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Heart rate variability (HRV), the changes in the beat-tatlieeart rate calculated from the electrocar-
diogram (ECG), is a key indicator of an individual’s cardaseular condition. Assessment of HRV has
been shown to aid clinical diagnosis and intervention egjias. However, the variety of HRV estima-
tion methods and contradictory reports in this field indictitat there is a need for a more rigorous
investigation of these methods as aids to clinical evadnatrl his thesis investigates the development of
appropriate HRV signal processing techniques in the comkpilot studies in two fields of potential
application, sleep and head-up tilting (HUT).

A novel method for characterising normality in the ECG uddogh timing information and morpho-
logical characteristics is presented. A neural networkdus learn the beat-to-beat variations in ECG
waveform morphology, is shown to provide a highly sensiteghnique for identifying normal beats.

Fast Fourier Transform (FFT) based frequency-domain HRWrEues, which require re-sampling
of the inherently unevenly sampled heart beat time-seR&stachogram) to produce an evenly sampled
time series, are then explored using a new method for prodwi artificial RR tachogram. Re-sampling
is shown to produce a significant error in the estimation qestirely specified) artificial RR tachogram.
The Lomb periodogram, a method which requires no re-sagp@imd is applicable to the unevenly
sampled nature of the signal is investigated. Experimeeisamstrate that the Lomb periodogram is
superior to the FFT for evaluating HRV measured by%&ratio, a ratio of the low to high frequency
power in the RR tachogram within a specified band (0.04—-0.4Hze effect of adding artificial ectopic
beats in the RR tachogram is then considered and it is shostrettopic beats significantly alter the
spectrum and therefore must be removed or replaced. Reglactopic beats by phantom beats is
compared to the case of ectopic-realted RR interval renfovaéhe FFT and Lomb methods for varying
levels of ectopy. The Lomb periodogram is shown to provideaificantly better estimate of thﬁ%—
ratio under these conditions and is a robust method for miegsthe %-ratio in the presence of (a
possibly unknown number of) ectopic beats or artefacts.

The Lomb periodogram and FFT-based techniques are appliaddatabase of sleep apic and
normal subjects. A new method of assessing HRV during skepmposed to minimise the confounding
effects on HRV of changes due to changing mental activitytintgion of %—ratio using the Lomb
technique is shown to separate these two patient groupsefieatively than with FFT-based techniques.
Results are also presented for the application of theseadetto controlled (HUT) studies on subjects
with syncope, an autonomic nervous system problem, whiditédte that the techniques developed in
this thesis may provide a method for differentiating betwseb-classes of syncope.
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Glossary of clinical terms

In the interest of clarity and since the nature of this thssgoss-disciplinary yet highly specific, a glos-

sary of clinical terms, technical abbreviations and exgi@mms of contextual descriptors are provided.

Adventiita — Membranous structure, usually morbid, cawgut not belonging to an organ.
Afferent Nerves — Carry impulses to the muscle/gland/organ

Angiotensin — A powerful vascoconstricting polypeptideiethstimulates the production of al-
dosterone and vasopressin and results in an increase it piessure (more fully angiotensin I1);
angiotensin I, the inactive precursor of this, which is fednn the liver by the action of renin on
a plasma protein (angiotensinogen), and is converted itutigs to angiotensin Il by a second

enzyme.

Aortic stenosis — progressive narrowing of the aortic vak&ulting in the obstructed passage of
blood from the left ventricle into the aorta. Chronic stae@sin lead to left ventricular enlargement

and congestive heart failure.

Arrhythmia — Any variation from the normal (sinus) rhythmtbé heart beat, including preamture

beats, heart block, atrial fibrillation and atrial flutter.

Artefact (Sometimes Artifact) — a product or effect that & present in the natural state (of an
organism, etc.) but occurs during or as a result of investigeor is brought about by some

extraneous agency such as electrode movement.

Atrial myxoma — a very rare primary cardiac tumour, composkdonnective tissue, located in

the left or right atrium.

Autonomic Nervous System (ANS) — The system of nerves of theds and of the involuntary
muscle that regulates key functions including the activitghe cardiac muscle, smooth muscles

(e.g., of the gut), and glands. In 1940 R. S. Woodworth defthechutonomic nerves to be those
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that run to the heart, blood vessels, lungs, stomach, inésstand other viscera. These nerves
are composed of extra-slender nerve fibres, which grow out frells in the brain stem and cord.
The ANS comprises the sympathetic nervous system (whicklerates the heart rate, constricts
blood vessels, and raises blood pressure) plus the parafiyatic nervous system (which slows

the heart rate, increases intestinal and gland activityralaxes sphincter muscles).
Autonomic Neuropathy — A disease of the autonomic nervostesy.
Baroreflex — A reflex whereby the heart speeds up and beatsforosdully when BP falls.

Blood Pressure (BP) — The pressure that must be applied toteny & order to stop the pulse

in the vessel beyond the point of pressure. It is generaliyragd to be equivalent to the systolic
pressure to which the blood is subjected by the force of tlaetlaad the elasticity of the vessels,
but also depends upon thickness and hardness of vessehmnglbf volume of blood thrown out of

the heart at each beat. BP is greatest at each heart beali¢sgkiod pressure - SBP) and lowest
between beats (diastolic blood pressure DBP). Mean dr{@t@od) pressure (MAP) is taken to

beDBP - SBE_DBE,

Bradychardia — A slowness of the beating of the heart (totleems60 bpm).

