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Abstract

Medical Cyber-Physical systems (MCPS), such as cardiac pacemakers and implantable car-
dioverter defibrillators (ICDs), are life-critical and context-aware. These devices have been
increasingly used to provide continuous health-care for patients. The complicated heteroge-
neous physical dynamics of patients brings distinct challenges for the device development
and validation. Testing implantable devices in a closed-physiologic-loop with the actual
organ can provide key insights into design safety and treatment efficacy, but this is rarely
practical or comprehensive. An in silico closed-loop validation platform allowing interactive
and clinically relevant evaluation is desirable. The in silico closed-loop system, incorporat-
ing a physiological environment model, is likely to reveal safety risks at the early stage of
development before animal testing and clinical trials. However, the closed-loop validation
of implantable cardiac device is yet to be thoroughly investigated. Hence, this research pro-
poses three key methodologies to address this need: heart modelling, electrogram (EGM)
modelling and automation of closed-loop validation.

In an ideal closed-loop system, a heart model responds to the device outputs in real-
time according to the underlying physiological dynamics. Although biophysically detailed
models provide accurate and realistic insights with predictive dynamics, they are unable
to respond in real-time due to the expensive computational cost. While existing simplified
models can provide real-time responses, they may not have the necessary dynamic features.
We address this problem with a new high-level (abstracted) physiologically based computa-
tional heart model. The model comprises a network of nodes along the cardiac conduction
system. Each node represents distinct regional electrical action potential behaviour. These
nodes are connected by path models which encode the biophysics of tissue conduction.
The regional electrophysiology and paths are modelled with hybrid automata (HA). The
HA-based model can capture continuous non-linear electrophysiological dynamics while
retaining computational efficiency with the possibility of formal analysis. The hierarchy of
pacemaker functions is incorporated to generate sinus rhythms, while abnormal automatic-
ity can induce a variety of arrhythmias such as escape ectopic rhythms. Model parameters
are calibrated using experimental data and prior simulations. Regional electrophysiology
and paths in the model can match human action potentials, dynamic behaviour, and cardiac
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activation sequences.
The implanted cardiac device will sense a complex combination of near and far-field

extracellular potentials together with noncardiac signals-electrograms (EGMs). All mod-
ern implantable devices incorporate blanking periods and refractory periods to discriminate
these signals and identify the intrinsic local depolarization. To the best of our knowledge,
no existing work explicitly models far-field signals and pacing artifacts for a virtual heart.
We develop an intracardiac EGM model as an interface between the virtual heart and the
physical device. The model, based on classical dipole theory, can capture not only the local
excitation but also far-field signals and pacing afterpotentials. This significantly extends
the capabilities of the virtual heart model in the context of device validation. The same
HA formalism is employed such that the EGM model can be seamlessly integrated into the
HA-based virtual heart.

The functioning of the virtual heart relies on the appropriate selection of values for hun-
dreds of parameters. The relationship between the model parameters and the target phys-
iological space is not straightforward. An exhaustive exploration of the high dimensional
system is infeasible. This becomes more challenging in the closed-loop context, where
the heart behaviour is tightly coupled with the device. We propose a closed-loop frame-
work to facilitate the automation of the model parametrisation. This framework includes
three components: test generation, execution, and evaluation. These form another closed-
loop system. The engine of the closed-loop system is a stochastic optimization tool, which
guides the parameter search space towards a region of interest. As a consequence, the heart
model exhibits various arrhythmias and provides an intended input spectrum to the device.
We illustrate the application of the cardiac physiological model in requirements-based test-
ing, device safety risk evaluation, and device programming customisation. The simulated
findings agree well with clinical observations.
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Chapter 1

Introduction

Implantable medical devices have become increasingly complex both in functionality and
in the ways they interact with the human body. These devices not only detect adverse
clinical conditions but also take autonomous actions to provide appropriate therapies. Most
devices incorporate embedded software and network connectivity to control the complicated
physical dynamics of patients, which are also referred to as Medical Cyber-Physical Systems
(MCPS) [1].

Cardiovascular Implantable Electronic Devices (CIEDs) encompassing pacemakers, Im-
plantable Cardioverter Defibrillators (ICDs), and Cardiac Resynchronization Therapy (CRT)
devices, are typical MCPS, which have been widely used for the important treatment of
chronic heart diseases. In 2009, over one million pacemakers and more than 330 thousand
ICDs were implanted worldwide [2]. More recent data from Europe show increasing im-
plantation rates [3]. On the other hand, a large number of safety recalls have been taking
place, e.g., over 600,000 devices were affected between 1990 and 2000 in the USA, of which
200,000 or 41 percent were attributed to firmware issues [4]. Meanwhile, numerous pacing
problems are reported in the cardiology community due to various causes, e.g., incorrect
mode or parameter selection [5, 6], unintended mode switching [7, 8], and algorithm design
issues [9–11].

No doubt these devices are safety-critical, and any malfunction or inappropriate param-
eter selections may give rise to discomfort and even pose a threat to human life. Validation
is an essential activity of quality assurance during development. It is clear that current
validation practices resting on code inspection, static analysis, open-loop testing are not
sufficient. Therefore, a new systematic approach to closed-loop validation deserves further
investigation to address the alarming safety concerns.



2 Introduction

1.1 Background

1.1.1 Heart Basics

The heart is a vital organ of the human body, which consists of four chambers: Right Atrium
(RA), Left Atrium (LA), Right Ventricle (RV), and Left Ventricle (LV). Its muscle contrac-
tion can pump blood into the vessels of the circulatory system, which delivers nutrients and
oxygen to the cells and removes waste products from the body. The mechanical contraction
is coordinated by rhythmic electrical activation. The basis of the electrical activity of the
heart is the action potentials of cardiac cells.

The resting membrane potential of a cardiac cell, where there is no net current, typically
ranges from -85 mv to -90 mv. When an external stimulus beyond a threshold level is
applied, the permeability of the membrane changes, a rapid depolarization occurs, and an
action potential is initiated. A typical ventricular action potential is generally made up of
five phases, as shown in Fig. 1.1. The various phases are related to changes in membrane
permeability to different ions (mainly Na+, K+, and Ca++) [12].
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Fig. 1.1 Ventricular action potential, generated from the model [13]. Phase 0: Upstroke,
initial rapid depolarization related to inward current of Na+; Phase 1: Early repolarization,
associated with a brief efflux of K+; Phase 2: Plateau phase, influx of Ca++ with electrically
equal amount of outward flow of K+; Phase 3: Final repolarization, decreased Ca++ with
persistent outflow of K+; Phase 4: Resting phase, constant outward leak of K+.

The cardiac cell also presents different responsiveness to electrical stimulus with the
time that elapsed since its last stimulation. During the early repolarization and plateau
phases, the cell cannot be reactivated by external stimuli, called Effective Refractory Period
(ERP). When the cell goes to final repolarization, it requires a larger stimulus to elicit a sec-
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ondary excitation with a slightly shorter duration, referred to as Relative Refractory Period
(RRP). In human cardiomyocytes, the duration of an action potential is typically from 200
ms to 300 ms. The morphology of the action potential presents regional heterogeneity, e.g.,
the atrial cells have shorter action potentials than the ventricular cells in general [14].

All cardiac myocytes are capable of conducting electrical activity, where there is a spe-
cialized tissue network, referred to as Cardiac Conduction System (CCS). The CCS plays
a distinct role in maintaining a rhythmic heartbeat. It initiates and distributes action poten-
tials across the heart in a coordinated manner. The conduction network contains Sinoatrial
(SA) node, Bachmann’s Bundle (BB), Atrioventricular (AV) node, Bundle of His (BH), left
and right bundle branches, Purkinje fibres, etc [14]. Normally, the SA node initiates the
electrical activation then spreading through both atria. The excitation propagates to the AV
node, where the conduction is delayed for a certain time. After that, the activation con-
ducts rapidly through the His-Purkinje System (HPS). Finally, all ventricular myocardium
go to depolarization followed by repolarization. Fig. 1.2 shows the CCS and the relative
activation time.

Fig. 1.2 Schematic cardiac conduction system and the activation time (ms) following the SA
node depolarization, reproduced with the permission [14]. To the right are typical action
potentials of specific regions and a schematic diagram of ECG.

The SA node, located in the upper part of the RA, is a group of pacemaker cells, which
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can spontaneously generate electrical activity. It is a principal part of the conduction system
responsible for normal heart rhythm between 60 to 100 beats per minute (bpm). Other
cells within the conduction system, in particular, those within the Atrioventricular Junction
(AVJ) region and HPS, also develop electrical activation with much lower rates (25 - 55
bpm). When the SA node loses function due to disease, other pacemaker cells will take
over the pacemaking function. In addition to the pacemaker cells within the CCS, abnormal
self-excitability may also exist in myocardial cells, called an ectopic pacemaker or ectopic
focus [15]. The abnormal activation can produce extra beats and introduce disturbances in
the heart activity.

The AV node plays a critical role in synchronizing the atrial and ventricular activation.
The impulse conduction slows down at the AV node. As a result, the atria have enough
time to contract and expel blood to the ventricles before the ventricular stimulation. As a
matter of fact, the AV node is a complex structure of several compartments with various
electrophysiological characteristics [16], which contributes a variety of functions, e.g., to
safeguard the ventricles from rapid atrial rates. An anatomical or functional impairment
of the AV node can cause an AV block [17] or other arrhythmias such as Atrioventricular
Nodal Reentry Tachycardia (AVNRT) [16].

Arrhythmias 1 refer to cardiac rhythm disorders, including bradycardia 2, tachycardia 3,
conduction disorders 4, premature contractions 5, ventricular fibrillation 6, etc. The mecha-
nisms underlying arrhythmias are complex, caused by abnormal electrical activity initiation
and/or propagation, or even combination of both. For instance, a disease in the SA node
may cause transient loss of function leading to sinus arrest. The most complicated tachycar-
dia is caused by a re-entrant mechanism, in which a retrograde pathway, multiple sources of
excitation, and right timing are necessary [15].

The electrodes on the body surface can detect the potential changes caused by the elec-
trical activity of the heart, and the record is known as Electrocardiogram (ECG). ECG is
invasive and commonly used for cardiac disease diagnosis. As shown in Fig. 1.2, ECG re-
flects a global view of the electrical activity within the entire heart, and the trace is labelled

1 https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia
2https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/

bradycardia--slow-heart-rate
3https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/

tachycardia--fast-heart-rate
4https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/

conduction-disorders
5https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/

premature-contractions-pacs-and-pvcs
6https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/

ventricular-fibrillation

https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/bradycardia--slow-heart-rate
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/bradycardia--slow-heart-rate
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/tachycardia--fast-heart-rate
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/tachycardia--fast-heart-rate
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/conduction-disorders
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/conduction-disorders
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/premature-contractions-pacs-and-pvcs
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/premature-contractions-pacs-and-pvcs
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/ventricular-fibrillation
https://www.heart.org/en/health-topics/arrhythmia/about-arrhythmia/ventricular-fibrillation
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with five letters (P, Q, R, S, and T). The P wave represents the atrial depolarization, and
its duration reflects the time taken for the activation propagating over the atria. The QRS
complex represents the primarily ventricular depolarization. Since the ventricular mass is
larger than the atria, the amplitude of the QRS complex is greater than that of the P wave.
The P-R interval reflects the conduction delay through the AV node. ST segment follows
the complex and its duration reflects the plateau of the ventricular action potentials, while
the repolarization of the ventricular myocardium generates the T wave. In this thesis, the
term P wave and atrial depolarization, R wave and ventricular depolarization, T wave and
ventricular repolarization, are interchangeable.

1.1.2 Cardiovascular Implantable Electronic Devices

CIEDs, including pacemakers, ICDs, and CRT devices, are widely used to treat cardiac
rhythm abnormalities. As a matter of principle, the pacemaker device is used to treat slow
heart rhythm by producing an electrical stimulus in the absence of intrinsic cardiac activity.
ICDs are used for tachyarrhythmia management, while CRT device is beneficial in patients
who suffer systolic dysfunction with conduction delays [18].

Fig. 1.3 Schematic illustration of the connection between the heart and the device.

Fig. 1.3 illustrates the connection between the heart and the device. The device case
is placed under the skin, while the electrical pulses are delivered via the implanted leads.
The leads are usually implanted in the RA and the RV, while it is also possible to select
only one lead in the RV. Sometimes the third lead in the LV may be required in case of
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ventricular dyssynchrony. The electrodes are fixed to the endocardium, which can sense
temporal changes in electric potentials when the activation is approaching the neighbouring
region, referred to as electrogram (EGM). Compared to ECG, EGM mainly reflects local
activities. However, some global cardiac signals could also be recorded, distinguished as
far-field signals. For instance, far-field R-wave refers to the atrial electrode detecting the
ventricular depolarization. This depends on the configuration and placement of the leads,
and the sensitivity settings of the device.

Modern CIEDs devices incorporate a variety of programmable operating modes, which
are classified by NBG (short for "NASPE/BPEC Generic"]) Code, developed by the North
American Society of Pacing and Electrophysiology (NASPE) and the British Pacing and
Electrophysiology Group (BPEG) [19]. Table 1.1 illustrates basic modes available in pace-
makers. For example, the DDD mode, which is the most commonly used mode in many
pacing treatments, means it paces and senses the dual chambers (the RA and the RV). The
DDD mode provides a tracking mode to synchronize the atrial and ventricular activation.

Table 1.1 The NBG Code [19] of pacemaker modes.

I II III IV

Category Chambers
Paced

Chambers
Sensed

Response to
Sensing Rate Modulation

Letters O= None O= None O= None O= None

A= Atrium A= Atrium T= Triggered P=Simple Programmable

V= Ventricle V= Ventricle I= Inhibited M= Multiprogrammable

D= Dual D= Dual D=Tracked C= Communicating

R= Rate Modulation

Fig. 1.4 shows a timing diagram of a simplified DDD pacemaker [20]. Lower Rate Inter-
val (LRI) defines the longest interval between a ventricular pacing pulse (VP) and previous
paced or sensed ventricular events (VP or VS), while the maximum pacing rate is limited
by the Upper Rate Interval (URI). Post-Ventricular Atrial Refractory Period (PVARP) is a
timer following ventricular sensed (VS) or paced events (VP). The atrial activity occurs dur-
ing the PVARP is marked as AR (e.g., the atrial signal before 2 in Fig. 1.4), which does
not affect the pacing schedule. This timing constraint is designed to prevent oversensing the
ventricular pacing stimulus and its afterpotential, far-field ventricular EGM, and retrograde
P wave on the atrial channel. Similarly, Ventricular Refractory Period (VRP), applied on the
ventricular channel, is designed to avoid sensing the pacing stimulus and its afterpotential.

Atrioventricular Interval (AVI) is a timer for the device to synchronize the ventricular
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Fig. 1.4 Schematic atrial and ventricular EGM together with the timing Diagram for a DDD
mode pacemaker [20].

pacing to the atrial activity, triggered by atrial sensed (AS) or paced events (AP). When
the AVI expires and intrinsic ventricular activation (VS) is absent, the device will deliver a
pacing pulse via the lead implanted in the RV. It is noted that, if the scheduled VP violates
the URI constraints, the device will postpone the pacing until the URI expires, like the beat
4 in Fig. 1.4. Atrial Escape Period (AEI) is the difference between the LRI and AVI (i.e.,
AEI=LRI-AVI), which is used to schedule atrial pacing.

Over the past decades, CIEDs evolved from “keeping the patient alive” to “improving
the quality of the patient’s life”. A range of advanced algorithms and specific features
are introduced by manufacturers, such as mode switching algorithms, ventricular pacing
minimizing algorithms, rate adjustment and smoothing algorithms, etc [18]. For instance,
Automatic Mode Switching (AMS) is used to avoid fast ventricular pacing rate. Managed
Ventricular Pacing (MVP) developed by Medtronic ™can significantly reduce unnecessary
right ventricular pacing by operating in an AAI(R) pacing mode, while with a dual chamber
mode backup for safety. As a consequence, the device now has about 80,000 to 100,000
lines of code [4].

1.1.3 Pacing Problems

Many pacing problems over individual patients have been reported by physicians and cardi-
ology researchers. To understand the validation challenge of the devices within the sophisti-
cated closed-loop physiological context, several in vivo pacing problems are presented. As
seen in Table 1.2, pacing problems occur over various devices from different companies.
The diverse arrhythmias trigger multiple complex algorithms and their interaction results in
inappropriate pacing issues. From these cases, we can obtain some insights into the compli-
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Table 1.2 In vivo pacing problem cases.

Clinical conditions Device Problem Cause

Case A [11]: Sinus
node dysfunction

Boston Scientific Advantio
™, DDDR mode with the ac-
tivated right ventricular au-
tomatic capture (RVAC) and
rate smoothing down (RSD)
algorithms

Atrial pacing with
1:1 AV conduction
at 120 bpm

PMT due to unin-
tended interaction
of two algorithms

Case B [9]: Sick
sinus syndrome and
left ventricular sys-
tolic

St Jude AnalyST ™, DDD
mode with the activated
PVARP extension, atrial
pace-PVC algorithm and
AMS algorithm

Unstable ventricu-
lar rhythm

The ventricular
escape beats ac-
tivate multiple
algorithms leading
to AMS

Case C [6]: A rel-
atively slow atrial
tachycardia with
2:1 AV block

Medtronic ™, MVP mode Inappropriate
atrial pacing re-
gardless of atrial
tachycardia

Incorrect model se-
lection

cated interactions between the heart and the device. These also highlight the need for a new
validation methodology that could cope with these challenges.

In case A [11], the patient’s heart lost the SA node function but maintained an intrinsic
AV nodal conduction. The complicated interactions of the two algorithms play a critical role
in introducing a Pacemaker-Mediated Tachycardia (PMT) [21, 22]. It is also noted that the
device induced tachycardia manifests itself after more than 28 cycles of interaction between
the device and the heart, which is impossible to capture by using open-loop testing.

In case B [9], the patient has a sequence of ventricular escape beats 7 interpreted as
Premature Ventricular Complex (PVC) by the device. The PVCs activate the onset of the
Atrial-Pace PVC algorithm and abortion of the extended PVARP. The resultant pacemaker
escape-capture bigeminy 8 triggers the AMS algorithm. Similarly, it takes about 10 seconds
to drive the heart into an unstable ventricular rhythm as a consequence of closed-loop inter-
active responses. The interaction of multiple algorithms is also a key to the device induced
ventricular arrhythmia.

In case C [6], it can be seen how the Heart Rate Variability (HRV) affects the device pac-
ing operations. There was an intermittent atrial tachycardia, in which the cycles are shorter
than 600 ms. Several intrinsic atrial events fall into the refractory period and are ignored by
the device. Therefore, the device retains in the AAI mode and delivers inappropriate atrial

7https://en.wikipedia.org/wiki/Ventricular_escape_beat
8https://en.wikipedia.org/wiki/Bigeminy

https://en.wikipedia.org/wiki/Ventricular_escape_beat
https://en.wikipedia.org/wiki/Bigeminy
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pacing despite the presence of atrial tachycardia. When the atrial cycle lengthens above 600
ms for a short time, the transient conditions are recognized by the pacemaker, and the mode
switching is triggered. The heart rate fluctuations, especially around the programmed rate
limits, is challenging the pacing algorithm design.

1.2 Challenges

CIEDs are tightly coupled with their biological environment, i.e., the human heart. The
system aims to maintain normal heart rhythms under a variety of arrhythmias. As can be
seen in Section 1.1.3, real-time interaction with the complicated dynamics of the patient’s
heart brings challenges to both device design and validation. Through literature review
on the reported pacing problems, three main aspects possibly responsible for the alarming
issues attract our attention and will be discussed in the following sections.

1.2.1 Physiological Closed-Loop Context

CIEDs operate under various physiological environmental conditions. As the system is
meant to react to stimuli from its environment (e.g., human heart), a realistic validation
platform should be able to provide inputs to the device that takes into account its outputs
trace history. That is, the output of the device has an impact on the subsequent inputs
sequence. The device may drive the patient’s heart into an unsafe state after a number of
interactions, which cannot be discovered without the closed-loop context.

For instance, PMT is a typical example, where the device keeps pacing the ventricles at
the predefined maximum rate. This clinical issue reflects complicated interactions between
the device and the patient’s heart, which has been observed since the early days of DDD
pacing [21, 22]. Although manufacturers have developed a variety of PMT prevention algo-
rithms [18], PMT caused by diverse interactions under various physiological conditions is
still frequently reported by clinicians.

To validate the PMT prevention algorithms, a closed-loop context is essential. Clinical
trials are basic validation activity with a real patient in the loop. However, it is limited to
the small number of patients and high cost, as well as potential hazards to patients. This
doctoral research addresses the challenge by incorporating a physiological environment
model in the device validation.
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1.2.2 Patient Diversity and Heart Rate Variability

Manufacturers intend to cover a large population of patients and vast classes of heart condi-
tions, which means that the devices have a more complex functionality to deal with different
clinical requirements. In terms of validation, the platform needs to be able to represent these
requirements. Moreover, even in normal sinus rhythm, the cardiac inter-beat (RR) intervals
fluctuate at various time scales [23], referred to as HRV, which also plays an important role
in the pacing issues as shown in Section 1.1.3. Thus, incorporating the heart rate variations
in the heart model could benefit the validation effectiveness and reveal design or param-
eter selection problems in the early stages. Therefore, both diverse dynamics of patients
and HRV make validation nontrivial. In this research, the feature of HRV is integrated into
the pacemaker cell model, while the parametric HA-based model design enables the flex-
ibility to match various physiological dynamics. We demonstrate that the models can be
parametrised to match regional electrophysiology of human heart with clinical measure-
ments, as shown in Chapter 3 and Chapter 4.

1.2.3 Increased Device Complexity and Flexibility

Physicians have the privilege to program a vast array of parameters and pacing modes to
meet a variety of clinical requirements. Fig. 1.5 shows a Therapy Parameters screen of
Adapta® pacemaker developed by Medtronic™. High flexibility certainly brings the pos-
sibility of treatment optimization, to improve the quality of life by avoiding or decreasing
unnecessary pacing and complications. However, the programmable features potentially
give rise to adverse effects even though they are designed to avoid problems. Some pac-
ing issues arise from an inappropriate parameter and/or mode selection, as demonstrated in
Section 1.1.3. In particular, as a wide range of advanced algorithms are developed by the
manufacturers [18], the manufacturer-specific algorithms have caused confusion in the clin-
ical setting [24]. In Chapter 6, we illustrate the potential application of the heart model in
the device programming customisation, which assists the physicians to understand the effect
of device parameters on an individual heart function so as to select proper parameters.

1.3 Related Work

The increasing safety recalls of medical devices raised global alarms. There has been a sig-
nificant impetus led by collaborating teams to confront the situation. In the U.S., the Food
and Drug Administration (FDA) invited industry, research laboratories, and academia to ad-
dress the challenges in the design of MCPS [25]. Model-based development is proposed to
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Fig. 1.5 The Therapy Parameters Screen, Medtronic™.

improve the confidence of design. The paradigm advocates the use of models at different
levels of abstraction throughout the development phases [1, 26]. Rigorous techniques such
as model checking can be applied to analyse the system behaviour formally. For example,
an analysis tool UPPAAL [27] has been used to verify an infusion pump [28] and an im-
plantable pacemaker [29, 30]. In particular, CyberCardia project [31, 32], collaborated by
seven leading universities and centres as well as the U.S. FDA, has been established. They
intend to pursue new approaches to cardiac device development, including approximate ver-
ification, compositional, quantitative reasoning techniques, etc.

The community also recognized the nature of context-awareness of MCPS and the lack
of patient physiological models [1, 25, 26, 32]. In the bioengineering domain, numerous
cardiac electrophysiology models are developed [33–37] with a focus on understanding
the behaviour of the heart at various levels, from cardiac cells, tissues to the whole organ.
They have high fidelity based on experimental measurements on animals and human beings.
However, these models are not amenable to interact with CIEDs for validation purpose. The
majority of the computational models describe in detail the underlying biological process,
which makes real-time interaction impractical.

For CIEDs verification, abstract heart models [4, 38, 39] have been proposed. Jiang et
al. [4] developed a Timed Automaton (TA) [40] based heart model for device verification,
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which captures rate dependencies of ERP and conduction delays by resetting the invariance
on model transitions. The abstract model maintains timing properties but not electrical
activation. Although they are suitable for formal verification, in practice the non-linear rate
dependence has been removed [30]. In addition, continuous electrical signals are essential to
complex physiological phenomena like source-sink effects [41], which cannot be captured
by the TA based models [4]. Hybrid Automaton (HA) [42] provides a promising formalism
for modelling continuous membrane potentials and the distinct phases of an action potential,
while retaining computational efficiency [43, 44].

Chen et al. [38, 45] developed a HA-based heart model in Simulink, consisting of 33
nodes and conduction paths between the nodes, i.e., a network of cardiac cells forming the
whole heart. The cardiac cell model [45] is formalized using hybrid input–output automata,
which is a simplified version of the HA cardiac cell model [46]. However, the simplification
makes the model lose the morphology resemblance and the restitution dynamics [41]. Yip et
al. [41] develop an improved HA-based cardiomyocyte model based on the updated model
[43], which can generate an action potential and restitution curves close to the Luo-Rudy
model [47]. However, pacemaker cell model is absent in these models.

While cells in the SA node (i.e., pacemaker cells) spontaneously generate electrical
pulses that dominate the electrical activity of the heart, other cells within the conduction
system and myocardial tissue are also capable of developing self-fired signals at relatively
slow rates. These pacemaker cells may occasionally develop extra beats (e.g., PVC) or initi-
ate a new cardiac rhythm for some period of time [14]. The consequent abnormal electrical
activity may trigger types of defects in devices [9]. None of these works [41, 45, 48] can
cover such types of arrhythmia due to the absence of pacemaker cells in the heart model.

The heart model in [45] incorporates a state machine to represent a SA node stimu-
lation. The machine encompasses a probability transition, which introduces a stochastic
feature in the timing of events. However, the heart rhythms just randomly switch among
different modes, i.e., normal rhythm, bradycardia or tachycardia. In a given mode, the rate
is fixed rather than exhibits HRV. This model is incapable of reproducing the physiological
conditions of the patient in case C, Section 1.1.3, where the heart rate fluctuates over time.

In the heart model [45], a function, summarizing the contributions of neighbouring cells,
is created to realize the propagation of electrical signals along a pathway. However, the path
model exhibits an incorrect positive feedback behaviour [41]. A TA based path model [41]
is developed to mimic realistic propagation features of cardiac tissue. Although the model
cannot capture the rate dependency feature of the conduction velocity, the work [41] shows
a possible solution to efficiently capture the dynamic behaviour of the CCS. The CCS is
modelled as a sparse network of cardiac cell models using a path model to connect the cells
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and mimic the electrical propagation. As a consequence, the model can express complex
cardiac electrophysiological phenomena with a low computational cost.

While these valuable efforts [4, 45, 49] illustrate that heart models are promising in
respect of validating the CIEDs, the majority of the efforts concentrate on the device design
and verification methodology. The formal verification techniques require certain formalisms
that inevitably limit the non-linear dynamic description of the heart models. Besides, little
research on integrating heart modelling into automatic closed-loop validation has been done.
This motivates the proposed formalization described in the next section.

1.4 Thesis Overview

To address these challenges, an in silico closed-loop validation platform, allowing interac-
tive and clinically relevant evaluation, is desirable. The proposed framework for the closed-
loop validation of CIEDs is shown in Fig. 1.6.

Thesis

Heart EGM
Device
(SUT)

Sensing Evaluation

Stochastic
Optimization

Chapter 2
Chapter 6

Chapter 5

Chapter 3
Chapter 4

Execution

Evaluation

Generation

Automatic
Closed-loop
Validation

Wavefront

AP
V P

Aegm
Vegm

AP
V P

AS,AP
V S,V P

Evaluation results

New Parameters

Fig. 1.6 The block diagram of automatic closed-loop validation and corresponding chapters
in the thesis.

