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Abstract

Abstract

The purpose of this master's project is to design and implement a method to detect epileptic
seizures in real-time using pattern recognition on the heart rate signal, specifically for the
group of extra temporal lobe patients.

A model has been formulated that describes the seizure related patterns that may occur in
the heart rate signal. The model for a seizure related tachycardia consists of a linear
acceleration, a possible plateau and an exponential deceleration. If the exponential
deceleration displays an undershoot the event is called a seizure related bradycardia
following a tachycardia.

The detection of these linear accelerations and exponential decelerations is implemented as
separate functions that continuously use linear regression on the latest samples of the heart
rate signal. The pattern detection algorithm is programmed in Java®.

The algorithm for detection of seizure related tachycardia has been tested on 5 patients with
a total of 128 seizure candidates, resulting in an average positive predictive value (PPV) of
0.245 ((Y =0.244) and an average sensitivity of 0.618 ((Y = 0.153) relative to the Golden
Standard of video monitoring and analysis of the electroencephalogram by experts. These
tests were performed using heuristically determined parameter settings; therefore the PPV
and sensitivity most likely don't reach their optimal value. Furthermore the Golden Standard
is not perfect: analysis by different experts often produces different results.

II

Seizure candidates were often seen to be accompanied by artefacts in the electrocardiogram
(ECG). These artefacts may provide an extra parameter for ECG based seizure detection.

Parallel to the development of an algorithm for heart rate based seizure detection a newly
developed method for extraction of heart beats from the ECG in hardware has been tested
and compared to a similar method using visual interpretation of 1019 heart beats in the ECG
as Golden Standard. The results of this test show a significantly better performance of the
Kempenhaeghe method: an average positive predictive value of 0.926 ((Y = 0.055 ) versus
0.742 ((Y =0.348 ) and an average sensitivity of 0.990 ((Y = 0.015) versus 0.797
((Y = 0.308). Transferring parts of the hardware to the software domain may even improve
these results.
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Samenvatting

Samenvatting

Het doel van dit afstudeerproject is het ontwerpen en implementeren van een methode om
epileptische aanvallen in real-time te detecteren door gebruik te maken van
patroonherkenning op het hartritme. De doelgroep voor deze methode is specifiek patienten
met extra temporal lobe epilepsie.

iii

Er is een model opgesteld van de aan een aanval gerelateerde patronen die kunnen
voorkomen in het hartritme. Het model voor een aan een aanval gerelateerde tachycardie is
opgebouwd uit een lineaire acceleratie gevolgd door een exponentiele deceleratie en een
eventueel plateau. Wanneer de exponentiele deceleratie een undershoot vertoont, noemen
we dit een aan een aanval gerelateerde tachycardie gevolgd door een bradycardie.

De detectie van deze lineaire acceleraties en exponentiele deceleraties is ge'implementeerd
als verschillende functies, die continu lineaire regressie toepassen op de laatste nieuwe
samples van het hartritme. Het algoritme voor patroonherkenning is in Java®
geprogrammeerd.

Het algoritme voor de detectie van aan een aanval gerelateerde tachycadien is getest op 5
patienten met in totaal 128 aanvalskandidaten. Dit resulteert in een gemiddelde positief
voorspellende (PVW) waarde van 0.245 (J =0.244) en een gemiddelde sensitiviteit van
0.618 (J =0.153) ten opzichte van de Gouden Standaard (video monitoring en analyse van
het elektro-encefalogram door experts). De parameter instellingen zijn voor deze tests
heuristisch bepaald. De PVW en sensitiviteit bereiken daarom waarschijnlijk niet hun
optimale waarde. Verder is de Gouden Standaard zeker niet perfect: analyse door
verschillende experts levert vaak verschillende resultaten op.

Bij aanvalskandidaten zijn vaak artefacten in het elektrocardiogram (EGG) waargenomen.
Deze artefacten zouden als extra parameter kunnen dienen bij EGG gebaseerde
aanvalsdetectie.

Parallel aan de ontwikkeling van een algoritme voor aanvalsdetectie op basis van hartritme is
een nieuwe hardwarematige methode voor de detectie van hartslagen uit het EGG getest en
vergeleken met een soortgelijke methode. Hierbij werd gebruik gemaakt van visuele
interpretatie van 1019 hartslagen in het EGG als Gouden Standaard. De resultaten van deze
test tonen aan dat de Kempenhaeghe methode significant beter presteert: een gemiddelde
positief voorspellende waarde van 0.926 (J = 0.055) tegenover 0.742 (J = 0.348) en een
gemiddelde sensitiviteit van 0.990 (J =0.015) tegenover 0.797 (J = 0.308). Het
verplaatsen van een deel van de hardware naar software kan deze resultaten zelfs nog
verbeteren.
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Preface

The document you're currently reading is my Master of Science thesis, named "Real-time
detection of epileptic seizures based on heart rate patterns". This thesis is the result of a
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from July 2004 to April 2005. The project is a collaboration of the departments of Clinical
Neurophysiology and Clinical Physics at Kempenhaeghe and the department of Electrical
Engineering at Eindhoven University of Technology, specifically the Signal Processing
Systems Chair of Prof. dr. ir. J.W.M. Bergmans.
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found in paragraph 3.3.

Peter Bijkerk deserves all credit for the design of the heart beat extraction hardware (referred
to by 'the Kempenhaeghe method' in this thesis). I would also like to thank Peter for
explaining his design in detail and providing me with all the help I needed on this subject and
more.

In my word of gratitude Roy Krijn cannot be forgotten. With his help and by his extensive
programming knowledge we were able to formulate a model of Peter's heart beat extraction
hardware and simulate this hardware. I also owe Roy many thanks for all his inputs and
always being willing to provide support whenever necessary.
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1. Introduction

1, Introduction

1.1. Background

Epilepsy is a neurological disorder that affects an estimated amount of 40 to 60 million
people worldwide and 60 to 80 thousand people in The Netherlands only, making it the third
most common neurological condition, after stroke and Alzheimer's disease. The majority of
epilepsy patients can be treated by medications (anti-epileptics); a small number by brain
surgery and an even smaller number by a special high fat diet or vagal nerve stimulation: in
75 to 85 percent of the cases full or partial control of seizures can be achieved. However,
current medicine is unable to treat the remaining 15 to 25 percent, mostly people with
complex forms of epilepsy. [Witte et aI., 2003; Carpay, 2004]

7

Epilepsy sometimes accompanies mental retardation, but only seldom causes it. People that
are mentally retarded and suffer from epilepsy frequently belong to the group of untreatable
patients. They are often unable to live independently hence a large number of them are
institutionalised. Kempenhaeghe Epilepsy Centre provides an environment, where they can
live and receive the necessary (medical) care.

At the moment Kempenhaeghe Epilepsy Centre uses a multimedia patient monitoring system
from Mextal® [Mextal, 2005]. This system is operational for up to 350 patients in
approximately 15 different locations. It is mostly used at night to detect possibly dangerous
situations for the patient. A combination of sensors, e.g. microphones, pressure contacts,
door contacts and video cameras (the composition of the system differs per location; video
camera's for instance are only present in a small number of locations), provides information
on the state of the patient. From a central observation post these signals are, partly
automatically, interpreted and if necessary the nursing staff at the appropriate location is
instructed.

The system relies primarily on the detection of sound with an amplitude larger than a certain
threshold. This is also its largest drawback: the amount of false positive alarms is very high.
A study in 2003 [Hendriksen, 2003] showed that the number of true alarms presumably
equals an average of 0.17 alarms per patient per night (measurable by acoustic sensors)
while the detected number of alarms equals 62 alarms per patient per night.

The limited performance of such sound based systems was one of the motives for starting
the 'seizure detection programme' in 2001. Its goal is to improve seizure detection for the
group of institutionalized patients by using new or adapted methods for automated detection,
e.g. movement analysis by accelerometry (ACM) [Nijsen et aI., 2004, 2005], pattern analysis
and feature extraction on the electroencephalogram (EEG) and pattern recognition on heart
rate.

Current diagnostics are entirely based on the Golden Standard, i.e. video monitoring and
visual analysis of the EEG by experts. Although the sensitivity and positive predictive value
are per definition 100 percent, it has some drawbacks. Not only is it a very labour-intensive
process, it is also uncomfortable for the patient and very expensive. Furthermore this method
is not suitable for detecting seizures continuously in real-time. A specific problem for the
Kempenhaeghe patients is that they are generally unable to indicate themselves when a
seizure has occurred.

Heart rate based detection is the subject of this thesis. The fact that heart rate changes may
occur before, during or after the manifestation of a seizure in the EEG or by behaviour has
been documented previously [Blumhardt et aI., 1986; Zijlmans et aI., 2002; Opherk et aI.,
2002; Epstein et aI., 1992; Smith et aI., 1989; Leutmezer et aI., 2003; Van Elpmt et aI.,
2003a, 2003b]. This master's project is a continuation of previous research at

Real-time detection of epileptic seizures based on heart rate patterns
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1. Introduction 8

Kempenhaeghe by Van Elmpt et al. in 2003, where a first attempt was made to detect heart
rate deviations with seizures and to define the templates that describe these patterns. A
piece of software for offline detection was developed using Matlab® as environment. [The
Mathworks, 2005] This program primarily aimed at a visual presentation of events. Van Elmpt
et al. tested their algorithm on a total of 17 patients with a total of more than 647 seizure
candidates. Only 3 of the 17 patients who had more than 10 seizure candidates with heart
rate changes remained, totalling more than 132 seizures. The other 14 patients were found
unsuitable partly due to technical and partly due to physiological causes, e.g. artefacts, an
abnormal electrocardiogram (ECG) or the absence of a relation between heart rate and
epilepsy. [Van Elmpt et al. 2003a, 2003b]

Applications of this project at Kempenhaeghe will initially be found in patient monitoring
(care), diagnostics and research. An important example of the latter is extending the
knowledge on sudden unexplained death in epilepsy (SUDEP). This is a condition that is
assigned post-mortem to epilepsy patients that died unexpectedly without a demonstrable
cause. SUDEP occurs approximately once in every 370 epilepsy patients per year. Cardiac
rhythm and rate deviations instigated by seizures are expected to be involved in SUDEP.
[Leestma et ai., 1984, 1989; Nei et ai., 2004]

1.2. Project objectives

This master's project assignment and therefore primary objective states:

The development and implementation of a method to detect epileptic seizures in
real-time in a selected group of patients, using pattern recognition on heart rate.

A number of activities cohere with this assignment. The requirements for use in the care
environment of Kempenhaeghe have been formulated. This comprises for instance the
different types of alarm that are desirable for nursing and the priority of each of the alarms.

In order to derive the heart rate from the ECG it is necessary to determine the time of
occurrence of each heart beat. A large number of methods for beat detection exist in
hardware as well as in software. Therefore a small market survey on this subject has been
performed. A concept hardware design that existed in Kempenhaeghe has been simulated
and compared to an existing method for evaluation. The (further) development of this design
specifically does not belong to the activities of this master's project.

To create a better perspective on the results of the detection algorithm the patient population
to test the algorithm on should be extended. Data from at least 10 different patients should
be made available.

One of the objectives of the seizure detection programme is a minimum sensitivity of 90
percent and a minimum positive predictive value (PPV) of 50 percent, relative to the Golden
Standard. These values are to be achieved by combining the results of all components of the
seizure detection programme (EEG, ACM and ECG). The aim of this project is contribute as
much as possible to these figures. The objective however isn't to detect seizures, but to
detect certain patterns associated with these seizures.

This project is primarily based on the conclusions of the work of Van Elmpt et al. [2003a,
2003b] and Leutmezer et al. [2003]. In particular the assumptions that epileptic seizures are
often accompanied by heart rate alterations and that these alterations are characterized by a
linear rise or fall followed by an exponential fall or rise, respectively.

Real-time detection of epileptic seizures based on heart rate patterns
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1. Introduction

1.3. Thesis structure

Chapter 2 provides an introduction to the physiological background of this project. First the
anatomy and physiology of the central nervous system and the heart are discussed, in
particular the processes that are related to epilepsy. The cardiac cycle, its electrical
properties and the regulation of heart rate are explained. The chapter is concluded by a
paragraph on epilepsy in general and its physiological basis.

9

Chapter 3 focuses on the requirements and design of heart rate extraction (paragraph 3.1)
and of the algorithm for detecting various heart rate based events, e.g. seizure candidates. A
model is presented in paragraph 3.2 for the pattern of a seizure candidate. Paragraph 3.3
presents an overview of the requirements for monitoring applications in the care
environment. Also some remarks are made on the requirements that are emposed on the
program code of the heart rate based event detection algorithm.