Carotid Sinus Massage (CSM) — firmly massaging the righttichestery for 5-10 seconds at at

the anterior margin of the sternocleo-mastiod muscle aletred of the cricoid cartilage.
Cardiac Output — HR« stroke volume.

Cardiomyopathy — A weakness of the heart muscle, oftenrgati heart failure. Can be caused
by a number of underlying disorders including coronaryrgitiisease, valvular heart disease, viral
infection, diabetes, alcohol abuse, or connective tissmders. Sometimes no specific cause can

be identified, in which case the cardiomyopathy is referoeaidiopathic

Cardiothoracic ratio — The ratio of the maximal transversengter of the cardiac silhouette to the

distance between the internal margins of the ribs at the &#be right hemidiaphragm.
Cataplexy — A sudden loss of muscle tone that may be inducestimre mental shock or as an

additional feature of narcolepsy.

Cerebral perfusion — Quantity of blood flow to the cerebrurtherbrain.

Central Nervous System — Pertaining to the brain, craniataseand spinal cord. It does not

include muscles or peripheral nerves.

Chronotropic — Affecting (increasing) the rate of contraict

XVi



Circadian — Designating physiological activity which oczwapproximately every twenty-four

hours, or the rhythm of such activity.

Coronary Artery Disease (CAD) — is a chronic disease in wiingre is a atherosclerosis (hard-
ening) of the arteries on the surface of the heart. It is a$erred to as coronary heart disease
(CHD).

Coronary Heart Disease (CHD) — See Coronary Artery Disease.

Diastole — The time, in between ventricular contractionsst@e), at which ventricular filling

OCCurs.

Diastolic Blood Pressure — The pressure exerted on the witte arteries when the heart is in

the relaxation phase (diastole). Considered abnormadlaetd if consistently over 90 mmHg.
Efferent Nerve — Carry impulses away from the muscle/glam@in

Ejection Fraction - a measure of the function of the left vield, also called left ventricular ejec-
tion fraction (LVEF). The ejection fraction is the percegeaof blood ejected from the left ventricle
with each heart beat. An LVEF of 50% indicates that the lefttriele ejects half its volume each
time it contracts. A normal ejection fraction is 50% or high@& reduced ejection fraction can

indicate that cardiomyopathy is present.

Embolism — The plugging of a small blood vessel by materiaictvihas been carried through

larger vessels by the blood stream.

Endocrine System — The system of glands that release tlueetsms (hormones) directly into the
circulatory system.

Entrainment — To adjust such that synchronisation occurs.

Fibrillation — A small, local, involuntary contraction ofuscle, invisible under the skin, resulting

from spontaneous activation of single muscle cells or neusbtes.

Heart Beat — A full cycle depolarisation and repolarisatifithe cardiac muscle. Each heart beat

is followed by a period of rest where ventricular filling ocsu
Heart Rate (HR) — The number of heart beats per minute (bpm)

Hemorrhage — An escape of blood from the blood-vessels; adiuMood, either external or

internal, due to rupture of a vessel; bleeding, esp. whefugecor dangerous.

Humoral — Of or belonging to, consisting of, or containingy af the humours or fluids of the
body; Contained in or involving the blood or other body flui;olving or consisting of a chemical

agent, esp. one present in the blood (such as hormones pr ions
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Hypertension — Persistently high arterial blood pressHrygertension may have no known cause
(essential or idiopathic hypertension) or be associatédl ether primary diseases (secondary hy-

pertension).

Hypertrophic cardiomyopathy — enlargement of the venl@icseptum can result in ventricular
outflow obstruction (subaortic stenosis) and eventualicargopathy (disease of the cardiac mus-

cle mass).

Hypoglycaemia — An abnormally diminished concentratiorgloicose in the blood. This occurs
when a person with diabetes has injected too much insuliepedao little food, or has exercised
without extra food. Taking small amounts of sugar, sweeatguor food with sugar will usually
help the person feel better within 10-15 minutes. Symptofrtsypoglycaemia include nausea,
sweating, weakness, faintness, confusion hallucinatibeadache, cold sweat, piloerection, hy-
pothermia, irritability, bizarre behaviour and faintind?rolonged hypoglycaemia can result in
complete loss of consciousness, convulsions, coma ana teanage.

Hypovolemia — Decreases in venous return of the blood to ¢faeth

Innervate — To supply (some organ or part) with nerve-foocayith nerves.

Inotropic — Affecting the strength of contraction.

Intoxication — A disorder resulting from absorption of thaste products of metabolism, decom-

posed matter from the intestine, or the products of deadrdadted tissue as in gangrene.

Ipsilateral — Belonging to or occurring on the same side eflibdy; connecting two parts on the
same side.

Left Ventricular Ejection Fraction (LVEF) — see EjectioraEtion

Narcolepsy — A disorder of sleep associated with excessiyéirde sleepiness, involuntary day-

time sleep episodes, disturbed nocturnal sleep and cayaple
Neurohumoral — Nervous plus hormonal stimuli

Norepinephrine — or noradrenaline; a precursor of adne@alihose main function is to mediate
the impulses in the sympathetic nervous system. Increasetslare associated with stress and it

is often referred to as the ’fight or flight hormone’.

