ul to account for
muscles included in simulation cavity volume but not in PV volume (as determined in
the last chapter by comparison with MRI data). EDP is end-diastolic pressure. SEP
is the pressure at start of ejection, used to determine end of isovolumetric contraction.
Min. P is the minimal pressure, used to determine end of isovolumetric relaxation.

The parameter [Ca2+]ffe5f0 is the half-activation of calcium binding to TnC at resting

sarcomere length, and was fitted such that EDV matches within 0.1ul when prescribing
EDP. Calcium sensitivity [Ca2+]ff%f0 was chosen such that EDV matches experimental
data when EDP is prescribed, separately in control and +ISO cases.

We used our electromechanical modelling framework developed in the last two chapters
to perform simulations on a left-ventricular geometry and predict whole-organ function
from calcium transients described in the previous section. However, due to the fact that the
electrophysiology models by Li et al. (2012) only accurately represent calcium dynamics
in knockout mice under 1 Hz stimulation and in the absence of S-adrenergic stimulation,
calcium transients were prescribed directly from experimental measurements. The lack of
an electrophysiology model also has consequences for the activation component of simula-
tions. Although activation times from previous simulations could be used, we found that
in these simulations 80% of tissue was activated within a 3 ms period, and homogeneous
activation did not substantially affect results in Chapter 4. Therefore, we chose a simpler

homogeneous activation for the simulations in this chapter.

We performed simulations for calcium transients measured in FF, KO4 and KO7 mice,
both with and without isoproterenol. In all cases the calcium sensitivity [Ca2+]rTe5f0, which
determines the half-maximal activation of calcium binding to TnC, was set to match
end-diastolic volume at end-diastolic pressure, as this affinity is known to change in vivo
depending on regulatory factors. Other contractile parameters were unchanged from the
previous chapter, as we have already fitted these to match healthy mouse tension genera-
tion at physiological temperature and frequency. Hemodynamic parameters for transitions
from isovolumetric contraction to ejection, and from isovolumetric relaxation to diastole
were taken from representative traces of experimental PV data, summarized in Table 5.1.

As heart failure was observed in these animals without hypertrophy (Andersson et al.,

2009a), the LV geometry and constitutive properties used were identical to values used in

the previous chapter.
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5.4.1 Results
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Figure 5.4: Pressure-volume loops from simulations based on calcium transients
without (‘control’) and with (‘+1SO’) isoproterenol, compared to experimental
PV data. Panels show results in FF, KO4 and KO7 mice from left to right. For
simulations which do not reach ejection, maximal pressure is indicated by an ‘x’.

Fig. 5.4. presents the resulting pressure-volume loops from simulations where the
six representative calcium transients were used as input for simulations, alongside a com-
parison with experimental data. Firstly, they show that the control FF calcium is a
good match for the ventricular function observed experimentally, as in the last chapter.
Next, they demonstrate that control calcium transients in KO mice are incompatible with
observed whole heart function, as the predicted maximum pressures of 7-8 kPa are not
sufficient to initiate ejection. Using calcium transients measured following the addition of
isoproterenol results in a different response to Serca2 knockout. Here the FF mice have
an ejection fraction larger than observed experimentally, which is to be expected consid-
ering the increase in the magnitude of the calcium transient, and the match of the control
transient. However, using KO+ISO calcium transients results in a PV loop that matches
experimental data, resulting in a healthy ejection fraction in KO4 mice, and a reduced
but still viable cardiac function in KO7 mice. As can be seen in both experimental and
simulation results, end-diastolic pressure is significantly increased in knockout mice. This
corresponds to increased residual tension, a result of the increasing diastolic calcium seen
in KO+ISO calcium transients. To match end-diastolic volume at the measured pressure,
a small reduction in the calcium sensitivity is required. This change is also consistent with

higher (-adrenergic state, which is known to affect the affinity of TnC for calcium.

Fig. 5.5 shows deformation for FF, KO4 and KO7 mice from simulations. This vi-
sualization shows the striking similarities in ejection, especially between FF and KOA4,
regardless of differences in IVC and IVR. In KO7, ejection is markedly decreased even

following a more rapid IVC phase faster due to higher residual tension.



107 Heart failure progression in Serca2 knockout mice

A 09095 1 1.051.1

Tz o

15 30 45 60

Figure 5.5: Deformation from simulations based on FF control, KO4+ISO and
KO74I1S0. Surfaces are colored according to active tension, and fiber direction arrows
are colored according to fiber strain, as shown in the legend. Top row shows FF at
end-diastole, mid IVC, beginning, mid, end ejection, and beginning of diastole. Middle
row shows KO4, and bottom row KO7.
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5.5 Active tension estimation

Since comparing pressure-volume loops can obscure temporal differences in results, we
also investigated whole-organ tension development. Performing such comparisons requires
an estimate of active tension from experimental results. As this can not be obtained
directly, we use our computational framework as a basis for estimating active tension in
vivo. Specifically, mean active tension was estimated by prescribing pressure and solving
for tension to match volume in the mechanics solution process, using the pressure-volume
measurements described in the previous section.

As described in Chapter 3, in a nonlinear solve of high order finite element mechan-
ics problem, we solve the node positions and hydrostatic pressure given the balance of
forces discretized as Ry;(X,p) = 0 and incompressibility discretized as (Qi(X) = 0) as
constraints. The general idea of our method is to add a mean active tension variable T}, to
the vector of variables to be solved, and a volume constraint vy, = vpy(t) as an extra equa-
tion. The mean tension T, that is estimated will include some averaged velocity-dependent
response, as well as averaged length-dependent binding and differences in activation time.

Monolithically solving for this extra variable results in extra entries in the Jacobian

dRy; . . . . o .
dTiJ , which can be calculated using finite differences, and % likewise, as done before in
Windkessel models. The remaining terms %, Z% are 0, as vy, det F' are not directly

dependent on T}, in the residual evaluation.