How the event detection algorithm is implemented is discussed in chapter 4. In the first
paragraph the programming environment is described and the second paragraph describes
the various components of the algorithm for heart rate based event detection. Paragraph 4.3
is dedicated to the calibration of various parameter settings that can be adjusted per patient.

The test results of the verification of the heart beat extraction method are described in
paragraph 5.1. The subsequent paragraph focuses on the test results of the algorithm for
heart rate based event detection, of which subsection 5.2.1 describes the results of a
parameter sensitivity analysis for one patient.

Finally the conclusions and recommendations of chapter 2 to 5 are outlined in chapter 6.

Three appendices have been included. Appendix A contains an overview of all patient data
available and its usefulness in the context of this master's project. In paragraph B a listing is
provided of pseudo code. This supports the description of the functions for event detection as
explained in chapter 4. Appendix C shows all test results for the tests that are discussed in
chapter 4.

Real-time detection of epileptic seizures based on heart rate patterns
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2. Physiology

2. Physiology and epilepsy
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This chapter will expand on the anatomy and physiology of the heart and the central nervous
system (CNS) in the context of epilepsy and its interaction with these structures. A short
anatomical description is given as well as a functional description of the components
involved in the process of heart rate regulation in general. Furthermore the cardiac cycle and
how it relates to the ECG is outlined. Also epilepsy and its effects on people are explained.
The subjects covered in this chapter provide insights in the underlying mechanisms of heart
rate regulation and are important for understanding the models that are used for seizure
detection as explained in the subsequent chapters.

The information regarding physiology and anatomy that is stated in the following paragraphs
is largely adopted from five sources: Guyton and Hall [2001] and Silverthorn [2003] are
textbooks of medical physiology; Eindhoven University of Technology [2001] describes
electrophysiological phenomena; Engel and Pedley [1998] is a textbook on epilepsy; and
Klabunde [2005] aims at cardiovascular physiology concepts.

2.1. The central nervous system

2.1.1. Anatomy of the central nervous system

The CNS consists of the brain and the spinal cord. The spinal cord runs from the base of the
skull down to the tail bone. It has motor pathways coming from (efferent) and sensory
pathways going to (afferent) the brain.

midbrain

pons

~
medulla S
oblongata \

Figure 2.1: Left: The brain divided in the forebrain, midbrain and hindbrain. [adapted from CancerHelp UK, 2005J
The pons, cerebellum and medulla oblongata are the components of the hindbrain. Right: The location of the

different lobes of the brain. [adapted from Benet Academy Lisle, 2005J

The brain is traditionally divided in three parts: the hindbrain, the midbrain and the forebrain
(fig 2.1, left). The hindbrain comprises the medulla oblongata, an extension of the spinal cord
into the skull that contains some of the essential nuclei that regulate heart rate and
respiration. The cerebellum, responsible for coordinating involuntary movement, and the
pons, the bridge between the two halves of the cerebellum, are also part of the hindbrain.
The midbrain connects the forebrain and the brainstem and contains several pathways
important to hearing and vision. The midbrain, the pons and the medulla oblongata together
are called the brainstem. The forebrain starts with the thalamus, the 'relay station' of the
brain, and involves the limbic system and the cerebrum: the limbic system includes the
hypothalamus, the hippocampus, the amygdala and some other nearby areas (fig 2.2). It is
linked to emotions and the formation of memories and is known to influence body
temperature, respiration, heart rate, blood pressure through the autonomic nervous system.

Real-time detection of epileptic seizures based on heart rate patterns
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2. Physiology

The cerebrum is the largest part of the brain, associated with high brain functions, i.e.
thought, perception, imagination, judgement and decision. Its surface is called the cerebral
cortex. The cerebrum also contains the basal ganglia, a group of nuclei associated with
motor coordination.

thllillmus

hippoclImpus

II mygd III II

Figure 2.2: The limbic system, including the hypothalamus and amygdala that influence heart rate.
[adapted from Sherwood, 2003J
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The cerebral cortex is convoluted to make more efficient use of the available surface. These
convolutions have ridges, called gyri, and valleys that are called sulci. Some of the longer
sulci serve as boundary between four areas of the brain, known as the lobes (fig. 2.1, right):
frontal, temporal, parietal and occipital. [Boeree, 2005]

2.1.2. Physiology of the central nervous system

The basic components of the CNS are the nerve cell or neuron and the (neuro)glial cells. The
glial cells support the neurons: they form myelin sheaths, protect neurons (via phagocytosis1)
and regulate the internal environment of neurons. Neurons can respond to stimuli, conduct
impulses and thus communicate with each other and other cell types, e.g. muscle cells. They
form complex networks that sometimes contain feedback loops, in particular in the brain.

A neuron consists of a cell body (or soma), containing a single nucleus, and a number of
dendrites and axons (fig. 2.3). Dendrites conduct impulses towards the cell body and axons
away from it. Axons end in synaptic terminal buttons. When a synaptic terminal button
conducts its impulse to an effector, it is called a motor neuron; when the terminal button
conducts to another neuron, it is called a synapse.

A neuron can respond to stimuli and conduct impulses because a potential is established
over the membrane, the 'wall' of the cell. This potential is the result of a change in the
composition of the intracellular fluid. Under normal circumstances the membrane potential is
stable at approximately -90 millivolts. This potential is a result of the distribution of various
present ions: Potassium (K+), Sodium (Na+) and Chloride (Cn in particular. The cell
membrane is naturally permeable for these ions, but for Potassium more than for Chloride
and far more than for Sodium. The negative potential, which is the Nernst potential for

1 Phagocytosis: the ingestion and digestion of micro-organisms, cell debris, insoluble particles,
damaged or dead host cells and activated clotting factors.

Real-time detection of epileptic seizures based on heart rate patterns
Master of Science thesis



2. Physiology 12

Chloride, is maintained by a mechanism called the Sodium-Potassium pump. This process
fully compensates for the natural efflux of Potassium and influx of Sodium and continuously
exchanges these ions one to one. Therefore only the Chloride levels are constant and its
Nernst potential is maintained.

Figure 2.3: The neuron with its distinctive components.[Ritchinson, 2005]

The impulses that are conducted by neurons are called action potentials. This is a rapid
change in membrane potential that occurs when a nerve cell is stimulated above a certain
threshold. The stimulus causes the membrane to increase its permeability for Sodium (this
irreversible process is called the Hodgkin cycle), which causes a rapid influx of Sodium ions,
making the inside of the nerve cell positive relative to the outside (approximately +30
millivolts). The heightened permeability for Sodium decreases automatically after about 1
millisecond. Simultaneously the permeability for Potassium increases causing a very rapid
influx of Potassium and thus returning the membrane potential to approximately -90 millivolts.

A synapse uses a chemical process to conduct the action potential from its axon to the
dendrite of another neuron, because there is no direct transfer of impulse possible (the
neurons are electrically isolated from each other by the synapse cleft). A neurotransmitter is
released that increases the permeability for all ions, allowing the influx of Sodium and
creating a small depolarizing wave. There are also synapses that inhibit the conduction of
impulses; the neurotransmitters increase the permeability of the membrane for Potassium
and Chloride only, creating an efflux of these ions. Potassium has a Nernst potential of -97
millivolts, but is counteracted by the Chloride. The cell hyperpolarizes to a membrane
potential of approximately -95 millivolts, thus inhibiting the action potential.

Whether or not a new action potential occurs in the post-synaptic dendrite depends on the
spatial and temporal summation of the excitatory and inhibitory post-synaptic potentials
(EPSP and IPSP respectively). When this value exceeds the threshold for the Hodgkin cycle,
the action potential continues in the receiving neuron.

Real-time detection of epileptic seizures based on heart rate patterns
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2. Physiology

2.2. The heart

2.2.1. Anatomy of the heart
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The heart is a hollow organ mainly consisting of muscle tissue: the myocardium. The heart is
divided into four chambers, called left atrium, right atrium, left ventricle and right ventricle.
They are separated by the atrial septum and the ventricular septum, respectively (fig. 2.4).
The left side of the heart contains the blood that has travelled through the body and has
delivered its oxygen. This blood will travel to the lungs. The right side is filled with blood
returning from the lungs, containing oxygen, and is transported to the rest of the body. where
its oxygen is again consumed. The blood enters the heart through the atria and leaves
through the ventricles.

Atrial _+-+
septum

Right
atrium --+--+

Ventricular
septum ~T-""

Right
ventricle

-;....z,~.---- Len
atrium

Figure 2.4:The chambers of the heart. {adapted from Guidant, 2005J

A number of valves ensure that the blood only flows in one direction. The atrioventricular
valves control the flow between the atria and the ventricles; the right one is called the
tricuspid valve and the left one is called the mitral valve. The semilunar valves control blood
flow out of the heart, where the pulmonary valve controls the flow from the right ventricle to
the lungs and the aortic valve does the same for the flow from the left ventricle to the rest of
the body.

~....,;;;.-:;~~NodaI ceII

/' Cell nucleus

~~_L Intercalated
discs

Figure 2.5: Myocardial muscle cells are branched, connected by intercalated
discs and have a single nucleus. {adapted from Silverthorn, 2003J

The muscle cells of the heart differ from normal skeleton muscles. The first difference is that
myocardial cells in contrast to skeleton muscles are able to transfer the action potential
directly from one to another. To achieve this, intercalated discs are present between adjacent
muscle fibers (fig. 2.5). These are highly permeable connections between nodal cell
membranes that allow almost free diffusion of ions and thus reduce the resistance from one

Real-time detection of epileptic seizures based on heart rate patterns
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2. Physiology 14

cell to the next by a factor of 400 (from 2000 n cm2 for the normal membrane to 5 n cm 2 for
intercalated discs). This allows heart tissue to operate as a syncitium, i.e. when a part of the
heart is innervated by an action potential, the depolarization wave will spread over the entire
muscle. The heart consists of two syncitia: the atria and the ventricles.

A second difference is that the heart muscle contains nodal tissue. This consists of cells that
have no constant resting potential. Because the extracellular fluid in nodal tissue has a high
concentration of Sodium ions and the resting potential inside the fibers is negative, the
positively charged Sodium tends to leak to the inside. This causes a slowly rising membrane
potential (so there is no constant resting potential) until the slow Calcium-Sodium channels
are activated at approximately -40 millivolts, causing the action potential.

2.2.2. Physiology of the heart: the cardiac cycle

One complete sequence of the systolic (contraction) phase and the diastolic phase
(relaxation) of the heart is called the cardiac cycle. A brief description will be given here. First
both the atria and the ventricles are in diastole, allowing blood to flow into them from the
vena cava and the pulmonary vein. Next the atria contract simultaneously, pushing the blood
they contained to the ventricles that subsequently contract, moving the blood to the major
arteries.

His
bundle

A-V node

Right bundle
branch

Figure 2.6: The conductive system of the hearl. [adapted from Guidant, 2005J

The cardiac cycle can also be described in terms of its conductive characteristics. First an
action potential is spontaneously generated in the sinoatrial (SA) node (fig. 2.6). The muscle
tissue there has the fastest nodal tissue which makes that spot act as pacemaker for the
entire heart.

To prevent from tetanic contraction and give the blood enough time to travel in and out of the
heart chambers, the action potential travelling in the heart muscle has a longer depolarized
period than in other muscles. The cell membranes of nodal tissue have a high permeability
for Sodium (Na+) ions. The fast Sodium channel neutralizes a part of the intracellular
negativity, resulting in a maximum value of -55 to -60 millivolts in comparison with the much
higher -85 to -90 millivolts for other muscle fibers. The fast Sodium channel is hereafter
disabled.

From there on the action potential travels rapidly through both atria to the atrioventricular
(AV) node. Here it is slowed down; allowing the blood from the atria to flow to the ventricles
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before they start to contract. The lower speed of conduction is caused by the fact that the
fibers in the AV node are considerably thinner than normal atrial muscle fibers. Also the
number of intercalated discs or gap junctions is reduced. Their absence increases the
resistance and slows down the excitation.
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Next the action potential enters the bundle of His, where it spreads to the left and right
bundle branches that disperse into the both via the Purkinje fibers ventricles. Conduction is
very fast in the Purkinje fibers because the intercalated discs have an extremely high
permeability here. With the contraction of the ventricles the cardiac cycle ends.