Noise — a collective term for: fluctuations or disturbancésciv are not part of a wanted signal or
which interfere with its intelligibility or usefulness su@as muscle activity (for ECG analysis) and

ectopic beats (for HRV analysis).
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Orthostatic hypotension — A drop in blood pressure thatasipitated by changes in body position.
May be related to hydration status, drug side effect or beedby a dysfunction in the autonomic
nervous systems ability to maintain blood pressure witltiposil changes (for example autonomic

neuropathy secondary to diabetes).
Myelin — The medullary (inner) sheath of nerve-fibres.

Mycroneurography — A technique for measuring electricghais from human peripheral nerves

using a microelectrode.

Myocardial Infarction (MI) — A blockage in the normal eldcal conduction paths of the heart

that cause the muscle contraction, often leading to pernmtalanage to the heart muscle.

Parasympathetic system — Part of the autonomic nervousmnsyghich is connected with the brain
and spinal cord through certain nerve centres in the mighjonaedulla, and lower end of the cord,
including the vagus (see below). Its action is usually aoégic to that of the sympathetic system

in that it inhibits the action of the heart and stimulatesitiestine.

Paroxysm — The fit, attack, or exacerbation, of a diseaseott@trs at intervals, or has decided
remissions or intermissions.

Paroxysmal — Recurring in paroxysms, spasms or seizures.

Peripheral Resistance — The resistance to blood flow at ttigheeal blood vessels.

Psychogenic syncope — Fainting spells related to anxiatyicpr major depression.
Renin — the enzyme (or catalyst) that produces angiotensin

Reninangiotensin System — Part of the renal (kidney) régulasysytem; very important in BP

regulation.

R-on-T ventricular (premature) beat — A potentially daogisrcondition is induced when a prema-
ture ventricular contraction occurs during the T-wave & peceding QRS-T complex. R-on-T

phenomenon can induce ventricular tachycardia or verdrdibrillation.

Sinus pause — A spontaneous interruption in the regulas slydhm, the pause lasting for a period

that is not an exact multiple of the sinus cycle.

Splanchnic — Situated in, connected with, the viscera estirtes.
Steal syndrome — stenosis or obstruction of artery neariggo
Stenosis — Narrowing or stricture of a duct or canal.

Subclavian artery — Artery extending under the clavicle.
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e Sympathetic system — Part of the autonomic nervous systesisting of ganglia united by an
irregular network of nerve fibres. The major part of the sytheic system consists of two gan-
glionated cords that run through the neck, chest and abddgieg close in front of the spine. Its
action is usually antagonistic to that of the parasympatisgtstem in that it stimulates the action

of the heart and inhibits the intestine.

e Syncope — A temporary suspension of consciousness duegoadjsad cerebral ischaemia, a faint

or swoon.

e Systole — The time at which ventricular contraction occarspntraction of the heart that alternates

with the diastole occupying, respectively.

e Systolic Blood Pressure (SBP) — The pressure exerted ondhe @f the arteries during the con-
traction phase of the heart. Considered abnormally eldvatmnsistently over 150 mmHg. Sys-

tolic blood pressure varies with age, sex, size and relatvelition.

e Tachycardia — The excessive rapidity in the action of thathéae term is usually applied to a
heart rate above 100 per minute and may be qualified as atmeitional (nodal) or ventricular

and as paroxysmal.
e Tonically — Of resting tone (baseline)

 Vagal Nerve (Vagus or Pneumogastric) — Tl cranianl nerve and part of the parasympathetic

nervous system formed by numerous filaments from the respjraact.
e Vagus — See Vagal Nerve.

e Valsalva — an attempt is made to exhale air while the nosiritsmouth, or the glottis, are closed,

S0 as to increase pressure in the middle ear and the chest.

e Vasovagal syncope — A transient vascular and neurogergtioaanarked by pallor, nausea, sweat-
ing, bradycardia, and rapid fall in arterial blood presswitach, when below a critical level, re-
sults in loss of consciousness and characteristic elewtephalographic changes. It is most often
evoked by emotional stress associated with fear or pains dido called vasovagal attack and

gowers’ syndrome.

e Viscera — The soft contents of the principal cavities of the\y esp. the internal organs of the

trunk; the entrails or bowels together with the heart, |i@ngs, etc.

Taken from [61], [109] and [204].
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Abbreviations and units

ACE Angiotensin-Converting Enzyme
AEB Atrial Ectopic Beat

AF Atrial Fibrillation

AR Autoregressive

BP Blood Pressure

bpm Beats per minute

CA Cardiac Arrest

CAD Coronary Artery Disease
CHF Congestive Heart Failure
CNS Central Nervous System
CSM Carotid Sinus Massage

dB Decibels

ECG Electrocardiogram

EEG Electroencephalogram

EF Ejection Fraction

FDA Federal Drug Administration (USA)
FFT Fast Fourier Transform

HCM Hypertrophic Cardiomyopathy
HF High Frequency

HR Heart Rate

HR; Instantaneous HR( £%

HRV Heart Rate Variability

Hz Hertz
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ICA

LDL
LF

MI
mm/Hg
ms
MVP
NN
NYHA
PCA
QRS
RR

rpm

SCD
SD
SVT
VEB
VF
VLF
VT
ULF

Independent Component Analysis
Intravenous - injected into the vein
Low Density Lipoprotein (cholesterol)
Low Frequency
Myocardial Infarction