Chapter 2 is an initial study of the closed-loop framework. We established the majority
of components of the system and their interconnections, which are used to automate the
closed-loop validation process. While we illustrate the efficacy of the proposal regarding
requirements-based testing, the limit of the physiological dynamics of the system is iden-
tified. The heart model used in the pilot study is mostly based on the work [45]. The
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pacemaker cell model and the Conduction Velocity (CV) restitution dynamics are absent.
Consequently, the heart model can only generate simple arrhythmias, such as bradycardia,
tachycardia, but not complex rhythms, such as PVC, AVNRT, etc. Moreover, the lack of
EGM generation limits the capability of the heart model with respect to the device valida-
tion.

The dynamics of pacemaker cells play a crucial role in heart rhythm formation. A cor-
responding model is, therefore, essential to the development of virtual heart models. Hence,
in Chapter 3, a new parametric pacemaker cell model is formalized. We use HA to capture
non-linear electrical restitution, automaticity and overdrive suppression phenomenon. The
feature of HRV is also incorporated. Simulated dynamics of the model compared well with
previous models and clinical data. We also illustrate how these dynamic features contribute
to the physiological roles of the CCS. For instance, the Atrioventricular Node (AVN) filters
fast atrial activation to protect the ventricles.

Chapter 4, the core of the closed-loop system, details a new high-level physiologically-
based computational heart model. According to reported real-world pacing problems, we
derived key physiological features that influence device operation, and capture these features
in our models. The model comprises a network of cardiac nodes along the CCS. The nodes
model the regional cellular electrophysiology types and are connected by a path model.
The regional electrophysiology and paths are formalized using HA, which can capture non-
linear dynamics, such as action potential and conduction velocity restitution and overdrive
suppression. Model parameters are calibrated to accommodate the electrical heterogeneity
in the human heart, following experimental data and prior model simulations. The hier-
archy of pacemaker functions is incorporated to generate sinus rhythms, while abnormal
automaticity can induce a variety of arrhythmias. Connected in closed-loop with a pac-
ing device in DDD mode, the model generates complex arrhythmia such as AVNRT. Such
device-induced outcomes have been observed clinically. This shows that we can establish
the key physiological features of the heart model that influence the device operation.

Chapter 5 describes an EGM generation methodology for the abstracted heart model.
The EGM model is also described using HA, which represents a complex combination of
near and far-field extracellular potential signals that CIEDs detect in a real heart. Also, we
can parametrise the model to capture clinically observed sensing problems.

Chapter 6 demonstrates the automated closed-loop framework with a stochastic opti-
mization tool. As shown in Fig. 1.6, the framework is composed of test generation, evalu-
ation, and execution. These components operate coordinately in a closed-loop to automate
the validation process. As a consequence, the HA-based heart model is automatically guided
to exhibit various arrhythmias, providing an intended input spectrum to the device. The re-
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sults show the closed-loop system can generate physiological relevant test cases with high
requirements coverage. The simulated findings agree with the clinical observations well
in the PMT risk evaluation. Also, the potential of precision-driven cardiac diseases man-
agement is illustrated by an example of device programming customisation for a specific
cardiac condition.

The main contribution of the thesis is the development of the first in silico closed-loop
framework for the systematic validation of CIEDs. This framework is facilitated due to the
following key contributions of the thesis:

1. The development of a new parametric computational model of pacemaker cells. The
model can capture rate-dependent dynamics, such as electrical restitution and over-
drive suppression. Moreover, the parametric model can reproduce the electrophysio-
logical dynamics of a variety of pacemaker cells, such as SA node, AV node and the
HPS, under varying cardiac conditions.

2. The development of a high-fidelity yet real-time model of the CCS of the human
heart. The virtual heart is capable of exhibiting realistic physiological phenomena
including a range of complex arrhythmias, such as Atrial Premature Complex (APC),
PVC, AVNRT, etc.

3. The development of a realistic HA-based EGM model based on the classical dipole
theory. The model can capture the complex cardiac electrical signals detected by
CIEDs and reproduce clinically observed sensing problems.

4. The automation of the closed-loop system by integrating a stochastic optimization
tool. The tool can guide the model parametrisation to a physiological region of inter-
est, producing an intended spectrum of inputs to the device.





Chapter 2

Preliminary Investigation into the
Closed-Loop Framework

2.1 Introduction

The statistics regarding Cardiovascular Implantable Electronic Devices (CIEDs) [2, 4] sug-
gest a new validation methodology, while most pacing problems [6, 8, 11] emerge after
multiple interactions between the heart and the device, which cannot be discovered with-
out a physiological closed-loop context. The efforts of Jiang et al. [48] and Chen et al.
[45] illustrate that involving a heart model in the closed-loop is promising with respect to
validating cardiac devices. However, none of the approaches have applied the rigorous re-
quirements coverage criteria, such as UFC [50], PICC [51], etc. Also, there is no known
approach for closed-loop validation of cardiac devices that uses run-time observers for im-
proving the coverage.

Requirements coverage is fundamental adequacy metrics to determine whether a test
suite covers the user requirements. It becomes more challenging in the closed-loop valida-
tion of cardiac devices due to decreased controllability of inputs. Once the configuration of
the heart model has been completed, the inputs/outputs sequence will be totally determined
by the closed-loop dynamics. Additionally, test case generation and execution are usually
dovetailed together. In this context, run-time test oracle and adequacy evaluation are very
important.

We develop the requirement-centric approach for closed-loop validation of cardiac de-
vices. It can adapt to more rigorous coverage criteria to discover errors in the early stage
of development. Given the number of devices recalls, we believe that it can facilitate the
certification process.
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Our contributions are the following: (1) We propose a closed-loop validation framework
which includes synchronous observers simultaneously acting as an automated oracle and
also a requirements coverage monitor. (2) We have created an enhanced testing adequacy
evaluation module by incorporating a heuristic learning module with the potential to guide
on-line test generation to achieve a given requirements coverage.

The organization of this chapter is as follows. In Section 2.2, we demonstrate the val-
idation challenge and related work. The closed-loop validation framework is described in
Section 2.3. We present the experimental results and discussion in Section 2.4 followed by
conclusions and future work in Section 2.5.

2.2 Challenge and Related Work

Many pacing problems over individual patients have been reported. For instance, in case
[11], a pacemaker induced tachycardia manifests itself after more than 28 cycles of interac-
tion between the device and the heart, which can not be captured by open-loop testing. As
implantable cardiac devices continuously react to the environment (human heart), the vali-
dation should provide an input sequence that takes into account the device’s outputs history,
i.e. the previous outputs of the device have an impact on the future input sequence.

The necessity of closed-loop testing has drawn academic attention. Jiang et al. built a
heart model to test the device under several conditions, such as atrial flutter [48] and sinus
bradycardia with Atrioventricular (AV) block [52]. Chen et al. [45] developed a hybrid heart
model in Simulink, which incorporates stochastic mode switching. It is able to validate more
complex pacemaker functionalities, like rate-adaptive pacing [49].

Previous work is based on ad-hoc test generation in which neither automated oracles nor
systematic testing adequacy has been considered. In reactive system testing, manual oracles
are more time-consuming. Since a test case is a sequence of inputs and outputs, one needs
to examine not only the combination of inputs and outputs in each step but also the order of
the combinations. Therefore, automated oracles are essential.

Conventionally, structure coverage is used to measure test adequacy. Test cases are
generated with the goal of covering all required structures of design. However, structure
coverage guided testing, also referred to as structural testing, has no way of finding incom-
plete requirements [53]. We are more interested in requirements-based testing to validate
the design meets user requirements without access to the internal structure of the System
Under Test (SUT).

Structural coverage criteria over requirements, formalized as Linear Temporal Logic
(LTL) properties, are defined in [50] and Charles et al. [54] give more formal definition
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based the previous work. Gordon et al. [51] propose complementary criteria. With formal-
ized requirements, one can generate off-line test cases using model checker. Nevertheless,
in the case of closed-loop testing cardiac devices with a complex heart model, it is more de-
sirable that the requirements model can simultaneously run with the system, which is able
to dynamically determine how well the validation proceeds and achieve on-line testing.

2.3 Closed-Loop Validation Framework

The proposed framework consists of four parts:

Fig. 2.1 The Closed-loop Validation Platform.

The heart model is programmed to exhibit the clinical requirements, i.e. a wide range
of cardiac rhythms. The cardiac device is the SUT, which is a black-box because typically
we cannot access its internal structure. The solid red line shows that the device is in a
closed feedback loop. If the device is performing correctly, the heart will be guided from its
arrhythmia into a clinically correct rhythm.

The synchronous observer monitors the run-time behaviour of the closed-loop system
and serves as a test oracle. Moreover, the observer also monitors the requirements coverage.
The outputs of the observers, carrying the coverage information, feed the test generation
(TG) automation module. This module dynamically steers the operation of the heart by
adjusting the model parameters. Hence the cardiac device will be thoroughly exercised.

2.3.1 Heart and Cardiac Device Model

The heart model includes a network of cardiac nodes as in [45]. The cellular action potential
model comes from the work [43] and enhanced with a conduction path model. To produce
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various heart rhythms, we have added more autorhythmic cells along the conduction sys-
tem. Furthermore, stochastic rhythm controllers have been created to modulate the rates of
autorhythmic cells to capture the Heart Rate Variability (HRV).

The heart model can be dynamically reconfigured at run-time. The reconfigurable com-
ponents primarily include the rhythm controllers and the conduction timing which are capa-
ble of covering a wide range of heart rhythms, such as Sinus Bradycardia and Tachycardia,
Sinus Arrest, Ventricular Tachycardia, Premature Ventricular Complex and AV Block at
different degrees.

The pacemaker model, in DDD mode [55], developed by Pajic et al. [56] is used to val-
idate our framework. The device can sense the electrical excitation from the dual chambers
(the right atrium and ventricle), denoted as Atrial Sensing (AS) and Ventricular Sensing
(VS), respectively. With an absence of intrinsic activation, the device can deliver pacing
pulses (AP) and (VP). The device can also maintain Atrial-Ventricular (A-V) synchrony.
We use Atrioventricular Interval (AVI) to represent the time difference between the atrial
and ventricular activation. Fig. 2.2 illustrates four cardiac cycles. The first one is a normal
intrinsic activation. In the second one, the device delivered a VP to synchronize with the AS
because within AVI no VS occurred.

Fig. 2.2 Cardiac cycles.

2.3.2 Synchronous Observers

As the ultimate objective is to determine whether the device meets the user requirements,
formulating the requirements in [56] and testing obligations is of primary interest. We
manually construct synchronous observers as shown in Fig. 2.3 to explicitly express the
testing obligations corresponding to the Unique First Cause Coverage (UFC) proposed in
[50].

For instance, we intend to test the requirement “VP cannot occur during the interval
ta ∈ (0,AV I)”. The requirements observer monitors the behaviour of the closed-loop system
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Fig. 2.3 The architecture of synchronous observers.

including AS, AP, VS and VP, and the timing of events. As shown in Table 2.1, the outputs
indicate which combinations of individual requirement conditions are met, e.g., if VP occurs
and ta >= AV I , then the output is “P32”.

Furthermore, automated test oracles are implemented in the observers. In Table 2.1,
combination 2 has a false outcome, i.e. the requirement is violated and the test fails. In
addition, we have incorporated clinical requirements, i.e. a wide range of arrhythmias that
should be treated by the devices, which means we will make the testing prove that the design
requirements are met under a variety of clinical conditions.

Table 2.1 Individual requirement conditions.

No. V P ta >= AV I V P imply ta >= AV I Outputs

1 True True True P32

2 True False False P34, error

3 False True True P33

4 False False True P31

The outputs of requirements observers feed the coverage obligations monitor module,
in which all the testing obligations imposed by the coverage criteria are modelled by state
machines. An example of an obligation is: P33 or P31 is followed by P32, which can be
met by the input/output sequence of the first two cardiac cycles in Fig. 2.2.

The coverage is computed by using

coverage =
Nmet obligations

Ntotal number o f obligations
×100%

The coverage depends on the capability of controlling the heart model to produce required
sequences. This computation result will then drive the test generation (TG) automation
module.



22 Preliminary Investigation into the Closed-Loop Framework

2.3.3 Automated Test Case Generation and Execution

Based on the heart model and requirements coverage obligations, the validation becomes
exploring the heart conditions to evaluate each obligation. However, it is nontrivial to iden-
tify the adaptation trajectory because the relationship between heart arrhythmias and the
coverage obligations is not straightforward. A heuristic learning algorithm could be helpful
to guide the exploration of heart conditions.

As an initial attempt, this study uses the on-policy SARSA (State- Action- Reward-
State- Action) learning algorithm [57]. A set of states S defined as the finite set {s1, ...,sN},
represents the validation achievements, i.e. the coverage evaluation. A set of action A
defined as the finite set {a1, ...,aM}, represents the configuration actions, e.g., a1: atrial
bradycardia; a2: first-degree AV block, etc. Each action initially has a uniform probability.
The heart model is placed in some condition by a randomly selected action. If the evolution
of the closed loop response progresses through an untested requirements obligation, then
the coverage will be numerically increased (towards 100%) and the corresponding action is
rewarded by increasing its probability. Otherwise, its probability will be decreased. Note
that the total probabilities ∑i p(i) = 1. In the next iteration, a new action will be selected
based on the updated probabilities. The generic learning process is shown in Fig. 2.4.

2.4 Experimental Results and Discussion

A segment of the closed-loop system simulation in Simulink is shown in Fig. 2.5. The first
two plots show the atrial and ventricular rhythms in beats per minute (bpm) followed by
the design and clinical coverage evaluation. The reconfiguration of heart model in the last
plot follows the procedure of Fig. 2.4. These plots show that the heart conditions have been
varied over time resulting in a progressive increase of coverage.

Fig. 2.6 is a snapshot of the dynamics of the closed-loop system. The encircled numbers
from 1 to 4 in plot 5 denote each action/reconfiguration. Note that reconfigurations are only
applied after the current cardiac cycle is completed.

During segment 1, the heart is configured for normal heart rhythm with rate variability.
When the intrinsic atrial rates drop below 60 bpm, the pacemaker delivers an AP to maintain
the rhythm. The configuration 2 emulates an atrioventricular block. Here the atrial activa-
tion cannot propagate to the ventricles and hence the device delivers a VP to synchronize
the rhythms. Then an atrial tachycardia drives the pacemaker to deliver fast VP events to
maintain the synchronization. The atrial rhythm recovers to normal in segment 4 but still
with an atrioventricular block.
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Fig. 2.4 The automation of testing by learning.

With the automated oracles, we can identify scenarios where the pacemaker is unable
to handle properly. Fig. 2.7 shows such scenario. There is a AVI component used to syn-
chronize atrial and ventricular events in the device [56]. In scenario 1, as1 makes the AVI
component go to an intermediate state, in which as2 is ignored. After that, the compo-
nent delivers a vp1 to synchronize as1. At this moment, test oracle outputs a flag because
the interval between as2 and vp1 is less than AV I. As a matter of fact, the heart presents
arrhythmias like atrial flutter and DDD mode is not applicable.

2.5 Conclusions and Future Work

We have presented a closed-loop validation framework for cardiac devices that has the ca-
pability of significantly improving test adequacy by maximizing the requirements coverage.
Our methodology integrates a heart model to a SUT with an adequacy evaluation module
driving a heuristic learning algorithm. This integration automatically generates complex
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Fig. 2.5 Run-time coverage evaluation during validation.

Fig. 2.6 A snapshot of the dynamics of the closed-loop system.

test-case sequences and hence has the potential to improve the functional safety of the SUT.
This methodology could also be applied to validate other cyber-physical systems.

We intend to investigate more complex cardiac devices used in real application. More
rigorous coverage criteria combination, dependency among the requirements and automated
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Fig. 2.7 The scenario of discrepancy between the requirements and the design.

observer construction will also be studied. In addition, we will refine the learning model by
considering the structure of observers and the stability of the closed-loop system to enhance
the decision making process.

2.6 Summary

This chapter is an initial study of the closed-loop framework. We established the majority
of components of the system and their interconnections, which are used to automate the
closed-loop validation process. While we illustrate the efficacy of the proposal regarding
requirements-based testing, the limit of the physiological dynamics of the system is iden-
tified. The heart model used in the pilot study is mostly based on the work [45]. The
pacemaker cell model and the Conduction Velocity (CV) restitution dynamics are absent.
Consequently, the heart model can only generate simple arrhythmias, such as bradycar-
dia, tachycardia, but not complex rhythms, such as Premature Ventricular Complex (PVC),
Atrioventricular Nodal Reentry Tachycardia (AVNRT), etc. Hence, the next chapter will
introduce a new pacemaker cell model.





Chapter 3

A Parametric Computational Model of
the Action Potential of Pacemaker Cells

3.1 Introduction

Cells within the Cardiac Conduction System (CCS), including Sinoatrial Node (SAN), Atri-
oventricular Node (AVN) and His-Purkinje System (HPS), can spontaneously initiate action
potentials and are referred to as autorhythmic cells or pacemaker cells. Myocardial cells
under some diseased conditions can also possess pacemaking capability [15]. Normally
the SAN, the primary intrinsic pacemaker, has the highest spontaneous discharge rate and
dominates the heart rhythm. It initiates electrical impulses propagating from atria to ven-
tricles through the AVN and HPS. The spontaneous activity of subsidiary pacemaker cells
in the AVN, HPS and other parts of the heart is usually inhibited by the SAN. Abnormal
activation in these subsidiary pacemakers can introduce disturbances in heart activity lead-
ing to arrhythmias. The dynamics of pacemaker cells play a crucial role in heart rhythm
formation and a corresponding model is, therefore, essential to the development of virtual
heart models. However, compared to ventricular myocardial cells, electrophysiological data
and mathematical models of pacemaker regions, especially in the human heart, are limited
[58–60].

Most biophysical SAN models [61] and AVN models [62] are built around animal data.
However, a human SAN model [63] has been developed by combining messenger RNA
(mRNA) data with an existing human right atria model [64]. In a similar way, a human
AVN model [65] has also been constructed using mRNA data. Stewart and co-workers
[66] developed a human Purkinje fibre cell model with detailed ionic mechanisms. The
model exhibited overdrive suppression [15], which is critical to the hierarchy of pacemaker



28 A Parametric Computational Model of the Action Potential of Pacemaker Cells

function.

Such biophysical models provide accurate, realistic and predictive dynamic insights into
autorhythmic cell behaviour. However, the coupled ordinary differential equations can be
costly to solve and their solution characteristics may vary between different cell-type mod-
els. Fundamentally, the biophysical models are not designed for formal verification [43] or
real-time emulation [67]. On the other hand, due to the growing use of implantable cardiac
devices [2], it has become increasingly important to validate the functionality of these de-
vices under broader physiologically relevant conditions. This necessitates a real-time virtual
heart to facilitate the closed-loop validation of the implantable devices [4, 67–69].

The Hybrid Automaton (HA) [42] provides a promising formalism to model continu-
ous membrane voltage evolvement and the observed distinct phases of an action potential
while retaining computational efficiency and the possibility of formal analysis [43]. Heart
models with real-time capacity have been constructed from networks of myocardial nodes
[4, 45, 67] using timed automaton (TA) [40] or HA [42]. However, complex intrinsic pace-
maker characteristics were not explicitly modelled. Rather, they have been represented as an
arbitrary timer, which was not influenced by external stimuli and could not exhibit realistic
dynamics.

Arrhythmias caused by abnormal pacemaking functions are significant scenarios that a
cardiac device should respond to. For instance, dysfunction of the SAN remains one of
the most common indications for permanent pacemaker implantation [2]. The detection of
Premature Ventricular Complex (PVC) is crucial for devices to deliver appropriate pacing
[70, 71]. Additionally, overdrive pacing from a device may suppress intrinsic pacemaking
functions. The time to resumption of the intrinsic rhythm and its dependence on prior pacing
rates directly affects subsequent interactions between the device and the heart. Hence, a
virtual heart model with the capability exhibiting various pacemaking arrhythmias in real-
time is desirable for cardiac devices validation.

In this chapter, we develop a computational HA pacemaker cell model with one piece-
wise continuous variable. The model is able to efficiently describe dynamic electrical be-
haviours and adaptation to pacing frequency, and compares well to known data. Moreover,
the HA model can be parametrised to capture the features of different cardiac pacemaker
cells. We have also investigated the integration of such cells in a cardiac conduction net-
work model [45, 67]. This network was proposed in [45] and Yip et al. [67] refined it
by developing a path model to capture both anterograde and retrograde conduction. These
network models [45, 67] were only comprised of a single cell type: ventricular myocytes.
Here we take a significant step toward the goal of a comprehensive abstracted heart model,
with real-time simulation capabilities, by creating a cardiac conduction network model with
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interacting pacemaker cell models, atrial myocyte models and the original ventricular my-
ocyte models [67].

3.2 Methods

3.2.1 SAN and AVN Model

The course of the action potential can be divided into several phases, and the evolvement
of each phase is dominated by various ionic bases [72]. The pacemaker cells possess the
capability of initiating an action potential without external stimuli, also referred to as auto-
maticity. This is due to the slow depolarization in phase 4 (Fig. 3.1), arising from multiple
factors (e.g., the “funny”current I f , calcium cycling, Na+/Ca2+ exchanger, etc.) [15]. Once
the threshold potential VT is reached, an action potential is initiated.
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Fig. 3.1 Schematic action potential of nodal pacemaker cells with the embedded plot of
myocardial action potential.

For the nodal pacemaker cells found in SAN and AVN, the Effective Refractory Period
(ERP) may expand over phase 0, 2 and 3, where the cell cannot be stimulated again [72].
The Relative Refractory Period (RRP) extends to phase 4, where a secondary excitation with
a small amplitude can be elicited.

The discharge frequency of pacemaker cells may vary by a change in the rate of de-
polarization in phase 4, the maximal diastolic potential (MDP), or the threshold potential
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(VT ) (Fig. 3.1). The rate of rhythm is modulated by both sympathetic and parasympathetic
divisions of the autonomic nervous system [15].

If a pacemaker cell is depolarized at a higher frequency than its intrinsic rate, its auto-
maticity may be suppressed, which is known as overdrive suppression. The mechanism is
mostly due to enhanced activity of the sodium potassium pump resulting in more negative
membrane potential. Suppression continues when the overdrive pacing stops and spon-
taneous depolarization is delayed [15]. The period of quiescence after the cessation of
overdrive is referred to as recovery time, as shown in Fig. 3.2.

Time(s)

0 10 20 30 40 50 60 70

m
V

-20
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60

Recovery timeOverdrive stimulation

Fig. 3.2 Simulated trace by a model to mimic the overdrive suppression behaviour described
in [15].

We model the action potentials of SAN and AVN with the HA shown in Fig. 3.3. The
locations q4, q0, q2 and q3 model the dynamics of the action potential in phase 4, 0, 2 and 3
(Fig. 3.1), respectively. In each location, the membrane potential is defined by a piecewise-
continuous variable v.

The parameters d4, d0, d2 and d3 are the scaling factors of the slope of the action po-
tential. Non-linear functions f1(θ), f2(θ), f3(θ), f4(θ) and ω(n) are used to modify the
rate of change of v to capture rate-dependent dynamics. The values of these functions are
updated when the transition from q4 to q0 occurs.

The pacemaker cell can be excited by its neighbouring cells. We calculate the voltage
induced at cell k by its n connected neighbours in (3.1), where Dik denotes the decay factor
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q4: Resting& DP
v̇ = d4 f3(θ)
{v <VT}

θ = 0

q0: Upstroke
v̇ = d0 f2(θ)
{v <Vmax}

q2: Plateau &
ER
v̇ = d2 f2(θ)
{v >VR}

q3: FR
v̇ = d3 f2(θ)
{v >Vmin}

[g(⃗v)>VT ∧ v <VT ]

v′ = v

θ =
v−VT

Vmin−VT
Vmax =Vm · f1(θ)

n′ = n+1

Vmin =Vh ·ω(n) · f4(θ)

[v >VT ]

v′ = v

θ = 0

Vmax =Vm

n′ = n− rn

Vmin =Vh ·ω(n) · f4(θk)

[v≥Vmax]
v′ = v

[v 6VR]
v′ = v

[v 6Vmin]
v′ = v

i′ = i+1
d4 = χ(i)

Fig. 3.3 Hybrid-automaton description of a pacemaker cell model-Nodal type.

of the voltage contribution of cell i to cell k:

g(⃗v) =
n

∑
i=1

Dik · vout
i − vk (3.1)

By default, the HA always starts in location q4, where the cell goes through the slow
depolarization and the action potential v increases gradually. It stays in q4 as long as the
invariant condition v <VT is true, where VT is the threshold potential. Otherwise, it moves
to q0. The last value of v when leaving q4 is used to set the initial value of v when entering
q0. In location q0, the cell depolarizes, v increases rapidly and the action potential initiates.

The transition from q4 to q0 could be triggered by either of the scenarios:

1. g(⃗v)>VT ∧v<VT , when the differential voltage between neighbouring cells and itself
g(⃗v) is greater than VT but the membrane potential has not reached the threshold, i.e.,
the cell is activated by stimuli rather than excited itself;

2. v > VT , when the membrane potential is greater than VT , i.e., the cell spontaneously
depolarizes.

To express how fast the second excitation occurs, a variable θ that captures the frequency
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of stimuli is defined by (3.2). Vmin represents the maximal diastolic potential (MDP) (Fig.
3.1) and v is the voltage when the cell is stimulated. For the sake of simplicity, we shift the
action potential to be positive and the initial Vmin = 0.

θ =
v−VT

Vmin−VT
(3.2)

The range of θ (θ ∈ R) is [0,1] and it is updated when the transition from q4 to q0

happens. If the cell is paced faster and activated in the early RRP, the value of θ is closer to
1.

The amplitude and upstroke slope gradually increase as action potentials are stimulated
in the late RRP [72]. In our model, the amplitude Vmax is modified by f1(θ) defined by
(3.3) and the slopes in locations q0, q2 and q3 are modified by f2(θ) defined by (3.4). The
parameters h and f used in functions (3.3) and (3.4) adjust the extent of the frequency
dependency.

f1(θ) = e(−h·θ) (3.3)

f2(θ) = e(− f ·θ) (3.4)

When the action potential evolves in q0, q2 and q3, it cannot be excited by any external
stimuli, which is the ERP, computed by (3.5), where Vm is the maximum voltage when the
cell itself initiates an action potential and VR is the voltage where the final repolarization
starts.

ERP =
Vm · f1(θ)−VT

d0 · f2(θ)
+

Vm · f1(θ)−VR

| d2 | · f2(θ)
+

VR−Vmin

| d3 | · f2(θ)
(3.5)

Stimulation at high rates can cause lengthy refractory periods (ERP) of AVN leading to
conduction blocks [72]. In our model, ERP becomes longer when paced faster as long as the
lengthening effect induced by f2(θ) and more negative Vmin exceeds the shortening caused
by f1(θ).

High-frequency overdrive results in hyperpolarization of resting membrane potential,
i.e., more negative MDP and slower depolarization [15]. The study in [73] shows an ex-
ponential increase in recovery time with incremental pacing rate. Also, the recovery time
depends on the pacing duration. While the longer overdrive duration causes the longer qui-
escence [15], it will not rise significantly beyond a certain duration [73].

In our model, n is the number of consecutive overdrive stimuli representing the duration
of overdrive. We define ω(n) in (3.6) to capture the effect of duration. It is incorporated
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in (3.7) and (3.8) to modify d4 and Vmin, which are the key parameters affecting the rate of
slow depolarization in q4.