2.3. The electrocardiogram

When the heart depolarizes and repolarizes, electrical current not only spreads within the
heart but also to the adjacent tissue. A small portion even reaches the body surface. The
electrical activity can be measured by a number of electrodes placed on the body skin. This
recording is called the (surface) electrocardiogram or abbreviated, the ECG.
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Figure 2.7: The idealized electrocardiogram. [adapted from Silverthorn, 2003J

The normal ECG is composed of a number of peaks, called P, Q, R, Sand T wave. In fig. 2.7
an idealized ECG is shown. The waves all correspond to a phase in the cardiac cycle: the P
wave is caused by the depolarization of the atria, the QRS complex by the depolarization of
the ventricles, and the T wave by the repolarization of the ventricles. The repolarization of the
atria is concealed in the ECG by the QRS complex. The PR segment matches the passing of
the AV node by the action potential. It is used as 0 Volt reference. The relation between the
hearts electrical and mechanical properties are displayed in fig. 2.8.

The shape of the ECG depends on the location of the electrodes on the body. The
electrocardiographic leads have been standardized. Mostly the standard bipolar limb leads
based on Einthoven's Triangle (fig 2.9, left) are used. This triangle relates to Einthoven's
Law: if the electrical potentials of any two of the three bipolar limb leads are known, the third
can be calculated by summation of the first two. Of the three potential bipolar leads, lead II is
used most often.
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Figure 2.8: The cardiac cycle: the relation between the ECG, the arterial pressure, heart sounds and
the volume of the left ventricle are displayed. {Imholtz, 2005]

The generated potential of all summated currents at any point in time is called the
instantaneous mean vector. This is the building block for the ECG. When this vector is
horizontally directed toward the person's left side, it is said to extend in the direction of 0
degrees. Therefore it is equal to the lead I axis. Equally the lead II axis is in the direction of
60 degrees and the lead III axis points to 120 degrees (fig 2.9, right). Since the mean QRS
vector, corresponding to the average direction of the spread during the depolarization of the
ventricles, has a direction of about +59 degrees, lead II will result in a mostly positive
directed ECG with the highest R wave amplitude.
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Figure 2.9: Left is Eindhoven's triangle, consisting of lead I, /I and /II. Right is the instantaneous main heart vector.
[Klabunde, 2005]

2.4. Heart rate regulation

Factors that affect the heart rate regulation can be divided into three major components:
cerebral and cardiac heart rate regulation and the influence of the autonomic nervous system
between the brain and the heart. The cerebral component will only be discussed briefly: heart
rate regulation by the various brain structures is complex and largely outside the scope of
this project. This paragraph will mainly elaborate on cardiac heart rate regulation and the role
of the specific parts (parasympathetic and sympathetic) of the nervous system.

The temporal lobe contains an important structure that appears to be responsible for
changes in heart rate: the amygdala. Its role in modulation heart rate during seizures
however is limited, according to Epstein et al. [1992]. Two structures have been identified as
primary regulators during seizures (fig 2.1 and 2.2), i.e. the hypothalamus and the medulla
oblongata. The hypothalamus can increase heart rate. These neural pathways are part of the
sympathetic nervous system, which is the part of the CNS that is characterized by the
synaptic transmitter norepinephrine. The counter effect, a decrease in heart rate, is regulated
through the parasympathetic nervous system (with acetylcholine as dominant transmitter)
and is initiated by a part of the medulla oblongata.

The duration of an acceleration of heart rate differs from a deceleration. The deceleration
normally occurs over a shorter period of time than the acceleration. This can be explained by
looking at the part of the CNS, either sympathetic or parasympathetic, that is involved. In
general, sympathetic stimulation increases the overall activity of the heart and
parasympathetic stimulation does the opposite. The primary reason for this is that the
parasympathetic pathways are connected directly to the SA and AV node, while the sympatic
nerve endings are spread all over the heart and innervate the SA and AV node indirectly via
the cardiac tissue.

Parasympathetic activation through the X1h cranial nerve releases acetylcholine (fig. 2.10)
directly onto the SA node and the AV node. This increases the permeability of the cell
membrane for Potassium (K+) ions, causing an efflux, and slows the influx of Sodium and
Calcium (Ca2+) ions. As a consequence the cell hyperpolarizes, which results in a longer
period to reach threshold voltage in the SA node, while the depolarisation process (influx of
Sodium and Calcium) is slowed. In the AV node the hyperpolarization can increase the
threshold sufficiently to completely block excitation of the nodal tissue by the small atrial
fibers. The heart rate decreases as a result of the combination of these processes.
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Figure 2.10: Sympathetic and parasympathetic pathways and their transmitters. {Silverthorn, 2003J

To increase heart rate, the CNS releases norepinephrine through the sympathetic nerves
(fig. 2.10) that are spread all over the heart. Therefore they indirectly influence the SA and
AV node. In the SA node the norepinephrine increases the permeability for Sodium and
Calcium ions, causing a more positive resting potential and lowering the threshold for self
excitation. The increased permeability for these ions makes it easier for the action potentials
to excite each succeeding portion of the conducting fiber, resulting in a smaller time between
contraction of the atria and the ventricles; thus increasing the heart rate.

Besides the manner in which the sympathetic and parasympathetic pathways are connected
to the heart, another possible cause for the different acceleration and deceleration times
exists. Slow norepinephrine dissipation rate and / or the sluggishness of the adrenergic signal
transduction system may attribute to this difference in speed. The norepinephrine released is
removed from the cardiac tissues at a much lower rate than the acetylcholine. To prevent
from the potential harmful effects to the tissue associated with this slow removal of
norepinephrine, the cardiac neural control system makes the sympathetic nerves release
norepinephrine at a slow rate. Hence, changes in sympathetic neural activity can alter
cardiac behaviour only slightly from beat to beat. [Malpas, 2002]

2.5. Epilepsy

2.5.1. Epilepsy in general

Epilepsy is a chronic neurological disorder that expresses itself in seizures: sudden,
temporary, disruptions of the electrical activity in the brain; or in more clinical terms:
abnormal excessive and hypersynchronous discharge of cortical neurons, [Engel and
Pedley, 1998]

An epileptic seizure (from this point on referred to as seizure) can manifest itself in many
different forms, e.g. convulsions, muscle spasms, various types of sensations, and more.
How the seizure expresses itself is related to the brain tissue that is affected by it. The area
that is the origin of the electrical disruption is known as the focus of the seizure. The type of
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epilepsy is named after the lobe containing the focus. If the seizure is constrained to that
area, it is called partial (fig. 2.11, left). When the disruption initially involves in both cerebral
hemispheres, the seizure is called primary generalized (fig 2.11, middle). A third
classification is the partial seizure with secondary generalization (fig 2.11, right), where the
seizure activity starts focussed and then rapidly projects to subcortical structures to involve
other areas of the brain. The terms simple and complex are until now used to indicate
whether consciousness is maintained or lost, respectively.

Figure 2.11: Propagation of the partial seizure (left), the generalized seizure (middle) and the partial seizure with
secondary generalization (right) [Berendt, 2004J

The seizure detection programme specializes in patients with extra-temporal lobe (extra-TL)
epilepsy, i.e. partial epilepsy with secondary generalization where the focus lies outside the
temporal lobe from where it can spread to the temporal area. Extra-TL patients often have
multiple foci.

There is no single cause for epilepsy. In more than 50 percent of all patients, it is impossible
to determine the cause by current standards. Elevated susceptibility by heredity is an
important syndrome in epilepsy. A number of other causes have been identified, including
infections to the brain, head injuries, brain tumors, scar tissue in the brain, lack of oxygen to
the brain (during birth), pharmacology and toxicology.

2.5.2. Pathophysiology of epilepsy: ion channels and neurotransmitters

An increasing number of epilepsy syndromes appear to have a primary genetic background.
This number isn't fixed as a result of the ongoing research in this area: ever more newly
discovered gene mutations are found to be linked to epilepsy. Almost all of these encode ion
channels. [Lerche, 2004]

Since ion channels provide the basis for neuronal excitability and communication between
neurons, any channel malfunction may alter brain excitability and induce epileptic seizures.
Deviations have been found in Sodium, Chloride, Potassium and Calcium channels. Since
fast inactivation of Sodium channels and activation of the outward Potassium current are
responsible for membrane repolarization, a disruption of these channels can lead to slowed
or incomplete repolarization of the nerve cell resulting in hyper excitability and spontaneous
series of action potentials. Calcium channels are probably responsible for regulation of
neurotransmitter release in presynaptic nerve endings, thus influencing the excitability of the
neuron. The role of Chloride channels is less clear at the moment, but they appear to
influence the operation of the neurotransmitter gamma amino butyric acid (GABA), thus
linking ion channels to neurotransmitters. The neurotransmitters are responsible for synaptic
transmission; increased excitability (e.g. linked to glutamate) and decreased inhibition (e.g.
linked to GABA) both are found in various experimental epilepsy syndromes.
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Next neighbouring neurons with the same defects to the ion channels are recruited in the
seizure and start discharging synchronous to the others. This is believed to be caused by
oscillating neural feedback loops (since nerve cells often form networks).
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3. System requirements and design

3.1. Heart rate extraction from the electrocardiogram
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The first steps in the process of detecting patterns in the heart rate are to extract the heart
beats form the EGG and calculate the heart rate from them. The heart beat extraction (or
QRS detection) can be implemented in hardware, software, or a combination of the two.
Though a substantial amount of research has been performed on this subject, especially on
software algorithms lately [Kohler et aI., 2002], actual schematics for hardware or ready to
use algorithms, that satisfy the demands (inexpensive and near to 100% detection of heart
beats), are hard to come by. Therefore Kempenhaeghe decided to investigate the possibility
of using an internally designed system for peak detection in hardware.

For testing and verification of the design, an algorithm has been written in Matlab® [The
Mathworks, 2005] that simulates the concept. The model for this concept is displayed
schematically in fig. 3.1. The following subsection describes the components of this diagram
one by one.

0.66

raw EGG
filterbank

filtered EGG
envelope
detectors

EGG envelope

filtered EGG

if (filtered_ECG ~ 0.66 * envelope)
output = 1;

else
output = 0;

end if;

Figure 3.1: Heart beat extraction from the ECG. Top: the signals from input to output corresponding to the arrows
from one block to the next. Middle: diagram of the extraction method. Bottom: the transfer function of the

filterbank (for more detailed view: fig. 3.2), an example of envelope detection (the red line is the envelope of the
blue signal) and the comperator decision rules described in pseudo code.

The raw EGG, coming directly from the electrodes, is filtered by:
A second order high pass filter with a cut-off frequency of 5 Hz to remove baseline drift.
A notch filter with a notch at 4 Hz to suppress T waves. When looking at the power
spectrum of the EGG, most of the power related to a T wave is located at approximately 4
Hz (the small portion of the power that lies at the second and higher order harmonics is
not taken into account).
A notch filter with a notch at 50 Hz to suppress 50 Hz interference. Although the input
amplifiers are qualitatively very high and relatively insensitive to 50 Hz noise, specific
conditions at Kempenhaeghe make an extra notch filter necessary, e.g. parasitic current
created by the heating element of a waterbed a patient is lying in.
A bandpass filter with a centre frequency of 20 Hz to 'zoom in' on R waves. Most of the
power of the R wave is found at a slightly lower frequency in the power spectrum, but due
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to effects of certain operations on the signal, 20 Hz is chosen. Since this value is
somewhat arbitrarily chosen, it can be debated.

The transfer function of the complete filterbank is displayed in fig. 3.2.
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The filtered EGG is input to two peak envelope detectors: one to determine the envelope of
the positive side of the EGG and one for the negative side. The envelope detectors consist of
an operational amplifier with a diode in the negative feedback loop and a capacitor to retain
the charge. When a positive voltage is fed to the noninverting input, the output voltage of the
operational amplifier forward biases the diode and charges the capacitor. This lasts until the
inverting and noninverting inputs are at the same voltage, equal to the input voltage. When
the noninverting input voltage exceeds inverting input voltage, the capacitor will charge to the
new peak value. How long the capacitor retains its charge, is determined by the capacitor
value and the impedance connected to it.

The output of the detector with the highest amplitude (depending on the polarity of the R
wave) is then multiplied by a factor of 0.66. This value sets the threshold for peak detection
and is implemented in hardware by a number of resistors forming a voltage division circuit.
The signal is then compared to the filtered EGG and the output is made 'high' when the
amplitude of the EGG exceeds the amplitude of 0.66 times the amplitude of the envelope.
Only the top of the R wave will exceed this threshold in a standard EGG. A simple phase
shifter (not shown in fig. 3.1) is included to determine the exact top of the R wave.