Millimetres of Mercury (as a measure of pressure)
Milliseconds

mitral valve prolapse

Normal-to-normal beats (excluding ectopics).
New York Heart Association classification
Principal Component Analysis

Central part of heart beat morphology
Beat-to-beat (R-peak to R-peak).
Respirations Per Minute

Seconds

Sudden Cardiac Death

Standard Deviation

Supraventricular Tachycardia
Ventricular Ectopic Beat

Ventricular Fibrillation

Very Low Frequency

Ventricular Tachycardia

Ultra Low Frequency
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Chapter 1

Introduction

1.1 Overview

Over the last 20 years there has been a widespread intettést study of variations in the beat-to-beat
timing of the heart, known as heart rate variability (HRMW).dertain circumstances, the evaluation of
HRV has been shown to provide an indication of cardiovascalth [181]. However, often contradic-
tory results have left clinical researchers sceptical atfmuefficacy of HRV assessment and there exists
no clear consensus on how to estimate HRV in clinical practic

This thesis explores techniques for signal processing o HHBm motivation to application, in
an attempt to develop robust methods for HRV analysis. Thidysconsiders signal extraction, the
errors introduced at each stage of the processing, theovastiular interpretation of the metrics being
estimated and methods for minimising the number of freematers in clinical situations.

This chapter introduces the main characteristics of thetreleardiogram (ECG), a record of the
biopotentials associated with the contractions of thethraascle. A description of some of the common
types of signals that can be derived from the ECG is also ptedetogether with the motivation behind
the analysis of these signals. A detailed description of tiedifferent branches of the human central
nervous system (CNS) and respiratory cardiovascular (R&/¢)em interact to produce beat-to-beat

variability in the human heart rate is then given.



1.2 ldentifying the problem

The heart is composed of muscle tissue that contracts aagesein a coordinated manner when an
electrical stimulus is applied. The heart’s function is torp blood around the body, through the arterial
system to enable the transport of vital nutrients and oxydslke all other muscles, the heart receives
its oxygen and nutrients from arteries, which are the canoaaeries in this case. A blockage of these
vessels often leads to a heart attack (the cessation of #iepeof the heart). In fact, coronary heart
disease has been shown to be the leading cause of death iomleountries [192]. Myocardial
Infarctiont (MI), heart failure, angina, and sudden death can all ocmm fthe blockages which occur
in the coronary arteries. Following an MI, the conventiotreatment is to inject a ‘clot-busting’ de-
coagulation agent, in order to remove the blockage. Howe¥tan the heart has already suffered much
damage and muscle-tissue loss, leading to an increasditidib@ of re-infarction [181].

Since the cardiovascular system is controlled by the CN&teridration in this control mechanism
also leads to cardiac-related problems. The rest of thiptehaletails how the CNS controls cardiac

activity and how this is measured to assess the functignaiithis control.

1.3 Physiology of the human heart

The human heart is controlled by a series of electrical @iggs from specific localised nodes within
the myocardium (cardiac muscle). These discharges priop#gaugh the cardiac muscle and stimulate
contractions in a co-ordinated manner in order to pump dgexated blood via the lungs (for oxygena-
tion) and back into the vascular system. The physical aaifahe heart is therefore induced by a local
periodic electrical stimulation. As a result of the lat&ichange in potential of the order of ImV can be
measured during the cardiac cycle between two surfacereties attached to the patient’s upper torso
(usually either side of the heart). This signal is known a&sdlectrocardiogram (ECG).

In a normal heart, each beat begins with the stimulation @fsihoatrial (SA) node, high up in the
right atrium (see figure 1.1) which causes depolarisatiothefcardiac muscle in this locality. This
stimulation is both regular and spontaneous and is the sainhe primary pacemaker within the heart

with an intrinsic frequency of 100 to 120 beats per minuten{ppNote that the resulting heart rate is

A blockage in the normal electrical conduction paths of tearhthat cause the muscle contraction, often leading to
permanent damage to the heart muscle.
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Figure 1.1: Source nodes of electrical stimulation wittie beart.

often lower than this because of the complex set of chemicaianges that occur between the initial
stimulation and the subsequent depolarisation of the saodiog cardiac tissue. The impulse spreads
from the SA node to depolarize the atria (the upper two eas)iti The electrical signal then reaches the
atrioventricular (AV) node, located in the right atrium. idmally, an impulse can only reach the ventricles
via the AV node since the rest of the myocardium is separated the ventricles by a non-conducting
fibrous ring.

As the AV node is activated it momentarily delays conductiorthe rest of the heart and so acts
as a safety mechanism by preventing rapid atrial impulses §preading to the ventricles at the same
rate. If the AV node fails to receive impulses it will take owas the cardiac pacemaker (at a much lower
frequency of 40 to 60 bpm). The SA node will inhibit this pa@kimg whenever its impulses reach the
AV node.

Once the impulse has passed the AV node, it enters the buhdiés.o This conducting network
spreads out into the inter-ventricular septum and dividés left and right bundle branches. As the
impulse moves through this region and into the posterioraanterior fascicles it stimulates depolarisation
of the ventricles. There is a ventricular pacemaKeiith a beat frequency of 15 to 40 bpm) which takes

over as the main pacemaker if the AV node fails.