ω(n) =


0 if n < 1
1

1+ e(−hr·(n−hs))
if n≥ 1 and n≤ 5

hr
+hs

1
1+ e−5 if n > 5

hr
+hs

(3.6)

We limit the value of n ≤ 5
hr
+hs to avoid numerical overflow when implementing. We

also reset the value of ω = 0 when the value of n< 1. The parameters hr and hs can modulate

how fast ω(n) reaches the plateau
1

1+ e−5 .

To capture the impact of pacing rates on recovery time, we use the exponential approx-
imation f3(θ) in (3.7) to modify d4 in location q4. The maximal diastolic potential Vmin is
modified by (3.8) and (3.9), where Vh is a negative voltage representing the extra hyperpo-
tential.

f3(θ) =
1

ω(n) ·m ·θ s +1
(3.7)

Vmin =Vh ·ω(n) · f4(θ) (3.8)

f4(θ) = e( j·(θ−1)) (3.9)

In general, normal SAN has relative resistance to overdrive suppression and subsidiary
pacemaker cells are more likely to be suppressed [15]. In our model, the parameters m and
Vh are used to control the extent of overdrive suppression. The bigger the values of m and
Vh, the longer pause after overdrive pacing. In addition, the parameters s and j can modulate
the suppression sensitivity to higher rate stimuli.

After pacing stops, spontaneous depolarization gradually resumes the baseline rate [15].
This is modelled by resetting θ to 0 and reducing the duration effect when the transition
from q4 to q0 occurs due to v >VT . This can be expressed as:

n′ = n− rn (3.10)

The range of parameter r (r ∈ R) can be [0,1], which defines the rate of recovery. If
r = 1, the cell can recover after the first spontaneous beat. When r = 0, the cell cannot
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recover to the baseline rate. The Vmin (MDP) remains at:

Vmin =Vh ·ω(n) · f4(θk) (3.11)

where θk refers to the value of θ when the last external stimulus activates the cell.
When the action potential reaches Vmax in q0, the transition to q2 is triggered and the

membrane potential starts to drop. The final repolarization phase q3 is entered and the
voltage continues to decrease. Once it reaches the maximal diastolic potential Vmin, the cell
model transitions to q4 where it goes through slow depolarization again.

The pacemaker cell model as described here can spontaneously initiate an action poten-
tial at fixed rates. Inspired by the work [45], we can also capture another important feature,
called Heart Rate Variability (HRV) [23], by updating d4 = χ(i) on the edge from q3 to q4.
The value of χ(i) is defined in (3.12) and (3.13). The function BCL(i) gives the interval
between two successive spontaneous action potentials and is described in the Appendix.

χ(i) =
VT −Vmin

BCL(i)−C
(3.12)

C =
Vmax−VR

| d2 |
+

VR−Vmin

| d3 |
+

Vmax−VT

d0
(3.13)

By integrating BCL(i) to the pacemaker cell model, we can capture both intrinsic HRV
and the influence of external stimuli. In [45], the rhythm of SAN is independent of the
external excitation and therefore cannot capture the dynamics like overdrive suppression.

3.2.2 Subsidiary Pacemaker Cell Model

Some subsidiary pacemaker cells like HPS belong to a fast response category. They behave
like cardiomyocytes, but also possess automaticity like the nodal pacemaker cells.

We compose the fast response cardiomyocyte model [67] and the nodal cell model to
form the subsidiary pacemaker cell model, as shown in Fig. 3.4. The path model is de-
veloped in the Appendix. The length of the path, i.e., the distance between the connected
cells, is zero, which means that the pulse propagation between the CellA (nodal cell) and the
CellC (cardiomyocyte) does not consume time. The external stimulus Vs is only applied on
the CellC, which produces an action potential v. The CellA has no direct interface with the
external environment.

The behaviour of the composed subsidiary pacemaker model is as following:

1. When the external stimuli Vs is absent or of slow rate, the CellA elicits pacemaking and
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CellA Path CellC

vA
apA

vC

vA

vC
apC

VS

v

Fig. 3.4 Pacemaker cell model-Subsidiary type.

activates CellC via the electrical conduction provided by the path. The spontaneous
rate of the composed model is determined by the parameters of CellA.

2. When the external stimuli Vs is present and of high rate, the CellC is stimulated by Vs.
The spontaneous activity of CellA is suppressed by the stimuli from CellC.

As a result, the model possesses the same rate-dependent Action Potential Duration
(APD) restitution as the fast response cardiomyocyte and suppressed pacemaking dynamics
as the slow response nodal cell. As a subsidiary pacemaker cell is more sensitive to overdrive
stimuli than nodal cells, we adjust the relevant parameters m,s,Vh, j,hr,hs used by (3.6)-
(3.9) to fit the behaviour.

3.2.3 Simulation Methods

We validated the model by comparing the dynamics with documented quantitative descrip-
tion, clinical study data [73–76] and simulated dynamics of previous biophysically detailed
models [66].

Dynamic behaviour was determined by applying various pacing protocols on the pro-
posed model. The cell model was stimulated at various rates (400, 500, 600, 700 ms) and
then the ERP was recorded at the ninth beat. We considered ERP rather than APD in this
study because the value of ERP can be computed directly and it is the total time spent in
locations q0, q2 and q3.

To obtain the overdrive suppression dynamics, overdrive stimuli at the designated rates
were applied to the cell model for certain periods and then the recovery time was measured
following termination of overdrive. The pacing rates and durations are given in the results.

We intend to use generic models to cover the dynamics of pacemaker cells under various
conditions in different regions. The regional differences in electrical properties are accom-
plished by adjusting the parameters. Table 3.1 summarizes the impact of main parameters
on the dynamics, where ↑ and ↓ denote that positive and negative changes at given θ with
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Table 3.1 The impact of main parameters.

Parameters

Dynamics h f m s |Vh| j

Vmax ↓ − − − − −
|Vmin| − − − − ↑ ↓
ERP ↓ ↑ − − ↑ ↓

Recovery time − − ↑ ↓ ↑ ↓

an incremental parameter value. The horizontal bar “−”denotes no direct impact. In the
Appendix, we present more simulation results to illustrate this.

In Section 3.3, we demonstrate the dynamic response of the proposed model by show-
ing the APD restitution of AVN. The key features of overdrive suppression are illustrated
on SAN as well as subsidiary ventricular pacemakers. The dynamics of the model have
been compared with clinical data and dynamics of previous models. The results show the
capability of our parametric model to capture dynamics of a variety of pacemaker cells un-
der varying conditions. Furthermore, a test network of cells along the cardiac conduction
system is used to validate the behaviour of the new pacemaker cell models in a virtual heart.

3.3 Results

3.3.1 APD Restitution in AVN

Premature stimulation causes lengthening of the ERP in the AVN. This is an important
feature to protect the ventricles when atrial impulses arrive at excessive repetition rates
[72]. The study in [74] shows that the AVN ERP lengthens 30± 39 ms with pacing cycle
decrease of 214±63 ms, as shown in Fig. 3.5A.

In our model, when f increases or h decreases, the ERP lengthens with decreased pacing
cycle. We set the intrinsic cycle length at 1500 ms and vary parameters f and h to fit different
rate-dependent responses. The ERP is recorded at different pacing cycle lengths. Each circle
represents the refractory period measured at that pacing cycle length in Fig. 3.5A, where
ERP0 denotes the ERP at the intrinsic rate. The result shows a similar trend to the published
observations [74].
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Fig. 3.5 Dynamic cell response to pacing. A. The rate-dependent response of ERP in an
AVN model. Experimental ranges of ERP from [74] are indicated by the mean values and
error bars. B. The intrinsic rate of a SAN model compared to the maximum pause in over-
drive stimulation. The experimental relationship from [75] is indicated by the dotted line.
C. The maximum post overdrive pause as a function of pacing rate in a SAN model. Exper-
imental observations from [75] are shown overlaid on the simulation curve.

3.3.2 Relation Between Intrinsic Sinus Rates and the SNRT

Normally, the Sinus Node Recovery Time (SNRT) is less than 1500 ms [77] while SNRT
tends to be shorter with shorter baseline sinus cycle lengths [75], which is illustrated by the
dashed line in Fig. 3.5B, where BCL denotes intrinsic sinus cycle length, and the maximum
pause represents SNRT.

We set the baseline sinus cycle lengths as 786, 858, 947, 1067 and 1234 ms. Then pacing
is carried out at different rates (90, 110, 130 and 150 bpm (beats/min)) for 90 seconds. Our
model exhibits incremental SNRT with longer baseline cycles, as shown in Fig. 3.5B.

3.3.3 Effect of Pacing Rates on SAN Suppression

The study in [75] shows an increase in the maximum pause of SAN as the pacing rate
increases. We pace the model with the intrinsic cycle length of 786 ms. The result in Fig.
3.5C, where the y-axis is the pause as a percent of the intrinsic cycle length, shows that we
can mimic the similar trend except for the drop at 150 beats/min.

They explain that the drop may be the result of enhanced sympathetic discharge [75].
While d4 in our model can represent the sympathetic control, we do not link the heart rates
to this parameter. In our experiment, the value of d4 remains the same therefore there is no
decrease of SNRT at 150 beats/min.
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3.3.4 Effect of Pacing Rates on Subsidiary Ventricular Pacemaker Sup-
pression

An exponential increase in recovery time of subsidiary ventricular pacemaker cells with
incremental pacing rates is shown in [73]. We set the interval of intrinsic heart beat 1419 ms
to study the effect of pacing rates on the suppression. By adjusting the parameters Vh,m,s, j,
we can fit the experimental data in the study [73, 76] as well as the simulation results of the
model [66], as shown in Fig. 3.6.

Pacing interval as percent of BCL (%)

20 40 60 80 100

P
a

u
s
e

 a
s
 p

e
rc

e
n

t 
o

f 
B

C
L

(%
)

100

200

300

400

500

600
Vh=-10,m=1,s=7,UoA

Vh=-15,m=1,s=5,UoA

Vh=-20,m=3,s=7,UoA

Patient AH [73]

Patients with narrow

 QRS [76]

Apply 90s stimuli [66]

Fig. 3.6 The effect of pacing rates on recovery time of a variously parametrised Purkinje
cell model compared to literature data.

3.3.5 Effect of Pacing Duration on Subsidiary Ventricular Pacemaker
Suppression

The study [73] shows a biphasic increase in recovery time with incremental pacing dura-
tion. Beyond a pacing duration of 60 seconds, ventricular impulse suppression is primarily
dependent upon pacing rates. Fig. 3.7 shows the simulation results compared to the study
[73] and the simulation results of the model [66], where the cell more depends on duration
at higher pacing rates.



3.3 Results 39

Pacing duration (s)

0 20 40 60 80 100 120

P
a
u
s
e
 a

s
 p

e
rc

e
n
t 
o
f 
B

C
L
(%

)

50

100

150

200

250

300

350

400

450

500

550
Vh=-8,m=3,s=7,UoA

Vh=-25,m=3,s=7,UoA

Vh=-20,m=3,s=5,UoA

Patient LJ, pacing cycle=998 ms [73]

Patient LJ, Pacing cycle=1198 ms [73]

Pacing cycle=1198 ms on the model [66]
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3.3.6 AVN Filtering

We consider a network of cells along the CCS [45, 67] to illustrate the behaviours of the
new pacemaker cell models. The full network is depicted in the Appendix and Fig. 3.8A
illustrates partial connectivity. Typical action potentials in SAN, atrial subsidiary pacemak-
ers, AVN and ventricular subsidiary pacemakers are shown in Fig. 3.8C. Fig. 3.8B shows
selected action potentials of atrial muscle (OC), middle of the slow and fast pathway (SP
and FP) to AVN , the Bundle of His (BH), and the apex of the right ventricle (RVA).

Normally, the SAN inhibits other subsidiary pacemaker cells before they have a chance
to depolarize spontaneously to the threshold potential. We block the pathway from the SAN
to Crista Terminalis (CT) node and then overdrive the system to tachycardia by increasing
the intrinsic rate at the CT. This tachycardia is naturally filtered by the pathways and the
AVN so that a lower rate is presented to the BH and down into the ventricles. The frequen-
cies from OC to RVA are 5.0, 4.2, 2.8, 2.0 and 2.0 Hz, respectively.

When the disturbance of the CT node stops around 15 seconds, there is a pause caused
by the overdrive suppression effect before the SAN resumes spontaneous depolarization.



40 A Parametric Computational Model of the Action Potential of Pacemaker Cells

SAN

CT OC

SP FP

AVN

BH

RVA

0

30

60

0

30

60

0

50

100

Time(s)

0 0.5 1 1.5
0

50

100

SAN

AVN

Atrial

Subsidiary

Pacemaker

Ventricular

Subsidiary

Pacemaker

A C

0

50

100

0

30

60

m
V

0

50

100

0

50

100

Time(s)

4 6 8 10 12 14 16 18 20 22
0

50

100

SP

BH

FP

OC

RVA

PVCs

B

Fig. 3.8 AVN filtering and PVCs. A. A schematic connectivity between the selected nodes.
The connections are dashed as they are only a subset of the network. The full network
is given in the Appendix, Fig. 3.11. Trains of action potentials from a selection of node,
which illustrate AVN filtering and PVCs. The green arrows indicate forward conduction, the
purple retrograde conduction from the RVA into the BH and the red arrows indicate possible
blocks. C. Typical action potentials.
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3.3.7 Escape Ectopic Automatic Rhythms

Regions of the heart other than the SAN may initiate beats under special circumstances,
referred to as escape ectopic rhythms. To illustrate this, we enhance the automaticity of
the Purkinje fibre so that the RVA has a chance to excite before the impulses from the
atria arrive, and the rhythm is often referred to as PVC. In our simulation (Fig. 3.8B),
two consecutive PVCs are observed and followed by a compensatory pause because the
ventricles are still in refractory from the PVC and the atrial impulse cannot activate them.

3.4 Discussion

In this chapter, we have proposed HA models of cardiac pacemaker action potentials and
shown that they can capture the key dynamics of the cells. A feature of HA-based mod-
els that has been exploited is their support of communication and concurrency between
components, which favours compositional design. This has enabled us to model subsidiary
pacemaker cells by composing the pacemaker model and a cardiomyocyte model [67] using
a path model (Fig. 3.4). Importantly, the approach enables a single HA formalism to model
multiple cell types with just a change of parametrisation This adds computational certainty
since the numerical behaviour of each cell type will be the same. Furthermore, HA are
amenable to formal verification [43, 45] and real-time implementations [68, 78]. This is
vital for model-based closed-loop validation of implantable cardiac devices.

Cardiac cells are by nature a hybrid system [43]: transmembrane potentials vary contin-
uously, but distinct phases are present, for which the HA formalism [42] can be employed
to describe the hybrid feature. Our choice of piecewise linear approximation of each phase
improves computational efficiency. However, to capture the adaptation to pacing frequency
requires non-linear functions for which we have used exponential functions. These func-
tions are only updated once in each solution cycle and the increase in computational cost
is minimal. Ventricular myocyte HA models have been shown to be amenable to FPGA
implementation [78], and we expect similar performance for the models presented in this
chapter.

Due to the abstracted nature of the HA models, there is no direct link between the model
parameters and measurable cellular data. However, we have indicated the effects of pa-
rameter movements on key electrophysiological measurements in pacemaker cells that can
be robustly measured (Table 3.1). We have shown that most of the available data can be
matched using our parametrised HA model [66, 73–76] and that the parameters can be read-
ily adjusted to capture a variety of pacemaking behaviours with the SAN, AVN and HPS.

In clinical electrophysiological studies [73–76], external stimuli are usually applied to
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particular locations in the heart. The observed dynamics are influenced by downstream
conductivity, and tissue loading factors that are different to when stimuli are applied to the
membrane of a single cell. However, in the absence of other data we have compared the
HA cell model behaviour to tissue level data. We argue that the resulting parametrisations
are sufficiently flexible that when cell level data becomes available the models can still be
easily modified to account for this new information.

There are a limited number of data that cannot be replicated by our models (Fig. 3.5C
and Fig. 3.6), but until there are better biophysical explanations of the functional basis
for such behaviour this will be a challenge for any model. Apart from regional spatial
heterogeneity expressed by the SAN, AVN and HPS models, altered electrical dynamics
due to cardiac disease conditions can be replicated by altering parameters. Although we
have not fully investigated, there is potential for the HA model parameters to be smoothly
varied regionally from one cell type to another, accounting for the non-discrete variation of
cell types in situ.

By simulating the CCS as an abstracted network, we have shown that different cells with
unique morphology and timing characteristics can dynamically interact with each other and
contribute to cardiac rhythm. This foreshadows the potential of a virtual heart, composed of
these parametric action potential models with real-time capability, for reproducing arrhyth-
mic sequences that can be used to validate the function of cardiac devices.

In addition to the flexibility and potential real-time implementation, the amenability to
formal analysis of HA-based models is vital for the verification of safety-critical devices.
The next phase of the study will look at applying formal verification like [45] to the closed-
loop network of HA. Model-based testing [79] techniques with a focus on both requirements
coverage and structure coverage will also be further investigated.

3.5 Conclusion

We have developed a new parametric pacemaker cell model to capture electrical restitu-
tion, automaticity and overdrive suppression phenomenon. We have compared the simu-
lated dynamics of our model with those of previous models [66], as well as the clinical
data [73–76], and observed that the model is capable of simulating those observed dynam-
ics. Furthermore, our simulation of a conduction system network demonstrates arrhythmias
arising from the electrical restitution and abnormal automaticity.
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3.6 Appendix

This Appendix details methods used to construct and analyse computational models. It also
contributes additional simulation results to demonstrate how the models work with different
parameters.

3.6.1 Intrinsic Interval BCL(i) Generation

The typical power spectrum S( f ) of a real instantaneous heart rate time series can be de-
scribed as a sum of two Gaussian distributions [80]:

S( f ) =
σ2

1√
2πc2

1

e

−( f − f1)
2

2c2
1 +

σ2
2√

2πc2
2

e

−( f − f2)
2

2c2
2 (3.14)

In (3.14), parameters f1 and f2 are the means. The standard deviations are c1 and c2.
Power in the low frequency and high frequency are denoted by σ2

1 and σ2
2 . We can produce

various physiological and pathological conditions, such as standing, exercise, mental stress
and myocardial infarction [23] by changing the ratio of high frequency and low frequency
σ2

1/σ2
2 . The Gaussian frequency distribution can also be extracted from real patients data.

The instantaneous intrinsic interval BCL(t) can be generated by taking the inverse Fourier
transform of S( f ). In implementation, we obtain the BCL(t) by summing the cos(t) function
with amplitudes

√
S( f ), as shown in (3.15). The phases are randomly distributed between

0 and 2π . We can generate BCL(t) with any required mean BCL0 and standard deviation
SD, i.e., varying the heart rates around the specified baseline. The discrete BCL(i) used in
(12) (main paper) is a sample of BCL(t) at ti when the ith beat occurs.

BCL(t) =BCL0 +SD·
N−1

∑
i=0

√
S( fi) · cos(2π fi · t + rand(0,2π))

(3.15)
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3.6.2 Path Model

We developed a path model (Fig. 3.10) to capture gross characteristics of action poten-
tial propagation in tissue, with the notion of path defined in our previous work [67]. The
proposed path model here is an improved version of the earlier work as we introduce the
conduction velocity and the length to determine the propagation time along a path. The
conduction velocity is also weighted by k(θ) (3.16), which reflects the impact of stimuli
frequency. The new model can connect both myocyte and pacemaker cells, and capture the
Conduction Velocity (CV) restitution dynamics, which are important in the formation of
arrhythmia.

The inputs of the path model are api, vi and θi from Celli, and ap j, v j and θ j from Cell j.
The api/ap j indicates in which location the action potential lies and vi/v j is the membrane
potential. θi/θ j captures the frequency of stimuli. The outputs of the path model feed to the
g(⃗v) computation module then back to the cells, as shown in Fig. 3.9.

Celli Path Cell j

∑ ∑

vout
j vout

i

api(t),vi(t),θi ap j(t),v j(t),θ j

vi(t)g(⃗v) v j(t)g(⃗v)

Fig. 3.9 Connections of cells via a path in a network.

To keep the path model simple, we assume that the duration of an action potential is
longer than its conduction time and the charge time to activate the cell at the other end of
the path. The length of path l is determined by the position of cell i and cell j.

The conduction velocity vc = v0
c · k(θ), where v0

c is the parameter to define the initial
conduction velocity. k(θ) has the following form:

k(θ) =
1

a · e(b·θ)+(1−a) · e(−c·θ) (3.16)

For a path propagating nodal pacemaker cell action potentials, the values of parameters
are a=0.01, b=3.5, c=0; For a path conducting myocardial and subsidiary pacemaker action
potentials, the values are a= 0.30, b= 62.89, c= 10.99. Note that the parameters can be
adjusted to adapt to various conduction velocity (CV) restitution dynamics, which refers to
the data in Section 3.6.8 Fig. 3.21.

We use vci and vc j to denote the conduction velocity of action potential i and j, re-
spectively. Once the action potential starts travelling along the path, the velocity remains
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[vci× (ti + ti j)+ vc j× ti j = l] [vc j× (t j + t ji)+ vci× t ji = l]

[api = q0
∨ap j = q0]
Last:= 0

[ti ≥ δi j]
Starti !

Last:= i

[t j ≥ δ ji]
Start j !

Last:= j

Endi ?
End j ?

(a) The HA model of the path.

Idle
vout

i = 0

Relayi
vout

i =
vi(t−δi j)

Starti ?

[ap j = q2∨api = q3)]
Endi !

(b) HA to relay action potential of cell i
to cell j.

Idle
vout

j = 0

Relay j
vout

j =
v j(t−δ ji)

Start j ?

[api = q2∨ap j = q3]
End j !

(c) HA to relay action potential of cell j
to cell i.

Fig. 3.10 Components of a path model. This model is an improved version of [67].

constant. The propagation time from cell i to cell j is δi j = l/vci. Similarly, δ ji = l/vc j

denotes the time from cell j to cell i.

The local variable Last is used to record the direction of the last propagation:

Last =


0 if the last propagation was annihilated

i if the last propagation started from cell i

j if the last propagation started from cell j

(3.17)

The HA in Fig. 3.10a starts in location Idle. When either cell i or cell j goes to upstroke
phase q0 , the model leaves Idle to Ready. If cell i fully depolarizes (api = q2) first, the
action potential starts travelling on the path at vci and the HA enters location Celli. When
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the travel time ti ≥ δi j, which means the action potential i reaches the path end, the signal
Starti is emitted (denoted by “!”) on the edge from Celli to Relayi.

The HA in Fig. 3.10b receives the signal Starti (denoted by “?”) and starts relaying cell i
’s action potential until cell j is activated (ap j = q2) or cell i already goes final repolarization
(api = q3). The HA in Fig. 3.10b moves from Relayi back to Idle and emits signal Endi

(denoted by “!”), which synchronizes the transition from Relayi to Idle in Fig. 3.10a .
If the previous propagation direction is from cell j to cell i (i.e., Last = j) and the cell

adjacent to cell i is still in phase q2, i.e., ap j(t−δ ji) = q2, the HA in Fig. 3.10a leaves Celli
to the location Anni.

If cell j fully depolarizes before the action potential i arrives at the path end, provided
that the previous propagation direction is not from cell i or the cell adjacent to cell j is not
in phase q2, the HA in Fig. 3.10a transition from Celli to Celli& j is triggered, which means
both action potentials propagate through the path and move to each other. When they meet
in the middle then annihilate each other, i.e., goes to Anni.

The action potential travelling from cell j to cell i is subject to similar explanation, which
is modelled in the right side of the HA in Fig. 3.10a and 3.10c.

3.6.3 The Cardiac Conduction System Network

We defined the same conduction network as the one described in [67], with the replacement
of SAN, AVN and the slow pathway with the new nodal cell model, as well as the cells along
the HPS with the subsidiary pacemaker cell model. In addition, we add four nodes in the
paranodal area around SAN and two nodes of Purkinje fibre nearby right and left ventricular
apex. The network is shown in Fig. 3.11 and the locations and parameters are given in Table
3.2 and 3.3. While these parameters are used to simulate the AVN filtering and PVCs in Fig.
3.8 (main paper), they can be tuned to fit specific heart rhythms as required.

Table 3.2 The cardiac regions, acronyms and major parameters. The horizontal bar denotes
that corresponding parameters are not included in the model. The slash symbol is used
to distinguish between different values in case the cells in the same region have different
parameter values.

Region Acron. Cell type Node
number

Parameters h, f , m, s, Vh, j,
hs, hr, α3

y

Sinoatrial node SAN Pacemaker
cell_Nodal type

1 0.3, 0.7, 1, 6, -3, 0, 35, 0.1, -

Continued on next page
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Table 3.2 – Continued from previous page

Region Acronyms Cell type Node
number

Parameters h, f , m, s, Vh, j,
hs, hr, α3

y

Paranodal area PA Atrial cardiomy-
ocyte

2,3,4,5 -, -, -,-, -, -, -, -, 0.026

Crista Terminalis CT Subsidiary pace-
maker cell

6,7 0.3, 0.7, 1, 6, -3, 0, 35, 0.1,
0.015/0.026

Os cordis OC Subsidiary pace-
maker cell

8 0.3, 0.7, 1, 6, -3, 0, 35, 0.1,
0.0240

Slow pathway/
N(nodal)region

SP Pacemaker
cell_Nodal type

9,10 0.3, 0.8, 1, 6, -3, 0, 35, 0.1, -

Fast pathway/AN
(atrio-nodal)
region

FP Atrial cardiomy-
ocyte

11, 12 -, -, -,-, -, -, -, -, 0.017

Right Atrial Sep-
tum

RAS Atrial cardiomy-
ocyte

13 -, -, -,-, -, -, -, -, 0.026

Right Atrial Ap-
pendage

RAA Atrial cardiomy-
ocyte

14 -, -, -,-, -, -, -, -, 0.018

Coronary sinus in
left atrium

CSLA Subsidiary pace-
maker cell

15 0.3, 0.7, 1, 6, -3, 0, 35, 0.1,
0.026

Bachmann’s Bun-
dle

BB Atrial cardiomy-
ocyte

16 -, -, -,-, -, -, -, -, 0.0142

Left Atrium LA Atrial cardiomy-
ocyte

17, 18 -, -, -,-, -, -, -, -, 0.02/0.0215

Atrioventricular
node

AVN Pacemaker
cell_Nodal type

19 0.3, 0.84, 1, 6, -3, 0, 35, 0.1,
-

NH(nodal-His) re-
gion

NH Subsidiary pace-
maker cell

20 0.3, 0.7, 1, 6, -10, 2, 35, 0.1,
0.0151

Bundle of His BH Subsidiary pace-
maker cell

21, 22,
23

0.3, 0.7, 1, 6, -10, 2, 35, 0.1,
0.014

Right bundle
branches

RBB Subsidiary pace-
maker cell

24, 25,
26

0.3, 0.7, 3, 7, -20, 2, 35, 0.1,
0.0141/0.0141/0.0142

Continued on next page
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Table 3.2 – Continued from previous page

Region Acronyms Cell type Node
number

Parameters h, f , m, s, Vh, j,
hs, hr, α3

y

Left bundle
branches

LBB Subsidiary pace-
maker cell

27, 28,
29

0.3, 0.7, 3, 7, -20, 2, 35, 0.1,
0.0141/0.0141/0.0142

Right ventricular
apex

RVA Ventricular car-
diomyocyte

30 -, -, -,-, -, -, -, -, 0.0142

Left ventricular
apex

LVA Ventricular car-
diomyocyte

31 -, -, -,-, -, -, -, -, 0.014

Purkinje fibre in
right ventricle

PFRV Subsidiary pace-
maker cell

34 35 0.3, 0.7, 3, 7, -20, 2, 35, 0.1,
0.014

Purkinje fibre in
left ventricle

PFLV Subsidiary pace-
maker cell

39 40 0.3, 0.7, 3, 7, -20, 2, 35, 0.1,
0.0139

Right ventricular
septum

RVS Ventricular car-
diomyocyte

32, 33 -, -, -,-, -, -, -, -, 0.014

Left ventricular
septum

RVS Ventricular car-
diomyocyte

38, 36 -, -, -,-, -, -, -, -, 0.014

Coronary sinus in
Left Ventricular

CSRV Ventricular car-
diomyocyte

37 -, -, -,-, -, -, -, -, 0.014

Table 3.3 The ranges of literature conduction velocities in each part of the conduction net-
work.