The resulting solution process is as fast as a normal mechanics solution process, and
can be executed with the 1 ms time step given by the PV data resolution. However,
some initial estimate of the deformation helps convergence at higher pressures, and can be
obtained by inflating the ventricle up to approximately the volume seen in the first time
step.

The tension estimation technique was validated using the results of Chapter 4. In this
validation it showed < 10% error in estimating mean active tension in the most complex
simulation case where tension development was heterogeneously activated and length-
and velocity dependent. As this validation showed that the assumption of homogeneous
tension development does not lead to significant errors in estimating the mean active
tension, we can use this a metric to combine pressure and volume transients to a single
experimental value which can be easily compared to simulated cellular and whole-organ
tension development. It also allowed for the visualization shown in Figure 5.2, which shows

the hypothesised connection between cellular calcium and ventricular tension generation.

5.5.1 Results

Fig. 5.6 shows mean active tension estimated from experimental PV data compared to
active tension from these six simulated cases. This comparison of simulation results to
estimated tension traces demonstrate more clearly the unphysiological results produced by
the +ISO transient in FF mice, as after the usual fast decrease in tension development at

the beginning of ejection due to the velocity dependent effects of fast shortening, there is a
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second phase of tension development, leading to a peak tension twice as high as estimated
from experimental data. The FF control transient shows good agreement during isovolu-
metric contraction and relaxation, although some differences appear during isovolumetric
relaxation. This may be in part due to a small disparity in stimulation frequency.

In comparison, the control transients in KO mice were too small to result in the con-
traction observed in measurements, as peak tension developed is approximately half of
that required, even when length-dependent activation is maximal during the entire tran-
sient due to failure to start ejection. The KO+ISO transients also show good agreement
during ejection, although especially the KO7 transient has slower relaxation. As this PV
loop was measured with an identical 6 Hz heart rate as the matching calcium transient,
the disparity between model prediction and experimental results in these mice can not be
attributed to such factors.
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Figure 5.6: Active tension from simulations compared to active tension estimated
from PV data. Simulations were based on calcium transients without (‘control’)
and with (‘+ISO’) isoproterenol, and compared to active tension estimated from PV
data. Panels show results in FF, KO4 and KO7 mice from left to right, all aligned by
end-diastole. Heart rates for simulations, and experimental data for KO4 and KO7
are 6 Hz, and experimental data for FF is at 7.5 Hz.

5.6 Parameter variation

In this section we investigate the necessity of (-adrenergic stimulation in light of the
assumptions inherent in a contraction model developed in the previous chapter. This sup-
ports the simulations above, where only the calcium sensitivity [Ca2+]fre5f0 was changed. In
doing so we quantify our initial intuitions about the unlikeliness of compensatory contrac-
tile mechanisms. In each of these simulations, the calcium sensitivity [Ca2+]rTe5f0 was fitted
individually as in previous simulations, after variation of fundamental contractile param-
eters: the Hill coefficient for cooperative crossbridge action n,,, the reference maximal
isometric tension Ty, and the magnitude of length-dependent activation effects 5;. We
also investigated changing the rate constants, the unbinding rate of calcium from TnC,

krrpn and the scaling factor for rate of crossbridge binding k,,. These simulations were



5.6 Parameter variation 110

only performed for the KO4 and KO7 mouse models, as the FF model already shows

realistic contraction under control conditions.

5.6.1 Results

Table 5.2 and Figure 5.7 shows the results for alternate contraction models in the KO4
and KOT7 control cases.

In the KO4 model, doubling the rate constants krgpy, kv, has little effect. Increasing
the cooperativity of crossbridge binding from n,,, = 5 to n,, = 7 has the greatest effect, but
simulation results are still far from experimental traces. Furthermore, this change leads
to an F-pCa Hill curve fit with Hill coefficient of 9.1, and biphasic fit with coefficients 10.8
and 5.1 for the lower and upper half respectively, which exceeds experimentally measured
Hill coefficients (Dobesh et al., 2002).

Increasing the reference tension to 240 kPa results in only a small increase in the the

maximum pressure, as it requires a lower calcium sensitivity to match end-diastolic state.
Finally, maximum pressure increased by decreasing the magnitude of length-dependent
activation (LDA) factor ;. This possibly counterintuitive mechanism is related to the
fact that calcium sensitivity has to be decreased significantly at higher LDA to match
residual tension. Lowering LDA thus allows for higher sensitivity to calcium, and slightly
higher developed tension. This lower length dependence also results in a cellular response
significantly lower than the length dependence seen in experiments.

In KO7 mice the balance between required changes in calcium sensitivity and maxi-
mum pressure changes in some cases. However the overall conclusions remain the same:
only changes in reference tension and cooperativity beyond plausible experimental values
have the potential to significantly increase maximum pressure. In the KO7 case there is no
ejection in any simulation, which further demonstrates that the control calcium transients
are incompatible with whole-organ function observed. This confirms our preliminary re-
sults and shows the necessity of G-adrenergic stimulation in maintaining cardiac function
in knockout mice, as even large compensatory changes in myofilament properties do not

result in viable cardiac output.
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Figure 5.7: Pressure-volume loops for parameter variations. Pressure-volume loops
from the ‘original’ and n,, = 7 simulations shown in Table 5.2, compared to experi-
mental PV loops.
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KO4 KO7
Parameter [Ca2+]rTe5f0 Max. pressure [Ca2+]rTe5f0 Max. pressure
original 0.469 7.5 kPa 0.423 8.0 kPa
krgrpxn = 0.2/ms | 0.470 7.5 kPa 0.429 7.7 kPa
kw = 0.2/ms 0.469 7.5 kPa 0.426 7.9 kPa
Ny, =1 0.420 10.0 kPa 0.399 8.8 kPa
Tior = 240 kPa | 0.511 8.6 kPa 0.469 8.6 kPa
B =—-0.75 0.446 7.7 kPa 0.412 7.4 kPa

Table 5.2: Whole-organ response to changes in the contraction model. Using
control calcium for KO4 and KO7 mice. Shown are the necessary change in [Ca2+]rTe5fO
to match end-diastolic state, and resulting maximal pressure developed. The relevant
original contraction model parameters are: Hill coefficient for cooperative crossbridge
action, n,, = 5. Unbinding rate of calcium from TnC, krgpy = 0.1. Scaling factor
for rate of crossbridge binding, k., = 0.1/ms. Reference maximal isometric tension,

Tref = 120 kPa. Magnitude of length-dependent activation effects, 81 = —1.5.
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5.7 Discussion

In this chapter we applied our electromechanical mouse modelling framework to investigate
novel experimental measurements of Serca2 knockout mice at both the single cell and
whole-organ levels. In doing so we have been able to explain the progression of heart
failure in these knockout mice.