After the depolarisation of the ventricles, a transieniqefollows where no further ionic current

2Strictly speaking it is not localised; all the cells have andte rhythmicity.




can be flow through the myocardium. This is known as the redrggeriod and lasts at least 200ms.
There is then a recharging (repolarisation) of the ventarconyocardium to its resting electrical potential

and the heart is then ready to repeat the cycle.

i
o0 700
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550

Figure 1.2: One second of a typical ECG waveform for one Heat. The vertical axis represents the
mV fluctuations scaled t&r1 over the whole record. The horizontal (time) axis showstrmaple number
(with a sampling rate of 256 Hz, there are 256 samples in or@Ensk.

1.3.1 ECG waveform generation and recording

A typical ECG waveform comprises of an initial P-wave, folled by the main ‘QRS’ complex and then

a trailing T-wave (see figure 1.2). These waves are defineollas/é:

e P-wave— The low voltage fluctuation caused by the depolarisaticdh@#tria prior to contraction.

The atria contain very little muscle and thus the voltagengeas quite small.

e QRS complex— The largest-amplitude portion of the ECG caused by therioair depolarisa-
tion. The time during which ventricular contraction occigseferred to as thsystole Although
atrial repolarisation occurs simultaneously, it is notrsdae to the low amplitude of the signal

generated by this process.
e T-wave— Caused by ventricular repolarisation.

The time between ventricular contractions, during whichtkieular filling occurs, is referred to as the
diastole Although the R-peak is often the largest amplitude comptribe morphology of a healthy

ECG can vary greatly from patient to patient with the P- or dves sometimes dominating or merging
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with the QRS complex. Swapping the two electrodes over givasaverted signal with the R-peak being
the lowest (or most negative) part of the signal. The timeayed heart ratedR ) is usually calculated
by counting the number of beats in a 60 second time period.ifidtantaneous heart ratéR;, is %
whereRR is the time between successive R-peaks (an RR intem&),, can vary between 30 and 220
beats per minute (bpm) and although the instantaneous Ha¢gartan be as high as 300 bpm, this is not

sustainable for more than a few beats without serious pmabl@anifesting themselves.

Figure 1.3: Electrical vectors for the standard ECG leadigarations.

1.3.2 Lead configurations

The choice of location on the thorax for the electrodes usagdord the ECG is dictated by the type
of clinical information required. Since the voltage ditfece between a pair of electrodes (known as a
lead) is only representative of the variations along ons &im the heart (see figure 1.3), there is no
three-dimensional activity information in single lead m@@ments. However, there are standard lead
configurations for aquiring 3-D information about the eleet activity of the heart [121]. Figure 1.4
shows many of the standard positions for 12-lead ECG rengsdand figure 1.3 shows the standard
vectors that are visualised by these leads. For examplg lleapresents the electrical activity vector

from the centre point (close to the heart) to the left leg. d_¥& represents the vector from electrode



Figure 1.4: 10 of the standard electrode positions for &8-ECG recording.

position V5 (as in figure 1.4) to the heart. The potential ningsineasured with respect to some common
ground and this is often taken to be the right leg.

When a serious heart problem is suspected, (such as folandaspected MI) a clinician will usually
order a full (12-lead) ECG recording to be made. This give®iaitkd picture of a patient’'s cardiac
activity, and any possible problems, such as QT-syndromgeifgant changes in the time between the
Q and T points on each cycle) and ST-elevation (a signifidaatin the point of inflection between the
S and T points) [86, 134, 179]. However, since visual indpads often used to evaluate these features,
and this can be done on only a few cycles of the ECG, the rewgidishort (typically 10 seconds long).
Routine analysis of the ECG does not normally involve sucigh humber of vectors being recorded.
Even in an intensive therapy unit (ITU), when data from masadl configurations is available, only one
or two leads are routinely monitored. Typically, leads IHav5 are chosen since they offer the most
useful information in the context of medical diagnosis [[LAote that these two lead configurations are
the two channels of ECG data in the standard MIT-BIH datalisse chapter 2). The analysis in this
thesis concerns data taken over the course of hours, whierariusual to record ECG data from more

than these two channels.



1.3.3 Heart disease

Heart disease patients can be broadly classed as eitherathyapor ischemics. Myopathics usually

experience a slow degeneration of the heart over years othsiomanifesting as inflammation of the

cardiac muscle. In contrast, myocardial ischemia (a lackxgfen to cardiac muscles) is often caused
by a rapid build up (over hours) of plaque or other blood flowpéding particles and leads to muscle
damage. The latter will usually manifest itself as a morppamlal change on particular sections of the
ECG [134, 179].

In both cases, the onset of potentially fatal arrhythmidsrofesulting in Ml can be preceded by
two main changes: a higher than normal incidence of ectopatsh and a reduction in the short term

variations of the instantaneous heart rate [181].