Region Conduction velocity (m/s)

SAN < 0.01 [14]; 0.057-0.118 [60]

CT 1.0-1.2 [14] 1.2-1.4 [81];

Right atrial free wall 0.7-0.9 [14]; 0.68-1.03 [82]; 1.0-1.2 [14]

AVN 0.02-0.05 [14];0.02-0.06 [83]

BH 1.2-2.0 [14]; 1.34[83]; 1.3-1.7 [84]

Bundle branches 2.0-4.0 [14]

Purkinje fibre 2.0-4.0 [14]

Ventricular myocardium 0.3-1.0 [14]
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Fig. 3.11 A cardiac conduction network. Nodes with red numbering are those in Fig. 3.8.

3.6.4 Major Parameters Used to Fit Various Dynamics of Pacemaker
Cells in Different Regions

The following parameters of pacemaker cell models were fixed values in the study: MDP =

−74.65; V T = 25.05; V R = 41.25; d0 = 3.34; d3 = −0.9448. These were estimated from
the model [62]. These data can be obtained when new experimental measurements are
available.

The typical values of the parameters used in the main paper are listed in Table 3.4. These
parameters can be adjusted to fit various dynamics of pacemaker cells.

3.6.5 Typical Action Potentials

Typical action potentials in SAN, atrial subsidiary pacemakers, AVN and ventricular sub-
sidiary pacemakers are shown in Fig. 3.12, and the corresponding intrinsic cycles are 800
ms, 2100 ms, 1500 ms and 2300 ms.
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Table 3.4 The ranges of major parameters.

Parameters

Regions h f m s Vh j hs hr

SA node 0.3 0.7 1 6 −3.0,−4 0 10,35 0.1,0.5

SA node with sick
sinus syndrome

0.3 0.7 1 6 −20 2 70 0.04

AV node 0.2,0.3 0.7−1.6 1 6 −3 0 35 0.1

Purkinje fibre 0.3 0.7 1,3 5,7 -8, -10, -15, -20, -
25

2 30,35 0.1

Atrial ectopic
pacemaker cell

0.3 0.7 1,3 5,7 -8, -10, -15, -20, -
25

2 30,35 0.1
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Fig. 3.12 Typical action potentials.

3.6.6 Parameters Affecting ERP Dynamics in the AVN Model

Simulations were performed with most parameters fixed and only one parameter of interest
varying. The impact of individual parameter can be illustrated by comparing the change
of ERP over decremental pacing cycle lengths. The parameters f , h, Vh and j have direct
impacts on ERP dynamics.
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f and ERP dynamics

When f increases, the gradients of the action potential in location q0, q2 and q3 decrease,
which causes the ERP to lengthen at decreased pacing cycles, as shown in Fig. 3.13. The
ERP cannot lengthen further when the pacing pulse falls into the ERP, hence the model with
f = 1.6 does not keep increasing when paced at 400 ms cycle.
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Fig. 3.13 The impact of f on rate-dependent
ERP.
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Fig. 3.14 The impact of h on rate-dependent
ERP.

h and ERP dynamics

The parameter h can modify the maximum action potential at high pacing rates, and there-
fore influence the ERP. As shown in Fig. 3.14, the ERP becomes longer with decremental
pacing cycles if the model has a small h. This causes high Vmax leading to longer time spent
in q0 and q2.

Vh and ERP dynamics

The parameter Vh impacts the minimum value of the action potential. The bigger |Vh| the
model has, the more negative action potential is reached at high pacing rates and the action
potential takes longer to repolarize in q3. Hence when Vh negatively increases, the ERP
lengthens with decreased pacing cycle, as shown in Fig. 3.15.

j and ERP dynamics

The parameter j diminishes the influence of Vh at relatively long pacing cycles. The ERP
shortens with a bigger j at low pacing rates and values of ERP become close at high pacing
rates. This is shown in Fig. 3.16.



52 A Parametric Computational Model of the Action Potential of Pacemaker Cells

PACING CYCLE LENGTH (ms)

400450500550600650700

E
R

P
 (

m
s
)

180

190

200

210

220

230

240

h=0.3,f=1.0,m=1,s=6,j=0,h
s
=35,h

r
=0.1

V
h
=-3

V
h
=-5

V
h
=-10

Fig. 3.15 The impact of Vh on rate-
dependent ERP.
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Fig. 3.16 The impact of j on rate-dependent
ERP.

3.6.7 Parameters Affecting the Relationship Between Pacing Rate and
Recovery Time

The parameters Vh, m, s and j directly impact the overdrive suppression dynamics. Again,
only one parameter is varied in each set of simulations. The baseline cycle length of the
models remains 786 ms and the models are paced at various rates for a period of 90 seconds.
Although we use the nodal pacemaker cell model in the study, the parameters play similar
roles in subsidiary pacemaker cells model.

Vh and the relationship between pacing rate and recovery time

An increased Vh causes more negative potential, consequently the cell takes more time to
reach the threshold VT . Therefore, the recovery time becomes longer with incremental pac-
ing rates, as shown in Fig. 3.17. The impact is more significant at higher pacing rates.

m and the relationship between pacing rate and recovery time

When m increases, the slope of the action potential in q1 becomes less steep and therefore
depolarization is slower. The recovery time becomes longer with incremental pacing rates
in particular at relatively high rates, as shown in Fig. 3.18.

s and the relationship between pacing rate and recovery time

The parameter s diminishes the impact of m at relatively low rates, therefore the recovery
time becomes shorter with increased s, as shown in Fig. 3.19.
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Fig. 3.17 The impact of Vh on the relation-
ship between pacing rate and recovery time.
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Fig. 3.18 The impact of m on the relation-
ship between pacing rate and recovery time.

j and the relationship between pacing rate and recovery time

The parameter j diminishes the influence of Vh at relatively low pacing rates. The recovery
time is shorter with a bigger j, as shown in Fig. 3.20.
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Fig. 3.19 The impact of s on the relationship
between pacing rate and recovery time.
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Fig. 3.20 The impact of j on the relationship
between pacing rate and recovery time.

3.6.8 Conduction Velocity (CV) Restitution in AVN

Both experimental and modelling studies show that CV is rate-dependent and typically de-
creases at fast pacing rates. This is referred to as CV restitution. The fast pathway (made
up of AN type cells) has steeper CV restitution than the slow pathway (made up of N-type
cells) [62, 85].

We build a fast pathway and a slow pathway by connecting the myocardial cell model
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Fig. 3.21 Conduction velocity restitution (LHS:Atrial cardiomyocyte in the fast path; RHS:
Nodal cell in the slow path).

[67] and the nodal cell model with the path model, respectively. We firstly stimulate the
myocyte at the time S1 and then apply the second stimulus S2. For the nodal cell, we record
the first spontaneous activation as the S1 and apply the second stimulus S2. We observe
the activations of the other end of the path and calculate the conduction velocity at different
S1− S2 intervals. Fig. 3.21 demonstrates the simulation results at various combinations
of parameters. We can achieve different CV restitution curves by adjusting the parameters
a,b,c.

3.6.9 Effect of Pacing Duration on SAN Suppression

Although pacing durations beyond 15 seconds usually have little effect on the SNRT in
healthy subjects, patients with sinus node dysfunction can have a marked increase in SNRT
with longer pacing durations [77].

We set the intrinsic beat interval 786 ms and 1234 ms to represent healthy subjects
and patients with sick sinus syndrome (SSS), respectively. In our model, the parameter hr

modulates how fast the SAN reaches the state beyond which pacing durations have little
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effect on the SNRT. In addition, the parameter Vh can control the extent of suppression. In
our simulation, we set Vh = −4,m = 1,s = 6, j = 0,hr = 0.5,hs = 10 for normal subjects
and Vh = −20,m = 1,s = 6, j = 2,hr = 0.04,hs = 70 for the SSS. The result (Fig. 3.22)
shows that the SAN with SSS is more sensitive to pacing duration and it takes longer to
reach the “saturation” state especially at high pacing rates.

3.6.10 Recovery Process

Normally, following cessation of overdrive pacing, a gradual shortening of the sinus cycle
length is observed until the baseline sinus cycle length is reached, usually by the fourth to
sixth recovery beats [77]. For subsidiary pacemakers, the recovery beats range from 4 to 21
beats [73]. In our model, a bigger r leads to a faster recovery rate as shown in Fig. 3.23.

3.6.11 Preliminary Simulation Time Evaluation

We implemented the cell models and the network paths (a total of 40 cells and 44 paths)
in Simulink® and generated C code using the Simulink CoderTM. The solver setup is ode1
(forward Euler) with the step size 0.01 ms. A biophysically detailed N type cell model
[10] is simulated using OpenCOR[86] with the same solver setup. All simulations were
performed for 22 seconds of simulated cardiac activity. The simulation time is the average
of ten runs of the same program. The results are shown in Table 3.5. No effort has been
made to optimize the model code generated in this study. However, our previous work has
compared C code generated by our HA tool Piha [68] and Simulink®, and it shows that HA
execution time using our compiler is around 20% that of Simulink®. Other optimization
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methods also show potential for reaching our goal of real-time simulation [68, 78].

Table 3.5 Execution time to simulate 22 s cardiac activity.

Model Components Execution time (s) Remark

The model [62] A single N type cell 10.03 OpenCOR [86] sim-
ulation

The proposed model A single nodal type cell 0.43 Simulink® gener-
ated C code

The model [62] Cannot compose an ab-
stract cardiac network

No data No comments

The proposed model A cardiac network includ-
ing 40 cells and 44 paths

37.41 Simulink® gener-
ated C code

3.7 Summary

This chapter focuses on the pacemaker cell model development and the physiological dy-
namics validation. The next chapter will construct a real-time heart model based on cel-
lular models for closed-loop validation of Cardiovascular Implantable Electronic Devices
(CIEDs).



Chapter 4

Cardiac Electrical Modelling for
Closed-Loop Validation of Implantable
Devices

4.1 Introduction

Biophysical heart models can provide accurate, realistic and predictive dynamic insights
into cardiac electrophysiology. However, the coupled differential equations can be costly to
solve and their solution characteristics vary during simulations. Consequently, such models
are ineffective for formal verification [30] or real-time emulation [41]. This has driven
research into real-time capable models [4, 41] that could interact in closed-loop with cardiac
devices for formal testing. It remains infeasible to model all aspects of cardiac electrical
biophysics and an abstraction must be found that balance complexity and efficiency [30, 41,
43, 87].

A heart model designed for closed-loop validation should capture regional electrical
dynamics. The extended Timed Automaton (TA) based model developed by Jiang et al.
[4] captures rate dependencies of Effective Refractory Period (ERP) and conduction delays
by resetting the invariance on model transitions. These models maintain timing properties
but not electrical activation. While they are theoretically feasible for formal verification,
in practice the non-linear rate dependence must be removed [30]. Continuous electrical
signals are essential for complex physiological phenomena like source-sink effects [41],
which cannot be captured by TA [40] based models [4]. However, Hybrid Automaton (HA)
[42] provide a promising formalism for modelling continuous membrane potentials and the
distinct phases of an action potential, while retaining computational efficiency [43, 44].
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Here we present a heart model constructed from discrete HA models of regional elec-
trophysiology and conduction paths between regions. The HA model can be parametrised
to capture the course of an action potential, its dynamic response to Diastolic Interval (DI)
and regional conduction velocities or activation delays. The regional electrophysiology in-
cludes the various pacemaker types and cardiomyocytes, and their parametrisation using
published data compares well with the known sequence of cardiac activation. The heart
model is connected in closed-loop with a pacemaker device model. The device intervention
introduces an Atrioventricular Nodal Reentry Tachycardia (AVNRT). This arrhythmia is the
most common of the paroxysmal supraventricular tachycardias and is prevalent in young
adults [88].

4.2 Methods

4.2.1 Abstracted Heart Model

Based on expansions of previous work [4, 41], we define an abstract model of nodes and
edges to represent a cardiac topology for capturing the sequence of electrical activity over a
heart beat. Each node represents distinct regional electrical action potential behaviour and
the biophysics of tissue conduction are encoded along the edges connecting the nodes. Fig.
4.1 shows the relative positions of nodes and edges and the three distinct types of action
potential models. The pacemaker cells spontaneously generate electrical activity while the
subsidiary pacemaker cells enable rapid conduction through the four chambers leading to
coordinated excitation of the cardiomyocytes.

Normally, the Sinoatrial Node (SAN) drives heart rhythm as the dominant intrinsic pace-
maker with the highest spontaneous discharge rate. We model the SAN as a nodal type
pacemaker cell (Fig. 4.2). Human SAN is functionally insulated from the surrounding
atrial myocardium except for several exit pathways that electrically bridge the nodal tissue
and atrial myocardium [60, 81]. In our model, the nodes surrounding the SAN represent
the paranodal area, where the impulse breaks through and initiates atrial activation. Fol-
lowing breakthrough, atrial activation rapidly spread along the Crista Terminalis (CT), the
Right Atrium (RA) free wall and the Bachmann’s Bundle (BB), activating the left atrium
[14]. There are multiple pathways out of the paranodal area to the CT, Coronary Sinus (CS),
Right Atrial Appendage (RAA), and BB.

The Atrioventricular Node (AVN) is a critical component of the Cardiac Conduction
System (CCS), delaying the electrical activation from the atria to the ventricles. There are
two pathways from the right atrium to the AVN [83, 89]. The fast pathway comprises tran-
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Fig. 4.1 Abstracted heart model. The coloured nodes indicate tissue regions with distinct
electrophysiological action potential model types: red are pacemaker cells, orange are sub-
sidiary pacemaker cells and blue are cardiomyocytes. Tissue conduction is modelled along
the orange paths between the nodes.

sitional cells leading to the Compact AV Node (CN) and then the Bundle of His (BH). The
slow pathway has atrial/transitional cells leading to the Right Inferior Nodal Extension (RE),
the Lower Nodal Bundle (LNB) and finally the BH. Following the AVN delay, electrical ac-
tivation preferentially conducts along the His-Purkinje System (HPS), including the BH and
the Purkinje fibres. The BH subdivides in right and left bundle branches. The left ventricle
is activated earlier than the right ventricle [90, 91], so the first connection from HPS to the
left ventricle is a path to the left ventricular septum (Fig. 4.1: SEP_LV).

4.2.2 Regional Electrophysiology Model Types

Pacemaker and subsidiary pacemaker regional cell types

The action potentials of pacemaker cells found in SAN and AVN are modelled using HA
with one piecewise-linear continuous variable [92] (Fig. 4.2). The model captures observed
rate dependent dynamics, such as Action Potential Duration (APD) restitution, Conduction
Velocity (CV) restitution, and overdrive suppression [15] by incorporating non-linear update
functions [41, 92]. The electrophysiology of the HPS is a combination of automaticity and
fast response behaviour. This is captured by combining the fast response cardiomyocyte
model [41] and the nodal cell model [92] to form the subsidiary pacemaker cell model
[92]. The result possesses the same rate-dependent APD restitution as the fast response
cardiomyocyte and suppressed pacemaking dynamics as the slow response nodal cell and
shows the compositional power of HA models.
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Fig. 4.2 HA description of a pacemaker type cell [92].

Cardiomyocyte regional cell types

The bulk of the myocardium is comprised of cardiomyocytes. A typical action potential
of a cardiac myocyte has four phases: resting phase, stimulated phase, upstroke phase, and
plateau and early repolarization. We represent these phases as four locations in an HA
(Fig. 4.3). To capture the morphology of human action potentials, a simulated annealing
algorithm was used to parametrise the cardiomyocyte HA to match an atrial myocardial
model [64] and a ventricular endocardial model [13]. Following parametrisation, a dynamic
pacing protocol was used to define the restitution properties of the HA models. The pacing
protocol used a preconditioning train with progressive reduction in coupling interval (CI) in
10 ms steps from 700 ms until the target CI was reached. At that point a steady train of 10
stimuli at the test CI were applied and the APD of the tenth beat was plotted vs the ninth DI.

4.2.3 Regional Electrical Heterogeneity

Regional repolarization heterogeneity in the heart can both support normal rhythm and be
a substrate for arrhythmia. For example, Purkinje fibre cells have longer APD and stronger
rate dependence than ventricular myocytes [91, 93], and cells in the BH and bundle branches
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Fig. 4.3 HA description of a cardiomyocyte type cell [41].

also have longer APD than distal regions, acting to prevent retrograde conduction [90, 94].
Although we do not model the underlying ionic mechanisms, we are able to capture repo-
larization heterogeneity by adjusting the parameters of the cell models.

In the HA cardiomyocyte model (Fig. 4.3), there are 18 parameters affecting the mor-
phology of the action potential. The Morris method [95] was used to determine the parame-
ters significantly affecting the model APD. Consider a model with k independent inputs Xi,
i = 1...k, and each factor Xi can be scaled to take on values in the set {0,1/(p−1),2/(p−
1), ...,1}. The input space Ω is a k-dimensional p-level grid. The elementary effect for the
ith input is defined as:

di(x) =
y(x1, ...,xi−1,xi +∆,xi+1, ...,xk)− y(x)

∆
(4.1)

where x = (x1,x2, ...,xk), ∆ is a predefined multiple of
1

p−1
. The finite distribution of di(x)

is obtained by randomly sampling different x from Ω, is denoted by Fi, while the finite
distribution of absolute values of di(x) is denoted by Gi.

The inputs are parameters of the model in Fig. 4.3, and the output y is the APD of the
model. We varied one parameter at a time and solved the model r(k + 1) times to get r
samples of di(x). From the samples, we computed sensitivity measures [95]:
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1. The mean of the distribution Gi,

µ
∗ =

r

∑
i=1
|di|/r (4.2)

2. The standard deviation of Gi

σ
∗ =

√
r

∑
i=1

(|di|−µ∗)2/r (4.3)

We adjusted the sensitive parameters found by the Morris experiment to fit experimental
APD data for regions of the myocardium. The pacemaker cells also have regional vari-
ation of overdrive suppression. Their parametrisation to capture a variety of pacemaking
behaviours with the SAN, AVN, and HPS has previously been shown [92].

4.2.4 Path Model

Nodes in the heart model (Fig. 4.1) are connected by an efficient time-delayed path model
[41]. This new path model captures the gross characteristics of action potential propagation
in cardiac tissue. Fig. 4.4 shows the logic associated with the path connecting regional
nodes i and j. The path calculations determine if activation from node i excites node j after
a delay δi j or vice versa. The propagation direction depends on the timing of activation
at nodes i and j and the conduction velocity. The path model correctly captures action
potential annihilation from collision of opposing action potentials. The path is modelled as
an HA and the full control logic is given in the Appendix.

Celli

Path

Cell j

∑ ∑

vout
j =

v j(t−δ ji)
vout

i =
vi(t−δi j)

api(t),vi(t),θi ap j(t),v j(t),θ j

gi(⃗v)vi(t) v j(t)g j (⃗v)

Fig. 4.4 Path model. The api/ap j indicates which state the action potential is in, while the
vi/v j is the membrane potential. The θi/θ j captures the frequency of stimuli. The path
model outputs feed to the g(⃗v) computation module Σ then back to the node models.The red
arrows show activation moving from i to j and the blue arrows j to i.

A conduction velocity and path length were used to define path propagation time. To
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capture the CV restitution dynamics, the conduction velocity cv was weighted by k(θ). The
k(θ) function reflects the impact of stimuli frequencies. Consequently, the propagation time
δ depends on the stimuli frequency, so that higher rates cause slower conduction velocities
and longer conduction times.

k(θ) =
1

a · e(b·θ)+(1−a) · e(−c·θ) (4.4)

cv(θ) = cv∗ k(θ) (4.5)

δ = l/cv(θ) (4.6)

4.2.5 The Closed-loop System

We first simulate the calibrated heart model without device intervention to compare the
activation map with the experimental data. The simulation result is shown in Section 4.3.3.

The heart model was connected to a device model for closed-loop simulation (Fig. 4.5).
A cardiac device implanted in the heart will sense a complex combination of near and far-
field extracellular potential signals, i.e., electrograms (EGMs). To enable the communi-
cation between the virtual heart and the device, we developed an intracardiac electrogram
(IEGM) model [96] as an interface. The IEGM model compute pseudo EGMs from the
nodal action potentials, that reflect local excitation, far-field signals and pacing afterpoten-
tials.

Heart
Model EGM

Device
(SUT)

Wavefront

AP
VP

Aegm
Vegm

AP
VP

Fig. 4.5 The closed-loop system. The EGM module serves as the interface between the
heart model and the device (system under test (SUT)). Atrial pacing (AP), ventricular pacing
(VP), atrial EGMs (Aegm) and ventricular EGMs (Vegm) signals drive the interconnection.

The System Under Test (SUT) is a DDD mode pacemaker model developed by Pajic et
al. [56]. This is the most commonly used mode in dual chamber devices and in biventricu-
lar devices. The device senses electrical excitation from the dual chambers (the right atrium
and ventricle), denoted as Aegm and Vegm. The continuous signals are discretized and pro-
cessed as atrial sense (AS) and ventricular sense (VS) events, which are used by the software
of the device. With an absence of intrinsic activation, the device can deliver atrial pacing
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(AP) and ventricular pacing (VP) to maintain atrial-ventricular (AV) synchrony. The timing
parameters of the pacemaker used in the experiment are LRI=1000, AVI=170, URI=500,
PVARP=250, and VRP=230. The detailed timing requirements are given in the Appendix.

The heart model was parametrised for dual AV nodal physiology, the substrate for
AVNRT development. A unidirectional entry block to the ectopic atrial pacemaker cell CT
was formed so that the activation from the SAN could not suppress the pacemaking function
of the atrial pacemaker. Consequently, the CT, rather than the SAN, occasionally initiated
activation in the atrium. This substrate was used for the experiment with the pacemaker
model connected in closed-loop with the heart model.

4.3 Results

4.3.1 Cardiomyocyte Model Parametrisation

The HA cardiomyocyte model parametrisation results are shown in Fig. 4.6. Root mean
square errors (RMSE) were used to quantify the differences between parametrised HA mod-
els and biophysically based models of human atrial cells [64] and ventricular cells [13]. For
the action potential, morphologies compare with RMSE of 4.54 mV (atria) and 3.15 mV
(ventricle). The APD restitutions have RMSE of 3.51 ms (atria) and 0.85 ms (ventricle).
Both HA models capture the restitution curve gradients at high-frequencies well, which is
important for modelling arrhythmogenesis.

4.3.2 Sensitivity Analysis and Parameter Calibration

The Morris experiments [95] on the cardiomyocyte model (Fig. 4.3) showed that parameters
α3

z and α3
y have the most impact on the APD (Fig. 4.7). However, Fig. 4.8 shows that α3

z

affects the shape of the action potential, while α3
y maintains its morphology. The non-linear

relationship between α3
y and APD is shown in Fig. 4.9. Therefore, the α3

y parameters were
adjusted to fit regional myocardial action potentials to available experimental data. Further
details are given in the Appendix.

4.3.3 Normal Activation Sequence

Sinus rhythm at 74 beats per minute (bpm) results in the activation sequence shown in Fig.
4.10 for the calibrated heart model. Activation starts from the SAN and spreads through
the atria. After a delay at the AVN, the signal quickly propagates through the HPS to the
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Fig. 4.6 Parametrisation of the HA cardiomyocyte model fitting to a human atrial cell model
[64] and a ventricular endocardial model [13].

apex of the ventricles and then to the base. Table 4.1 summarizes activation times at vari-
ous points in the model compared to experimental measurements. In the model simulation,
activation moved from the SAN to the breakthrough point approaching the CT, i.e., Sinoa-
trial Conduction Time (SACT), in 58 ms. This is similar to recorded values. Following
the breakthrough, the total RA activation is 75 ms, while the earliest activation in the Left
Atrium (LA) over the BB conduction is 46 ms and the latest LA activation occurs at 103
ms, which are also similar to measured values [97]. However, the AVN delay of around
152 ms is shorter than published data. After the rapid propagation through the HPS, the
electrical activity takes a total of 97 ms to spread the ventricular septum and myocardium
from apex to base. This compares well with typical recorded values of around 100 ms and
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Fig. 4.7 The Morris experiment applied to the HA cardiomyocyte model with respect to the
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the inter-ventricular activation difference in the model of 12 ms also compares favourably
with recordings.
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Fig. 4.10 Activation sequence in the cardiac model. The activation time (ms) is relative to
the depolarization of the SAN.

4.3.4 Device Intervention Causing AVNRT

The heart model modifications described in Sec. 4.2.5 generate a predominantly normal si-
nus rhythm with slightly lengthened AV conduction and occasional Atrial Premature Com-
plex (APC)s. However, when this heart model is connected in closed loop with the DDD
mode pacemaker AVNRT develops. The two scenarios are shown in Fig. 4.11. The five
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Table 4.1 Normal activation sequence.

Conduction time Experimental data Simulation

SACT 82± 17 ms [81]; 65 ms [60]; 45-125 ms
[77];

58 ms

BB activation 31±13 ms [97]; 46 ms

RA activation 93±17 ms [97]; 75 ms

LA activation 116±18 ms [97]; 103 ms

AV interval 200 ms [83]; 120-200 ms [84]; 152 ms

from HPS to Ventricular activation 50 ms [91, 98]; 35 to 55 ms [84] 37 to 49 ms

HPS activation 90 ms [91, 98]; 91 ms

Ventricular activation 100 ms [91, 98]; 97 ms

LV and RV activation difference RV activation is 5 to 10 ms later than LV
[91, 98];

12 ms
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Fig. 4.11 AVNRT induced by APCs (Aegm 3) and the device intervention. The two top
panels are EGMs from the closed-loop system with the device. The middle panel shows the
events sensed by the device and a monitor, where the subscript m denotes sensed events by
the monitor module, while the device sensed events are indicated with d. The bottom panels
are atrial and ventricular EGMs generated by the heart model with no device. Red arrows
indicate APCs. Orange and blue arrows show conduction via the slow and fast pathway,
respectively.
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events labelled [0]-[4] are critical to understanding how the pacemaker drives the formation
of AVNRT.

[0] The sinus beats 1 and 2 conduct successfully through the AVN and the ventricles
depolarize after a delay. The delay is at the threshold of the pacing parameter and a
stimulus on the ventricular lead is delivered as the intrinsic activation arrives.

[1] An APC drives early atrial depolarization, i.e., Aegm 3 (red arrow) and is success-
fully conducted via the fast pathway to the ventricles. Although the intrinsic AV
interval is longer than the predefined value, the V P delivery is postponed due to the
upper rate limit. The intrinsic impulse depolarizes the ventricles.

[2] Due to the device algorithm design, a V P is delivered when the Upper Rate Interval
(URI) expires in spite of the previous V S. The V P is captured by the ventricular
myocardium. As the origin of the stimulus and the propagation direction are different,
the morphology of the electrogram (EGM) signal is altered from the previous sinus
beat. Ventricular activation conducts retrogradely to depolarize the atria and Aegm 4
is sensed.