Previous work had already identified several mechanisms that compensate for changes
in the calcium transients, including upregulated L-type calcium and NCX, change in SR
volume and growth of T-tubules. In light of this previous work it was originally expected
that the moderate decrease in heart function could be explained largely by previously
identified changes in the calcium transient, combined with compensatory changes in con-
tractile parameters. However, early investigation of this hypothesis revealed the drastically
different contractile response to identical calcium concentrations that would be required
to explain the changes from FF to KO4 and from KO4 to KO7. Although in FF mice,
predicting cardiac function using control calcium transients shows realistic pressure and
tension development and ejection consistent with experimental measurements and previ-
ous modelling in Chapter 4, predictions in KO mice showed large quantitative differences.
Even when pushing single cell models to parameter space regions far outside the range
of experimental data to reproduce diastolic and systolic tension levels, tension shape was
significantly different from estimated traces from PV loops. Thus, although the decrease
in heart function combined with a decrease in measured calcium transients were previously
considered to qualitatively compatible, modelling results revealed a significant quantitative
gap in our understanding. Combined with preliminary experimental evidence suggesting

the importance of [-adrenergic state (Andersson et al., 2009a), these results drove our

experimental collaborators to collect additional data on the effects of G-adrenergic stimu-
lation on the cellular measurements.

In FF mice, these additional measurents with added isoproterenol shows unrealistic
tension development in the model due to velocity dependent effects during fast short-
ening, as well as producing a stroke volume significantly greater than values measured
experimentally. Furthermore, a higher calcium sensitivity of the contractile proteins is
needed to explain the diastolic tension observed experimentally when diastolic calcium
is lowered by upregulated SERCA. In contrast, S-adrenergic stimulation generally causes

lower calcium sensitivity due to the effects of PKA on Tnl and TnC (Metzger and West-

fall, 2004). These results contrast with those obtained in KO4 and KO7 mice, in which
control calcium transients are far too small to result in the ejection observed, and can not
sustain the systolic tension observed even when taking into account the fact that diastolic
tension is significantly elevated. Furthermore, the observed reductions in calcium tran-
sient of > 70% are too large to be consistent with minor changes in contractile function.
With [-adrenergically stimulated calcium transients, simulations matched observed PV
data, showing realistic ejection and tension development. Matching diastolic tension in
the model required a decrease in calcium sensitivity between control and KO+ISO contrac-

tion, which is due to higher diastolic calcium. This small decrease in calcium sensitivity
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from FF control to KO+ISO is also consistent with the effects of G-adrenergic stimulation.

From these results we can now provide a novel interpretation of the progression of heart
failure and compensatory mechanisms which result from Serca2 gene knockout. Several
electrophysiological mechanisms quickly compensate for the decrease in SERCA. Firstly,
in the absence of G-adrenergic stimulation, transmembrane calcium dynamics are upregu-
lated to improve the calcium transient (Li et al., 2012). Activation of the L-type calcium
channel through S-adrenergic stimulation increases the calcium transient further, preserv-
ing systolic calcium levels to be close to those normally observed in healthy mice. However,
in the absence of SERCA this upregulation of the L-type calcium channel through multiple
mechanisms causes net transmembrane removal of calcium through NCX and PMCA to

be insufficient to maintain diastolic calcium at healthy levels (Louch et al., 2010). As the

size of the calcium transient decreases with increasing diastolic calcium, either diastolic
tension must increase, or systolic tension must decrease. Consistent with maintaining
cardiac pump function and preventing systolic heart failure, systolic tension is maintained
while diastolic tension increases significantly. Finally, the resulting higher diastolic tension
is compensated for through higher minimum and end-diastolic pressure, which indicates a
higher venous return pressure. Venous return is also known to be increased by (3-adrenergic
stimulation, through venodilation and lower splanchnic venous resistance (Green, 1977).
This further ensures systolic tension can be maintained through effective length depen-
dence of tension development, by maintaining end-diastolic volume even in the presence of
this significantly higher diastolic active tension. From our modelling results and measure-
ments of blood catecholamine and calcium transients, we can infer that there is not a loss
of beta-adrenergic signalling or responsiveness at the 7 week point, but a limit on to what
extent these effects can compensate for the failing calcium dynamics. Increasingly severe
heart failure develops as the -adrenergic state and venous return pressure can no longer
be increased, while calcium cycling progressively declines, possibly further exacerbated

by acidosis, Na™ accumulation, and increased ATP consumption (Louch et al., 2010; Li

et al., 2012). In this fragile state, further increases in diastolic calcium can quickly lead
to decreased end-diastolic volume and reduced contractility, resulting in death from heart
failure. In support of this view, preliminary experimental observations suggest that in vivo
cardiac function rapidly and markedly declines in knockout mice following the 7-week time

point.