Another available method for heart beat extraction is incorporated in BrainlaB®, a software
package that is primarily used for analysis of the EEG [OSG, 2005]. Using a Matlab® [The
Mathworks, 2005] interface the heart beat time stamps can be exported to a file. One major
disadvantage is the fact that the algorithm for R wave detection in BrainlaB® is unknown and
cannot be freely retrieved from OSG by Kempenhaeghe. This method therefore can not be
reproduced or adapted for usage in this project.
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Figure 3.2: The transfer function of the complete filter bank used for heart beat extraction. The two
notch filters at 4 Hz and 50 Hz are clearly visible. The attenuation is minimal around 20 Hz, the

center frequency of the bandpass filter.

Both the simulation and the BrainlaB® method for heart beat extraction use a text file for
storing the exact time of occurrence of detected heart beats as a temporary solution. In a
real-time application a form of random access memory (RAM) will be used in stead of a file.
The text file is used for offline testing of the algorithm for heart rate based seizure detection.
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From the time stamps that are stored (either in memory or in a text file), the inteNal between
two successive RR inteNals is calculated and the heart rate is deduced from this value as
follows:

HR[b m]= 60 [s/min]
'P RR [s]

This computation is performed in the software that is designed for this project and is
detached from the method for heart beat extraction.

3.2. Peri-ictal heart rate patterns

3.2.1. Introduction

(3.1 )

In paragraph 2.5 it was explained that the electrical activity of a seizure starts at the focus, or
foci, and can spread to other regions of the brain from there. The normal operation of the
structures that are subjected to this electrical 'storm' is often disturbed. Since the brain
regulates processes in the body, the execution of these processes is influenced as well. As
explained in former chapters this also holds for the regulation of heart rate.
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Figure 3.3: A seizure related tachycardia consisting of a linear acceleration and an exponential
deceleration (real patient data). [Van Elmpt et aI., 2003a]

Changes in cardiac rhythm associated with seizures have been studied previously by several
research groups. [Blumhardt et ai., 1986; Zijlmans et ai., 2002; Opherk et ai., 2002; Epstein
et ai., 1992] Smith et al. [1989], Leutmezer et al. [2003] and Van Elmpt et al. [2003a, 2003b]
analyzed the patterns of heart rate pre-, post- and interictally. They all studied the shape of
ictal onset and most of them concluded (based on heuristics) that the acceleration of the
heart rate related to a seizure is a linear process. The latter also examined the slope of the
heart rate when returning to baseline and postulated that this is an exponential CUNe (fig
3.3). These assumptions are the basis for the design of the detection algorithm of this
project.

The onset of heart rate changes does not necessarily occur simultaneous to the
electroencephalographic onset. In extra temporal lobe epilepsy the heart rate of most
seizures (approximately 70%) precedes the ictal EEG onset by half a second to up to 50
seconds.[Leutmezer et ai., 2003] This indicates that heart rate has the potential of being
used as an early warning sign for seizures.

To describe the patterns in a person's heart rate that are to be detected, first it is necessary
to explain some terminology that is used. In tab. 3.1 the definitions of tachycardia and
bradycardia, as they are used in the context of this project, are stated. The relative
bradycardia is less well defined than the other terms, since its pattern still has to be studied
in detail.
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fTable 3.1: Definitions for tachycardia and bradycardia that are used in the context 0 this project.

Terminology Definition
(relative) tachycardia A linear acceleration of the heart rate (related to a seizure)
seizure candidate larger than a certain threshold, followed by an exponential

deceleration.
-------------------------------- ---------------------------------------------------------------------------------
(relative) bradycardia A sudden deceleration of the heart rate (related to a seizure)
seizure candidate . !~.r.g~~ ~h~.~ .~. R~~~~Jj~.~~__t_~~~.~~_ql~~ ____________________________ .. _.... _--------------------------------

_~~~~t~!~_!~~hy~_~~~_i~_.... _~. ~.~~r:t.!~~~.hig~.~~_~~~/}. .1.9.Q_~~~t_~ J?~~ }n~I}~~~:. __ .. ____ .. __________
absolute bradycardia A heart rate lower than 40 or 50 beats per minute.

The prevalence of seizure related tachycardia and bradycardia has been described in a
number of articles [Blumhardt et aI., 1986; Smith et aI., 1989; Opherk et aL, 2002; Zijlmans et
aI., 2002; Leutmezer et ai, 2003]. The numbers stated in these assessments however are
nearly always based on temporal lobe epilepsy. Leutmezer et al. [2003] did distinguish
between temporal lobe and extra temporal lobe epilepsy. They marked that approximately
80% of the seizures is accompanied by tachycardia. This figure agrees with numbers from
temporal lobe based studies: 73-85% of the seizures are accompanied by a tachycardia and
approximately 2.5-7% by a bradycardia.

The figures at Kempenhaeghe are significantly lower: Van Elmpt et al. [2003a. 2003b]
concluded that approximately 48% of the seizures is accompanied by heart rate changes.
This discrepancy can probably be explained by the fact that the Kempenhaeghe patient data
was studied in more detail, being for scientific purposes, compared to the clinical
observations used in other studies. Many subtle seizures, mostly myoclonia, were detected
that normally go unnoticed. A difference in population may also contribute to the deviated
figures: the population at Kempenhaeghe is biased towards (severe) extra-TL epilepsy.

3.2.2. Relative (bradycardia after) tachycardia seizure candidates

The relative2 tachycardia seizure candidate (SC) consists of a linear acceleration followed by
an exponential deceleration according to the definition (tab 3.1). The deceleration may follow
immediately after the acceleration, or the ictal heart rate may remain on a plateau before
returning towards baseline (fig 3.4). This is a clear deviation from the work of Van Elmpt et al.
[2003a, 2003b] and Leutmezer et al. [2003] where no plateau is mentioned. According to
Epstein et al. [1992] it may be attributed to the volume of cerebral structures recruited into a
seizure. [Epstein et aI., 1992] While this volume remains stable, the heart rate is more or less
constant.

Sometimes the deceleration phase of a tachycardia SC shows an undershoot with an
absolute amplitude nearly equal to that of the top of the tachycardia heart rate (fig. 3.5). The
undershoot may indicate a potentially dangerous heart problem; therefore it is important this
pattern is detected by the algorithm. From this point on it will be referred to as a bradycardia
following a tachycardia SC (though the shape of the undershoot probably differs from an
isolated bradycardia).

2 Henceforth the term 'relative' will be omitted.

Real-time detection of epileptic seizures based on heart rate patterns
Master of Science thesis



3. System requirements and design 25

platcau

cxponential
dcccicration

Iincar
acccicration

hcart ratc signal
-----'"

hcartLrate

timc

Figure 3.4: Model of a tachycardia SC pattern. The heart rate is drawn against the time.

Presumably these patterns aren't specific for epileptic seizures, but may occur under various
other circumstances, e.g. being startled or exercise. However, the patterns are considered
characteristic for a part of the seizures. This is one of the initial concepts of this master's
project. Clinical testing will have to validate this in the future.
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Figure 3.5: Model of a bradycardia follOWing a tachycardia SC pattern. The heart rate is drawn against time.

The patterns displayed in fig. 3.4 and 3.5 match the theory of heart rate regulation described
in paragraph 2.4. The acceleration is a slower process than the deceleration due to the
different parts of the CNS that cause the change in heart rate as explained in paragraph 2.4.
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Figure 3.6: State diagram for the detection of relative events (tachycardia
and bradycardia following a tachycardia).

Fig. 3.6 shows the state diagram for detection of the tachycardia SC and bradycardia
following a tachycardia SC. First some notes on the state diagrams used in this thesis: with
every arraw a transition condition and an output is displayed, respectively before and after
the slash. The symbol '0' means 'no output'. The initial step of these events is always a
linear acceleration. When this event is detected, the state changes to 'tachycardia onset'. If
an exponential deceleration is detected within a certain amount of time (which is thought to
be patient specific) either tachycardia SC or a bradycardia following a tachycardia SC event
is generated, depending on the presence of an undershoot. If the 'tachycardia onset' persists
longer than the threshold, a 'problem' event is called that can only be reset manually.
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Figure 3.7: The use of linear regression on heart rate patterns.

For the detection of linear acceleration and deceleration patterns in the heart rate, linear
regression is used. Every time a new heart beat is detected, the algorithm performs a linear
regression on the N newest heart rates, resulting in a calculated slope (fig 3.7). If the slope
exceeds a certain patient specific threshold, the heart rate is temporarily stored in a buffer.
Next time a heart beat is detected, the process is repeated; if the slope exceeds the
threshold again, the heart rate is added to the buffer. Nowa second linear regression is

Real-time detection of epileptic seizures based on heart rate patterns
Master of Science thesis



3. System requirements and design 27

performed on all heart beats present in the buffer. This time, in addition to the slope the
correlation coefficient (a statistic measure of how well the data is correlated) has to exceed a
minimum value to ensure a truly straight line. When at any stage one of the requirements
isn't met, the buffer containing the temporarily stored heart rates is emptied and the process
starts from scratch.

The same technique is used for detecting exponential acceleration and deceleration patterns.
Taking the logarithm of the heart rate transforms an exponential curve to a straight line. Now
the process of performing regression on the samples can be performed the same way as
explained in the previous subsection.

The use of linear regression on the unprocessed heart rates and simultaneously on the
logarithm of the heart rates implies two different noise models. The logarithm transforms a
multiplicative noise model to an additive noise model, since:

y =s·&

logy = log[s. &]

log y = log s + log &

where y is the raw ECG and & is the error on the signal s.

(3.2)

(3.3)

(3.4)

Though the use of both noise models is formally inconsistent, no problems were encountered
as a result of this. Therefore it was no priority to find an alternative solution for the application
of this project. At this moment it is unclear whether the additive or the multiplicative model
corresponds best to the data, because the noise source is unknown. Errors may be
contributed to inaccuracies in peak detection, but may also have physiological origins. It is
recommended to further investigate which model matches heart rate variations best and
subsequently adapt the detection algorithm to use a single noise model.
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Figure 3.8: Single outlier compensation method.

Especially the detection of linear events is very sensitive to outliers. To achieve a robust
algorithm outliers have to be (partly) compensated. For exponential effects these outliers are
suppressed by the logarithm. To compensate for a single outlier in linear event detection a
backup event is introduced. This procedure is described in fig. 3.8: when a slope value is
encountered that does not fit the previously found profile (e.g. a negative slope when all the
previous slopes are positive), this may indicate the end of an acceleration (fig. 3.8 bottom
right plot), however it might as well be an outlier (fig. 3.8 top right plot). The buffer containing
the previous heart rates is stored in backup and all but the current heart rate are erased from
the 'normal' buffer. When a subsequent heart beat is detected, the newly calculated slope
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determines whether the backup event is restored (if the slope fits the old profile) or the new
event is continued (if the old event was truly finished).

3.2.3. Absolute tachycardia and bradycardia

In a clinical context the terms tachycardia and bradycardia are mostly used for a heart rate
that exceeds a fixed threshold: a physician speaks of a tachycardia, when the patient's heart
rate exceeds 100 beats per minute; and of a bradycardia, when the heart rate is less than 60,
50 or even 40 beats per minute. This threshold varies per patient and is related to his
physiology, e.g. for people with athletic heart syndrome the lowest threshold would apply,
because they naturally have a relatively low heart rate. This type of event is called 'absolute'
in the context of this project to emphasize the difference with the relative tachycardia and
bradycardia.

50 < HR < 100 bpm /0 50 < HR < 100 bpm /0

HR < 50 bpm / absolute
bradycardia event

HR> 100 bpm / absolute
tachycardia event

Figure 3.9: State diagram for the detection of absolute events (tachycardia or bradycardia).

The detection of absolute events is a process that continuously runs parallel to the other
processes. It has three unique states (fig. 3.9): a state where no event is detected ('start')
and two states for the detected events, one for tachycardia and one for bradycardia.

3.3. Monitoring requirements

When a patient is being monitored, a number of situations can occur that require an
intervention of the nursing staff. Each of the situations, or states, corresponds to a certain
physiological state of the patient. Some of them require (immediate) action from the nursing
staff; others are merely interesting for research or long term evaluation, therefore logging
suffices.

The collection of states is schematically described by the 'state diagram' shown in fig. 3.10. It
is not a genuine state diagram because it isn't unambiguous for all states; multiple states can
be active / true at the same time, e.g. the occurrence of an absolute bradycardia doesn't rule
out low heart rate variability (HRV). The conditions for transition from one state to another
and the alarms that correspond to a certain state are displayed here as well.