[3] Another ectopic beat originates from the CS region (red arrow). However, most of the
atria is still refractory and cannot be excited. In the previous beat the atria were ac-
tivated retrogradely, so the Atrioventricular Junction (AVJ) was activated earlier than
the upper portion of the atria and returns to rest earlier. The slow pathway with shorter
APDs had recovered enabling the ectopic activation to excite the ventricles. But, the
fast pathway with longer APDs is still refractory and activation is blocked. Before the
activation reaches the HPS, it collides with the retrograde ventricular pacing activa-
tion. The activation then progresses to the atria through the repolarized fast pathway.
Aegm 5 is sensed.

[4] Activation progresses back to the ventricles through the repolarized slow pathway, and
then propagates to the atria via the fast pathway, forming an AVNRT. The subsequent
atrial activations are functionally undersensed as they fall into Post-Ventricular Atrial
Refractory Period (PVARP).
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4.4 Discussion

4.4.1 Prior Work

The study [39] has used a simplified heart model [99] to investigate quantitative verification
methodology. The heart model [99] comprised 9 conduction nodes to represent structures
of the human heart, such as the atria, AVJ, and ventricles. Most nodes were modelled as a
timer, except for the AVJ which captured the non-linear dependence between the recovery
time and refractory period as well as conduction delay. Such simplifications may limit a
models capacity for simulating more complex arrhythmias, like AVNRT and Right Bundle
Branch Block (RBBB), that have been used in this current work.

HA-based heart models [43, 44, 87, 100] can simulate many of the complex emergent
electrophysiological properties of ion channel based models, while these studies concen-
trate on the methodologies of efficient modelling and education purpose rather than device
validation. Recently an HA-based heart model [87] was used for approximate reachability
analysis on Implantable Cardioverter Defibrillators (ICDs) [101]. However, this model re-
quired a large number of parameters (18n2 for an n-by-n grid), making it challenging and
expensive to parametrise. Our previous work [41] shows a possible solution which sim-
plifies the heart model while maintaining the complexity and expressiveness by forming a
sparse network of cardiac cell models via a path model.

4.4.2 Required Features of Heart Models for Device Validation

A heart model should be able to respond to device output and change its states according
to the underlying physiological dynamics. The main features which may affect subsequent
operations of the device include whether the stimuli can be captured and how the activation
propagates. We derived key physiological features that influence device operation according
to reported real-world pacing problems, and capture these features in our models. In return,
these features influence how the the device operates during the closed-loop simulation as
shown in Fig. 4.11.

The arrhythmias caused by abnormal automaticity can trigger a variety of inappropriate
device operations [9]. Moreover, overdrive pacing from the device may suppress the intrin-
sic pacemaking function, which directly affects the interaction between the device and the
heart. Therefore, we have integrated automaticity and rate variability into our pacemaker
cell model [92]. The results show that the hierarchy ensures the SAN starts a heartbeat under
physiological conditions, while subsidiary pacemaker cells contribute to initiate activation
under pathological circumstances.
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In [10], high-frequency atrial pacing was delivered during atrial refractoriness causing
a loss of capture, followed by a synchronized biventricular pacing (BP) event and subse-
quent VA conduction. This sequence of events caused a non-reentrant repetitive Pacemaker-
Mediated Tachycardia (PMT). The presence of retrograde VA conduction is an important
factor which causes inappropriate pacing therapy in many cases [102]. In our model, the ex-
citation feature is captured by the different states of the HA-based cardiomyocyte model and
pacemaker cell model, while the bidirectional conduction and velocity restitution properties
are captured by the path model.

Another key feature of the response to timing of external excitations is APD restitution.
In general, the APD becomes shorter when the cell is stimulated at higher rates. This char-
acteristic will directly affect excitability timing of the next cycle. It may cause conduction
path shift leading to changes in excitation timing of the whole heart and the establishment
of a reentry circuit. Hence, the electrical restitution dynamics are incorporated in both our
cardiomyocyte and pacemaker cell models. As shown in 4.3.4, these dynamic features of
our model drive AVNRT under appropriate conditions.

4.4.3 Application of the Heart Model

AVNRT is the most common type of reentrant supraventricular tachycardia (SVT) [88].
This type of tachycardia is sometimes induced by device therapy or facilitated by the pacing
intervention. This has been clinically reported, however, the detailed mechanism may vary
case by case. In [103], long AV delay allows retrograde conduction of the P wave to fall
outside the PVARP, initiating an AVNRT. While the pacing pulse is not directly involved
in this case [104], long AV delay in AAI mode facilitates the development of the reentrant
circuit.

In our simulation example, an AVNRT develops due to the interaction of APC and the
device intervention. Firstly, an APC causes the device to postpone the ventricular pacing due
to the upper tracking rate limit. This triggers an error which leads to an unnecessary ven-
tricular pacing. The retrograde conducted V P activates the atria. The interaction between
another ectopic beat and the following V P leads to the formation of AVNRT.

This example of device mediated AVNRT formation shows the complexity of interac-
tions between the heart model and the device; these are characteristic of reported pacing
problems. The heart model can respond to the external stimulation based on its physio-
logical dynamics, while the physiological features influence the following operation of the
device. The increased complexity of testing scenarios causes multiple device functions to
be invoked and triggers the communications between them. This is likely to reveal any
unexpected errors.
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A further application of the virtual heart is as a platform for optimizing device timing
parameters for specific patients. Reviewing the literature around implantable pacemakers,
for example, it is clear that most malfunctions are caused by inappropriate programmable
settings rather than hardware failures or software errors [6]. It is difficult to fully understand
the effects of device parameters on the heart function of a specific patient [24]. However, a
virtual heart with activation sequence personalised to the patient in question would permit a
verification of device programmable settings prior to implantation. For example, the virtual
heart and pacemaker can be used in closed-loop to find the range of Atrioventricular Interval
(AVI) and PVARP parameters that minimize the likelihood of introducing AVNRT.

Personalizing the virtual heart to simulate a specific patient’s heart condition is a chal-
lenge. As mentioned previously, the level of network abstraction and the dynamic features
of the model depends on the application requirements. We have demonstrated how to spec-
ify physiological features based on real-pacing problems. For personalization of individual
arrhythmia, more complex features will need to be captured and this may require more than
geometric refinement. This is the subject of ongoing investigation in our laboratory.

4.4.4 The Limitations of the Heart Model

Our heart model links regional behaviours that capture key features of the cardiac conduc-
tion network and the myocardium. Although the computational heart model exhibits a wide
range of usefully complex heart rhythms, at this stage of its development there remain ar-
eas of uncertainty. We have deliberately focused on simplicity, flexibility, ease of use and
capacity for real-time simulation.

Consequently, some details of cardiac electrophysiology are not included; for exam-
ple, the model does not link electrical physiological dynamics to underlying ionic channel
mechanisms. However, studies [43, 44, 87, 100] show that phenomenological models with
encapsulation of the consequences of ionic currents, still have the ability to exhibit the com-
plex emergent properties of electric activity. Our simulation result supports this perspective.
We adjusted the parameters to incorporate the electrical heterogeneity of APD throughout
the heart. The value of APD fitted the documented data to the extent that the activation
sequence and timing resembled the human heart. For example, APD is longer in the HPS
than in distal regions, acting as a gate to prevent retrograde conduction [90, 94] and filter
atrial activation of short cycles, as shown in our simulation results. Moreover, we illustrated
how these physiological features affect the device timings.

Restitution dynamics can also be investigated further. It is know to vary spatially [105,
106], and this heterogeneity of restitution can act as an influential substrate for arrhythmia
[105]. The restitution dynamics have not been used in the calibration in this model, but
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could be incorporated in future work.
A final limitation of the model is its geometry. The current geometry (flattened into 2D)

provides approximate information about the regional topology and relative path lengths.
With this simplified network, we can simulate sinus bradycardia, tachycardia, APC, var-
ious degree of atrioventricular block, Premature Ventricular Complex (PVC), RBBB and
AVNRT. For more complex clinical cases, like atrial flutter, atrial fibrillation, more anatom-
ical coupling and geometric data will be necessary for the model to support the development
of higher frequency features, such as functional re-entry. The HA-based model supports
communication and concurrency between components. This favours compositional design
making network refinements straightforward. With the refinement of the heart model, the
morphology of the EGM will also be improved. For the problem considered in this work
the morphology of an EGM from the 2D geometric model is adequate for the pacemaker
function [4]. However, in the ICDs application, the morphology of EGM is more critical
because it is used to discriminate arrhythmias.

4.5 Conclusion

We have developed an HA-based heart model to capture key physiological features of car-
diac conduction network and the myocardium. The heart model with a hierarchy of pace-
maker cells can simulate arrhythmias caused by abnormal automaticity. We adjust the pa-
rameters to incorporate the electrical heterogeneity and calibrate the value to experimental
data. The simulation result shows how the physiological dynamics of the heart model in-
teracts with the device and influences the operations. A complex physiological relevant
scenario, where the device is malfunctioning, is found. The virtual heart is applicable to
validating cardiac device safety and efficacy, as well as potential personalised applications.

4.6 Appendix

4.6.1 The HA based Path Model

The path model, shown in Fig. 4.12, comprises (a) the logic of end i where cell i is located,
(b) the buffer vbi to store the action potential of cell i, (c) the state of the neighbour of cell
j and (d) the output vout

i to relay cell i to cell j.
We use vci and vc j to denote the conduction velocity of action potential i and j, re-

spectively. Once the action potential starts travelling along the path, the velocity remains
constant. The propagation time from cell i to cell j is δi j = l/vci. Similarly, δ ji = l/vc j
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denotes the time from cell j to cell i.

The variable i1/ j1 indicates if the neighbour of cell i/ j has been activated. The be-
haviour of the propagation from end i to end j is as follows and the opposite direction is
subject to similar explanation.

When cell i goes to upstroke (api = up) and its neighbour is at rest (i1 = 0), the HA
model Fig. 4.12a leaves Idlei to Readyi. If the neighbour is activated (i1 = 1) while cell i
is stimulated, the stimulation is blocked by the neighbour and the model goes to the state
Blocki. After the cell i fully depolarizes (api = dep) and its neighbour is still at rest (i1 = 0),
the activation can really propagate along the path and the model transitions to the state
Traveli. At the same time, the conduction velocity vci and the conduction time δi j are com-
puted as well as the signal Goi is emitted (denoted by “!”) to notify the buffer to start saving
the action potential of cell i. If the adjacent cell is activated (i1 = 1) before the depolariza-
tion of the cell i, it also goes to the state Blocki and backs to Idlei when the cell i repolarizes
(api = rest).

When the conduction time ti ≥ δi j, which means the action potential i reaches end j, the
signal Starti is emitted (denoted by “!”) on the edge from Traveli to Reach j. If the action
potential i meets the activation from end j, i.e., vci ∗ ti + vc j ∗ t j >= l, the activation will
collide and the cell at end j will not be affected at all.

If another activation from end i comes before the current one reaches end j or meets
the activation from end j, it will be lost, which agrees with the phenomenon that fast rate
activation is likely to be blocked by the decremental conduction.

The buffer in Fig. 4.12b starts storing the action potential of cell i when it receives the
signal Goi and stops when the action potential goes to rest or the activations annihilate each
other. The buffer only stores one action potential (the depolarization stage which contributes
most to the activation of the cell j) at one time. We can bound the size of the buffer to the
longest APD.

In Fig. 4.12c, the neighbour of end j becomes activated as soon as it receives the signal
Starti. It maintains the activation until the buffer reading has finished, i.e., the impact from
cell i ends, or another activation from the end i starts propagating through the path.

The HA in Fig. 4.12d receives the signal Starti (denoted by “?”) and starts relaying cell
i ’s action potential until cell j has been activated (ap j = up) or the adjacent cell already
goes final repolarization ( j1 = 0).

With the path model, we are able to capture conduction velocity restitution dynamics.
The propagation along the path can collide with other activation from the opposite end and
exhibit unidirectional block or bidirectional block, which depends on the configuration and
the activation timing. All these properties of conduction in tissue contribute to complex
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Idlei

Readyi
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Reach j Meet j
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[ api = dep
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∧i1 = 0 ]
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δi j:= 1

vci
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Goi!
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vc j ∗ t j >= l ]

Meet !

(a) The HA model of end i of the path.

Idle
Bufferi
˙tbi = 1

vbi( f loor(tbi)+1) = vi

Goi ?
tbi:= 0

[api = rest]∨Meet ?

(b) The HA model of the buffer of cell i .

Rest
j1 = 0
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˙t j1 = 1

Starti ?

Goi ? ∨[t j1 > tbi ]

(c) The HA model of the activation of the neighbour of cell j at end j.
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i = 0

Relayi
˙t j2 = 1

vout
i =

vbi( f loor(t j2)+1)

Starti ?

[ap j = up∨ j1 = 0]

(d) HA to relay action potential of cell i to cell j.

Fig. 4.12 Components of a path model as an improved version of [41]. The figure only
shows end i. End j is subject to the similar logic.
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arrhythmia formation, like AVNRT. These properties can be seen in the simulated episodes.

In particular, the present model relaxes the assumption that the duration of an action
potential is longer than its conduction time and the charge time to activate the cell at the
other end of the path in [41]. Once an activation is transported on the path, it either keeps
going until reaches the other side or collides with activation from the opposite direction. A
secondary stimulation before the current propagation completes will be lost. This relaxation
helps us to model the path with slow velocity and bound the memory size.

4.6.2 The Cardiac Conduction Network

The cardiac conduction network with numbered nodes is shown in Fig. 4.13. These nodes
represent a cluster of tissue at certain regions, detailed descriptions are present in Table 4.2.
We adopt the similar topology of 2D heart model [4, 38, 41], which covers representative
nodes along the CCS, containing SAN, BB (delivering impulses to the left atrium), AVJ
comprising the slow pathway and the fast pathway, HPS (i.e., Bundle of His, left and right
bundle branches and Purkinje fibres) [14] and the myocardium. We refine the model to
accommodate more physiological features and anatomical characteristics mentioned in the
main text. The major changes are outlined as follows:

1. A hierarchy of pacemaker cells: SAN, RE and CN within AVN are modelled as nodal
type pacemaker cells. The cells along the HPS, as well as the CT in the right atrium
and a node at the lower left atrium near the CS, are modelled as subsidiary pace-
maker cells [92]. These pacemaker cells present a hierarchy of intrinsic rates. The
spontaneous discharge rate of the SAN normally exceeds that of all other subsidiary
pacemakers, while AV junctional pacemakers have faster rates than ventricular pace-
makers along the HPS. The hierarchy makes sure that the SAN starts a heartbeat under
physiological conditions, while subsidiary pacemakers contribute to impulse initiation
under pathological circumstances. These features can be seen in the simulation result.

2. Node augmentation: We add four nodes around the SAN to represent the paranodal
area, one of which is a subsidiary pacemaker cell. These nodes contribute to activation
propagation with sinus node dysfunction. Also, we add six nodes along with the right
and left Purkinje fibres to represent the ventricular myocardium.

3. Path augmentation: We add 17 paths to connect the new nodes to the existing network.
Three more paths are added to modify the connection between the ventricular septum
and the HPS. This is to capture the anatomical feature that the left bundle branch
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Fig. 4.13 A cardiac conduction network. Nodal type pacemaker cells are in red, subsidiary
pacemaker cells are filled with orange and blue nodes are representative cardiomyocytes.

divides through the septum upper than the right one such that the left ventricle is
activated earlier.

4. Virtual location scale: The conduction velocity values in [4] are not aligned with the
experimental data. After calibration of cell and path model parameters, we scale the
coordinates of nodes in the model to resemble the activation map of human data.

Table 4.2 The representative regions of the cardiac network. The Remark column lists the
changes compared to the original network [67].

Region Acronyms Cell Type Node
number

Remark

Sinoatrial node SAN Pacemaker cell Nodal
type

1 Cell type changed

Paranodal area PA Atrial cardiomyocyte 2 3 4 New nodes

Paranodal area exit to
CT

PA_d Subsidiary pacemaker
cell

5 New node

Continued on next page
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Table 4.2 – Continued from previous page

Region Acronyms Cell Type Node
number

Remark

Crista Terminalis close
to SA node

CT_a Subsidiary pacemaker
cell

7 Cell type changed

Crista Terminalis CT Atrial cardiomyocyte 6

Coronary Sinus CS Subsidiary pacemaker
cell

8 Cell type changed

The right inferior nodal
extension

RE Pacemaker cell Nodal
type

9 Cell type changed

Lower Nodal Bundle LNB Subsidiary pacemaker
cell

10 Cell type changed

Transitional cell on the
fast pathway

TC_f Subsidiary pacemaker
cell

11 Cell type changed

The compact AVN CN Pacemaker cell Nodal
type

12 Cell type changed

Right Atrial Septum RAS Atrial cardiomyocyte 13

Right Atrial Ap-
pendage

RAA Atrial cardiomyocyte 14

Left atrium near the
Coronary sinus

CSLA Subsidiary pacemaker
cell

15 Cell type changed

Bachmanns Bundle BB Atrial cardiomyocyte 16

Left Atrium LA Atrial cardiomyocyte 17 18

Bundle of His BH Subsidiary pacemaker
cell

19 20 21
22

Cell type changed

Right bundle branches RBB Subsidiary pacemaker
cell

23 24 25 Cell type changed

Left bundle branches LBB Subsidiary pacemaker
cell

26 27 28 Cell type changed

Purkinje fibre in the
right ventricle

PFRV Subsidiary pacemaker
cell

33 34 Cell type changed

Continued on next page
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Table 4.2 – Continued from previous page

Region Acronyms Cell Type Node
number

Remark

Purkinje fibre in the left
ventricle

PFLV Subsidiary pacemaker
cell

38 39 Cell type changed

Right ventricular apex RVA Ventricular cardiomy-
ocyte

29 New node

Left ventricular apex LVA Ventricular cardiomy-
ocyte

30 New node

Right ventricular sep-
tum

RVS Ventricular cardiomy-
ocyte

31 32

Left ventricular septum RVS Ventricular cardiomy-
ocyte

35 37

Left Ventricle near
Coronary sinus

CSRV Ventricular cardiomy-
ocyte

36

Right Ventricular My-
ocardium

RV Ventricular cardiomy-
ocyte

40 41 New nodes

Left Ventricular My-
ocardium

LV Ventricular cardiomy-
ocyte

42 43 New nodes

4.6.3 Parameter Calibration for Cell Models

Sinoatrial Node (SAN)

The SAN has a relatively depolarized (less negative) diastolic membrane potential (−60 to
−70 mV) and a slow upstroke [61, 107]. The first human SAN action potential record [108]
is reported in 1997, and Verket et al. [109, 110] investigated the SAN action potentials in
2007.

The most recent SAN model [59], has the Maximal Diastolic Potential (MDP) of−58.88
mV and the peak value is 26.41 mV. At v = −35.07 the action potential starts increasing
quickly and at v=−10.94 the voltage decreases quickly reaching MDP. Based on the model
[59] and the experimental data [109], we model the SAN with the parameters APA = 85.3;
VT = 23.81; VR = 47.94; d0 = 1.281; d3 =−0.7732. The main action potential characteris-
tics are shown in Table 4.3, while the parameters related to automaticity can be adjusted to
simulate similar overdrive suppression dynamics observed in clinical studies and physically-
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detailed model [92].

Table 4.3 The characteristics of the action potential of the SAN.

Feature Unit Measurement [108] Measure-
ment

[109, 110]

Model [59] Presented
model

MDP mV −62.5±4.7 −61.7±6.1 −58.9 −58.9 shift
to 0

APA mV 72.0±2.9 78.1±7.0 85.3 85.3

APD90 ms 308.7±15.5 143.5±34.9 161.5 161.5

CL ms 2300±300 828±21 814 814

Atrial Subsidiary Pacemaker Cells

The tissue in the paranodal area possesses properties of both nodal tissue and atrial my-
ocardium. These cells may have a role in pacemaking function [63, 111, 112]. We set the
nodes (PA_d) and (CT_a) as well as a node in the left atrium near the CS to be subsidiary
pacemaker cells, and the major parameters are listed in Table 4.4.

Table 4.4 The major parameters associated to automaticity for SAN and atrial subsidiary
pacemaker cells.

Parameters

Regions BCL h f m s Vh j hs hr

SAN 600−1000 0.2 0.1 1 5 −4 0 35 0.1

PA_d 2100 0 0 1 5 −15 2 35 0.1

CT_a 2100 0 0 1 5 −15 2 35 0.1

CS_LA 2200 0 0 1 4 −25 2 35 0.1

Atrial Myocardium

We model the RA and LA with representative nodes, including SAN and the paranodal
area, CT, CS, RAA, BB, LA myocardium and Left Atrial Appendage (LAA). Table 4.5
summarizes the 90% APD of different regions from previous models and experimental data.
The proposed atrial myocyte has been parametrised to fit the action potential of the first
human atrial model [64], which has an APD of 302 ms at 0.2 Hz.
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Table 4.5 The APD90 (ms) of atrial action potentials.

Region Models Experimental data

Right atrium 266 [113] monophasic action potential (MAP) of 265±
39 for normal group and 278± 36 for sinus
node disease (SND) [114]

Right atrial appendage 310 [115], 230 [65] 255±45 for stable sinus rhythm (SR), 104±9
for AF patients [116], 207±18 [117] 321.3±
36.3 APD60 [118], 345±34[119]

Crista Terminalis 330 [115], 278 [113],
278 [65]

monophasic action potential (MAP) of 289±
43 for normal group and 358± 39 at sinus
node disease (SND) [114]

Bachmann’s bundle 325 [115], 278 [113],
297 [65]

not available

Atrial septum 152 [65] 246±23 [119]

Left atrium 325 [115], 235 [113],
199 [65]

not available

Left atrial appendage 310 [115], 185[65] 196.8± 22.8 for Atrial Fibrillation patients
[120]

Atrioventricular Node (AVN)

The AVN is a critical component of the CCS, in which three functionally distinct cell types
exist [107]:

1. Nodal-like (N) myocytes, in both CN and Inferior Nodal Extension (INE). This type
of myocyte has action potential properties somewhat similar to that of the central
SAN. The mathematical modelling [89] predicts the cells in INE to show pacemaker
activity like the CN. In our model, the following parameters are used and they are
estimated from the model [62]: APA = 74.65; V T = 25.05; V R = 41.25; d0 = 3.34;
d3 = −0.9448. These data can be obtained when new experimental measurements
are available.

2. Atrio-nodal(AN)-like myocytes, the transitional cells, with intermediate features be-
tween the atrial myocytes and CN. Although it is predicted not to show pacemaker
activity [89], a recent study [83] shows autonomic capability under parasympathetic
stimulation. In our model, node (TC_f) possesses pacemaking function by using a
subsidiary pacemaker cell model defined in [92].

3. Nodal-His(NH)-like myocytes, located in the LNB, also known as the penetrating
bundle of His, with intermediate features between the CN and bundle of His. Ac-
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cording to the studies [89, 121], these cells possess pacemaking function and lead
the junctional rhythm [83] under control conditions. In our model, node (LNB) is
modelled as a subsidiary pacemaker cell [92].

There are two pathways from the right atrium to the AVN [83, 89]:

1. The fast pathway: transitional cells→ Left Inferior Nodal Extension (LE)→ CN→
His bundle;

2. The slow pathway: the atrial cells/transitional cells→ RE→ LNB→ His bundle.

The slow pathway has a longer conduction time, but a shorter ERP. The fast pathway
has a faster conduction rate but, in turn, a longer ERP [14, 122], that may contribute to the
conduction block, leading to the slow-pathway conduction. However, the experimental data
with respect to the action potential features are not available. Table 4.6 shows electrophysi-
ology (EP) study results, simulation data in the model [65] and our proposed model.

Table 4.6 The characteristics of action potentials around the AV junction.

Node Models
(APD90)

EP(ERP) Presented
model(APD90/ERP)

Model variation
range (APD90/ERP)

CS(8) None Not available 305/213.8 305/213.8

RE(9) 278[65] 251 ± 31 [123]; fe-
male 258 ± 46, male
287±62 [124]

278/278 251/251-287/287

LNB(10) 277[65] 251 ± 31 [123]; fe-
male 258 ± 46, male
287±62 [124]

277/273 255/251-291/287

TC_f(11) 249[65] 319±44 [123], female
326± 53, male 333±
48 [124]

418/326 410 /319-425/333

CN(12) 214[65] none 214/214 214/214

BH(19) 293 [66] Relative refractory pe-
riod 331±37 at 613±
74 ms BCL [125];

293/289 293/289

His-Purkinje System

The His-Purkinje system is composed of specialized cells responsible for the synchronous
activation of the ventricles. Typically Purkinje fibre has a longer APD as well as stronger
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rate dependence than ventricular myocytes [91, 93]. APD is longer in the bundle of His
and bundle branches than in distal regions. Therefore, these cells act as a gate to prevent
retrograde conduction [90, 94]. Table 4.7 shows experimental data, previous models, and
our model simulation data. The APD is decreasing from the proximal to distal of His of
bundle and bundle branches, while the right branches have longer APD than the left.

Table 4.7 The APD90 (ms) of HPS and ventricular myocytes.

Region Models Experimental data Presented model
(APD90/ERP)

Purkinje
fibre

400 at intrinsic
firing, 364 at 1
HZ pacing, 318
at a BCL of 667
ms [126]; 293
[66];

relative refractory period of
331±37 [125]; 319±23[127]

From the proximal end
to the distal, Bundle of
His: 389/385, 385.5/381.5,
376/372; The right bundle
branch: 364/363, 331/327,
319/315; The left bun-
dle branch: 354.5/350.5,
321/317, 309/305; The Purk-
inje fibre connected with the
right ventricular myocardium:
293/289; The Purkinje fibre
connected with the right
ventricular myocardium:
283/279;

Endocardial 282 at 1 HZ
[13]; 273 at 1
HZ [128]

relative refractory period of
264± 23 [125]; 358± 13 at 1
HZ[127]; 275 at 1 HZ [128];
330±16 at 1 HZ in the left ven-
tricular wall [129]; 263±33 at 1
HZ in the right ventricle [130]

APD of 277.9, ERP of 273.2;

Ventricular Myocardium

Although the left ventricular APD is longer compared to the right ventricular APD in gen-
eral, we parametrise the ventricular myocardium to match the dynamics of the first human
ventricular cell model [13].
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4.6.4 Parameter Calibration for Path Models

SAN Conduction Pathways

Human SAN is functionally insulated from the surrounding atrial myocardium except for
several exit pathways that electrically bridge the nodal tissue and atrial myocardium [60, 81,
112].

The conduction velocity within the SAN varies from 1 to 18 cm/s [81]. Csepe et al. [60]
found that SAN activation conducts from the leading pacemaker site at 11.8±3.1 cm/s and
slow down to 6.5±1.6 cm/s before exiting SAN at the superior CT.

In our model, the nodes around the SAN represent the paranodal area, of which the
node (SA_d) connected with the CT_a is the primary breakthrough point. The conduction
velocity is set to 8 cm/s. The other nodes represent potential breakthrough points between
which and the SAN the conduction velocity is from 4 to 8 cm/s.

Atrial Conduction Velocity

Following the breakthrough, atrial activation rapidly spread along the CT (120 to 140 cm/s)
and through the RA free wall (70 to 90 cm/s) [81]. In our model, the conduction velocity
increases to 120 cm/s beyond the breakthrough point. The measured longitudinal CV in
the atrium lies between 51 and 120 cm/s for non-AF patients under pathological conditions
and the variance increases to values between 37 and 133 cm/s [131]. The atrial conduction
velocity in our model ranges from 60 to 130 cm/s.

Anterograde Atrioventricular Conduction

Anterograde AV conduction describes the propagation of electrical impulse from the atria
to the ventricles through the AVN. The recent optical mapping of human AVJ [83] shows
that conduction was significantly slower across both the slow and fast pathways (from 2
to 6 cm/s), compared to atrial tissue (up to 117 cm/s). In the study [89], the computed
conduction velocity was slowest in the INE ( 4 cm/s), which is even slower than that of the
CN, and highest in the LNB ( 100 cm/s). In our model, the conduction velocity from RE to
LNB and in the CN is set to 7 cm/s.