The effects of G-adrenergic stimulation in these mice can also be contrasted with the
use of B-blockers in humans. In humans, the effects of sympathetic stimulation are often
blocked with (-blockers, making them an effective treatment for a range of heart diseases

(Frishman and Saunders, 2011). By contrast, KO animals appear dependent on contin-

uous F-adrenergic stimulation for survival. Importantly, through actions in the kidneys,
(B-adrenergic stimulation promotes fluid retention and increased venous return, which are
traditionally considered deleterious in heart failure. However, in the KO mice such an
increase in pre-load appears to be essential in enabling filling of the ventricle despite in-
creased diastolic active tension. In heart failure, (-adrenergic stimulation is generally

associated with arrhythmogenesis due to overloading of the SR, and thus spontaneous cal-
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cium release (Venetucci et al., 2007). In the KO mice, such spontaneous release events are

inhibited due to the low SR content, and thus the pro-arrhythmic danger of S-adrenergic
stimulation appears to be avoided. Finally, a detrimental increase in heart rate expected
with greater S-adrenergic tone does not occur in KO mice; in fact a mild decrease in heart
rate was observed in these mice (Andersson et al., 2009a). This may be due to the role of
SERCA2 in sinoatrial node cells (Maltsev and Lakatta, 2010), which are partially affected

by the knockout. Thus, there appears to be several advantages to increased J-adrenergic

stimulation in the Serca2 KO mice, without the largely negative effects associated with
sympathetic stimulation in other types of chronic heart failure. However, these conclu-
sions have to be seen in light of the limitations of animal models discussed in section 2.2.4.
The possibility of specific side-effects on the sinoatrial node, combined with quantitative
differences in the role of SERCA in calcium cycling, means it remains to be seen whether

these discoveries are applicable to human heart disease.

A potential limitation of our study is that further effects of S-adrenergic stimulation
on the myofilaments could play a role in this larger difference in relaxation kinetics re-
maining between simulations and measurements. However, doubling the rate constant for
crossbridges k,;, did not improve relaxation, suggesting that relaxation is dominated by the
calcium transient decay rate in simulations. A futher limitation derived from our exper-
imental data is that we have only considered very high and no (-adrenergic stimulation.
Although ejection predicted from KO4 +ISO calcium data is slightly higher compared to
PV data, within the limits of uncertainty of the experimental data, it is difficult to say
whether (-adrenergic stimulation is already near maximal in KO4 mice. Previously mea-
sured blood catecholamine levels are elevated in knockout mice, with norepinephrine levels
of 84.4 £ 10.3 in KO7 mice compared to 54.8 + 7.3 mg/g in FF controls, and epinephrine
levels of 5.1 + 1.8 mg/g in KO7 and 2.5 £ 5.1 mg/g in FF mice (Andersson et al., 2009a).

As blood catecholamines are spillover from nerve terminals, these measurements can not be

easily converted into equivalent stimulation at the single cell level. Furthermore, although
the [-adrenergic response does not appear to be significant in FF mice, where control
calcium transients adequately explain whole-organ ejection, this response may be easily
missed in other experimental studies. Addition of isoproterenol to single cell experiments

is common, but connecting this to the level of stimulation in vivo remains difficult.

Our results add significantly to a better understanding of Serca2 knockout, and thus
allow us to reinterpret a significant amount of previous work. Firstly, the study in which

the knockout mice are developed (Andersson et al., 2009b) cites previous work by Schultz

et al. (2004) which shows that heterozygous knockout mice are generally healthy, though
more sensitive to increased pressure. Furthermore, increased end-diastolic pressure was
observed in heterozygous knockout mice. This suggests that G-adrenergic stimulation may

also play an important role in heterozygous knockout mice.

Secondly, there was a follow-up study by Andersson et al. (2009a), which measured

both cellular and whole-organ response to Serca2 knockout. They also note significant
atrial dilation, which is likely related to the higher venous return pressure. Results further

show low shortening in isolated myocytes, with FF and KO4 cells having equal fractional
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shortening. Even at 1 Hz when calcium transients are larger, shortening is lower than
consistent with ventricular ejection. From these results they conclude there was enhanced
myofilament responsiveness, while our results demonstrate a small decrease in calcium
sensitivity instead. They also show plasma norepinephrine is significantly increased. Fur-
thermore, plasma epinephrine increased in KO, though this was not significant due to
variability. However, only limited measurements of these effects at low pacing rates were

performed, and future studies do not incorporate these results.

The study by Louch et al. (2010) confirmed the increasing left atrial diameter, main-

tained diastolic calcium and a fractional shortening of only 1.4% in KO7 cells. They
furthermore observed increasing pulmonary congestion in knockout, which further ex-
plains the higher end-diastolic pressure which is necessary for effective length-dependent
activation of the myofilaments. A major conclusion of their study is the decrease in cal-
cium extrusion due to Nat accumulation and declining SERCA, which slows the decay
of the calcium transient in their study. From our results we can see that this is likely to
be a major factor in the increased diastolic calcium. Finally, the recent study by Swift
et al. (2012) shows a decrease in SR volume, along with T-tubule in Serca2 knockout

mice. This provides a further mechanism for increased L-type calcium influx underlying

the maintained systolic calcium we observed.

In mathematical modelling, the study by Li et al. (2011) developed a model of the

electrophysiology and calcium dynamics in FF and KO4 mice. This model still accurately
represents the cellular data in FF mice. However, some of its key conclusions have to be
adjusted in light of our research. The study contrasts the increase in diastolic calcium
in failing human myocardium with a lack of increase in these mouse models, stresses the
importance of NCX upregulation in maintaining diastolic calcium levels in KO mice equal
to FF controls, and suggests the absence of hypertrophy is related to maintaining diastolic
function. Our results show that diastolic function is indeed impaired, and diastolic tension
and calcium are significantly elevated in vivo. However, these results do not diminish
the importance of NCX upregulation in reaching this higher, but still viable, diastolic
calcium. The study also suggests that changes in calcium sensitivity may be sufficient
to compensate for the lower systolic calcium, which our modelling efforts have shown
to be implausible, as calcium transients are too small. Their conclusions that cellular
compensatory mechanisms maintain diastolic function can now be contrasted with our
results, which demonstrate that in vivo, cellular response is maintaining systolic calcium.
These contrasting results are indicative of complex genetic and regulatory systems in the
cell that maintain aspects of calcium dynamics, and much work is required in this area

before this can be fully understood.