As stated before, some situations may indicate a serious physiological problem for the
patient, possibly even life threatening. The response of the nursing staff should be adjusted
to the situation, therefore a number of different alarms have been established, ranging from
an immediate response, to a checkup as soon as possible (A.S.A.P.), to taking no action.
Sometimes the heart rate signal alone isn't sufficient for determining the appropriate course
of action. A verification of the event has to be performed first, e.g. an absolute tachycardia
can simply be the result of a bad dream or can indicate a serious pathology. The alarms
have been given a colour code that also corresponds to its priority. The relation between the
alarm colours, the possible situations that correspond to it and the required action by the
nursing staff is presented in tab. 3.2.
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Figure 3.10: State diagram for situations in the care environment. The colours indicate the priority (from high to
low: red, orange, yellow, blue, white, green).

The asystole and the absolute bradycardia have the highest priority, because they pose
acute lethal danger to the patient. The technical problem is defined as a situation where no
heart beat is detected for more than 3 seconds and an impedance check on the sensor
returns a high value, indicating the sensor is detached from the human skin.
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3.4. Heart rate variability

Heart rate variability (HRV) refers to the beat-to-beat alterations in heart rate. Under resting
conditions, the ECG of healthy individuals exhibits periodic variations in the intervals
between heart beats. This rhythmic change in heart rate relates to the respiration and is
accordingly called respiratory sinus arrhythmia (RSA). The inspiration phase corresponds
with an acceleration of heart rate and the expiration phase with a deceleration. RSA is
primarily caused by respiratory gating of the parasympathetic efferent activity to the heart:
vagal efferent traffic to the SA node occurs in phase with expiration and is absent or
attenuated during inspiration. Therefore HRV predominantly relates to the amount of vagal
activity. [Fumihiko Yasuma and Jun-ichiro Hayano, 2004]

HRV is known to be indicative of a person's psychological and physiological state. Especially
stress, anxiety, hostility and fear appear to be related to a low HRV. [John D. and Catherine
1. MacArthur Research Network on Socioeconomic Status and Health, 1997] Furthermore
HRV has some degree of clinical information for hypertension, congestive heart failure and
rejection after heart transplantation, amongst others. Most importantly however a depressed
HRV is a predictor of sudden death or cardiac arrest. [Task Force of the European Society of
Cardiology and the North American Society of Pacing and Electrophysiology, 1996] This
makes the HRV parameter a potentially effective tool for the research of SUDEP.

The heart rate variability is a desirable parameter for monitoring, but not the primary sUbject
of this thesis. Due to the limited amount of time, the choice was made not to implement this
function. It is recommended however to adopt heart rate variability in a future version of the
software.

3.5. Problem indicating events

Two specific events have not been implemented for practical reasons: the asystole (the
absence of a heart beat; also called cardiac arrest) event and the event indicating a technical
problem. Both events rely on two types of input: the heart beat data and the result of an
impedance check at the electrode.

When no heart beats are detected for more than three seconds, this could either indicate a
lethal situation (the asystole) or a problem with the acquisition of the signal. An impedance
check at the electrode can provide the information whether or not the electrode is connected
to the patient's skin. If not, there is a technical problem; but if so, a cardiac arrest may be
occurring.
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3.6. Program code

The development of an algorithm that has to work in real-time emposes restrictions on the
program code. The time the algorithm needs to complete one cycle has to be less than the
time it takes to receive new input; in this case this means the algorithm has to complete its
complete detection cycle in the amount of time from one heart beat to the next. Therefore
there are limits to the complexity and performance of the algorithm. For an extremely high

heart rate, e.g. 220 bpm, this would lead to a maximum cycle time of 60 =0.27 seconds.
220

31

One of the applications in the near future is to embed the algorithm in an ambulant device for
instance a type of mobile phone. This emposes even more rigid demands on the program
code in the form of limitations to memory, processor capacity, power consumption and data
storage. These requirements have to be kept in consideration, but the first version of the
algorithm isn't bound to these restrictions; it is allowed to deviate from them.
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4. Implementation

4.1. Programming environment and setup
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The course of the test process is described in fig. 4.1. The actual first part, the recording of a
patient's ECG, was done before the start of this master's project. The ECG is digitally stored
in a binary file that also contains the EEG and accelerometry data and is used for the heart
beat extraction in Matlab®. This algorithm outputs a text file with a time stamp (or marker) in
milliseconds for every heart beat that is detected. The marker file is the data source for the
event detection algorithm. When an event (see also chapter 3) is detected, this will be logged
to another text file.

signal file con
taining an ECG

recording

ECG

heart beat
extraction
algorithm

heart
beat time
stamps

ECG markers file
containing heart
beat time stamps

heart
beat time
stamps

event
detection
algorithm

detected
events

event file
containing

detected events

Figure 4.1: The course of the test process.

Before starting the implementation of developed algorithms the choice of programming
language had to be made. A number of options have been reviewed, including Java®, C++,
Delphi and Basic. Based on the following reasons Java® was chosen.

Java® is platform independent, allowing code to run on all type of systems. A growing
number of Java® enabled microchips is available that make it possible to easily embed the
code. Since this is one of the future objectives, as explained in paragraph 3.2, this is
considered an advantage.

Also, compared to C++, the programming language that is often used for embedded
applications, Java® protects the programmer from a large number of programming errors and
difficulties by automating the memory management as opposed to leaving this to the
programmer (as is the case with C++). Though this could pose a restriction on the efficiency
of the code, the Java® compiler nearly eliminates this problem by using sophisticated
techniques to transform the Java® code to machine language.

A possible disadvantage of Java® compared to C++ is the performance speed. The current
state of technique however makes this distinction insignificant for the application of this
project. The relatively low speed at which calculations need to be performed (one complete
cycle takes at least 0.27 seconds) is no problem for current processors that have clock
speeds that easily exceed 70 MHz.

The algorithms for heart beat extraction and for event detection are developed and tested on
an Intel® Pentium® 4 desktop computer (2.8 GHz) with 256 megabytes of RAM. The first
algorithm is programmed in Matlab® (The Mathworks, 2005), a technical computing language
that is specialized in numerical computation and data analysis; the latter is programmed in
Java® (Sun Microsystems, 2005), an object oriented, platform independent programming
environment. The Java® compiler developed by Borland® (Borland, 2005) was chosen for this
project: Borland® JBuilder® X Foundation 10.0.176.0 based on the Java® 2 Runtime
Environment 1.4.2_01-b06.
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4.2. Event detection on heart rate
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This paragraph will elaborate on the various types of event detection and how they are
implemented as Java® code. First the major steps, that can be distinguished when looking at
one cycle of the algorithm, are described and visualized by a flowchart. Next these steps are
explained in more detail, starting with the detection of accelerations and decelerations,
followed by the relative tachycardia and bradycardia seizure candidates and finally the
absolute tachycardia and bradycardia. In appendix B the most important functions are
described by pseudo-code.

4.2.1. Program flow

All major steps of the event detection algorithm are visualized in a flowchart (fig 4.2). First all
heart beat time stamps are read from the ECG markers file and are put into an array. A
recording is typically performed over a 24 hour period (never longer), resulting in an average

[
beats] [ min] [ ] .of 80. ·60 -- ·24 hours =115200 heart beats that are stored In the array. In an

mmute hour
actual real-time application this part will be omitted and new heart beats will be gained
directly from the detector at the moment they occur.

Next the program cycle is started by retrieving the first available heart beat. If no new heart
beat is available the algorithm will end. This is also an ad hoc solution for offline testing using
an array as temporary storage for the heart beats. In the real-time version this will be
replaced by a function that checks for possible problems as noted in paragraph 3.5.

For every new heart beat the instantaneous heart rate is calculated (see paragraph 3.1) and
this value is stored in a ring buffer, an array of fixed size where for every new piece of data
that has to be stored the oldest one is removed (the head is connected to the tale of the
buffer). During an initialization phase the ringbuffer is completely filled; no detection is
performed before sufficient samples are present. A minimum number of 60 heart rates is
required to start the detection functions. During every cycle of the loop displayed in fig. 4.2
absolute event detection, linear event detection and exponential event detection are
performed. Before continuing to a new cycle the oldest heart rate is removed from the
ring buffer.
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Figure 4.2: Flowchart of the detection algorithm. The rounded rectangles correspond to the start and end points;
the parallelogram indicates an operation on a file; the diamonds indicate a choice and the squares stand for

operations.
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4.2.2. Acceleration and deceleration curves
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As the flowchart of fig 4.2 shows, the detection of accelerations and decelerations are
divided into linear and exponential event detection. The primary focus of this project is to find
a linear acceleration followed by an exponential deceleration (paragraph 3.2). The detection
algorithm however has a modular composition to allow the detection of alternate sequences
of linear or exponential events. The detection of linear decelerations and exponential
accelerations has already been implemented, but isn't used at the moment. Therefore the
descriptions given in this subsection will focus on the linear acceleration and the exponential
deceleration.

To detect the linear acceleration a linear regression is performed on a window that contains
the latest N samples (fig 3.7). The value for N has been set to 4, because this is
considered the best compromise between the detection delay (the longer the window, the
longer it takes for a deviation to be detected) and the accuracy of the method (the more
samples, the more accurate detection is possible).

When the slope exceeds a patient specific positive threshold the heart rate is stored in a
buffer as was explained in subsection 3.2.2. This is implemented as a series of if-else
statements in the function findLinearEvents of appendix B.1. If the condition is met (this
mean a possible linear acceleration has been detected), a check is performed by the function
checkEventEnd whether or not the currently detected event is of the same type as a
previously stored event, if any. When this isn't the case, the previous event is finished and
before clearing it (resetEvent), it is stored in the event file if it contains a patient specific
predetermined minimum amount of heart rates. This minimum number of heart rates
excludes a large number of naturally occurring heart rate variations.

Next the newest heart rate is added to the buffer, independent of the fact whether or not this
buffer was cleared in the former step and if sufficient samples are present another linear
regression is performed on all data in the buffer. This time the event will be cleared if the
correlation coefficient doesn't meet the demands.

The compensation for outliers as described in subsection 3.2.2 has been implemented, but
doesn't contribute to a better understanding of the code and is therefore omitted from the
pseudo code in appendix B.1.

The detection of exponential decelerations is largely similar to the linear event detection, but
there are a number of differences. Appendix B.2 describes the function
findExponentialEvents for exponential event detection. The first difference can be
found in an additional check of the correlation coefficient, resulting from the linear regression
on the window of four samples. This limits the amount of candidates for exponential
deceleration that may arise, as a result of the fact that a linear correlation can almost always
be detected in the logarithm of the heart rate samples. This also removes the need for outlier
compensation as implemented for the detection of linear events.

There is no lower limit to the amount of heart rates that is required to form an event. The
exponential deceleration is a fast process (see paragraph 2.4) that can occur over as little as
4 heart beats. Therefore its lower limit is automatically bound by the size of the regression
window.

When an exponential deceleration is detected and stored in the event file, the function
findMetaEvents is called. This is done from inside the findExponentialEvents
function and not in the main loop of the program to prevent from unnecessary code being
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executed; after all a relative (bradycardia after) tachycardia seizure candidate can only occur
when an exponential deceleration has been detected.

4.2.3. Relative (bradycardia after) tachycardia seizure candidates

After detection of an exponential deceleration, the function findMetaEvents (appendix
B.3) is automatically called. This function searches for certain combinations of linear and
exponential events. Such a composition of multiple events is called a meta-event. The
function first determines whether a linear acceleration has been detected prior to the
exponential deceleration (linEventFound). If this is true and the mount of time between the
end of the linear acceleration and the start of the exponential deceleration, the plateau
length, is less than a patient specific threshold, a seizure candidate (SC) has been found.

Two types of seizure candidates can be discerned: the relative tachycardia SC and the
relative bradycardia after tachycardia SC. These differ from each other in the amount of
undershoot the exponential deceleration exhibits relative to the heart rate baseline (the heart
rate baseline is calculated as the mean of the newest 60 heart rate samples). If the absolute
decrease in heart rate is larger than its increase (fig. 3.4), a bradycardia after tachycardia SC
has occurred; if not, a tachycardia SC (fig. 3.3). Finally the meta-event is stored in the event
file.

4.2.4. Absolute tachycardia and bradycardia

As explained in subsection 3.3.3 the absolute tachycardia and bradycardia can be detected
by setting two thresholds: one for the absolute tachycardia, when the heart rate is larger than
100 bpm, and one for the absolute bradycardia for heart rates lower than 50 bpm. The
function findAbsoluteEvents (appendix B.4) describes this process.

To prevent from a large number of short absolute events a minimum amount of heart rates is
required for a single absolute event (checked by sufficientHRsInEvent). Because it is
useful to change this setting for different types of research this parameter has been made
adjustable. A typical value for the minimum amount of heart rates in an absolute bradycardia
is 5 and for the absolute tachycardia 10. This difference is due to the fact that an absolute
bradycardia is more dangerous to the patient than an absolute tachycardia. The latter only
poses a threat if prolonged (paragraph 3.3) and may simply be the result of exercise.