Retrograde VA Conduction

While retrograde VA conduction is not common during ventricular pacing and is also infre-
quently seen during ventricular arrhythmias due to significant source-sink mismatch [132],
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the retrograde VA conduction via the slow pathway or fast pathway is present with low ve-
locity [83]. In addition, Fedorov et al. [83] observed the block of retrograde conduction
through the AVJ. In our model, the conduction of the path model is bidirectional, and we
can adjust the parameter to control the block of retrograde conduction.

Purkinje–muscle Junction (PMJ)

Purkinje cells form electrical junctions with muscle cells called Purkinje-Myocyte junctions
(PMJs). The role of the Purkinje-muscle junction is to activate the myocardium while pro-
tecting against retrograde excitation [90]. The transmission across the PMJ is asymmetric
with anterograde propagation slower than retrograde propagation [91, 133]. The junctional
transmission is delayed in the anterograde direction by 3− 12 ms and about 1 ms in the
retrograde direction. In our model, the conduction velocity from the HPS to the ventricular
myocardium is slower than the opposite direction.

HPS Network and Conduction

The His-Purkinje conduction system subdivides in the right and left branches. The right
bundle branch descends through the septum as a thin cable-like structure and then ramifies
in the subendocardial region of the right ventricle. By contrast, the left bundle branch di-
vides nearly at the crest of the ventricular septum into a fibre network [90], which is firstly
demonstrated by [134]. As a consequence, propagation on the left side is faster [91]. There-
fore, we add a path from node 26 to 37 to capture this anatomic feature. As reported in
[91], the mean velocity of the stimulated impulses through the ventricular septum was from
left to right 44.9 cm/s, and from right to left 43.4 cm/s. We add paths connecting the right
ventricular septum and the left septum using the same conduction velocity in [91].

Conduction Velocity Summary

Table 4.8 summarizes the reference value of conduction velocity we are using in the model
simulation.

4.6.5 DDD Mode Pacemaker Requirements

The pacemaker pacing modes are classified using NBG Code [19], which describes specific
types of operation. Table 4.9 lists the first four letters of the NBG code.

The DDD mode is the most commonly used mode in dual-chamber devices and biven-
tricular devices. It can sense the electrical excitation from the dual chambers (the right
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Table 4.8 The ranges of documented conduction velocities in each part of the conduction
network.

Region Conduction velocity (m/s)

SAN < 0.01 [14]; 0.01-0.18 [81]; 0.057-0.118 [60]

CT 1.0-1.2 [14] 1.2-1.4 [81];

BB 0.89 [135]; 0.51-1.2 [131]

Right atrial free wall 0.7-0.9 [81]; 0.68-1.03 [82]; 0.51-1.2 [131]; 1.0-1.2 [14]

AVN 0.02-0.05 [14];0.02-0.06 [83]

Bundle of His 1.2-2.0 [14]; 1.34[83]; 1.3-1.7 [84]

Bundle branches 2.0-4.0 [14]

Purkinje fibre 2.0-4.0 [14]; the order of 2[98]

Ventricular myocardium 0.3-1.0 [14], 0.41 and 0.87 [136]

Table 4.9 The NBG Code [19] of pacemaker modes.

I II III IV

Category Chambers
Paced

Chambers
Sensed

Response to
Sensing Rate Modulation

Letters O= None O= None O= None O= None

A= Atrium A= Atrium T= Triggered P=Simple Programmable

V= Ventricle V= Ventricle I= Inhibited M= Multiprogrammable

D= Dual D= Dual D=Tracked C= Communicating

R= Rate Modulation

atrium and ventricle), denoted as atrial sense (AS) and ventricular sense (VS), respectively.
With an absence of intrinsic activation, the device can deliver pacing pulses atrial pacing
(AP) and ventricular pacing (VP) to maintain Atrial-Ventricular (A-V) synchrony.

Timing cycles comprise the set of rules that govern when paced events are delivered,
which are achieved by using timers. In DDD mode, the Lower Rate Interval (LRI) defines
the slowest rate, the URI determines the maximum paced ventricular rate in response to
sensed atrial activity and AVI determine the time between the occurrence of an atrial event
and the scheduled delivery of a ventricular stimulus. The Atrial Escape Period (AEI) is a
derived timing cycle, AEI = LRI−AV I, defining the interval between the ventricular events
and the scheduled delivery of an atrial stimulus.

In addition, the refractory periods are used during which the events are marked as refrac-
tory sensed AR or VR. These events cannot start the operation timing cycles. The PVARP
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is applied to the atrial channel and follows a paced, sensed ventricular events, while the
Ventricular Refractory Period (VRP) is applied to the ventricular channel.

For the DDD mode pacemaker developed in [56], we mainly monitor 8 behavioral timing
requirements [56], as follows:

1. (B1.1) If AS does not occur within interval tv ∈ [0,LRI−AV I), an AP should occur at
tv = LRI−AV I.

2. (B1.2) If AS occurs within interval tv ∈ [0,LRI−AV I), AP should not be applied in
the atrium within the interval tv ∈ [0,LRI−AV I).

3. (B2.1) If VS does not occur within interval ta ∈ [0,AV I) and tv > URI, a VP should
occur at ta = AV I.

4. (B2.2) If VS occurs within interval ta ∈ [0,AV I), no VP should be generated within
the interval ta ∈ [0,AV I).

5. (B3.1) If Ain occurs within interval tv ∈ (0,PVARP), no AS should be generated.

6. (B3.2) If Ain occurs at tv > PVARP, AS is to be created at tv.

7. (B4.1) If Vin occurs within interval tv ∈ (0,V RP), no VS should be generated.

8. (B4.2) If Vin occurs at tv >V RP, VS is to be created at tv.

4.7 Summary

This chapter describes the compositional heart model and parameter calibration. Although
the heart model has its limitations, it captures key physiological features of cardiac con-
duction system. These features are critical to producing clinically relavant responses when
connected to the devices. The next chapter will describe the heart-device interface: EGM
model in details.





Chapter 5

An Intracardiac Electrogram Model to
Bridge Virtual Hearts and Implantable
Cardiac Devices

5.1 Introduction

With the growing use of Cardiovascular Implantable Electronic Devices (CIEDs) [2], it has
become increasingly important to validate the devices under broader physiologically rele-
vant conditions. This necessitates real-time virtual heart development to facilitate closed-
loop validation. In closed-loop validation, virtual heart models provide physiologically rel-
evant responses to the device [4, 45, 67, 69]. These models are usually based on Timed
Automaton (TA) [40] or Hybrid Automaton (HA) [42], which is amenable to formal anal-
ysis [4, 45] and real-time implementations [68, 78]. This is desirable for the verification of
safety-critical systems.

However, modelling the heart-device interface has received limited attention. In [45],
the heart model is connected with the device via specific computational nodes, which means
that the device can only sense the immediate local signals. Synthetic electrogram (EGM)
are generated by summing the distance-dependent Gaussian factor [52]. This can not reflect
the real sensed signals, i.e. EGM, by the devices in patients, which include local activation,
far-field signals and pacing artifacts [137].

The device senses these unexpected signals, referred to as oversensing, which can cause
inappropriate pacing inhibition, pacemaker tracking or mode switching [137, 138]. For in-
stance, an unintended mode switch is reported because of prolonged atrial activation [8]. As
a large proportion of the functionality of cardiac devices is designed to handle unexpected



90
An Intracardiac Electrogram Model to Bridge Virtual Hearts and Implantable Cardiac

Devices

signals, we must be able to represent these behaviours in order to validate the functionality.
To the best of our knowledge, no existing work explicitly models far-field signals and

pacing artifacts for the virtual heart [4, 45, 67] in the context of closed-loop validation.
Yip et.al [67] use HA to model an abstracted network of cardiac conduction system. The
network is composed of cardiac cells connected by paths to capture characteristics of action
potential propagation in tissue. This chapter focuses on the approach to derive realistic
EGM from the abstract heart model [67], but the methodology can also be applied to other
work, like [4, 45, 67].

We develop an EGM model to capture local cardiac activities, stimuli afterpotentials
and far-field signals. The model is designated for the virtual heart in the context of closed-
loop validation. The same HA formalism is employed, which enables us the amenability to
formal analysis and real-time implementation. It expands the capability of validating timing
cycles by introducing various oversensing and undersensing modes. The simulation results
show that the model is able to reproduce sensing problems discussed in the literature like
[8, 137, 138].

5.2 Materials and Methods

5.2.1 IEGM Module

The proposed IEGM module acts as an interface between the heart and the device, as shown
in Fig. 5.1, consisting of four components (Fig. 5.2). We extend the heart model [67]
with the events Celli, Cell j and so on to signify the propagation status, which are used to
synchronize the EGM computation model detailed in Section 5.2.2. Section 5.2.3 describes
the T wave generated by the ventricular repolarization, pacing pulses AP and V P from the
device create pacing afterpotentials likely leading to crosstalk [137], depicted in Section
5.2.4. The sensing controller, Section 5.2.5, is used to control the sensing configurations
and introduce various sensing signals. The outputs atrial EGM (AEGM) and ventricular
EGM (V EGM) go to the device sensing circuits.

Heart IEGM Device

Celli,Cell j
Relayi/ j

Celli& j,Anni, ...

AP,V P

AEGM
V EGM

AP,V P

Fig. 5.1 IEGM module as the interface between the heart and the device.
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Section 5.2.2
Intrinsic

EGM

Section 5.2.3
T

wave

Section 5.2.4
Pacing

a f terpotentials

Section
5.2.5

Sensing
controller

Celli,Cell j
Relayi/ j

Celli& j,Anni
Vadt ,Vadr
Vvdt ,Vvdr

Cellir,Cell jr
Relayi/ jr

Celli& jr,Annir Vvrt ,Vvrr

AP,V P Vvpa,Vapa

AEGM
V EGM

Fig. 5.2 Components of IEGM module.

5.2.2 Intrinsic EGM

At the border between activated and resting myocardium, moving electric dipoles are formed
due to the separation of electrical charges [139, 140], as shown in Fig. 5.3. When the activa-
tion front moves nearby an electrode, the potential sensed by the electrode can be calculated
by (5.1) [140], where C represents the dipole moment, r is the distance from the dipole to
the electrode, and ϕ is the angle between the dipole and the distance vector. The amplitude
decreases as the distance r increases. As a consequence, the local activation contributes
much greater amplitude to the potential than far-field signals.

V (r,ϕ) =C · cosϕ

r2 (5.1)

The heart model [67] is composed of nodes and paths. The EGM computation module is
connected with the path model. The event Celli/Cell j denotes that the action potential from
Celli/Cell j starts travelling along the path. Relayi/ j means that the action potential reaches
the other end of the path. Celli& j represents both action potentials moving to each other and
Anni indicates that they collide in the middle of the path.

We assign each node with the coordinate (xi,yi) and the conduction velocity vci along
the path such that we can compute the instantaneous position of the moving action potential
(x(t),y(t)), cosϕ(t), r(t) and then obtain the potential V at any specified electrode (xp,yp)

according to (5.1) with the synchronization events.
Fig.5.4 shows the synchronizing control of the EGM computation with the Pathi j. Given

any electrode, the sensed EGM is the superposition of potentials generated by dipoles mov-
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Fig. 5.3 Dipole model [140].

Idle
EGMi j = 0

EGMi
ṫi = 1
Vi =C · cosϕ(ti)

r(ti)2

EGMi j =Vi

EGM j
ṫ j = 1
Vj =C · cosϕ(t j)

r(t j)2

EGMi j =Vj

EGMi& j
˙ti j = 1

Vi =C · cosϕ(ti+ti j)

r(ti+ti j)2

Vj =C · cosϕ(t j+ti j)

r(t j+ti j)2

EGMi j =Vi +Vj

Anni?

Celli?
ti:= 0

Relayi/ j?

Cell j?
t j:= 0

Relayi/ j?

Celli j?
ti j:= 0

Celli j?
ti j:= 0

Fig. 5.4 The model of the EGM computation.

ing along all the paths within the heart model [67], including the local activation as well as
far-field signals.

In our model, we specify the coordinates of the tip and the ring electrodes in the right
atrium and right ventricle. The sensed signals by these electrodes are denoted as Vadt , Vadr,
Vvdt , Vvdr respectively.
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5.2.3 T Wave

The T wave reflects the ventricular repolarization [141]. In our model, we take the process
of repolarization as a virtual dipole with advancing negative charges rather than the positive
charges of the depolarization wave. The computation process is similar to Section 5.2.2.

5.2.4 Pacing Afterpotential

A low-amplitude wave of opposite polarity is followed by a pacing pulse, referred to as
afterpotential [137]. The amplitude is directly related to both the amplitude and the duration
of the pacing pulse. The afterpotential exponentially decreases and the decay characteristics
depends on the time constant, i.e., the product of the capacitor and the load [142], as shown
in (5.2).

V (t) =VS · e
−t
RC (5.2)

Idle
Vpa = 0

PA
ṫ = 1
Vpa =VS · e

−t
RC

Stimend?
t:= 0

Stimstart?

Fig. 5.5 The model of the pacing afterpotential computation.

As shown in Fig. 5.5, we can detect the start and the termination of the stimulation
from the device, i.e., AP or V P, and employ (5.2) to compute the afterpotential. The outputs
Vvpa,Vapa denote atrial oversensing of ventricular pacing events (VA crosstalk) and ventric-
ular oversensing of atrial pacing impulse (AV crosstalk).

5.2.5 Sensing Controller

Both oversensing and undersensing may trigger various algorithms of cardiac devices. These
problems arise from many factors [137], such as sensing threshold, configurations and so
on. We develop a sensing controller to model these factors affecting EGM contents. In
this module, AEGM and VEGM are the signals sensed by the atrial and ventricular leads,
computed by (5.3) and (5.4) respectively.

AEGM = a · (Vadt−b ·Vadr + cva ·Vvpa) (5.3)
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V EGM = d · (Vvdt−b ·Vvdr + e · (Vvrt−b ·Vvrr)+ cav ·Vapa) (5.4)

The variables a,b,cva,cav,d,e are used to determine which signals are present to the
device, including desired local activations and far-field signals Vadt ,Vadr,Vvdt ,Vvdr, T wave
Vvrt ,Vvrr and afterpotentials Vvpa,Vapa. These variables can be changed over time according
to the validation requirements.

5.3 Results and Discussion

The clinically observed physiologic intracardiac signals EGM on the atrial channel and
the ventricular channel are listed in Table 5.1 and 5.2 respectively. The sources of these
signals can be found in the given references. The clinical significance column indicates
how often these problems could occur in real patients. The corresponding variables in our
model to control the presence of the signals are also given. While all of these signals can
be reproduced by the proposed model, we only present some examples (Fig. 5.6) in this
chapter due to the space limitation.
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Fig. 5.6 Simulation EGMs. Segment A demonstrates desired AEGM/VEGM. Segment B
includes far-field R wave indicated by the red arrow. AV crosstalk is present in Segment C
due to the atrial pacing pulse AP. In Segment D, the prolonged P-wave is double counted
by the device indicated by the red arrow.



5.3 Results and Discussion 95

Table 5.1 Intracardiac signals of atrial EGMs.

AEGMs Clinical Significance Controls Segment

P-wave The desired signal a,b,cva; A

P-wave double counting [8, 137] Rare [137] Atrial conduction D

Far-field R-wave (FFRW) Relatively frequent[137] a,b B

VA crosstalk [137] Rare [137] cva –

Table 5.2 Intracardiac signals of ventricular EGMs.

VEGMs Clinical Significance Controls Segment

R-wave The desired signal d,b,e,cav A

Far-field P-wave [137] Rare in adults [138] for ICDs and un-
common for pacemaker [137]

d –

R-wave double counting
[138]

Exceptional with pacemakers but may
occur with ICDs [137]

Ventricular
conduction

–

T-Wave Oversensing
[138]

Rare in pacemakers and more fre-
quent in ICDs [137]

e –

AV crosstalk [138] Rarely encountered but may still oc-
cur [137]

cav C

We use the heart model to produce various rhythms and present the electrical activities
via the proposed IEGM module to the device. The presence of signals is varied over time
controlled by the sensing controller. The simulation plots in Fig. 5.6 show (from top to
bottom): AEGM, ASraw (Level High shows that AEGM signal is greater than the sensing
threshold and could be detected by the device), VEGM, V Sraw, the device sensed events
AS,V S and the pacing pulses AP,V P.

Segment A in Fig. 5.6 shows desired bipolar AEGM and VEGM. These signals only
reflect the local activations and are detected by the device once at a time.

We configure the sensing mode to unipolar by assigning 0 to b in (5.3) and (5.4). Also,
the amplification factor a in (5.3) increases, as a consequence, a far-field R wave is present
in Segment B. The signal falls into the refractory period so no extra AS is detected by the
device. In Segment C, the ventricular lead senses the afterpotential of atrial pacing pulse
AP. We mimic the interatrial block in Segment D by slowing the conduction velocity of
partial atrium such that the AEGM is prolonged. In this example, the device double counted
the atrial signals.

While the dipole theory has been applied in numerous cardiac electrophysiology studies
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[143], our integration of the classical dipole model into an abstract HA-based heart model
is novel. The simulation result shows that it is a feasible and effective approach. This
integration has unique advantages:

1. The HA formalism is amenable to formal analysis and real-time implementations.
This is vital for the verification of safety-critical cardiac devices.

2. HA-based models favour compositional design. This benefits future expansion of the
model.

3. Due to the nature of the dipole theory, the morphology of EGM can capture realistic
signals by refining the heart model with 3D anatomical data. This would be necessary
for ICDs validation.

4. The Electrocardiogram (ECG) could also be modelled by extending the heart model
with an appropriate torso model. The ECG can be used to validate the heart model.

5. Stochastic features could also be captured by extending the sensing controller with
probabilistic automaton. This enables us more flexibility in the context of device
validation.

As the morphology of EGM created by dipole models relies on the geometry of the
heart, the current EGM is an approximation of real signals because of the abstract nature
of the existing heart model. In particular, the T wave records the ventricular repolarization
but cannot reflect patterns of epicardium to endocardium activation. For a pacemaker, the
major algorithms depend on the timing of the signals rather than morphology. Therefore,
the current model can meet the need of the pacemaker validation. We connected the virtual
heart and the proposed IEGM module to a pacemaker model, and Fig. 5.6 shows the device
can sense the EGM and deliver pacing pulses if bradycardia is present. As we discussed,
the morphology can be improved by refining the heart model for ICDs validation.

5.4 Conclusion

We have developed an intracardiac electrogram (IEGM) model capturing local excitation,
far-field signals and pacing afterpotentials. The results show that we are able to cover sens-
ing problems discussed in the literature. We have integrated classical dipole model into the
HA-based virtual heart to enable the amenability to formal analysis. This is desirable for
the verification of safety-critical systems. The compositional feature of HA and the nature
of the dipole theory provide us with a promising potential for future expansion of the work.
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5.5 Summary

So far, we have developed a high-level computational heart model with key physiological
features that influence the device operation. The EGM enables the connection between the
virtual heart and the physical device. To contribute to pre-clinical validation and parameter
testing, the last challenge is how to automatically find a constrained parameter region of
interest for evaluating both design specifications and undesirable cardiac responses. This
will be addressed in the next chapter.





Chapter 6

Closing the Loop: Incorporation of
Physiological Environment Models in
Medical Cyber-Physical Systems
Validation

6.1 Introduction

A number of interdisciplinary studies of rigorous Cardiovascular Implantable Electronic
Devices (CIEDs) design testing [32, 38, 144, 145] are driven by the safety issues [2, 146–
148]. Many of these projects are founded on formal methods [149], a sub-discipline in
computer science, using models of cardiac electrical activity to analyse system behaviour
in the design and validation of CIEDs. However, techniques such as model checking are
only suitable for the most abstract heart models, and to date cannot be used for models
that include the dynamic electrophysiological behaviour associated with cardiac arrhythmic
susceptibility [145]. Additionally, the complex programmable features of CIEDs can cause
parameter uncertainty in the clinical setting [5, 6, 24]. Model applications could also help
clinicians fully understand the effects of device parameters on individual patient heart func-
tions. To this end, testing devices and their parameter settings in closed-loop with a patient’s
physiological context is highly desirable.

In both these CIED problems, the context-awareness of medical cyber physical systems
and the apparent lack of suitable patient physiological models [26, 32] is a challenge. Mod-
els increasingly play a role in health care, such as the Virtual Physiological Human project
[150] and In Silico Clinical Trials (ISCT) [151]. In particular, the United States Food and
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Drug Administration has recognized that modelling and simulation can support regulatory
decision making [152]. But, modelling human physiology is challenging due to its com-
plexity, uncertainty and variability. In particular, there are unique model requirements for
medical device validation, such as continuously interacting in closed-loop with CIEDs in
real-time.

We have shown that a validated and dynamic heart model based on a Hybrid Automaton
(HA) formalism [42] can interact in closed-loop with a dual chamber (DDD) mode pace-
maker [145]. However, to contribute to pre-clinical CIED validation and parameter testing,
new objective methods for evaluating both CIED design specifications and undesirable car-
diac responses are required. In this chapter we develop these logic components and combine
them into a testing framework that exploits a physiologically based heart model [145]. We
show how the framework can be used to assess CIED designs in terms of both design specifi-
cations and the risk of device-generated adverse events, by applying it to a DDD pacemaker
model. We also illustrate how the CIED parameter space is explored to address parameter
uncertainty. This framework can be readily extended to validate actual hardware devices,
facilitated by emulation techniques [68, 78, 153].

The relationship between model parameters and a target physiological behaviour is not
straightforward, and an exhaustive exploration of this high dimensional system is infeasible.
This is challenging in the closed-loop context, where the heart model behaviour is tightly
coupled with the device. An automated approach based on stochastic optimization [154] is
created to facilitate the parametrisation. For the broadest input spectrum to the CIED, the
heart model is parametrised to exhibit key arrhythmias and the simulated risk evaluations
agree with clinical observations of Pacemaker-Mediated Tachycardia (PMT). The potential
for precision-driven management of cardiac diseases is illustrated by an example of device
programming customization for a specific cardiac condition.

6.2 Methods

6.2.1 Automated Closed-Loop Validation

Fig. 6.1 shows the diagram of the closed-loop validation platform, including test generation,
execution and evaluation. We can automatically generate new test cases based on previous
evaluation results. The following sections depict each module and how they cooperate to
achieve the automation of the closed-loop validation.
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Aegm
Vegm
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AS,AP
V S,V P

Evaluation results

New Parameters

Fig. 6.1 The block diagram of automatic closed-loop validation, with the annotation of the
section numbering in which the module is depicted.

6.2.2 Execution Module

The execution module is the closed-loop system with the heart model and the device, i.e.,
CIEDs. Once the parameters are set, the heart model possesses automaticity and exhibits
a certain rhythm where the device may intervene. The EGM module [96] serves as an
interface between the virtual heart and the device to capture local cardiac activities, stimuli
afterpotentials, and far-field signals.

The HA-based Heart Model

The heart model [155] is a virtual cardiac conduction network which simulates the dynam-
ics of electrical pulse generation and propagation in the heart. As shown in Fig. 6.2, the
network is comprised of nodes, i.e., clusters of tissue at certain regions providing electrical
activation response along the Cardiac Conduction System (CCS) and the myocardium. The
regional cellular electrophysiology model types, including cardiomyocyte models [41] and
various pacemaker cell models [92], together with the conduction path model [155] are all
formalized using HA.

When the heart model gets the pacing stimuli from the device, it provides physiologi-
cally relevant responses, i.e., the model takes device output as its input and changes its states
according to the underlying physiological dynamics. With the heart model, we can validate
the device under certain arrhythmias by putting constraints on the parameters. For experi-
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Fig. 6.2 A cardiac conduction network. The circles represent clusters of tissue, which gen-
erate or/and respond to electrical excitation. The colour indicates various cellular electro-
physiology model types. Nodal type pacemaker cells are in red, subsidiary pacemaker cells
are orange and blue nodes are representative cardiomyocytes. The orange lines between the
nodes are modelled as a path to simulate the tissue conduction properties.

ments, we vary the parameters based on their physiological roles in heart rhythm formation,
including:

(1) The intrinsic rate of Sinoatrial Node (SAN), which dominates the heart rate.

(2) The properties of some subsidiary atrial pacemaker cells, including Crista Terminalis
(CT), Coronary Sinus (CS), and the ventricular pacemaker cell within the right bun-
dle branch (RBB); The properties, such as the intrinsic rate, the rate variation am-
plitude and frequency, which contribute to ectopic pacemaking activation leading to
arrhythmia like Atrial Premature Complex (APC) and Premature Ventricular Complex
(PVC).

(3) The entry blockage to the subsidiary pacemaker cells, deciding if their pacemaking
function can be suppressed.

(4) The Action Potential Duration (APD) of the cells within Atrioventricular Junction
(AVJ), including Right Inferior Nodal Extension (RE), Lower Nodal Bundle (LNB),
Transitional Cells (TC), which decides the atrial activation frequency passing through
to the ventricles. The APD variations also significantly affect the conduction dy-
namics of AVJ and the formation of Atrioventricular Nodal Reentry Tachycardia
(AVNRT).
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(5) The unidirectional blockage of the path from AVJ to right atrium, deciding the pres-
ence of retrograde physiological path.

(6) The anterograde and retrograde conduction velocity of the fast pathway and slow
pathway, which contributes to a various degree of AV block.

The System Under Test (SUT)

In the case study, the System Under Test (SUT) is a DDD mode pacemaker model [56]. It
can sense the electrical excitation from the dual chambers (the right atrium and ventricle)
and the sensed events are denoted by AS and VS, respectively. The timing cycles include
five basic components: Atrioventricular Interval (AVI), Lower Rate Interval (LRI), Post-
Ventricular Atrial Refractory Period (PVARP), Ventricular Refractory Period (VRP) and
Upper Rate Interval (URI). These timing constraints comprise the set of rules that govern
when paced events (AP/VP) are delivered. The events sensed during the refractory periods
cannot start the operation timing cycles. The PVARP is applied to the atrial channel and
follows a ventricular event (VS/VP), while the VRP is applied to the ventricular channel.
The model [56] uses ventricular based timing, i.e., ventricular events start or reset the LRI
and the Atrial Escape Period (AEI) (AEI=LRI-AVI).

We reuse the timing requirements derived in [56] and extend some of the requirements
to describe specific scenarios. All these requirements are formalized in Metric Interval
Temporal Logic (MITL) [156], as shown in the Appendix.

6.2.3 Evaluation Module

The Evaluation module takes the inputs from the closed-loop system, i.e., electrogram
(EGM) signals and pacing artifacts, and then generates the testing evaluation results. The
signals from the closed-loop system first go to a sensing block, which generates events
AS/VS for the following evaluation process, as shown in Fig. 6.3. The evaluation incorpo-
rates specification monitors and output traces registration, as well as an extra PMT observer.

Sensed Events Generation

Firstly, discrete signals Ain,Vin are generated at sampling points if the amplitude of the
continuous signals Aegm, Vegm exceeds the threshold voltage. We use a Timed Automaton
(TA) to express the timing constraints for AS/VS generation, as shown in Fig.6.4.

The total atrial refractory period in dual-chamber modes is initiated by an atrial event
AS/AP followed by the PVARP [18, 157], shown in Fig. 6.4a. The TA stays in Idle until one
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Fig. 6.3 The composition of the evaluation module.

of the scenarios happens: (1) When ventricular events (VP/VS) happen, the TA transitions to
the location PVARP and the clock t is reset to 0; (2) When sensed intrinsic atrial excitation
signal exceeds the threshold, i.e., Ain >= 1, the transition from Idle to WaitV takes place
and event AS is emitted, denoted as AS!; (3) When atrial pacing event AP is received (AP?),
the TA also goes to WaitV. The transition from WaitV to PVARP is triggered by ventricular
events (VP/VS), while the clock is initialized to 0. The TA stays in the location PVARP as
long as the invariant t <= PVARP is true. During the location PVARP, the atrial events are
ignored while the ventricular events can reset the clock. The atrial activation beyond the
PVARP can be detected as the TA is back to Idle by then.