The investigation of cellular electrophysiology using mathematical models was contin-
ued in the follow-up study by Li et al. (2012) which explored the progression of changes
in electrophysiology and calcium dynamics from FF to KO4 to KO7 cells at 1 Hz, in an
attempt to understand the transition point from healthy cellular function due to com-
pensation, to a critical point of decreased cardiac function. In their conclusions these

researchers suggest that KO4 control transients are sufficient to maintain diastolic and
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systolic heart function, and systolic heart failure in KO7 mice is explained by a further
decrease in systolic calcium. In practice under (-adrenergic stimulated KO7 mice there
is a small decrease in the calcium transient combined with a small decrease in calcium
sensitivity, which is likely to drive the decrease in ejection fraction, while there is major
degeneration of healthy diastolic function. They also stress the role of ATP consumption
and acidosis. Although their analysis is dependent on non-#-adrenergically stimulated
calcium transients and likely to have large quantitative errors compared to the in-vivo
state, actual ATP consumption is likely to be even higher in vivo.

The need for reinterpretation of previous research in light of the importance of the
(-adrenergic response also raises questions for the use of cellular experimental data in
multiscale modelling in general. In multi-scale modelling, cell models based on isolated
cells are often assumed to perfectly describe whole-organ behaviour. As we have shown in
the last two chapters, even when using a carefully species-specific model at a physiological
temperature and pacing frequency, such an assumption may be incorrect. In this context,
our experimental data also reveals some of the disadvantages of using isolated cell prepa-
rations. While the cell environment is carefully controlled, isolated cell behaviour can be
significantly different in comparison to in vivo function, as important regulatory factors of
calcium dynamics, such as f-adrenergic stimulation, changing sarcomere length and cir-
culatory factors, are missing. Furthermore many such measurements are already known
to be significantly different from in vivo cellular function, due to factors such as tension
rundown and changes in cooperativity. Our results therefore show an important role for
computational modelling in quantifying the connection between single cell and whole or-
gan function. Whereas the decreased calcium transients seen in the knockout mice may
initially seem compatible with the observed decrease in heart function, modelling results
demonstrate that more significant changes are needed, which can only be induced by high
(B-adrenergic stimulation.

In conclusion, our results show that (-adrenergic stimulation is an essential factor in
explaining the observed changes from FF to KO mice and the relatively slow development
of heart failure after a major disruption in normal cellular function. Thus, the Serca2
knockout mice are kept alive by a constant state of ‘fight-or-flight’, much like the panicked
mouse described by Robert Burns in the epigraph to this chapter.
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Chapter 6

Conclusions and future directions

This thesis presented an integrative framework for computational modelling of electrome-
chanics in the mouse, and its application to several physiological questions: the role of
electromechanical coupling mechanisms in generating ventricular pressure, and the pro-
gression of heart failure progression after genetic knockout. To accomplish this, significant
work was required both in implementation of a coupled multi-physics model, as well as
mathematical model development in the mouse across cellular and tissue scales. This
chapter summarizes the main conclusions, and discusses opportunities for improvement

and other future work.

6.1 Computational methods

In Chapter 3, we developed a computational framework for electromechanics. This frame-
work has proven to be especially suitable for our further research in electromechanical
mouse models, due to the efficient mechanics solver. The combination of predicting the
next solution, combined with a modified Newton method, results in a speed-up of up to
approximately a factor 50. Whereas previous studies using electromechanical models have
usually been based on a few results or required large supercomputing facilities, the de-
velopment of efficient computational methods has allowed for large parameter variation
studies consisting of many simulations to be performed on a standard desktop computer.
Using such a large number of results we can look at the effect of a broader range of pa-
rameters, and obtain a better understanding of the important components in a ventricular
model, thereby allowing us to identify or exclude other potential mechanisms which might
also explain differences between experimental and simulation data.

The mechanics solver developed here is currently in use by several other researchers,

including Xi et al. (2011, 2012) in mechanical parameter estimation studies and Qyvind

Nordbg et al. in parameter variation studies. In both cases, an efficient implementation has
proven to be very useful in running many simulations without the need for supercomputing
facilities. However, the tools are currently still closed-source and not available for general

use. An important step in future work is making the proposed methods more widely
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available.

Some aspects of mechanical simulations remain challenging, and are open for improve-
ment in future work. The optimal choice of boundary conditions is one of these. Extending
mechanical simulations to include tissue up to the valve plane would allow for comparison
of different types of boundary conditions in truncated ventricular models. However, there
are significant challenges in performing such a comparison, as MRI data often does not
include details of the valve plane, many current tools for mesh generation are optimized
for truncated data, and the material properties of the collagen-rich valve plane are differ-
ent from that of the myocardium. Another aspect is the numerical stability of nonlinear
mechanics simulations, which can be highly dependent on both model parameters and

the computational mesh used. Recent work by Lamata et al. (2013) has looked into this

problem in more detail, but as of yet no clear answers are available.

6.2 Electromechanical model of the mouse

The main contribution resulting from this thesis is a novel species- and temperature spe-
cific framework for electromechanical modelling of mice based on a range of multimodal
experimental data. This modelling framework is based on the computational methods
developed and includes a cell contraction model based on a wide range of data from the
literature, which accurately represents the dynamics of murine myocytes under physiolog-
ical conditions.

At the basis of this electromechanical model is a novel cellular contraction model based
primarily on existing data from the literature. To investigate parameter identifiability of
the contraction model with respect to this experimental data, we developed a novel visu-
alization method. This visualization shows which parameters in this model are already
well determined, and where additional experimental data could help further model devel-
opment. At the cellular scale we also found that the strongly biphasic force-pCa relation
previously reported can be explained by cooperative binding of calcium to troponin C.
Specifically, while a single cooperative mechanisms can reproduce a biphasic force-pCa
curve, the combination of two cooperative processes interacting is what leads to quantita-
tive agreement with previously published experimental data.