1.4 Abnormalities in the ECG - ectopicbeats

Most human beings exhibit a normal cardiac (sinus) rhythmpased of very similar beats occurring at
regular (but slightly varying) intervals. Beats which ocpeematurely in the cycle, often with a different
morphology, are known as ectopic béatRecent research has shown that an increased number of these
beats can be indicative of poor recovery after a trauma#niewr denote the onset of potentially fatal
arrhythmia& [113, 181, 184, 282]. Although the electrical impulses adthe heart originate from the
SA node (see figure 1.1) and propagate to the ventricles ¢atiers 1.3), signal block can occur at many
different regions along this route [121]. As previously rtiemed, the heart has a number of subsidiary
pacemakers located in the AV junction (or node) and the ieriér myocardium.

If the AV junction fails to receive impulses, as a result ofcatrial (SA) arrest or block, it will take
over as the cardiac pacemaker. If the AV junctional pacemtis or its impulses are blocked then
a ventricular pacemaker will take over and the resulting @Bi8plexes will be broadened. These are
known as escape rhythms and their morphologies vary significfrom normal beats.

If the R-peak of the beat occurs earlier than expected thsrkitown as an ectopic beat, such as the
third peak in figure 1.5. (Definitions vary, but a typical valis around 20% earlier than the previous
beat [138].) Although non-sinus beats can arise from anipnegf the heart an ectopic beat is usually

classified as atrial, AV junctional or ventricular. A vepotriar ectopic beat (VEB) is characterised by a

3From the Greek meaning ‘out of place’; also known as extta#ss or premature beats.
“Any variation from the normal (sinus) rhythm of the heartthéacluding preamture beats, heart block, atrial fibritiat
and atrial flutter.
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Figure 1.5: A Ventricular Ectopic Beat in the middle of a sehormal beats{™ beat from the left) for
subject 109 of the MIT-BIH database.

broad QRS complex. Occasionally a VEB is followed by an iteeP-wave, but there may be a full
compensatory pause before the next normal beat insteads ¥&Balso occur at the same time as the T-
wave of the preceding beat (R on T ectopics) and may triggaricelar arrhythmias. VEB identification

is an important step in detecting the onset of such fatay#rrhias.

In the mid 1980’s the literature surrounding the utility cf@pic beats as an independent measure of
increased risk of Ml or sudden death was highly contradjctod no clear conclusion could be drawn at
that time [96, 147, 177, 228] even during stress tests [M@jvever, by the mid 1990’'s a large body of
research had accumulated to indicate that an increasaakfney of ectopic beats (particularly ventricu-
lar) is an independent marker associated with a statitisanificant increase in risk of cardiovascular

disease [12, 261, 280, 282].

1.5 The physiology of beat-to-beat heart rate control and HN

A subject’s baseline heart rate (usually the beat-to-bdataderaged over 60 secontRg;) varies
on an intra-patient basis (depending upon activity) and omnger-patient basis (depending on their
cardiovascular fitness). However, the instantaneous RfRvaltor beat-to-beat heart ratHR;) also
varies around the mealiRg(). Figure 1.6 illustrates howR; typically varies for a normal subject at
rest over approximately 60 seconds. Note that the average fae is about 72 bpm, although there

appears to be a trend from this mean to around 80 bpm and tivem tdoabout 70 bpm over this 60



second segment. This phenomenon of the heart rate risintalind on different time scales is known

as Heart Rate Variability (HRV). Although the irregularity the beat-to-beat intervals of a human heart
was first noted in the early 1600’s [181], its physiologiaalportance was not appreciated until 1965
when Hon and Lee [119] noted that fetal distress was precbgathanges in the pattern of beat-to-
beat intervals before any significant change in the basakaet rate. Since then many different indices
and technigues have been proposed and tested on a gredy yatient groups with varying degrees

of success [181]. Before an overview of the most promising/HiRalysis techniques is presented, a

detailed description of the regulators or HR and HRV is resqlii
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Figure 1.6: Instantaneous or beat-to-beat heart Fate,(lower trace) and RR interval (middle trace) for
a 1 minute segment of ECG (upper trace).

1.5.1 The autonomic nervous system and the sympathovagallbace

The brain, via the CNS, regulates two motor systems, thent@ty motor system (muscular control of
the limbs, body and head) and the involuntary motor systeautynomic nervous system (ANS). The
ANS regulates the internal organs, including the heargstige tract, lungs, bladder and blood vessels.
(It should be noted, however, that it is possible to exertintd@ry control over internal organs, e.g. by

deliberately overbreathing.)



The ANS is divided into two opposing branches, the sympeatlastd the parasympathetic nervous
systems, which exert opposing effects on most organs. Tresyrapathetic nervous system can be
thought of as the ‘rest and digest’ mechanism and causes HRIlaod pressure (BP) to drop (as well
as the pupils to constrict) and the digestive system agtigiincrease. The sympathetic nervous system
is rapidly activated in physically or mentally stressfulations and is therefore sometimes referred to
as the ‘fight or flight' response. It causes increases in HRliaa outpwt, blood flow to the muscles,
pupil dilation and a decrease in digestive system actifitymals lacking a healthy sympathetic nervous
system find it difficult to deal with physical and mental stse$he complicated interaction between the
sympathetic and parasympathetic branches of the ANS arl/#rall effect that they have on the auto-
regulation of the cardiovascular system andabhwnomic tonghas become known as tegmpathovagal
balance

In the sympathetic system (the left side of figure 1.7) theaptord neurons innervate an adjacent
series of ganglia. Neurons from these ganglia innvervageiriternal organs. In the parasympathetic
system (right side of figure 1.7), motor neurons from therbséém innervate ganglia found in the internal
organs themselves which in turn innervate the organ in witieir are found. The parasympathetic axons
from the brain stem extend to the internal organs in varigasial nerves, particularly the vagal nerve
(vagus). This nerve, which fans out over a significant pard the interior lung wall lining is the
dominant path for parasympathetic stimulation. For thisom, parasympathetic action is often referred
to as vagal nerve activity.