The ventricular events VS/VP start and reset the timer of VRP, as shown in Fig. 6.4b,
which is subject to similar explanation.

The Specification Monitors

The specification monitors for sensing events and pacing events are shown in Fig. 6.5 and
Fig. 6.6, respectively. The specific requirements are mapped to the transitions. The ID of
the specification that has been tested during the execution is recorded by the registration
function Reg(), e.g., B3.2a. The requirement ID is registered with the symbol E when a
certain specification is not satisfied during testing, e.g., P4.1E denotes that the requirement
P4.1 fails during testing.

We only explain the behaviour of the monitor in Fig.6.6a due to the page limit. The
initial location is Idle. A ventricular event (VS/VP) enables the transition to location AEI
and starts the timer. During AEI, if a ventricular event (VS/VP) takes place before an atrial
event (AS/AP), the TA outputs PVCS or PVCP indicating the presence of premature ven-
tricular complex. If AS happens at t <= AEI, the requirement B1.2a is tested and the ID is
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Idle WaitV

PVARP
ṫ = 1
{t <=
PVARP}

[Ain >= 1]
AS!

AP?

V P∨V S ?
t:= 0

V P∨V S ?
t:= 0

V P∨V S ?
t:= 0

[t >= PVARP]

(a) The TA generates AS constrained by the PVARP. Inputs: Ain, AP, VP, VS; Output: AS.

Idle
VRP
ṫ = 1
{t <=V RP}

[Vin >= 1]
V S !
t:= 0
V P ?
t:= 0

V P ?
t:= 0

[t >=V RP]

(b) The TA generates VS constrained by the VRP. Inputs: Vin, VP; Output: VS.

Fig. 6.4 Sensed events generation.

then registered. If AP happens at t < AEI, the requirement P1.1 is violated and the ID P1.1
is then registered with E. If AP happens at t == AEI, the requirement B1.1 is tested. Either
AP or AS takes place at t > AEI, which implies requirement B1.1 is violated. Hence, the TA
stores the ID with the violation symbol E followed by the numbering to distinguish different
scenarios. Any atrial event (AS/AP) takes the TA back to Idle waiting for ventricular events
to start next cycle.

The Output Traces Registration

The output trace of the specification monitors reflects the interaction between the cardiac
physiology and the device operations. Since we intend to exercise the SUT to operate in dif-
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Idle WaitV

PVARP
ṫ = 1
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PVARP}

Out
PVARP

AS?
Reg(B3.2a)

AP?
Reg(B3.2b)

V P∨V S ?
t:= 0

V P∨V S ?
t:= 0

V P∨V S ?
t:= 0

AS?
Reg(P3.1E)

[t >= PVARP]

V P∨V S ?
t:= 0

AS?
Reg(B3.2c)

AP?
Reg(B3.2d)

(a) The TA monitors the AS generation constrained by the PVARP. Inputs:AS, AP, VS, VP; Output:
Reg(), which stores the requirements have been executed.

Idle
VRP
ṫ = 1
{t <=V RP}

OutVRP

V S?
t:= 0

Reg(B4.2a)

V P ?
t:= 0

Reg(B4.2b)

V P ?
t:= 0

V S ?
t:= 0

Reg(P4.1E)

[t >=V RP]

V P ?
t:= 0

Reg(B4.2c)

V S ?
t:= 0

Reg(B4.2)

(b) The TA monitors the VS generation constrained by the VRP. Inputs: VS,VP; Output: Reg(),
which stores the requirements have been executed.

Fig. 6.5 The specification monitors for sensing events.
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Idle AEI
ṫ = 1

V S∨V P?
t:= 0

AS ? [t <= AEI]
Reg(B1.2a)

AP ? [t < AEI]
Reg(P1.1E)

AP ? [t == AEI]
Reg(B1.1)

AP ? [t > AEI]
Reg(B1.1E1)

AS ? [t > AEI]
Reg(B1.1E2)

V S?
t:= 0

Reg(PVCS)

V P?
t:= 0

Reg(PVCP)

(a) The TA monitors the AP delivery constrained by the AEI=LRI-AVI. Inputs: AS, AP, VP, VS;
Output: Reg(), which stores the requirements have been executed. PVCS=Premature ventricular
complex induced by intrinsic ventricular events; PVCP=Premature ventricular complex induced by
pacing artifacts.

Idle AVI
ṫ = 1

AS∨AP?
t:= 0

V S ? [t <= AV I]
Reg(B2.2a)

V P ? [t < AV I]
Reg(P2.1E)

V P ? [t == AV I∧ tv <URI]
Reg(P2.2E1)

V P ? [t == AV I∧ tv >=URI]
Reg(B2.1)

V P ? [t > AV I∧ tv <URI]
Reg(P2.2E2)

V P ? [t > AV I∧ tv ==URI]
Reg(B2.3a)

V P ? [t > AV I∧ tv >URI]
Reg(B2.1E1)

V S ? [t > AV I∧ tv <=URI]
Reg(B2.3b)

V S ? [t > AV I∧ tv >URI]
Reg(B2.1E2)

AS?
t:= 0

Reg(PACS)

AP?
t:= 0

Reg(PACP)

(b) The TA monitors the AP delivery constrained by the AVI. Inputs: tv, AS, AP, VP, VS; Output:
Reg(), which stores the requirements have been executed. PACS=Premature atrial complex induced
by intrinsic atrial events; PACP=Premature atrial complex induced by pacing artifacts.

Fig. 6.6 The specification monitors for pacing events.

ferent modes, the diversity of the interaction during testing is of interest. In our application,
each run of testing simulates 30-second cardiac activity of a number of cycles. Each cardiac
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cycle may invoke four specification monitors to register the requirement execution. We cre-
ate a queue, FIFO (First-In, First-Out), with the length of four to store the requirement ID
being executed. The FIFO queue facilitates us to obtain a set of output traces for each run.
The number of elements of the set n can be the indicator of the diversity, which feeds to the
testing Generation module. The output traces registration is realized by a function embed-
ded in the Evaluation, which is illustrated in the Appendix. The number of output traces
also implies the transition coverage of the specification monitors. Therefore, we abuse the
term requirement coverage as an alternative way to describe the diversity of output traces.

The PMT Observer

Most modern CIEDs are equipped with algorithms for prevention, detection, and termina-
tion of PMT [18]. We adopt the PMT definition from [157], i.e., the pacemaker assumes that
a PMT may be present when it detects a ninth ventricular pace following eight consecutive
VA intervals that meet all of the conditions:

• Start with a ventricular paced event (VP)

• End with an atrial sensed event (AS)

• Duration less than 400 ms

The PMT observer is also modelled with TA, as shown in Fig. 6.7, in which the variable s
saves the number of consecutive defined VP-AS sequence, while other events interrupting
the train reset s to 0. When s reaches 8, a PMT is detected.

Idle WaitAS
ṫ = 1

WaitVP PMT

RST

V P ?
t:= 0
s:= 0

V P ?
[s = 8]

AS ? [t < 400]
s:= s+1

V P ? [s < 8]
t:= 0

(AS ? [t >= 400] )
∨V S∨V P∨AS ?

V P ?
t:= 0
s:= 0

V S∨AP∨AS ?

Fig. 6.7 The TA monitors the PMT. Inputs: AS,AP, VS,VP; Output: s.
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6.2.4 Generation Module

S-TaLiRo [154] is a tool built on the Matlab platform for verification and testing of Cyber-
Physical Systems (CPS), which performs automated randomized testing based on stochastic
optimization techniques. The Matlab toolbox is designed to search for counterexamples to
Metric Temporal Logic (MTL) [158] properties for non-linear hybrid systems. It intends
to falsify a given property of interest through global minimization of the robustness metric
[159].

In our application, we intend to exercise the device in various conditions. Hence, we
utilize the built-in optimization engine to generate new parameters of the heart model to
maximize the diversity of output traces. While S-TaLiRo provides multiple optimization
options, the Simulated Annealing (SA) algorithm is used in experiments. The search space
is the parameters of the heart model. The optimization objective is the number of output
traces n and the PMT indicator s, for requirement coverage guided testing and PMT risk
evaluation, respectively. As a consequence, the algorithm guides the parameter selection to
an approximate global optimum. The convergence of the algorithm is discussed in [160,
161], which is beyond the scope of this chapter.

6.2.5 Experiment Settings and Process

Requirement coverage guided testing

The random heart model [56] is used to compare the validation adequacy with respect to the
requirements coverage. The seed of the random generator (Mersenne Twister) is updated
for every test case, which includes 30-second simulated activity, and 20,000 test cases are
generated for each scenario. During testing, the random heart generates random atrial and
ventricular events based on the uniform distribution. We set the programmable timing pa-
rameter of the cardiac device as follows: LRI=1000, AVI=170, URI=500, PVARP=250, and
VRP=230.

The HA-based virtual heart [155] possesses automaticity and exhibits a certain rhythm
where the device may intervene. Given a certain parameter setting, the closed-loop system
simulates 30-second cardiac activity. During the simulation, the Evaluation module keeps
monitoring the behaviour of the closed-loop system and feeds the output traces number n to
the S-TaLiRo as soon as the simulation terminates. The Generation module provides new
parameters according to the current n for the next run. For each scenario, we repeatedly run
the S-TaLiRo up to seven times with different random seeds to generate over 20,000 test
cases in total.
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PMT Risk Evaluation

The device programming remains the same, and the physiological scenario settings are listed
in Table 6.2, while the detailed parameters are presented in the Appendix. For each scenario,
we run the S-TaLiRo up to four times to get 12,000 test cases. The PMT indicator s is
fed back to the Generation module and guides the perturbation towards the region likely
interacts with device incurring PMT.

Device Programming Customisation

One of the physiological conditions leading to PMT during the previous experiment is used,
the specific cardiac setting is shown in the column PMT of Table 6.3. We use an iterative
approach to tune the timing parameter AVI over [150, 180] ms and PVARP over [250, 500]
ms with a step of 5 ms. For each parameter setting, 30-second cardiac activity is simulated.
The average atrial rate (sensed and paced) and the maximum paced atrial rate are monitored
during the search space exploration.

6.3 Results

6.3.1 Requirement Coverage Guided Testing

Both the random heart model [56] and the HA-based heart model [155] can discover the
model error introduced during model translation, which will be discussed later. Addition-
ally, we compare the output traces and analyse the composition over different scenarios,
which are summarized in Table 6.1.

Table 6.1 The scenarios of the random heart (RH1 and RH2) and the HA heart model (HA1
and HA2). “NA” denotes not applicable as the random heart model does not have the phys-
iological representation. “Yes” means the settings cover the condition, while whether the
condition is present depends on what parameters are selected during simulation.

Scenario SA Rate
(bpm)

Atrial ec-
topic beat

AV delay Ventricular ec-
topic beat

Retrograde
VA conduction

RH1 30-150 NA NA NA NA

RH2 30-74 NA NA NA NA

HA1 30-150 Yes Yes Yes Yes

HA2 30-74 Yes Yes Yes Yes

Fig. 6.8 shows the number of output traces of the specification monitors over the number
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of test cases. For the closed-loop system with the random heart, the increase of requirement
coverage starts to slow down when the number of test cases reaches 5000. Additionally,
the requirement coverage is sensitive to the range of the heart rate settings. When the range
narrows down from RH1 (30 -150 beats per minute (bpm)) to RH2 (30 -74 bpm), the number
of output traces decreases significantly. The HA-based heart model can still exercise the
device operations even when the SA intrinsic rate setting changes from HA1 to HA2. This
is because the dynamics of the HA-based heart relies on not only the rate of the Sinoatrial
(SA) node but also the complicated interactions within the network. Even when the SA
intrinsic rate remains the same, the change of the source of atrial ectopic beats introduces
more output traces.
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Fig. 6.8 The number of output traces over the number of test cases with different settings.
The red arrow indicates the place where we change the origination of atrial ectopic pace-
makers.

We analyze the difference of the set of output traces between the random heart and
the HA-based heart model. As shown in Fig. 6.9, for the random heart model, the set
of output traces with the wide range randomness (RH1) almost covers the one generated
under the narrowed settings (RH2). As to the HA-based heart model, when the SA intrinsic
rate narrows down to 30-74 bpm (HA2), the closed-loop system can still generate 17 (6%)
distinct output traces that are not included by HA1. The total number of output traces of the
closed-loop system with the random heart and the HA-based heart model is 285 and 290,
respectively. The total number is 379 when we combine both. These two systems produce
around 196 (52%) common output traces, while the HA-base heart model can generate 89
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(25%) unique output traces.
From Fig. 6.9, we can see that the HA-based heart model can achieve comparable re-

quirement coverage (i.e., output traces) with the random heart model. More importantly,
the heart model enables us to validate the device under more physiologically relevant condi-
tions with limited testing resources. Furthermore, we can exercise the device under certain
arrhythmias by putting constraints on the parameters.
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Fig. 6.9 The output traces comparison of the closed-loop system with the random heart and
the HA-based heart model. For the random heart (RH), the bar includes the common output
traces generated with both settings (RH1 and RH2), the unique traces generated by RH1,
the unique traces generated by RH2. The similar composition is applied to the HA stacked
bar. The common output traces of the RH and the HA, and the respective unique traces are
shown in the Total bar.

6.3.2 PMT Risk Evaluation Over Constrained Physiological Settings

PMT is a typical case showing the complicated interactions between the device and the
heart, which has been observed since the early days of DDD pacing [21, 22]. The HA-
based heart model enables us to evaluate the risk of PMT over the main factors of the
physiopathology by tuning the physiological parameters to get the inputs spectrum we need.
Table 6.2 summarizes the physiological conditions for experiments. Fig. 6.10 shows the
occurrence of PMT during the simulation over these physiological settings.

The presence of retrograde VA conduction is essential to PMT [18], while the onset
of such tachycardia requires Atrioventricular (AV) dissociation [162]. In our simulation
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Table 6.2 The scenario settings of the HA heart model. For an ectopic beat, “No” means that
the entrance path to the subsidiary pacemaker cell is intact and under normal sinus rhythm
the pacemaking function is suppressed. However, it still has a chance to initiate a beat if the
rate of external stimulation is lower than the intrinsic rate.

Scenario SA Rate
(bpm)

Atrial ectopic
beat

AV delay Ventricular ec-
topic beat

Retrograde VA
conduction

HA1 30-150 Yes Yes Yes Yes

HA2 30-74 Yes Yes Yes Yes

HA3 30-74 Yes Yes No Yes

HA4 30-74 No Yes Yes Yes

HA5 30-74 No Yes No Yes

HA6 30-74 Yes Yes Yes No
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Fig. 6.10 The percentage of PMT occurence (%) with different physiological settings of the
HA-based heart model.

study, PMT is absent in the HA6 settings, where the retrograde VA conduction is eliminated.
Although the retrograde VA conduction is present in HA5, the lack of events promoting AV
dissociation like PVC and APC makes the onset of PMT impossible. The simulation results
indicate that PMT is the combined consequence of the retrograde VA conduction and the
events promoting AV asynchrony, which conforms to clinical understanding [18, 162].

PMT takes place in 6.69% of simulation traces for HA3 (with an APC) settings and
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30.6% for HA4 (with a PVC), which implies that PVC is more likely to facilitate PMT.
This finding agrees with the clinical observation that PVC is the most frequent cause of
PMT [162, 163].

For the HA2 settings, both PVC and APC may be present, and the PMT occurrence
probability is 27.76%. This is close to the recent study [164], which shows 20% of patients
with retrograde conduction had documented PMT. It is noted that the percentage of PMT
occurrence with HA4 is higher than the one with HA2. This is because that the presence of
APC in HA2 distracts some search resources from the PVC zone, while APC is less likely
to incur PMT.

When the setting of the heart rate becomes higher, e.g., HA1, the occurrence of PMT
seems to increase because high-frequency atrial excitation induces more atrioventricular
(AV) dissociation. Also, some of the episodes are the consequence of atrial tachycardia
tracking instead of real PMT.

6.3.3 Device Programming Customisation for Specific Physiological Con-
ditions

All modern cardiac devices are equipped with algorithms for prevention, detection, and
termination of the Endless Loop Tachycardia (ELT) [163], and most algorithms for the
prevention are around PVARP extension [18]. However, if retrograde P waves fall within
the extended PVARP, the subsequent atrial stimulus may occur during the absolute atrial
myocardial refractory period generated by the preceding retrograde atrial depolarization
[102, 163, 165]. Such pacing stimuli can not be captured the atrial myocardium but followed
by ventricular pacing. This is another form of PMT, Repetitive Nonreentrant VA Synchrony
(RNRVAS) [165]. Hence, the programming of PVARP 50-75 ms beyond the duration of the
retrograde VA conduction can reduce the ELT in general [163], but may promote RNRVAS.

With the HA-based heart model, we can investigate the impact of the device program-
ming on specific heart conditions. Here, we choose one of the cardiac settings which lead
to ELT during the experiment of PMT risk evaluation. The heart has a duration of the ret-
rograde VA conduction varying from 289 ms to 321 ms. The variation is influenced by the
frequency of the activation because of the Conduction Velocity (CV) restitution. Fig. 6.11
shows an exemplary simulated episode demonstrating how the device programming affects
the onset of PMT.

The original heart presents a normal sinus rhythm with slightly lengthened AV delay
in the first three beats. An APC takes place at 4 , of which the propagation is blocked on
the fast pathway but successfully reaches the ventricles via the slow pathway. Meanwhile,
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Fig. 6.11 A simulated cardiac episode demonstrating how the device programming affects
occurrence of PMT. The orange and blue arrows show the conduction via the slow and fast
pathway, respectively. The red arrows indicate where an APC happens. A. Heart activity
without device intervention. B. Heart activity and the onset of PMT with device pacing
(PVARP=250ms). C. Events in B sensed by device. D. Heart activity and interaction with
device at long PVARP (340ms). E. Events in D sensed by device.

the activation conducts retrogradely back the atria through the fast pathway. After that,
the activation propagates to the ventricles via the slow pathway again and an AVNRT has
formed. At 7 , another APC is issued. This activation is blocked on the slow pathway and
collides with the retrograde pulse on the fast pathway. Hence, the endless loop excitation
ceases and followed by two sinus beats 8 and 9 .



116
Closing the Loop: Incorporation of Physiological Environment Models in Medical

Cyber-Physical Systems Validation

The heart model is then connected to the device with PVARP=250 ms. As shown in the
second two plots of Fig. 6.11, the device delivers three VPs due to long AVI at first three
beats. When the APC takes place at 4 , the propagation is blocked on the fast pathway. The
conduction on the slow pathway meets the retrograde paced ventricular activation. When
the retrograde pulse reaches AVJ, the fast pathway has been recovered which allows the
excitation to propagate to the atria. The activation is beyond the PVARP and sensed by the
device. After that, the device keeps pacing the ventricles to track the preceding retrograde
P wave and the PMT has been formed. The APC at 8 collides with the retrograde P wave.
However, it does not break the virtual reentry circuit.

We prolong the programmable PVARP to 340 ms. As shown in the last two plots of
Fig. 6.11, the APC at 4 falls into the PVARP, and the device delivers an AP at 5 . The
activation caused by the pacing pulse collides with the retrograde P wave on the fast path-
way caused by the preceding APC, while the activation reaches the ventricles via the slow
pathway. Another APC at 7 breaks the loop, and the subsequent activation resumes the AV
synchrony.

From the example, we can see that the extended PVARP filters the APC and avoids
PMT for the specific cardiac condition, while the subsequent atrial stimulus is captured.
Additionally, since another measure to prevent both ELT and RNRVAS is to shorten AVI
[162, 165], we validate the closed-loop system with AVI from 150 to 180 ms. It turns out
that shortening AVI cannot avoid the formation of PMT for the specific cardiac conditions.
Furthermore, we find the safe zone of the parameters by iteratively explore the combinations
of AVI and PVARP, which is shown in the Appendix.

6.4 Discussion

We have presented a new framework for rigorously testing CIEDs. It has been illustrated
using a DDD pacemaker model. The framework can be used to explore both the model
and device constrained parameter space to determine if the device timing requirements are
covered, assess the risks of undesirable device-heart interactions and understand the effects
of device parameter settings.

6.4.1 Related work

For CIED verification and validation, abstract heart models [4, 38, 144] have been proposed.
The extended TA based model developed by Jiang et al. [4] abstracts away the electrical ac-
tivation, retaining only timing properties, making it feasible for formal verification. HA [42]
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Fig. 6.12 Development cycle of model-based design (V-model). The cycled numbers indi-
cate various verification and validation activities. 1⃝ Verifying that the abstract models fulfil
(a subset of) system requirements using formal analysis, such as model checking. 2⃝ Estab-
lishing a relationship between the abstract and high-fidelity models. 3⃝ Verifying that the
refined models fulfil the system requirements by simulation. 4⃝ Validating that the refined
models meet specific user needs by closed-loop simulation with plant models. 5⃝Automatic
code generation. 6⃝ Verifying that the prototype and end product fulfil the system require-
ments by testing. 7⃝ Validating that the product meets specific user needs by closed-loop
testing with plant models. 8⃝ Validating that the prototype and end product meet user needs
by field testing. While the blue solid annotations denote the case studies in this work, the
dashed ones are the activities supported by the framework but not included.

heart models [38] have previously been developed for approximate quantitative verification
of CIEDs [45] and further simplified models [99] have recently been used [144]. These
models were developed explicitly for formal verification, which limits the non-linear dy-
namics of the models. To capture essential but complex physiological dynamics that affect
device operations, new HA-based heart models have been developed [41, 145], which can
efficiently capture the non-linear dynamics of the cardiac electrophysiology while maintain-
ing potential amenability to formal analysis.

Model-based development [166–168] improves the confidence of design by advocating
the use of models at different levels of abstraction throughout the development phases, (Fig.
6.12), which is a promising design paradigm for safety-critical systems like CIEDs. Ide-
ally, end-to-end modelling, automatic verification, and code-generation can guarantee the
correctness of design.

Usually, rigorous techniques such as model checking can be applied to the abstract mod-
els (Fig.6.12 1 ). For example, an analysis tool UPPAAL [27] has been used to verify an
infusion pump [28] and an implantable pacemaker [29]. The amenability of formal analysis



118
Closing the Loop: Incorporation of Physiological Environment Models in Medical

Cyber-Physical Systems Validation

relies on the restricted formalism of the model, which may be confined to the abstraction
level with limitations on expressiveness. In [29], TA [40] is used and the heart model is
a non-deterministic random event generator, which is devoid of physiological context. In
addition, only a subset of the specifications can be formally expressed [26].

To capture more complex behaviours, high-fidelity models are needed. This raises an-
other challenge, i.e., the establishment of the correctness of automated model translation
(Fig.6.12 2 ) and code generation (Fig.6.12 5 ). For example, Jiang et al. developed the
UPP2SF compiler to automatically convert the verified UPPAAL models to simulation mod-
els [169]. Afterward, they used Simulink code generation for code synthesis and to test the
final implementation [56]. In order to preserve the semantics of UPPAAL [27], additional
logic operations were added to control the execution of the simulation model, which made
the design more complicated.

High-fidelity models often contain complex physical processes, referred to as CPS,
which combine non-linear continuous physical dynamics with discrete controllers, i.e., hy-
brid systems. Researchers in [170, 171] tried to resolve the scalability issues of hybrid sys-
tem verification. Due to the well-known undecidability of HA verification [170], simulation
and statistical model checking [144, 172] are usually utilized (Fig.6.12 3 ).

For instance, S-TaLiRo [154] provides a comprehensive tool chain to automate CPS
verification and validation (Fig.6.12 1 , 2 , 3 , 6 ), including falsification, parameter min-
ing, coverage-guided testing, conformance testing and runtime verification. The toolbox
is designed to search for counterexamples for MTL [158] properties for non-linear hybrid
systems. It aims to falsify a given property of interest through global minimization of the
robustness metric [159]. As the essence of the tool chain is optimization guided testing
rather than exhaustive formal analysis, it can be applied to any non-linear real-time CPS.
A more general review on modelling CPS and verification and validation techniques can be
found in [173], while a series of formal techniques for cardiac devices are given in [31].

For medical devices, clinical trial is an essential validation process (Fig.6.12 8 ). How-
ever, this is expensive and imposes potential risks to patients. It is desirable to validate
devices on virtual trial populations before their clinical use (Fig.6.12 4 , 7 ). Clinical trials
cannot be replaced, but pre-clinical validation can improve the confidence in the functional
safety and efficacy of the device.

In this chapter, we showed device validation using a simulated physiological environ-
ment, including requirement-based testing (Fig.6.12 3 , 6 ) and we analysed the device op-
erations under specific heart conditions (Fig.6.12 4 , 7 ). We used a pacemaker model as
the basis for our case studies. Our framework can be readily extended to validate physical
devices (Fig.6.12 6 , 7 ) facilitated by emulation techniques [68, 153].
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6.4.2 The Requirements of Physiological Models in Device Validation

The requirements of the physiological model used for device validation depend on the ap-
plication. For instance, for the physiological models used in clinical trials, like the ISCT
models [151], the accuracy to which the individualized models can predict the physical re-
ality is a crucial aspect. As the application presented in this chapter is mainly in the design
stage and for clinical programming assistance, the requirements of the model are different.

Requirement Based Testing

For the requirement based testing during the design stage, the model should be generic
enough to exhibit the physiological conditions of a large population of patients. Ideally, the
model should cover all possible physiological inputs to the device. Another demand is the
simplicity, ease of use and potential real-time simulation. This requires a phenomenological
model to encapsulate most of the mesoscopic consequences of channel physiology.

Device Validation with Constrained Physiological Conditions

The complexity of device functionality has been growing rapidly [24], which may account
for the reported adverse incidents, such as the problems observed in [5, 6]. Apart from the
basic operation modes classified using NBG Code [19], a large number of algorithms and
specific features have been developed by manufacturers [18]. These advanced algorithms
are designed to handle certain complex cardiac conditions and improve treatment quality.

The HA heart model enables device designers to validate specific functions under the
intended spectrum of inputs. We can evaluate the PMT risk with the clinically identified
physiological factors, such as APC, PVC, and the presence of VA retrograde conduction.
Furthermore, the flexibility and compositional nature of HA make heart model refinements
readily achievable, enabling device validation under more complicated clinical settings.

Ideally, the synthetic cohort of patients follows the same distributions of real heart con-
ditions and the statistical simulation results predict the clinical performance. In the PMT
case study, we can capture the main physiological factors as reported in [164]. The simu-
lated statistical results provide relative risk assessment. For example, the simulation results
show that PMT occurrence probability is 30.6% with a PVC and 6.69% with an APC. This
conforms to the clinical observation that PVCs are the most frequent cause of PMT other
than an APC.

PMT is a well-studied phenomenon when a DDD mode pacing protocol is applied. We
use it to show how the closed-loop framework validates the device efficacy in a simulated
environment. The proposed framework can also be applied to validate any new pacing algo-
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rithm and more complicated scenarios before potential clinical incidents occur. Similarly,
the physiological parameter constraints are derived based on domain knowledge and a li-
brary of heart models is created. The framework automatically guides the parametrisation
around the physiological zone of interest to check if the new algorithm can handle the con-
ditions properly. In addition, the approach can be applied to validate different versions of a
device design and analyse different parameter settings.

Device Programming Customization

Cardiac devices have general programming recommendations for a class of heart condi-
tions. However, device programming options sometimes contradict each other. For ex-
ample, PVARP extension can reduce ELT , but possibly promote RNRVAS [163, 165] or
even introduce atrial fibrillation [165]. On the other hand, the programmable features are
manufacturer-specific and can cause confusion in the clinical setting [24].