A natural extension of this work in the future is the application of this modelling
framework to represent cardiac cellular contraction in other species. We are currently
working on the development of a human contraction model, using human cells that have
recently become available to our collaborators. This will allow us to test the effect of elec-
tromechanical coupling mechanisms in human heart models, and creates opportunities for

investigating similarities and differences between human and mouse cellular contraction.

The cellular contraction model was embedded in a model of the left ventricle of a mouse,
parametrized using new multimodal experimental data, including MRI data, pressure-
volume loops, and passive inflation experiments. In study of electromechanical coupling

mechanisms in this Chapter, we have shown that running whole-organ simulations can
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assist in the inference of aspects of length- and velocity dependent feedback at the cel-
lular scale, for which data are still insufficient or contradictory. Investigating the effects
of different length-dependent mechanisms on the dynamics of ejection and isovolumet-
ric relaxation in the ventricle strongly suggest that length-dependent activation factors
are dominant, considering their relative effect on ejection and relaxation. Perhaps more
importantly, we were able to use emergent function in whole-organ simulations to show
the importance of a strong velocity-dependent effect on tension in reproducing pressure
transients seen in vivo. Introducing a stronger velocity dependence resulted in a longer
duration of ejection, with a lower and extended pressure plateau during ejection, rather
than a pressure transient which is similar to single-cell tension transients. Results from an
extensive parameter variation study show that this is a necessary change to explain pres-
sure transients, as other parameters in the model are either constrained from experimental

data or do not explain differences between model results and experimental data.

The detailed whole-organ simulations uncovered significant effects of the electrical
propagation on the calcium transient in our tissue model, as the L-type calcium current
is significantly increased just after the upstroke, when cells are driving action potential
propagation and act as a source for neighbouring tissue. This raises questions about the
extent these mechanism play a role in vivo as well as the effects of isolating boundary con-
ditions in models and experiments. However, using newer electrophysiology models (Li
et al., 2012), these effects do not appear. This is most likely due to differences in modelling
calcium-induced deactivation of L-type calcium channels, which are highly dependent on
the parametrization and use of calcium subspaces, which differ in their formulations be-
tween the different models. It is still unclear which of these models is more realistic,
although the lack of effect in more detailed models, combined with the fact that directly
using cellular calcium transients in Chapter 5 matches experimental data well, suggests
that the increase in the L-type calcium current may be an artefact of older models. A
potential direction for future work in this area is to assess the predictive value of electro-
physiological cell models in a tissue environment more generally, as the electrical stimulus
a cell receives in vivo can be very different from that usually applied during in vitro

experiments.

There are currently still some differences between the predictions of the whole-organ
model and experimental measurements during late isovolumetric relaxation. The predicted
rate of relaxation is slower in whole-organ models compared to experiments, whereas iso-
metric tension development in our contraction model matches experimental single cell
data well due to the cooperative term in unbinding. Although these differences are on
the 1/100 second scale, such differences can be significant in mice. In Chapter 5 we found
this difference to be especially significant when looking at estimated tension transients
in KO7 mice. These discrepancies are still not fully explained, and may point to other
coupling mechanisms. A potential explanation is the shortening-induced cooperative de-

activation mentioned in the literature (Hanft et al., 2008), which is not included in the

contraction model as this mechanism remains difficult to quantify. As future work in this

area progresses, our model should be updated to include such mechanisms.
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The initial stimulus for electrical activation in our electromechanical model was based
on the end-points of the specialized conduction system. This stimulus pattern was a
simplified representation, which could be further refined in future work. However, due
to fast murine electrical activation, it was not significantly different from homogeneous
activation, and may not significantly impact the predictive value of a ventricular mechanics
model of the mouse. Nevertheless, the impact of the specialized conduction system on the
timing of electrical activation is often neglected in electromechanical models of all species.
These effects are likely to be more significant than the small changes in conduction velocity
that have been the focus of much research in numerical methods for the monodomain
and bidomain models. Finding an appropriate balance between accuracy, speed, and
complexity for models of cardiac electrical activation is likely to remain important for

future work in electromechanical modelling.

6.3 Genetic knockout model

In Chapter 5 we used our electromechanical modelling framework to investigate the pro-
gression of heart failure in genetically modified mice, which have an induced cardiomyocyte
specific knockout of the Serca2 gene. This particular genetic knockout is lethal in utero,
and only inducing a knockout in adult mice allows for investigating the effects of such a
drastic change in cellular function. Mice with an induced knockout can live for seven to
ten weeks after introduction of tamoxifen, staying alive with large reduction in SERCA
pump function.

Measurements of calcium transients were used as input for our mouse modelling frame-
work, in the absence and presence of isoproterenol. The modelling efforts described in
Chapter 5 demonstrated the importance of 3-adrenergic stimulation for maintaining heart
function in Serca2 knockout mice. More detailed work on changes in myofilament proper-
ties also confirmed the implausibility of alternate mechanisms.

The newer electrophysiology models for knockout mice developed by Li et al. (2012)
were not extended to reproduce calcium dynamics at 6 Hz, or the effects of G-adrenergic
stimulation on calcium dynamics, making them of limited use for making connections to
whole-organ data in our study. Thus, as a result of limitations we discovered in these
models of cellular electrophysiology, we used direct measurements of calcium transients
as input to our electromechanical model simulations instead. These particular limitations
have motivated collaborators in Oslo to consider a reparametrization of the electrophysi-
ology model using the metamodelling techniques developed in Tgndel et al. (2011, 2012),
Vik et al. (2011).

Our work also makes several novel experimental predictions, which could be tested in
future work. Firstly, an interesting opportunity for future work would be to characterize
the effect of B-blockers on the progression of heart function in Serca2 knockout mice.
According to our model predictions, Serca2 knockout mice will likely die before the 4 week
time point in the absence of high §-adrenergic stimulation.

We have also suggested that heterozygous knockout animals are able to fully com-
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pensate for their knockout by a lower level of G-adrenergic stimulation. Measurements of
catecholamine levels, or experiments with (-blockers could confirm these predictions.