The sympathetic and parasympathetic nervous system gaarglinot simply relay stations and their
internal synaptic interactions are not well understoodweleer, it is well established [70] that the neu-
rons of the parasympathetic ganglia release acetylchatitieeir terminals whereas norepinephrine (or
noradrenalin) is released from the terminals of the sympathetic gangitarnal organ regulation is con-
sequently achieved by administering chemical blockerhie$e agents and norepinephrine is therefore
currently used as the clinical standard for measuring the lef sympathetic nerve traffic to the human
heart.

Note that the stimulatory frequencies of the branches oh#treous system are much higher than
the resultant frequency of the cardiac cydR(). The vagal and sympathetic stimulations do not have
a direct effect on the sinoatrial node but change the seigitf this region of the heart (in a com-

peting fashion). When the varying levels of stimulationssr@ certain threshold, the sinoatrial node

5The volume of blood ejected from the right ventricle (strokéume) times HR.
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Figure 1.7: Organisation of the autonomic nervous systehe sympathetic system (left) is stimulated
by stressful situations, increases HR, cardiac outputdftow to the muscles and inhibits digestive ac-
tivity. Stimulation of the parasympathetic branch of the 3\[ight) leads to increased digestive activity,
and depresses BP, HR, cardiac output. Taken from [70].

is activated. Heart cells have two types of neuromodulatecgptors, one for acetylcholine and one
for norepinephrine corresponding to the parasympathaticsgmpathetic nervous systems respectively.
Their receptors in turn interact with inhibitory or exciag proteins which through a series of chemical
exchanges, decrease or increase the calciufir(Gathe heart cell membrane and inhibits or stimulates
HR and the strength of contraction [170].

The heart’s intrinsic pacemaker (the sinoatrial node) esuasHR of around 100 to 120 bpm in the
absence of any neurohumoral (nervous and hormonal) infueHowever, for a healthy heart with no
conduction block, the variation of the heart rate is a matéfigon of both the (antagonistic) effects of
the parasympathetic and the sympathetic nerves througigeban acetylcholine and norepinephrine
levels, and a resting healthy human is likely to have a hagetaf around 70 to 80 bpm. During rest both

autonomic divisions (the sympathetic and parasympathate thought to be tonically active (i.e. they
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Figure 1.8: Chronotropic RR interval-{} and HR; (->-) responses to graded efferent vagal stimula-

tion (from Malik [105]). Note that the increase in RR intelnig proportional to the increase in vagal
stimulatory frequency.

have a minimum baseline activity) with the parasympath@tagal) effects achieving dominance [170].
Each set of motor neurons that form these two nerve divisisesact in a highly complex manner and
the modulation of HR cannot simply be interpreted as a lisaar of two opposing effects: a tachycardic
response (i.e. increase in HR) from the sympathetic brahtheoANS and a bradycardic response (a
slowing of the HR) from the parasympathetic branch, sin@y thct over different time scales. The

parasympathetic response is almost immediate (with onl9Gmé latency period) and short lasting,

whereas following the onset of sympathetic stimulatiorréhis a delay of up to 5 seconds followed by
a steady increase in HR for the next 20 to 30 seconds [105].p&thatic activity augmentation is the
body’s principal method for increasing the HR above thdristc level generated by the sinoatrial node

to the maximum possible (from about 110 to 200 bpm).

Furthermore, while increased frequency of vagal nerveuttion tends to slow the beat-to-beat
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heart rateHR;, (see figure 1.8) and increased frequency of signallingarsgmpathetic nerves tends to

increasetR;, at stimulatory frequencies close to that of the sinoath@le, the cardiac pacemaker can
synchronise with the vagal impulses and small increaseagalfrequency may actually cause #HR;

to increase instead. i.e. an increase in the frequency @il gighulation can cause an almost immediate

increase in heart rate, the opposite of the normal response.

1.5.2 Reflexes controlling heart rate and its variability

The vagal and sympathetic centres are simultaneously lsiietby many different receptors in the
cardiovascular and central nervous systems. These reseptayeneral, have either a tachycardic or
bradycardic effect on the heart rate. The following sumnuiffR-modulating response mechanisms is

taken from Hainswortlet al. [105]:

Bradycardic Reflexes

e Baroreceptors are situated in the adventitiaf some arteries and cause increases in vagal and
decreases in sympathetic activity. Increases in bloodspreswill stretch these vessels and cause
a rapid increase in baroreceptor discharge frequency. w#awhis frequency then rapidly falls to
a moderate (but still elevated) level. The receptors quiok$et to change their operating range if
a change in pressure continues although chronic resetimgarur over a period of many months.
These receptors modulate HR on a beat-to-beat basis thieargisympathetic stimulation and

over a much longer period through sympathetic nerve stitioula

e Carotid chemoreceptors— Stimulation by noradrenalin leads to slowing HR and insesan the
rate and depth of respiration. The direct effect on HR chamgay be masked by the effect of

respiration (which also modifies the HR - see below).

e Coronary chemoreflex— A slowing of the HR, mainly stimulated by increases in vieolar

pressure - thought to be present only in Ml patients.

e Lung hyperinflation — Abnormally large increases in lung volume may stimulatgéage pul-
monary nerves which innervate the bronchi and lungs and raagimmulated during hyperinflation

of the lungs.