A virtual heart model customized to patient-specific features would enable validation of
programmable settings, providing useful insights into the safety and efficacy of a device. We
have demonstrated how a safe parameter zone can be found for a specific heart condition.
The framework can also be used to hold the heart parameters fixed and dynamically test the
CIED parameter space. In case study 3 we enumerated the parameter space to ascertain the
PMT risk domain in terms of the AVI and PVARP settings. However, selective sampling of
this relationship guided by the optimization algorithm is also an option.

6.4.3 Extensions

The physiological model provides realistic responses within a constrained space. In this
chapter, we varied 19 parameters of the heart model to achieve multiple cardiac conditions.
However, there is scope for larger parameter spaces. For instance, if we want to validate
biventricular devices, the parameters affecting the right or left bundle branch would need to
be included. For larger parameter spaces automatic search techniques become increasingly
important. Here, our PMT sequence observer facilitated the exploration of physiological
heart conditions promoting PMT in closed loop with the pacing device.

The personalization of our heart model is beyond the scope of this study. However, the
testing framework supports extensions to the heart model [145]. It can capture a number
of physiological features, such as action potential heterogeneity, rate-dependent APD resti-
tutions and CV restitutions under physiological and pathological conditions [92, 145]. We
have shown how to parametrise the dynamics at the cellular level [145]. At the organ level,
the challenge is to quantify how well the model behaviour captures specific physiological
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dynamics to guide the parameter selection.
The Simulated Annealing (SA) algorithm implemented in the S-TaLiRo [154] is used

to achieve stochastic optimization, but other optimization methods and machine learning
techniques, could be incorporated into future work. Although S-TaLiRo [154] is a tool built
on the Matlab ®platform, the framework is not limited to simulated devices and can be
extended to perform physical device testing.

6.5 Conclusion

We have demonstrated the CPS validation with a virtual physiological environment model
in the loop. Optimization techniques can be employed to accomplish the automatic model
parametrisation in the closed-loop context. The environment model provides more realistic
physiological responses, which drive the device to operate in the intended input spectrum.
The PMT risk evaluation findings agree with the clinical observations. Furthermore, the
case study of device customisation suggests that a physiological model can be highly useful
for personalised cardiac disease treatment.

6.6 Appendix

6.6.1 The Syntax and Semantics of MITL

MTL [158] is a formalism that enables system engineers to express quantitative timing
requirements in a formal logic. The syntax of the MITL [156, 174] is extended to include
timing constraints on the usual temporal operators of Linear Temporal Logic (LTL). Let R
be the set of real numbers, Q be the set of rational, Z be the set of integer numbers and N
be the set of natural numbers. R>0 denotes the subset of the real numbers whose elements
are greater than or equal to zero.

Definition 6.6.1. (MITL Syntax). ϕ :=⊤ |⊥ | p | ¬ϕ | ϕ1∧ϕ2 | ϕ1∨ϕ2 | ⃝Iϕ |♦Iϕ |�Iϕ |
ϕ1UIϕ2 | ϕ1RIϕ2 | ⊙Iϕ |⟐Iϕ |�Iϕ | ϕ1SIϕ2 | ϕ1TIϕ2

where AP is the set of atomic propositions and p ∈ AP, ⊤ is True, ⊥ is False, proposi-
tional logic operators are denoted as conjunction (∧), disjunction (∨) and negation (¬) and
temporal operators are next (⃝), eventually (♦), always (�), until (U ) and release (R).
where I is an interval over R>0 with end-points in Q>0

⋃{∞}, which can be open, half-open
or closed, bounded or unbounded. The past temporal operators are incorporated, such as
previous (⊙), eventually in the past (⟐), always in the past (�), since (S ) and trigger (T ).
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Definition 6.6.2. (MITL Semantics). Given an infinite timed state sequence ρ = (s0,τ0),

(s1,τ1),(s2,τ2), · · ·, ρ i = (si,τi),(si+1,τi+1),(si+2,τi+2), · · · is the suffix, where for each k ∈
N, τk ∈ R>0 is a time stamp and τ0,τ1,τ2, · · ·τi, · · · is a strictly monotonically increasing
sequence. The satisfaction relation |= is inductively defined as follows:

• ρ i |=⊤, is always true,

• ρ i |=⊥, is always false,

• ρ i |= p, iff p holds in si,

• ρ i |= ¬ϕ , iff not ρ i |= ϕ ,

• ρ i |= ϕ1∧ϕ2, iff ρ i |= ϕ1 and ρ i |= ϕ2,

• ρ i |= ϕ1∨ϕ2, iff ρ i |= ϕ1 or ρ i |= ϕ2,

• ρ i |=⃝Iϕ , iff ρ i+1 |= ϕ and τi+1 ∈ τi + I,

• ρ i |= ♦Iϕ , iff ∃ j > i with τ j ∈ τi + I, ρ j |= ϕ ,

• ρ i |=�Iϕ , iff ∀ j > i with τ j ∈ τi + I, ρ j |= ϕ ,

• ρ i |= ϕ1UIϕ2, iff ∃k > i with τk ∈ τi + I, ρk |= ϕ2 and ∀ j, i 6 j < k, ρ j |= ϕ1,

• ρ i |= ϕ1RIϕ2, iff ∃k ≥ i with τk ∈ τi + I, ρk |= ϕ1, and ∀ j, i 6 j 6 k, ρ j |= ϕ2

• ρ i |=⊙Iϕ , iff i > 1, ρ i−1 |= ϕ and τi−1 ∈ τi− I,

• ρ i |=⟐Iϕ , iff ∃ j 6 i with τ j ∈ τi− I, ρ j |= ϕ ,

• ρ i |=�Iϕ , iff ∀ j 6 i with τ j ∈ τi− I, ρ j |= ϕ ,

• ρ i |= ϕ1SIϕ2, iff ∃k 6 i with τk ∈ τi− I, ρk |= ϕ2 and ∀ j, k < j 6 i, ρ j |= ϕ1,

• ρ i |= ϕ1TIϕ2, iff ∃k 6 i with τk ∈ τi− I, ρk |= ϕ1, and ∀ j, k 6 j 6 i, ρ j |= ϕ2

6.6.2 The Requirements of the SUT in MITL

The DDD mode comprises five basic components AVI, LRI, PVARP, VRP and URI. The
model [56] uses ventricular based timing, i.e., ventricular events start or reset the LRI and
the AEI (AEI=LRI-AVI). Two time axes are used to specify the timing constraints, ta and
tv, measuring the time since the last atrial (AP or AS) and the last ventricular event (VP or
VS), respectively. The timing requirements are derived in [56] and we formalize them in
MITL [156]:
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(1) Atrial pacing delivery

• P1.1 AP cannot occur during the interval tv ∈ [0,LRI−AV I).
ϕP1.1 =�((vp∨ vs)∧�(0,LRI−AV I)¬(vp∨ vs)→�[0,LRI−AV I)¬ap)

• B1.1 If AS does not occur within interval tv ∈ [0,LRI−AV I), an AP should occur
at tv = LRI−AV I.

ϕB1.1 =�((vp∨ vs)∧�(0,LRI−AV I)¬(vp∨ vs)∧�[0,LRI−AV I)¬as

→¬apU[LRI−AV I,LRI−AV I]ap)
(6.1)

• B1.2 If AS occurs within interval tv ∈ [0,LRI−AV I), AP should not be applied
in the atrium within the interval tv ∈ [0,LRI−AV I). (Note: B1.2 is one specific
case of P1.1.)
ϕB1.2 =�((vp∨vs)∧�(0,LRI−AV I)¬(vp∨vs)∧♦[0,LRI−AV I)as)→�[0,LRI−AV I)¬ap)

(2) Ventricular pacing delivery

• P2.1 VP cannot occur during the interval ta ∈ (0,AV I).
ϕP2.1 =�((ap∨as)∧�(0,AV I)¬(ap∨as)→�(0,AV I)¬vp)

• P2.2 VP cannot occur during the interval tv ∈ (0,URI).
ϕP2.2 =�((vp∨ vs)∧�(0,URI)¬vs)→�(0,URI)¬vp)

• B2.1 If VS does not occur within interval ta ∈ (0,AV I) tv >URI, an VP should
occur at ta = AV I.

ϕB2.1 =�(((ap∨as)∧�(0,AV I)¬(ap∨as∨ vs)∧
�(0,URI−AV I]¬(vs∨ vp))→¬vpU[AV I,AV I]vp)

(6.2)

• B2.2 If VS occurs within interval ta ∈ (0,AV I), no VP should be generated within
the interval ta ∈ (0,AV I).
ϕB2.2 =�((ap∨as)∧�(0,AV I)¬(ap∨as)∧♦(0,AV I)vs→�(0,AV I)¬vp)

(3) Atrial sensing

• P3.1 AS cannot occur during the interval tv ∈ (0,PVARP).
ϕP3.1 =�((vs∨ vp)∧�(0,PVARP)¬(vp∨ vs)→�(0,PVARP)¬as)
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• B3.1 If Ain occurs within interval tv ∈ (0,PVARP), no AS should be generated.
(Note: B3.1 is one specific case of P3.1.)
ϕB3.1 =�((vs∨ vp)∧�(0,PVARP)¬(vp∨ vs)∧♦(0,PVARP)ain→�(0,PVARP)¬as)

• B3.2 If Ain occurs at tv > PVARP, AS is to be created at tv. (Note: B3.2 does
not consider the scenario that AP occurs before Ain at tv > PVARP. Therefore,
it is incomplete)

ϕB3.2 =�((vs∨ vp)∧⃝(¬(vp∨ vs∨ain)U[PVARP−1,∞)ain)

→¬asU[PVARP,∞)(as∧ain))
(6.3)

(4) Ventricular sensing

• P4.1 VS cannot occur during the interval tv ∈ (0,V RP).
ϕP4.1 =�((vs∨ vp)−>�(0,V RP)¬vs)

• B4.1 If Vin occurs within interval tv ∈ (0,V RP), no VS should be generated.
(Note: B4.1 is one specific case of P4.1.)
ϕB4.1 =�((vs∨ vp)∧♦(0,V RP)vin→�(0,V RP)¬vs)

• B4.2 If Vin occurs at tv >V RP, VS is to be created at tv.

ϕB4.2 =�((vs∨ vp)∧⃝(¬(vp∨ vin)U[V RP−1,∞)vin)

→⃝(¬vsU[V RP−1,∞)(vs∧ vin)))
(6.4)

We extend some of the requirements to describe specific scenarios:

• B1.2a If AS occurs within interval tv ∈ [0,LRI−AV I), AP should not be applied in
the atrium before AS. (Note: B1.2a is to make B1.2 more specific.)
ϕB1.2 =�((vp∨vs)∧�(0,LRI−AV I)¬(vp∨vs)∧♦[0,LRI−AV I)as)→¬apU[0,LRI−AV I)as)

• B2.2a If VS occurs within interval ta ∈ (0,AV I), no VP should be generated before
VS. (Note: B2.2a is to make B2.2 more specific.)
ϕB2.2a =�((ap∨as)∧�(0,AV I)¬(ap∨as)∧♦(0,AV I)vs→¬vpU(0,AV I)vs)

• B2.3a If VS does not occur within interval ta ∈ [0,AV I) and tv <URI, the AVI should
extend until tv = URI. If VS does not happen until the extended AVI expires, VP
should be delivered at tv =URI.
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ϕB2.3a =�(((ap∨as)∧�(0,AV I)¬(ap∨as∨ vs)∧⟐(0,URI−AV I](vs∨ vp)∧
(¬vsU[AV I,URI]vp))→ (¬vpU[AV I,URI](tv =URI)∧ vp))

(6.5)

• B2.3b If VS does not occur within interval ta ∈ [0,AV I) and tv <URI, the AVI should
extend until tv = URI. If VS happen within the extended AVI, no VP should be
generated before VS.

ϕB2.3b =�(((ap∨as)∧�(0,AV I)¬(ap∨as∨ vs)∧⟐(0,URI−AV I](vs∨ vp)∧
(♦[AV I,URI]vs))→ (¬vpU[AV I,URI]vs))

(6.6)

• B3.2a If Ain occurs and no AP,VP nor VS occurs before Ain, AS is to be created at
the moment when Ain occurs. (Note: B3.2a is to specify the case when Ain is present
before other events.)
ϕB3.2a = ¬(vp∨ vs∨ap∨ain)U(0,∞)ain)→¬asU(0,∞)(as∧ain)

• B3.2b If AP occurs and no Ain,VP nor VS occurs before AP, AS cannot occur until
VP/VS happens again.(Note: B3.2b is to specify the case when AP is present before
other events.)
ϕB3.2a = ¬(vp∨ vs∨ain)U(0,∞)ap)→¬asU(0,∞)(vp∨ vs)

• B3.2c If Ain occurs at tv > PVARP and no AP occurs before Ain, AS is to be created
at tv. (Note: B3.2c refines B3.2.)
ϕB3.2 =�((vs∨vp)∧⃝(¬(vp∨vs∨ain∨ap)U[PVARP−1,∞)ain)→¬asU[PVARP,∞)(as∧
ain))

• B3.2d If AP occurs at tv >PVARP and no Ain occurs before AP, AS cannot occur until
VP/VS happens again. (Note: B3.2d specifies the case when AP is present before Ain
at tv > PVARP.)
ϕB3.2 = �((vs∨ vp)∧⃝(¬(vp∨ vs∨ ain∨ ap)U[PVARP−1,∞)ap)→ ¬asU(0,∞)(vp∨
vs))

• B4.2a If no VP occurs before Vin, VS is to be created at the moment when Vin occurs.
(Note: B4.2a is to specify the case when Vin is present before VRP timer starts, i.e.,
Vin comes before VP at the first place.)
ϕB4.2a = ¬(vp∨ vin)U(0,∞)vin)→¬vsU(0,∞)(vs∧ vin)



126
Closing the Loop: Incorporation of Physiological Environment Models in Medical

Cyber-Physical Systems Validation

• B4.2b If no Vin occurs before VP, VS cannot occur before VP. (Note: B4.2b is to
specify the case when VP comes before Vin at the first place.)
ϕB4.2b = ¬(vp∨ vin)U(0,∞)vp)→¬vsU(0,∞)(vp)

• B4.2c If VP occurs at tv >V RP before Vin, no VS occurs before VP. (Note: B4.2c is
to specify the case when VP comes before Vin at tv >V RP.)
ϕB4.2 =�((vs∨ vp)∧⃝(¬(vp∨ vin)U[V RP−1,∞)vp)→⃝(¬vsU[V RP−1,∞)vp))

6.6.3 The Pseudo Code of Output Traces Registration

The pseudo code of output traces registration is shown in Algorithm 1.

Algorithm 1 The pseudo code of output traces registration.
1: function REG(IDnew)
2: Enqueue(IDnew)
3: while the queue is full do
4: if the sequence is unique then
5: Save the sequence;
6: n = n+1 ◃ The number of output traces increases
7: end if
8: Dequeue(IDold)
9: end while

10: end function

6.6.4 Simulated Annealing (SA) Algorithm

Algorithm 2 The pseudo code of Simulated annealing [160].

1: Input: X0: Input Space, f (·): Objective Function, ε: Objective threshold, PS(·): Pro-
posal Scheme

2: Output: x ∈ X0
3: Choose some initial input x ∈ X0
4: while f (x)≥ ε do
5: x′← PS(x); ◃ Select x′ using the proposal scheme
6: α ← exp(−β ( f (x′)− f (x)); ◃ Compute the acceptance ratio
7: r← rnd(0,1) ◃ Get an uniform random number between [0,1]
8: if r ≤ α then
9: x← x′; ◃ Accept the proposal

10: end if
11: end while
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The Simulated Annealing (SA) algorithm [160] is illustrated in Algorithm 2. They [160]
adopt hit-and-run proposal scheme. If a new proposal x′ ∈ X0 makes f (x′)≤ f (x), then the
proposal is accepted. Even if f (x′) > f (x), the closer the value of f (x′) is to f (x), the
more chance the proposal may be accepted. During the experiments, β is adjusted to let
the acceptance ratio close to 1 in order to reduce the local minima trapping. As well, when
the β increases, the proposal scheme tends to select a new sample further from the current
one with higher probability. As the consequence, the algorithm guides the search to an
approximate global optimum.

6.6.5 The Parameter Settings of the HA-based Heart Model

For the closed-loop testing with the HA-based heart model, the parameter variation range is
detailed in Table 6.3.

Table 6.3 The parameter settings of the HA-based heart model.

Para. Min Max Nominal PMT Physiological Features

1 400 2000 814 824.1 The instantaneous intrinsic interval of SA
node (ms)

2 1500 2100 2100 1923.5 The instantaneous intrinsic interval of CT
or CS node (ms)

3 2 10 2 4.6256 The standard deviation of intrinsic inter-
val of CT or CS node (ms)

4 0 1 1 0.1457 The path block to CT or CS node; 0 im-
plies that the CT or CS node entrance
block presents and its pacemaking func-
tion cannot be suppressed by external
stimulation; while 1 means external acti-
vation can overdrive the excitation of CT
or CS node. The value is set to 1 for
HA1-3 and HA6; 0 for HA4 and HA5.

5 0.05 0.15 0.1 0.0695 The low frequency of power spectrum
S(f) of a instantaneous heart rate time se-
ries of CT or CS node

Continued on next page
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Table 6.3 – Continued from previous page

Para. Min Max Nominal PMT Physiological Features

6 0.1 0.4 0.25 0.3269 The high frequency of power spectrum
S(f) of a instantaneous heart rate time se-
ries of CT or CS node

7 251 287 278 282.9267 The ERP of RE node

8 0.01568 0.01402 0.01462 0.01557 The α3
y of LNB node corresponding to

the ERP of 251 and 287

9 0.00892 0.00854 0.00872 0.00886 The α3
y of TC_f node corresponding to

the ERP of 318.5 and 333

10 1500 2300 2300 2244.1748 The instantaneous intrinsic interval of
RBB node (ms)

11 2 10 2 7.8131 The standard deviation of intrinsic inter-
val of RBB node (ms)

12 0 1 1 1 The path block to RBB node; 0 im-
plies that the RBB node entrance block
presents and its pacemaking function
cannot be suppressed by external stim-
ulation; while 1 means external activa-
tion can overdrive the excitation of RBB
node. The value is set to 0 for HA1-2 and
HA4; 0 for HA3 HA5 and HA6.

13 0.05 0.15 0.1 0.1098 The low frequency of power spectrum
S(f) of a instantaneous heart rate time se-
ries of RBB node

14 0.1 0.4 0.25 0.2115 The high frequency of power spectrum
S(f) of a instantaneous heart rate time se-
ries of RBB node

15 0.2 1.5 0.1 0.9848 The degree of the retrograde VA conduc-
tion. The value is set to 1 for HA1-5; 0
for HA6.

16 0.025 0.15 0.07 0.0267 The anterograde conduction velocity of
the slow pathwary

Continued on next page
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Table 6.3 – Continued from previous page

Para. Min Max Nominal PMT Physiological Features

17 0.025 0.5 0.07 0.135 The retrograde conduction velocity of the
slow pathwary

18 0.018 0.2 0.07 0.0505 The anterograde conduction velocity of
the fast pathwary

19 0.018 0.4 0.07 0.0389 The retrograde conduction velocity of the
fast pathwary

6.6.6 Device Programming Customisation for Specific Physiological Con-
ditions

Fig. 6.13 shows the maximum atrial pacing rates are within 110 bpm, i.e., the pacing artifact
is beyond the atrial refractory (302 ms), which indicates low risk of atrial fibrillation with
these settings. Fig. 6.14 shows that no PMT takes place with the PVARP > 330 ms, and
the average atrial rate decreases with the increased PVARP. Therefore, when 150 ≤ AV I ≥
180 and 330 ≤ PVARP ≥ 500, the device does not introduce PMT for the specific heart
condition.
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Fig. 6.13 The maximum paced atrial rates with a range of AVI and PVARP settings.
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Chapter 7

Conclusion and Outlook

With the increasing implantation of Cardiovascular Implantable Electronic Devices (CIEDs),
the functional safety of the device has attracted unprecedented attention. Testing the device
in the closed-loop by incorporating a physiological environment model can provide helpful
insights into the design safety and treatment efficacy. The objective of this project was to
investigate the heart modelling and its application in the closed-loop validation of CIEDs.
The application determines the distinct requirements of the cardiac physiological models.
The formalism of Hybrid Automaton (HA) was employed to capture the non-linear dy-
namics of the heart behaviour while retaining computational efficiency. The flexibility and
compositional nature of HA brings us the advantage of refinement of the model. Stochas-
tic optimization techniques facilitated the model parametrisation and the automation of the
closed-loop system.

7.1 Summary of Contribution

7.1.1 A New Parametric Pacemaker Cell Model

We have developed a new parametric pacemaker cell model. The action potential phases are
modelled using HA with one piecewise-linear continuous variable. The model can capture
electrical restitution, automaticity, and overdrive suppression phenomenon by incorporating
non-linear update functions. The feature of Heart Rate Variability (HRV), an important fac-
tor causing inappropriate pacing treatment, has also been incorporated. The model has been
parametrised to reproduce electrophysiological dynamics of a variety of pacemaker cells,
such as Sinoatrial Node (SAN), Atrioventricular Node (AVN) and the His-Purkinje System
(HPS), under varying cardiac conditions. Simulated dynamics of the model compared well
with previous models and clinical data. The flexibility of parametrisation is desirable to
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validate the devices under a wide range of physiological conditions. We illustrate one of the
main physiological roles of the AVN, i.e., filtering fast atrial activation to protect the ventri-
cles. Additionally, we demonstrate that abnormal automaticity renders various arrhythmias,
such as Premature Ventricular Complex (PVC).

7.1.2 A New Parametric HA-based Heart Model

We have developed a new high-level (abstracted) physiologically-based computational heart
model. The model comprises regional cellular electrophysiology types connected by a path
model. The regional electrophysiology and paths are modelled with HA to efficiently cap-
ture nonlinear dynamics. The power of parametrisation enables us to match the models with
experimental data and prior model simulations. The generic characteristic of the model is
desirable for device validation because it can generate a wide range of clinically observed
physiological conditions.

We adopt the simulated annealing algorithm to automatically parametrise the model to
match the dynamics of the first human atrial myocardium cell model [64] and ventricular
endocardial cell model [13]. Morris method [95] is used to facilitate the parameter calibra-
tion to accommodate the regional electrical heterogeneity in the heart. The calibrated heart
model can generate normal cardiac activation sequences.

When the heart model is connected in closed-loop with a pacing device in DDD mode,
the model can generate complex arrhythmias such Atrioventricular Nodal Reentry Tachy-
cardia (AVNRT). These device-induced outcomes have been widely observed clinically.
Moreover, the simulated findings of Pacemaker-Mediated Tachycardia (PMT) risk evalua-
tion agree with the clinical observations well. The potential application in the precision-
driven management of cardiac diseases is also illustrated by a case study of device pro-
gramming customisation for a specific cardiac condition. The results show that we are able
to establish the key physiological features of the heart model that interact with the device
operation.

7.1.3 A New HA-based EGM Model

We have developed an intracardiac electrogram (EGM) model as an interface between the
virtual heart and the device. We integrate the classical dipole model into an abstract HA-
based heart model for the first time. The model can reproduce types of intracardiac signals
and mimic all clinically observed sensing problems, which significantly extends the capa-
bilities of the virtual heart model in the context of device validation. In the simulation trace,
we demonstrate the commonly observed cardiac electrophysiological phenomena, such as a
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far-field R wave, Atrioventricular (AV) crosstalk, and a prolonged P-wave.

7.1.4 An Automated Closed-Loop Validation Framework

We have developed a virtual heart model to provide more realistic responses within a phys-
iologically relevant space. However, it is nontrivial to automatically parametrise the heart
model to exercise the device. The challenge lies in the large dimensionality of the model and
the tightly coupled interactions of the closed-loop system. The proposed automatic frame-
work makes the test generation, evaluation and execution dovetail together. The stochastic
optimization automatically guides the model parametrisation towards the region of interest.
With the framework, we are able to explore the heart model in requirements-based testing
and PMT risk evaluation.

7.2 Recommendations for Future Work

We were ambitiously endeavouring to solve the globally alarming safety issues of Medical
Cyber-Physical Systems (MCPS) at the outset of this doctoral research. We have built a
real-time closed-loop platform for CIEDs validation. We believe that our research efforts
are a good start, but we just scratched the surface and more research is worth exploring on
the basis of this thesis.

7.2.1 Emulation using the Heart on Chip

As we mentioned many times, real-time simulation (i.e., emulation) is critical for device
validation. Our research is mainly based on simulation. We used Simulink Coder to gen-
erate a single-threaded executable C program of the heart model (23 nodal type cells, 40
cardiomyocytes, and 72 paths) with the EGM generation module. The C program was ex-
ecuted on a single core of a 3.40 GHz Intel Core i7-4770 processor with 8 GB of RAM,
running Microsoft Windows 7 Enterprise. We run the heart model simulation under various
physiological conditions. Table 7.1 shows the execution time (s) (the average of 100 runs) to
simulate 30 seconds of cardiac activity with a time step of 0.5 ms, which reaches real-time
performance with a big margin for future model refinement.

As discussed in Chapter 4, for more complex clinical cases, like atrial flutter, atrial or
ventricular fibrillation, the model should encompass more anatomical details and geometric
data. Also, in the Implantable Cardioverter Defibrillators (ICDs) application, the morphol-
ogy of EGM is more critical because it is used to discriminate arrhythmias. To generate
more realistic EGM morphology, the granularity of the model should be further reduced.
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Table 7.1 The execution time of the heart model under various physiological conditions.

Parameter
sets

Physiological conditions Exe
Time

P1 Normal sinus rhythm 0.6251

P2 Atrial premature complex (APC) and VA conduction 0.6296

P3 Bradycardia with AV block, premature ventricular complex (PVC)
and right bundle branch block (RBBB) (slow velocity)

0.6191

P4 Bradycardia with AV block, premature ventricular complex (PVC)
and right bundle branch block (RBBB) (complete blockage)

0.6201

When more detailed features are accommodated, the scale of the model will increase signif-
icantly. In that case, the FPGA board with inherent parallel computation capacity could be
beneficial in the emulation of the heart model. Optimization methods (e.g., modular code
generation [68]) and hardware and software co-design could be taken into account.

7.2.2 Personalisation and In Silico Clinical Trials

While the generic cardiac electrophysiology is the main consideration of the research, we
also show the power of flexible parametrisation of the model to match given physiologi-
cal conditions. In chapter 6, we have illustrated the potential application of the model in
device customisation. Therefore, we believe that the research paves the way toward the
goal of personalised medicine. Moreover, the research [175, 176] has shown that some
anti-arrhythmic drugs and diseases can negatively affect both the efficacy and security of
the cardiac devices. The personalised heart model could be used to validate the device
under drug effects. The challenge is to automatically parametrise the heart model based
on patient’s EGM/Electrocardiogram (ECG) signals and the validation of the personalised
model, where machine learning techniques could be useful.

7.2.3 Validation of New Cardiac Devices

While current cardiac rhythm management devices cannot be used to treat heart failure,
a new device, silicon hardware central pattern generators (hCPGs), shows promising out-
comes on animal test [177]. The new technique intends to enable beat-to-beat adaptation of
cardiac pacing in response to physiological feedback for the patients suffering heart failure.
The HA-based heart model could also be applied to validate the new device design. The out-
put of the hCPGs is vagal nerve signal, which can be readily integrated into the pacemaker
cell model to modulate the heart rate. The new device also involves interaction with other
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organs, such as the respiratory system and the brainstem. This will start a new research
domain of joint emulation of multiple organs for health care application.
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