As we have shown, computational modelling can play an important role in making con-
nections between cellular and whole-organ measurements. In doing so it can compensate
for the lack of a few specific experimental measurements, such as the level of g-adrenergic
stimulation in vivo or the magnitude of velocity-dependent effects. This observation is
likely to guide us in future work, as we continue to use multiscale modelling to integrate

experimental data between spatial scales and different species.

6.4 Summary

In this thesis we have developed an integrative framework for computational modelling
of cardiac electromechanics in the mouse, allowing in-silico investigation of many experi-
ments done in these animals. This framework has already shown potential for improving
our understanding of cardiac function at both the single-cell and whole-organ level, by
revealing the role of coupling mechanisms in explaining the striking differences between
the shapes of cellular tension and ventricular pressure transients. Furthermore, through
combining novel experimental data and our modelling framework we have sought to ex-
plain the progression of heart failure in Serca2 knockout mice, and identified increased
(-adrenergic stimulation as the major compensatory mechanism. The development of
this framework opens up many opportunities for future work, including improvements to

models, applications to other mouse studies, and translation across species.
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Sander Land, Steven Niederer and Nicolas Smith.

Efficient computational methods for strongly coupled cardiac

electromechanics.

IEEE Transactions on Biomedical Engineering, 2012

Sander Land, Steven Niederer, @yvind Nordbg, Emil Espe,
Ivar Sjaastad, William Louch, Stig Omholt, Ole Sejersted and
Nicolas Smith

An electromechanical model of the mouse heart

Cardiac physiome meeting, Oxford, 2011

Sander Land, Steven Niederer, Jan Magnus Aronsen, Emil
Espe, Lili Zhang, William Louch, Ivar Sjaastad, Ole Sejersted
and Nicolas Smith.

An analysis of deformation dependent electromechanical cou-

pling in the mouse heart

Journal of Physiology, 2012

Sander Land, Steven Niederer, Jan Magnus Aronsen, Emil
Espe, Lili Zhang, William Louch, Ivar Sjaastad, Ole Sejersted
and Nicolas Smith.

Developing a Virtual Physiological Mouse model of the heart:
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Virtual Physiological Human Conference, London, 2012
Sander Land, William Louch, Steven Niederer, Jan Magnus
Aronsen, Geir Christensen, Ivar Sjaastad, Ole Sejersted, Nico-
las Smith.

Beta-adrenergic stimulation maintains cardiac function in
Serca? knockout mice

Biophysical Journal, 2013
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to aspects of the computational framework and mouse models developed in this thesis.
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Research paper

Research paper
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Appendix B

Experimental methods

The experiments on isolated myocytes described in Chapters 4 and 5 were performed by
collaborators at Ulleval University Hospital in Oslo, Norway. The description of experi-
mental methods was provided by Magnus Aronsen, William Louch and Emil Espe, and is
duplicated here from (Land et al., 2012b, 2013) for completeness.

B.1 Ethics statement

Experiments were performed in accordance with the Norwegian Animal Welfare Act, which
conforms to NIH guidelines (NIH publication No 85-23, revised 1996). Mice were housed
at 55% humidity on a 12 h light /dark cycle, with food pellets (RM1, 801151, Scanbur BK)

and water freely available.

B.2 Genetic background

Serca2"t/flox mice were generated by standard gene targeting strategies and backcrossed

onto B6/J mice for at least 8 generations (Andersson et al., 2009b). Serca2i®</1° mice were

then generated and interbred with MerCreMer transgenic mice (Sohal et al., 2001), which
were also backcrossed onto B6/J mice, to create Serca2lo*/flox Tg(aMHC-MerCreMer)

knockout mice (‘KO’). These mice allow for inducible, cardiomyocyte- specific disruption

of the Serca2 gene in adult mice (Andersson et al., 2009a). Gene excision was accomplished

in 8-10 week old mice by intraperitoneal injection of 1.0 mg of tamoxifen base (Sigma-

2ﬂ0x/ﬁox

Aldrich, Oslo, Norway) in peanut oil. Age matched Serca mice (‘FF’) served as

controls.
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B.3 Cell methods

FF and KO mice were sedated with a mixture of oxygen and 4.5% and 2.0% isoflurane,
respectively, and then euthanized by neck dislocation. For cardiomyocyte isolation, hearts
were rapidly excised and placed in cold isolation buffer containing (in mmol/L): 130 NaCl,
25 Hepes, 22 D-glucose, 5.4 KCI, 0.5 MgCly, 0.4 NaHsPOy, 0.01 pg/ml insulin (pH 7.4).
Each heart was then cannulated via the aorta, mounted on a Langendorff apparatus, and
perfused with isolation buffer supplemented with 200 U/ml collagenase Type II (Wor-
thington Biochemical Corporation, Lakewood, NJ, USA) and 0.1 mmol/L Ca?* at 30°C.
Adequate digestion of the ventricles was generally achieved after 15 min of enzyme perfu-
sion, at which point hearts were cut from the Langendorff aparatus. The left ventricular
was then removed, mince, and gently shaken at 37°C for 3-4 min in the perfusion solu-
tion with the addition of 1% BSA and 0.02 U ml/L deoxyribonuclease I (Worthington).
Following filtration (200 wm nylon mesh) and sedimentation, the cell pellet was washed in
isolation buffer supplemented with 1% BSA and progressively increasing [Ca2+] (0.1, 0.2
and 0.5 mmol/L). Isolated cardiomyocytes were stored at room temperature until use.
For measurement of Ca?* transients, cells were incubated with fluo-4 AM (20 pmol/L
for 10 min, Molecular Probes, Eugene, OR), plated on laminin-coated coverslips, and
mounted on the stage of an inverted microscope. Cells were then superfused with HEPES
Tyrodes solution containing (in mmol/L): 140 NaCl, 1.0 CaCls, 0.5 MgCls, 5.0 HEPES,
5.5 glucose, 0.4 NaHoPOy, 5.4 KCI, pH 7.4, 37°C. Ca’T transients were elicited by field
stimulation at 6 Hz through platinum wires with a 3 ms biphasic pulse. Fluo-4 was excited
at 485 nm, and whole-cell fluorescence at 535 nm was recorded by a photomultiplier
tube (Photon Technology International, Monmouth Junction, NJ, USA). (-adrenergic
stimulation was attained by exposing cells to 200 nmol/L isoproteronol, which we have

observed is a maximal dose in other experiments.