The start and end of an absolute event are determined after a similar fashion as with the
linear and exponential events: when a heart rate is input that doesn't match the previous type
of event, the previous event is stored (if it contains enough heart rates), cleared and
subsequently a new possible event of the current type is created. This is accomplished by
the function checkForDifferentEvent.

4.3. Parameter settings

The operation and results of the event detection algorithm depend on the values of a number
of parameters. These parameters may vary from one patient to the other and are therefore
called patient specific. A configuration file contains the settings for every patient.

The parameters that can be adjusted are:
the minimum number of heart rates in a linear acceleration;
the minimum number of heart rates in an absolute tachycardia;
the minimum number of heart rates in an absolute bradycardia;
the minimum slope for a linear acceleration;
the minimum slope for an exponential deceleration;
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the minimum correlation coefficient for a linear acceleration;
the minimum correlation coefficient for an exponential deceleration;
the minimum correlation coefficient for the windows of an exponential deceleration;
and the maximum duration of a possible plateau between the linear acceleration and the
exponential deceleration.

Some of these parameters affect the operation of the other parameters, making it a very
complex problem to determine the best settings for detection of seizure candidates. A
satisfactory solution for this problem has not been found yet. A sub-optimal protocol based
on heuristics is used at the moment for determining the settings for detection.

First 5 or 6 representative seizure candidates with desired heart rate patterns are searched
manually based on visual interpretation of the heart rate signal. For each epoch all heart beat
time stamps are extracted and copied to an Excel® [Microsoft, 2005] sheet. There the
instantaneous heart rates, slopes and logarithmic slopes are calculated. The start and end of
the linear acceleration and exponential deceleration are manually pinpointed and on this
range of data points a linear regression is performed, resulting in a value for the correlation
coefficient.

The calculated results are reviewed for all 5 or 6 seizure candidates: the minimum number of
heart rates in a linear acceleration is determined by the minimum of all seizure candidates.
The same protocol is used for the other parameters, except for determining the minimum
slope for a linear acceleration. This too is done by taking the minimum of all seizure
candidates, but the compensation for a single outlier is taken into account. This means the
slope of every second heart rate may lie under the minimum threshold without having to
adjust this threshold downwards.

The choice of seizure candidates as well as the parameter estimation are entirely based on
heuristics and will generally not result in the optimal solution. It is recommended to formulate
a protocol that will approach this optimum more closely and based on formal mathematical
methods.
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5. Testing and results

5.1. Verification of heart beat extraction

The output of both methods for heart beat extraction, the BrainlaB® method and the
Kempenhaeghe method, is compared to each other. As 'Golden Standard' for verification of
both methods visual interpretation of the ECG by the author is used; in case of doubt a
specialist was consulted.

Relative to the Golden Standard there are three different possible values for every assessed
heart beat:

true positive (TP) when a genuine heart beat is detected;
false positive (FP) when a heart beat is found by the detector, while according to visual
interpretation there is none;
and false negative (FN) when a genuine heart beat is missed by the detector.

From these values the sensitivity (SEN) and the positive predictive value (PPV) are
calculated as follows:

PPV = TP
TP+FP

SEN = TP
TP+FN

(5.1 )

(5.2)

A total number of 1019 heart beats distributed over 9 different patients and 13 epochs was
examined. The studied parts of ECG were selected based on their varying properties,
ranging from a normal ECG to ECG from patients with bundle branch block, to ECG with
artefacts and ECG during seizures.

An overview of all test data that was used is provided in appendix C. Information on every
piece of ECG that was examined can be found there. Per epoch a figure with a snapshot of
the ECG is included, as well as a table containing the PPV and sensitivity; also a description
of the ECG and its possible deviations is given.

It~ "t' tdtT bl 5 1 CIt' t ta e . umu a Ive es resu s or a pa len a a.

TP FP FN PPV SEN
BrainlaB® 792 324 227 0.710 0.777
Kempenhaeghe 1008 89 11 0.919 0.989

over e an o a Da len s.

PPV SEN
J.1. (j J.1. (j

Brainlab® 0.742 0.348 0.797 0.308
Kempenhaeghe 0.926 0.055 0.990 0.015

Table 5.2: Average ( J.1.) and standard deviation ((j ) of the PPV and SEN calculated

th PPV d SEN f "9 t' t

The cumulative results of all tests are displayed in tab. 5.1 and 5.2. The Kempenhaeghe
method achieves a better overall heart beat extraction than the BrainlaB® method. In specific
situations the BrainlaB® method performs better however. Some distinct features can be
extracted from the observations:

The BrainlaB® method encountered major difficulties for a patient with bundle branch
block (identifiable by a widened QRS complex), while the Kempenhaeghe method
performed significantly better: a PPV of 0.578 versus 0.891 and a sensitivity of 0.891
versus 0.976 (tab. C.5).
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The BrainlaB® method is unable to handle patients with a deviated heart axis or high P
and T waves, resulting in a PPV of 0.400 (tab. C.6) and 0.250 (tab. C.1 0) respectively. A
deviated heart axis combined with distortion of the ECG even completely eliminates heart
beat detection (tab. C.7). The Kempenhaeghe method barely meets problems on these
same data sets.
Nearly all test results from the Kempenhaeghe method surpass those of the BrainlaB®
method. Four instances were found were this does not apply: once during a seizure (tab.
C.4) and three times in (sometimes heavily) disturbed ECG (tab. C.11, tab. C.12 and tab.
C.13). A number of false positives are detected here. This can be explained by looking at
the frequency of the peaks that are mistaken for an R-wave (the false positives). If the
frequency is located around 20 Hz (paragraph 3.1) the detector falsely declares the peak
as an R-wave. At least a number of these can be prevented by transferring a part of the
detector to the software domain, where it is easy to implement additional restrictions for
the detection of R-waves, e.g. a minimum amount of time that has to pass between two
successive R-waves.

Based on the above observations, the Kempenhaeghe method is generally preferred over
the BrainlaB® method for heart beat extraction. Some distortions in the ECG reduce the
effectiveness of the Kempenhaeghe method. This problem may be (partly) removed by
transferring parts of the heart beat extraction circuit to the software domain. It is
recommended to investigate the option of using software for all functions except for the
filters. This would lead to a flexible heart beat detection that for instance could easily reduce
the number of false positives, but would not empose the large processor load needed
resulting from a complete change from hardware to software (the higher order filters require
extensive processing power).

5.2. Seizure detection algorithm

A general remark has to be made on the data that is used as reference for the tests that are
described in this paragraph. The 'Golden Standard' for marking seizure candidates, i.e. a
combination of video monitoring and EEG analysis by an expert, is the best reference
available, however far from perfect. When two different experts look at the same EEG
recording, the reported seizure candidates will often differ. False positives as well as false
negatives are likely to be part of the seizure candidates.

5.2.1. Parameter sensitivity analysis

A sensitivity analysis for one patient (006zvn) has been performed. This means detection
parameters (see paragraph 4.3) have been varied one parameter at a time while keeping the
other settings fixed at their standard value (tab. 5.3). Next the seizure candidates that are
detected have been scored, cumulating to values for true positive, false positive and false
negative for every setting. From these the PPV and the sensitivity have been calculated and
plotted against the parameter of interest in fig. C.29 to C.36. In tab. C.14 an overview of the
results of the sensitivity analysis is displayed 3

.

Most curves for PPV and sensitivity show a similar course. The sensitivity generally
decreases when the detection threshold for a parameter is raised. The PPV exhibits an
opposite effect: when the threshold is raised, the PPV increases. However for some
parameters there is a limit to the amount of increase of the PPV (fig. C.30 and C.31).
Although the number of detected true positives increases, the number of false positives
increases at the same time, eventually leading to a decrease of the PPV.

3 The rows in tab. C.14 with a grey background contain the standard settings and have not been taken
into account for the calculation of the cumulatives at the bottom rows of the table.
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Parameter Value
minimum number of heart rates in a linear acceleration 9
minimum slope for a linear acceleration 0.9 [bpm/s]
minimum slope for an exponential deceleration e-OOI5 [bpm/s]
minimum correlation coefficient for a linear acceleration 0.9
minimum correlation coefficient for an exponential deceleration 0.95
minimum correlation coefficient for the window of an exponential deceleration 0.95
maximum duration of a possible plateau 9 [s]

Fig. C.34 shows that the algorithm is almost completely insensitive to changes to the
minimum correlation coefficient for an exponential deceleration parameter. This can be
explained by the fact that a restriction is already emposed on the correlation coefficient in an
earlier stage by the correlation coefficient for the window of an exponential deceleration
(appendix B.2: correlationThreshold versus secondaryCorrelationThreshold).

The highest sensitivity (0.733) is achieved for a minimum linear correlation coefficient of 0.7
and a minimum slope for a linear acceleration of 0.0. This however seems far from an ideal
setting, since the PPV (0.031) is among the lowest that have been registered. A
consequence of this setting would be a large amount of false alarms and render the system
useless in practice. The opposite effect is discovered for the highest PPV (0.143); this results
in a sensitivity of 0.067.

Five of the 15 seizure candidates (number 5, 7, 8, 10, 13, 14 and 15) are detected only two
times or less. By reviewing the heart rate patterns (fig. C.14 to C.28) of these seizures in all
cases a cause for not detecting the seizure candidate can be determined: number 5 and 8
lack an exponential deceleration, at number 7 the heart beat extraction fails and the patterns
at number 10, 13 and 14 generally don't match the proposed patterns. Detecting (some of)
these five seizure candidates would require very low detection thresholds, which again
results in a large number of false positives.

Fig. C.36 and tab. C.14 validate the introduction of a plateau between the linear acceleration
and the exponential deceleration. Without such a plateau at least three seizure candidates
will not be detected by the algorithm.

5.2.2. Seizure detection

The seizure detection algorithm has been tested on 5 different patients with a total of 128
seizure candidates. There wasn't enough time for testing 10 patients or more as was
intended. To create a better reflection of the algorithm's operation more patient data should
be examined in the near future. The usable data has already been selected (appendix A) and
made available.

The sub-optimal settings (see paragraph 4.3) for the detection parameters of tab. C.16 have
been used, which resulted in the figures presented in tab. C.15. An average PPV of 0.245
((5 = 0.244) and an average sensitivity of 0.618 ((5 = 0.153) have been achieved. The tests
show that patient specific parameter settings are required to improve detection, though the
algorithm is less sensitive to changes in some of the parameters than others.

As noted in the introduction of this paragraph these numbers may not be a perfect
description of the truth. A part of the large amount of false positives that are detected by the
algorithm is expected to refer to actual seizures. To confirm or invalidate this assertion a
backward study should be performed by an expert: using the seizure candidates of the
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detection algorithm, the EEG (and possibly the video) should be examined for missed
seizures.
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Since the model for the heart rate patterns is considered characteristic for seizures, but not
specific, false positives are expected to occur. It has not yet been determined in what
proportion the model is specific or characteristic to seizures. It would be desirable to
investigate this further. A cause for the presence of false negatives can be found in the fact
that not every seizure goes with a linear acceleration and an exponential deceleration. The
actual patterns range from faint hills to groups of sharp peaks to no heart rate alterations at
all. To what extend a seizure changes the heart rate signal is also related to the type of
seizure. Severe seizures will nearly always have a distinct influence on the heart rate signal.

The PPV and sensitivity can be improved by combining analysis of the heart rate with other
patient properties, e.g. accelerometry, as is intended in the seizure detection programme.
Muscle artefacts in the ECG also appear to be usable as an extra parameter for detection.
These were discovered to often accompany seizure candidates (fig. 5.1) and could be useful
in future applications. A simple threshold detector on the amplitude of the ECG would
probably suffice for this purpose.
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I
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Figure 5.1: Muscle artefact going together with a seizure candidate with heart rate acceleration (above: the raw
EGG with a clear artefact; below: the heart rate signal).

The algorithm's speed is adequate for real-time detection: on the system described in
paragraph 4.1 the complete analysis of a 24 hour recording takes about 3 to 4 second.
Harddisk reads and writes make up the largest part of this time. Therefore real-time detection
should not pose a problem, even on the (much slower) processors that are generally used for
embedded applications.
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6. Conclusions and recommendations

The primary objective of this master's project, stated as "The development and
implementation of a method to detect epileptic seizures in real-time in a selected group
of patients, using pattern recognition on heart rate", has been met. An algorithm to
detect these patterns has been developed and programmed in Java®. This
programming language has been primarily chosen because of its platform
independency, simplifying a transfer to an embedded application in the near future.