B.4 In vivo pressure and volume measurements

Mice were sedated and anesthetized with a mixture of oxygen and 4.5% and 2.0% isoflu-
rane, respectively. The right common carotid artery and right jugular vein were dissected,
and the right jugular vein was cannulated for later saline injection. A 1.4F Millar PV-
catheter was inserted retrogradely into the right common carotid artery and the aorta.
Aortic blood pressure was recorded, before the catheter was further inserted into the left
ventricular cavity (LV). LV PV-loops were recorded and later calibrated based on obtained

values for stroke volume and parallel conductance (Pacher et al., 2008). Cardiac stroke

volume was measured as blood flow through the aortic valve using echocardiography (Vevo
2100, VisualSonics, Canada), while the parallel conductance was obtained by injection of
hypertonic (30%) saline into the right jugular vein and subsequently recordings of the
displacement of the conductance signal. ECG was recorded simultaneously. FEuthanasia

was induced by an overdose of anesthesia followed by neck dislocation at the end of the
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experiment.

B.5 Passive inflation experiments

Passive inflation was assessed by cannulating excised hearts and retrogradely perfusing
via the aorta with a HEPES Tyrode buffer containing in (mM): 140 NaCl, 1.0 CaCl2, 0.5
MgCl2, 5.0 HEPES, 5.5 glucose, 0.4 NaH2PO4, 5.4 KCI, pH 7.4. The perfusion pressure
was increased from 0 to 10 mmHg by elevating the perfusion buffer. Left ventricular
dimensions were simultaneously assessed by echocardiography (VEVO 2100). Short axis
images were obtained at the mid-ventricular level of the heart, and left ventricular length

was assessed in apical 4-chamber view.

B.6 MRI experiments

The phase contrast MRI experiments were performed on a 9.4T/210mm/ASR horizontal
bore magnet (Agilent/Varian Inc., US) with a high-performance actively shielded gradi-
ent coil (rise time 130 ps; max strength 1000 mT/m). Velocity encoding was performed
by incorporating bipolar motion encoding gradients into an RF-spoiled, three-directional

motion compensated gradient echo sequence (Herold et al., 2006).

Several mid-ventricular short-axis cardiac cine loops were recorded, covering the whole

heart from base to apex. Slice planning was performed as described by Schneider et al.

(2006). Acquisition was prospectively double-triggered by ECG and respiration. Anes-
thesia was induced in an anesthesia chamber with a mixture of Oy and 4% isoflurane,
and were further maintained by administration of a mixture of Oy and 1.5-2.0% isoflu-
rane in freely breathing animals. Heart rate, body temperature and respiration rate were
constantly monitored during experiments. The level of anesthesia was regulated to keep
the heart rate as close to 450 bpm as practically possible, and the body temperature was
maintained by heated air. The imaging parameters were as follows: TE/TR = 2.7/3.8 ms;
FOV = 25.6 x 25.6 mm; acquisition matrix 128 x 128; slice thickness = 1.00 mm; flip angle
7 degrees; receiver bandwidth = 156.25 kHz; venc = 11.5 cm/s; NA=4.

The resulting data sets were semi-automatically segmented and analyzed in a purpose-
written Matlab (The MathWorks, Natick, USA) software. The segmentation masks were
temporal dynamic, following in-plane motion of the myocardium.

Volume was estimated using a simple voxel count of the segmented cavity.
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Appendix C

Image sources

The cover image was programmatically generated using mathematical symbols from
this thesis.

Figure 2.1. obtained from Wikimedia Commons. See page for author(s).

http://commons.wikimedia.org/wiki/File:Diagram_of_the_human_heart_%28cropped’

29.svg

Licensed under the Creative Commons Attribution-Share Alike 3.0 Unported license

http://creativecommons.org/licenses/by-sa/3.0/deed.en

Figure 2.3 was reproduced with permission from D. Bers. “Calcium Fluxes Involved
in Control of Cardiac Myocyte Contraction.” Circ. Res. 2000;87;p276” with per-

mission from Wolters Kluwer Health.

Figure 2.4 was reprinted from Trends in Cardiovascular Medicine, Volume 14, Issue 3,
J.M. Nerbonne, “Studying Cardiac Arrhythmias in the MouseA Reasonable Model
for Probing Mechanisms?” pages 83-93, Copyright (2004), with permission from

Elsevier.

Figure 2.5 was adapted from an image obtained from Wikimedia Commons. See
page for author(s).
http://commons.wikimedia.org/wiki/File:Skeletal_muscle. jpg

Licensed under the Creative Commons Attribution-Share Alike 3.0 Unported license

http://creativecommons.org/licenses/by-sa/3.0/deed.en

Figure 2.6, available under the Creative Commons Attribution License, was repro-

duced from (Marcucci and Yanagida, 2012).

Figure 2.7 was reproduced from David P. Dobesh, John P. Konhilas, Pieter P. de
Tombe, “Cooperative activation in cardiac muscle: impact of sarcomere length” Am
J Physiol - Heart and Circulatory Physiology, 2002 vol. 282 no. 3 H1055-H1062.

‘Permission is not required for this type of use.’


http://commons.wikimedia.org/wiki/File:Diagram_of_the_human_heart_%28cropped%29.svg
http://commons.wikimedia.org/wiki/File:Diagram_of_the_human_heart_%28cropped%29.svg
http://creativecommons.org/licenses/by-sa/3.0/deed.en
http://commons.wikimedia.org/wiki/File:Skeletal_muscle.jpg
http://creativecommons.org/licenses/by-sa/3.0/deed.en
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