The possibility of a plateau between the hypothesized linear acceleration and
exponential deceleration [Leutmezer et aI., 2003; Van Elmpt et aI., 2003a, 2003bj has
been appended to the model. The necessity of such a plateau has been demonstrated
by the parameter sensitivity analysis of subsection 5.2.1.

The detection of the proposed patterns for seizure candidates has been split up into
separate components: the algorithm continuously searches for linear accelerations and
exponential decelerations and tries to find combinations of these two types. The
detection of the patterns has been implemented and tested. For both the detection of
linear and exponential events, linear regression is used on the unprocessed heart rates
and the logarithm of the heart rates, respectively. Though this formally creates an
inconsistency in noise models (multiplicative versus additive), no problems relating to
this subject were encountered. It is uncertain what model matches heart rate best. It is
recommended to investigate the underlying noise models further and adapt the
detection method to use a single noise model.

The detection of absolute tachycardia and bradycardia and the functionality for the
detection of linear decelerations and exponential accelerations have been
implemented. These last two events are unused at the moment and therefore haven't
been tested, but may be necessary for the detection of relative bradycardia or other
(yet to be determined) events. It is recommended to study the pattern of relative
bradycardia to be able to detect these in the near future.
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To achieve the best possible detection a number of parameters can be adjusted. Some of
these parameters are dependent on each other, making the optimalization process complex.
Until now a satisfactory solution for this problem has not been found. A sub-optimal manual
protocol that depends on some rather arbitrary choices is used. A more formal procedure for
determining the optimal setting should be researched.

Using the best discovered parameter settings for detection on the data of 5 different patients
(with a total number of 128 seizure candidates) an average PPV of 0.245 ((Y = 0.244) and
an average sensitivity of 0.618 ((Y = 0.153) were found. More patient data has to be
processed for more representative test results. Due to the possibly low accuracy of the
"Golden Standard" for seizure candidates, a study ought to be performed that uses the
seizure candidates from the heart rate detection algorithm to confirm or invalidate these by
analysis of the EEG and video.

Muscle artefacts in the ECG may provide an extra parameter for detection. These artefacts
are often seen in the presence of a seizure candidate and are easy to detect. The use of this
parameter for improvement of the ECG based detection should be researched.

The use heart rate variability as an extra parameter for monitoring has been superficially
studied. It is desirable to implement this functionality in a future version of the software for its
clinical value.
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Two events have not been implemented for practical reasons: the detection of an asystole
and the detection of a possible technical problem. Both require an additional input (that is not
available at the moment) in the form of an impedance check of the sensor that is attached to
the patient's skin.

Parallel to the seizure detection algorithm a hardware method for heart beat extraction from
the raw electrocardiogram (ECG) has been developed at Kempenhaeghe. This method has
been simulated and compared to a similar method in software by BrainlaB®. The results of
the Kempenhaeghe method exceeded the BrainlaB® method by far: an average positive
predictive value (PPV) of 0.926 ((J = 0.055 ) versus 0.742 ((J = 0.348) and an average
sensitivity of 0.990 ((J = 0.015) versus 0.797 ((J = 0.308), respectively. The possibility of
improving the Kempenhaeghe method should be explored: by transferring parts of the circuit
to the software domain the PPV in particular may be improved.
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Appendix A. Patient overview

Tab. A.1 and A.2 provide an overview of the patients, whose data was available for this
project. If the data wasn't analyzed, the reasons are stated in these tables as well.
Furthermore an indication of the usefulness of the patient data is given in values ranging
from poor to average to sufficient to good.
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Table A.1: Patients from the seizure detection programme (abbreviated bv 'wo').

Patient Remarks I Reason not analyzed Usefulness
001wo Poor heart beat extraction. Poor
002wo No relation heart rate and epilepsy. Poor
003wo No relation heart rate and epilepsy. Poor
004wo Only 2 instances of heart rate and epilepsy relation. Poor

Psychogenic seizures.
005wo No relation heart rate and epilepsy. Incomplete ECG data. Poor
006wo Relation heart rate and epilepsy is present, but patterns are Poor

erratic.
007wo Incomplete ECG data (only 45 minutes). Poor
008wo All seizure candidates show an increase in heart rate. Good
009wo Very high variability (RSA) makes relation heart rate and Poor

epilepsy invisible.
010wo No relation heart rate and epilepsy. Poor
011wo No EEG registration, therefore no seizure candidates .. Poor
012wo All seizure candidates show an increase in heart rate. Heart Sufficient

beat extraction not optimal.
013wo Heart beat extraction failed. Bundle branch block. Poor
014wo Incomplete ECG data. Poor
015wo Most seizure candidates show an increase in heart rate. Heart Sufficient

beat extraction not optimal.
016wo Most seizure candidates show an increase in heart rate. High Sufficient

variability (RSA).
017wo No relation heart rate and epilepsy. Poor
018wo Poor heart beat extraction. Deviated heart axis or non standard Poor

lead configuration.
019wo Problem reading ECG data. Poor
020wo Only 1 instance of heart rate and epilepsy relation. Poor
025wo Most seizure candidates show an increase in heart rate. Non Average

standard patterns.
029wo Most seizure candidates show an increase in heart rate. Good
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Table A. 2: Patients from the health care innovation project (abbreviated by 'zvn').

Patient Remarks I Reason not analyzed Usefulness
001zvn Most seizure candidates show an increase in heart rate. Poor Average

heart beat extraction.
002zvn Relation heart rate and epilepsy is present, but patterns are Average

erratic.
003zvn Poor heart beat extraction. Deviated heart axis or non standard Poor

lead configuration.
004zvn No seizure candidates. Poor
005zvn If present, only very faint relation between heart rate and Poor

epilepsy.
006zvn Most seizure candidates show a slight increase followed by a Sufficient

decrease in heart rate.
007zvn Most seizure candidates show an increase followed by a Sufficient

decrease in heart rate. Poor heart beat extraction during
seizures.

009zvn Relation heart rate and epilepsy is present, but patterns are Average
erratic.

010zvn Only 6 seizure candidates (4 based on EEG). Relation heart Poor
rate and epilepsy is present, but patterns are erratic.

011zvn No EGG recorded. Poor
012zvn Epilepsy not confirmed. Poor
014zvn Most seizure candidates show an increase in heart rate. Poor Average

heart beat extraction during seizures.
015zvn If present, only very faint relation between heart rate and Poor

epilepsy.
020zvn If present, only very faint relation between heart rate and Poor

epilepsy.
021zvn Only 2 seizure candidates. Poor
022zvn Very high variability (RSA) makes relation heart rate and Poor

epilepsy invisible.
024zvn If present, only very faint relation between heart rate and Poor

epilepsy.
026zvn Seizure candidates sometimes show an increase in heart rate. Average
027zvn All seizure candidates show an increase in heart rate. Good
028zvn Seizure candidates sometimes show an increase in heart rate. Average
030zvn If present, only very faint relation between heart rate and Poor

epilepsy.
031zvn Seizure candidates sometimes show an increase in heart rate. Poor

Poor heart beat extraction.
032zvn Only 4 seizure candidates (of which only 2 based on EEG). Poor
033zvn No relation heart rate and epilepsy. Poor
034zvn Data disc missing, therefore no EGG. Poor
035zvn No relation heart rate and epilepsy. Incomplete EGG data. Poor
200zvn Seizure candidates sometimes show an increase in heart rate. Poor

Poor heart beat extraction.
201zvn Most seizure candidates show an increase in heart rate. Non Good

standard patterns.
202zvn Relation heart rate and epilepsy is present, but patterns are Poor

erratic. Only 7 seizure candidates (3 based on EEG).
203zvn Relation heart rate and epilepsy may be present, but patterns Poor

are erratic. Only 3 seizure candidates.
204zvn Data disc missing, therefore no EGG. Poor
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Appendix B. Program code

8.1. Linear acceleration and deceleration detection

function findLinearEvents (input latestFourHRs)

currentEventType = noEvent;
doRegressionOnHRs;

if (slope> accelerationThreshold)

currentEventType = linearAcceleration;
checkEventEnd;

else if (slope < decelerationThreshold)

currentEventType = linearDeceleration;
checkEven tEnd;

else

if (sufficientHRslnEvent)
storeEvent;

end if;

resetEvent;

end if;

end function;

function checkEventEnd

if (currentEventType != previousEventType)

if (sufficientHRslnEvent)
storeEvent;

end if;
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resetEvent;
previousEventType

end if;

currentEventType;

addNewestHRtoBuffer;

if (sufficientHRslnEvent)

doRegressionOnBuffer;

if (correlationCoef < correlationThreshold)
resetEvent;

end if;

end if;

end function;

Real-time detection of epileptic seizures based on heart rate patterns
Master of Science thesis



Appendix B. Program code

B.2. Exponential acceleration and deceleration detection
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currentEventType;

function findExponentialEvents (input latestFourHRs)

currentEventType = noEvent;

takeLogarithmFromHRs;
doRegressionOnLogarithmicHRs;

if (slope > accelerationThreshold && correlationCoef > correlationThreshold)

currentEventType = exponentialAcceleration;
checkEven tEnd;

else if (slope < decelerationThreshold && correlationCoef > correlationThreshold)

currentEventType = exponential Deceleration;
checkEven tEnd;

else

if (previousEventType != noEvent)
storeEvent;
findMetaEvents;

end if;

resetEvent;

end if;

end function;

function checkEventEnd

if (currentEventType '= previousEventType)

if (previousEventType != noEvent)
storeEvent;
findMetaEvents;

end if;

resetEvent;
previousEventType

end if;

addNewestLogarithmicHRtoBuffer;
doRegressionOnBuffer;

if (correlationCoef < secondaryCorrelationThreshold)
resetEvent;

end if;

end function;
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B.3. Tachycardia SC detection

function findMetaEvents (input linear8vent, exponentia18vent)

if (linEventFound)

if (linear8ventType == acceleration && exponentia18ventType == deceleration)

if (deceleration8ndTime - accelerationStartTime < threshold)

HRincrease = topAccelerationHR - baselineHR;
HRdecrease = topDecelerationHR - bottomDecelerationHR;

if (HRdecrease ~ HRincrease)
meta8vent bradycardiaAfterTachycardiaSC;

else
meta8vent tachycardiaSC;

end if;

storeMetaEven t;

end if;

end if;

end if;

end function;

B.4. Absolute tachycardia and bradycardia detection

function findAbsoluteEvents (input latestHR)

current8ventType = no8vent;

if (HR ~ 100)

current8ventType = absoluteTachycardia;
checkForDifferentEvent;

else if (HR ~ 50)

current8ventType = absoluteBradycardia;
checkForDifferentEvent;

else

if (sufficientHRslnEvent) storeEvent; end if;
resetEvent;

end if;

end function;

function checkForDifferentEvent

if (current8ventType ,= previous8ventType)

if (sufficientHRslnEvent) storeEvent; end if;
resetEvent;
previous8ventType = current8ventType;

end if;

end function;
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Appendix C. Test results

C.1. Heart rate extraction from the electrocardiogram

This paragraph contains the results of the tests on the heart rate extraction methods: the
SrainlaS® method and the Kempenhaeghe method. These are compared to one another
using data from 9 different patients. For every test a snapshot of the EGG has been included
that contains different markers per method for a detected heart beat: green markers for the
SrainlaS® method and red markers for the Kempenhaeghe method. The EGG figures have
different scales on their horizontal (time) and vertical (voltage) axes to provide a better view
of the distinctive shapes of the EGG.

Also a table has been added for each performed test. These present the number of true
positive (TP), false positive (FP) and false negative (FN) detected heart beats as well as the
calculated positive predictive value (PPV) and the sensitivity (SEN).

C. 1. 1. Patient 008WD

Time: 21/10/2002; 23:15.00 - 23:16.00 hours
EGG: during seizure

Table C.1: Test results for patient 008wo.

TP FP FN PPV SEN
BrainlaB® 19 2 1 0.905 0.950
Kempenhaeghe 20 1 0 0.952 1
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Figure C. 1: ECG for patient 008wo.

Time: 22/10/2002; 01 :47.00 - 01 :48.30 hours
EGG: during 2 seizures

t 008I ~T bl C 2 T ta e es resu ts or patlen woo

TP FP FN PPV SEN
BrainlaB® 80 2 0 0.976 1
Kempenhaeghe 80 0 0 1 1
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Figuur G.2: EGG for patient 008wa.

C.1.2. Patient 012wQ

Time: 10102/2003; 12:00.00 - 12:01.00 hours
EGG: normal

Table G.3: Test results for 'Jatient 012wa.

TP FP FN PPV SEN
BrainlaBIRJ 68 0 0 1 1
Kempenhaeghe 68 0 0 1 1
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Figure G.3: EGG for patient 012wa.

Time: 10102/2003; 23:59.00 - 23:59.30 hours
EGG: during seizure
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t" t 012It ~T bl C 4 T ta e es resu s or pa len woo

TP FP FN PPV SEN
BrainlaB® 51 0 0 1 1
Kempenhaeghe 50 5 1 0.909 0.980
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Figure C.4: ECG for patient 012wo.

C.1.3. Patient 013WQ

Time: 12/03/2003; 21 :00.00 - 21 :01.00 hours
ECG: bundle branch block (widened QRS complex)

Table C.5: Test results for patient 013wo.

TP FP FN PPV SEN
BrainlaB® 46 37 38 0.578 0.548
Kempenhaeghe 82 10 2 0.891 0.976
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Figure G.5: EGG for patient 013wo.

C.1.4. Patient 018wo

Time:
ECG:

01/09/2003; 14:59.30 - 15:00.30 hours
deviated heart axis

r t 018It "T bl G 6 T ta e es resu s or oa fen woo

TP FP FN PPV SEN
BrainlaBQlJ 84 126 17 OAOO 0.832
Kempenhaeghe 101 13 0 0.886 1
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Figure G.6: EGG for patient 018wo.
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Time: 02/09/03; 02:08.00 - 02:09.00 hours
EGG: deviated heart axis, disturbed EGG

Table G.7: Test results for oatient 018wo.

TP FP FN PPV SEN
BrainlaBQlI 0 0 88 0 0
Kempenhaeghe 88 7 0 0.926 1
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Figure G.7: EGG for patient 018wo.

C.1.5. Patient 001zvn

Time: 22/04/2003; 14:48.30 - 14:49.30 hours
EGG: artefact

T b Ga Ie .8: Test results or patient 001zvn.

TP FP FN PPV SEN
BrainlaBQlI 51 42 28 0.548 0.646
Kempenhaeghe 79 17 0 0.823 1
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Figure C.8. ECG for patient 001zvn.

Time:
ECG:

23/04/2003; 05:00.00 - 05:01.00 hours
normal

CTable .9: Test results or oatient 001zvn.

TP FP FN PPV SEN
BrainlaB® 60 0 0 1 1
Kempenhaeghe 60 0 0 1 1
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Figure C.9: ECG for patient 001zvn.
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C. 1.6. Patient 003zvn

Time: 19/05/2003; 18:24.00 - 18:25.00 hours
EGG: high amplitude P and T waves

Table G.10: Test results for patient 003zvn.

TP FP FN PPV SEN
BrainlaB® 38 114 49 0.250 0.437
Kempenhaeghe 85 11 2 0.885 0.977
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Figure G.10: EGG for patient 003zvn.

C. 1. 7. Patient 006zvn

Time: 18/09/2003; 17:13.00 -17:14.00 hours
EGG: disturbed

. t 006T bl G 11 Ta e est results or pat/en zvn.

TP FP FN PPV SEN
BrainlaB\!\l 100 1 5 0.990 0.952
Kempenhaeghe 100 13 5 0.885 0.952
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Figure G.11: EGG for patient 006zvn.

C.1.B. Patient 026zvn

Time:
ECG:

08/03/2004; 13:23.00 - 13:24.00 hours
disturbed

t t026
It "

~ bl G 12 T ta e es resu s or pa len zvn.

TP FP FN PPV SEN
BrainlaBIl!> 107 0 1 1 0.991
Kempenhaeghe 107 4 1 0.964 0.991
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·500

N

·lOCO

Figure G.12: EGG for patient 026zvn.
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C.1.9. Patient 201zvn

Time: 30108/2004; 18:26.20 - 18:27.20 hours
ECG: disturbed

It" t' t 201~ bl C 13 T ta e es resu s or pa len zvn.

TP FP FN PPV SEN
BrainlaB'l\) 88 0 0 1 1
Kempenhaeghe 88 8 0 0.917 1

1500~----------------,----------------,

1000

500

o

-500

-1CIIJO"------ ----'--- __='

Figure G.13: ECG for patient 201zvn.
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C.2. Parameter sensitivity analysis

This paragraph first contains snapshots of the heart rate curves corresponding to the 15
seizure candidates of patient 006zvn (fig. C.14 to C.28). The axis scales vary from one figure
to the next in order to provide the best pictures of the seizure candidate (SC) patterns.
Where recognizable, the acceleration and the deceleration have been marked by an arrow.
The arrows don't necessarily imply these patterns are linear or exponential, respectively.
They merely indicate the events that may be detected by the seizure detection algorithm.

Next tab. C.14 is submitted containing the results of the sensitivity analysis. These results
are also presented by a number of graphs (fig. C.29 to C.36), where the positive predictive
value (PPV) and the sensitivity (SEN) have been plotted against the parameter of interest.
E.g. fig. C.14 contains a snapshot of the first SC of patient 006zvn, corresponding to the
column of seizure candidate number 1 in tab. C.14. and fig. C.29 illustrates the results from
the first test of tab. C.14.
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Figure C. 14: Snapshot of seizure candidate 1 of patient 006zvn.
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Figure C. 15: Snapshot of seizure candidate 2 of patient 006zvn.
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Figure C. 16: Snapshot of seizure candidate 3 of patient 006zvn.
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Figure C.17: Snapshot of seizure candidate 4 ofpatient 006zvn.
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Figure C. 18: Snapshot of seizure candidate 5 of patient 006zvn.
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Figure C. 19: Snapshot of seizure candidate 6 of patient 006zvn.
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Figure C.20: Snapshot of seizure candidate 7 of patient 006zvn.
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Figure C.21: Snapshot of seizure candidate 8 of patient 006zvn.
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Figure C.22: Snapshot of seizure candidate 9 of patient 006zvn.
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Figure G.23: Snapshot of seizure candidate 10 of patient 006zvn.
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Figure C.24: Snapshot of seizure candidate 11 of patient 006zvn.
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Figure C.25: Snapshot of seizure candidate 12 of patient 006zvn
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Figure C.26. Snapshot of seizure candidate 13 of patient 006zvn.
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Figure C.2?: Snapshot of seizure candidate 14 of patient 006zvn.
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Figure C.28: Snapshot of seizure candidate 15 of patient 006zvn.
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Table C.14: Overview of the seizure candidates that are detected by the algorithm for varying parameter settings:
minimum number of heart rates in a linear acceleration (heart rates), minimum slope for a linear acceleration (lin.
slope), minimum slope for an exponential deceleration (exp. slope), minimum linear correlation coefficient for a

linear acceleration with standard settings (lin. cor. coef. 1), minimum linear correlation coefficient for a linear
acceleration with a minimum slope of O. 0 bpm/s for a linear acceleration (lin. cor. coer. 2), minimum correlation

coefficient for an exponential deceleration (exp. cor. coef.), minimum correlation coefficient for the window of an
exponential deceleration (exp. win. cor. coef.) and the maximum duration of a possible plateau (plateau length) A

cross marks the detection of a seizure candidate Cumulatives are added to the bottom and right of the table

seizure candidates
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 TP FP PPV SEN

5 x x x x x x x 7 320 0.021 0.467

heart 7 x x x x x x x 7 169 0.040 0.467
- - I--

rates 9 x x x x 4 61 0.062 0.267
- 1- ~ - -- I-~1-

11 x x x 3 20 0.130 0.2
13 0 0 0 0
0.0 x x x x 4 148 0.026 0.267

lin.
0.5 x x x x 4 118 0.033 0.267

1-- - 1-,-

slope 0.9 x x x x 4 61 0.062 0.267
1.5 x x x 3 24 0.111 0.2[bpm/s]
2.0 x 1 11 0.083 0.067
2.5 0 4 0 0
eO x x x x 4 62 0.061 0.267

expo
e-O,OI5 x x x x 4 61 0.062 0.267_. - --~ -

slope e-O,05 x x x x 4 35 0.103 0.267
[bpm/s] e--{),l x 1 15 0.063 0.067

e-O.2 0 2 0 0
0.7 x x x x 4 63 0.060 0.267

lin. cor. 0.8 x x x x 4 63 0.060 0.267
coef. 1 --

0.9 x x x x 4 61 0.062 0.267
0.99 x 1 7 0.125 0.067
0.7 x x x x x x x x x x x 11 342 0.031 0.733

lin. cor. 0.8 x x x x x x x x x x 10 327 0.030 0.667
coef.2 0.9 x x x x 4 253 0.016 0.267

0.99 x 1 6 0.143 0.067
0.7 x x x x 4 71 0.053 0.267

expo 0.8 x x x x 4 71 0.053 0.267
cor. 0.9 x x x x 4 66 0.057 0.267
coef.

- _. --
0.95 x x x x 4 61 0.062 0.267
0.99 x x x x 4 58 0.065 0.267
0.7 x x x x x x x x 8 69 0.104 0.533

expo 0.8 x x x x x x x 7 69 0.092 0.467
win. 0.9 x x x x x 5 74 0.063 0.333
cor. 0.95 x x x x 4 61 0.062 0.267
coef.

,-- -- - -- --,-

0.97 x x x 3 45 0.063 0.2
0.99 x x 2 16 0.111 0.133
30 x x x x x x 6 85 0.066 0.4

plateau
14 x x x x x x 6 68 0.081 0.4

1- - --

9 x x x x 4 61 0.062 0.267length -- - -

[s] 4 x x x 3 48 0.059 0.2
1 x x x 3 43 0.065 0.2
0 x x x 3 33 0.083 0.2

detected 6 3 24 27 2 19 3 0 5 2 30 7 2 0 3
missed 28 31 10 7 32 15 31 34 29 32 4 27 32 34 31
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Figure G. 29: Minimum number of heart rates in a linear acceleration against the PPV and sensitivity.
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Figure G.30: Minimum slope for a linear acceleration against the PPV and sensitivity.

67

0,120

0,100

0,080

> 0,060c.
c.

0,040

0,020

0,000

0,3

0,25

0,2
~

0,15 ~
'iii
c

0,1 Ql
III

0,05

°
exp(O) exp(-0.015) exp(-0.05) exp(-0.1)

Minimum slope for an exponential deceleration
[bpm/s]

Figure C.31: Minimum slope for an exponential deceleration against the PPV and sensitivity.
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Figure C.32: Minimum correlation coefficient for a linear acceleration with standard settings against the PPV and
sensitivity.
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Figure C.33: Minimum correlation coefficient with a minimum slope of 0.0 bpm/s for a linear acceleration against
the PPV and sensitivity.
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Figure C.34: Minimum correlation coefficient for an exponential deceleration against the PPV and sensitivity,
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Figure C.35: Minimum correlation coefficient for the windows of an exponential deceleration against the PPV and
sensitivity.
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Figure G.36: Maximum duration of a possible plateau against the PPV and sensitivity.
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C.3. Seizure detection

ft bl C 16tt"T bl C Ta e .15: est results or the seizure detectIOn aloorithm usino the parameter se mos 0 a e

Patient Date Epoch Duration #SC TP FP FN PPV SEN
008wo 21/10/'02 23:00:00 - 05:00:00 06:00:00 72 37 23 35 0.617 0.514
029wo 05/04/'04 22:45:00 - 04:45:00 06:00:00 16 11 70 5 0.136 0.688
006zvn 18/09/'03 14:39:35 - 08:03:40 17:24:04 15 8 80 7 0.091 0.533
027zvn 25/03/'04 23:40:00 - 00:35:00 00:55:00 18 9 16 9 0.360 0.500
201zvn 30/08/'04 11 :35:01 - 08: 13:44 20:38:43 7 6 268 1 0.021 0.857

Average (Jl) 0.245 0.618

Standard deviation ((j ) 0.244 0.153

'hCTable .16: "Optimum" settings for the parameters of the seizure detection a/(Jont m.

Parameter Value per patient
008wo 029wo 006zvn 027zvn 201zvn

minimum number of heart rates in a
6 10 9 4 6

linear acceleration
minimum slope for a linear

0.7 0.9 0.9 0.7 0.0
acceleration [bpm/s]
minimum slope for an exponential e -0.008 e-O.022 e -0.015 e -0.003 e -0.02

deceleration [bpm/s]
minimum correlation coefficient for a

0.93 0.94 0.9 0.93 0.94
linear acceleration
minimum correlation coefficient for an

0.94 0.92 0.95 0.94 0.93
exponential deceleration
minimum correlation coefficient for the

0.7 0.7 0.7 0.7 0.7
window of an exponential deceleration
maximum duration of a possible

7 9 9 4 5
plateau [s]
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