5Membranous structure covering the organ.
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e Indirect RCV changes — Pulmonary congestion, embolisms or intra-venous (I\V&dtipns of

CNS depressants will also cause a bradycardic response.

Tachycardic Reflexes

e Metabaroreceptors — Situated in the muscle and stimulated by metabolites pediduring ex-

ercise. Unlike the baroreceptors they do not respond ttchirg or pressure.

e Atrial receptors — Stimulated mainly by stretching from increases in atralume with a fre-

guency proportional to the atrial pressure.

e Aortic chemoreceptors— Stimulation leads to an increase in HR and in the rate anthdsfp

respiration.

e Muscle receptors— Effort in the muscle groups associated with the cardiayascsystem will

innervate the heart through stimulation of receptors sitgzhrticular muscles.

¢ Lung inflation (moderate pressures)- stimulates airway stretch receptors attached to the myeli

nated nerves.

e Baroreflex— Receptors in the arterial and vascular systems senseeshamngnsion through being
stretched by the pressure changes. An decrease in tengiamgfdrop in BP for example) causes
the heart to beat more often and more forcefully while a BReiase produces a bradycardic

response.

1.5.3 Factors influencing heart rate and its variability

Apart from the autonomic regulation of the heart via the sgthptic and parasympathetic motor neu-
rones, the average heart rate and the variation of the RR/ahtéand hence instantaneous heart rate,

HR;) are controlled by a variety of other factors.

Intra-patient factors

The following is a list of known changes that can occur for tfmsnans from either internal stimuli or

exogenous interventions.
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Figure 1.9: Two minutes of ECGJR;, RR interval and respiration (from upper to lower trace eesp
tively) from a healthy subject exhibiting RSA. Compressi@md rarefactions can clearly be seen in the
occurrence of the R-peaks (tall spikes in the ECG). Thisfisated in the cyclical changes in the HR
and RR interval 1" and3"? traces). Note that the lower trace represents volume clangbe chest;

as the subject inhales the trace rises and theRt(ace) rises, and when the subject exhales the lower
trace falls and the HR drops. From 120 to 180 seconds thedlbjbreathing at almost 4 respirations
per minute (rpm). From 180 to 220 seconds the subject wasioist to breathe at about 7 rpm

e Respiratory Sinus Arrhythmia (RSA) — this phenomenonjaliyt documented by Hales in 1733
[7], is the acceleration dAR; on inspiration, and its deceleration on expiration. The mitage of
the effect is highly variable (or non-existent in some oldkeinfirm subjects) and tends to be larger
the slower and deeper the breathing is [181]. Figure 1.Stites this phenomenon whereby the
QRS complexes are bunched more closely when the respiratioa is moving upwards indicat-
ing inspiration. (Here the respiration signal is deriveahifrimpedance pneumography; a 22 kHz
signal is passed between two ECG electrodes and as air moaad out of the thorax, the capac-
itance and hence electrical impedance of the upper bodwéeet these electrodes) changes. The
sinusoidal-like variations in electrical impedance as hequency are therefore representative of
the inhalations and exhalations of the subject.) In thige thas breathing is deliberately controlled,

at about 4 respirations per minute (rpm) initially and then gpm. Note that the beat-to-beat heart
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rate changes synchronously with the (noisy) respiratiacetr

RSA is mainly mediated through changes in efferent vagaligcand its magnitude is claimed
to provide an index of the level of vagal activity to the hgd®1]. RSA is partly influenced
by the physical action of the lungs and the cardiac fillingumoé from the variations in intra-
thoracic pressure. However, RSA can be observed in the edsdrbreathing and therefore the
mechanism is partly due to a CNS effect [181]. Furthermohanges in HR similar to those
caused by RSA have also been observed in denervated haadtshis is thought to be related to
increased stretching of the sinus node caused by inspiratoreases in venous return [255]. A

more detailed explanation of this will be presented in secli.7.2.

e Cardiac Output (stroke volume HR) changes — At rest, changes in HR between about 80 and
150 bpm have little effect on cardiac output because theasa in HR is compensated for by the
decrease in stroke volume. Below about 50 bpm stroke voleméstto be fixed and so output

falls with HR.

e Valsalva Mameuvre — A respiratory procedure which is thought to provideagh guide to the
integrity of the autonomic neural pathways involved [18The subject takes a deep breath fol-
lowed by a maximal expiratory effort against a closed glottThis generates an intra-thoracic
pressure of around 100 mmHg which is transmitted to the-thineacic and abdominal blood ves-
sels. Initially, pulmonary arterial pressure increasesvienous return from outside this region is
impaired so the cardiac output falls and BP decreases. Foéting baroreceptor activity causes
arising HR and vascular resistance together with the rasoor of mean arterial pressure. On re-
moval of the obstruction, venous return is initially enheghcausing a marked overshoot of BP and
baroreflex-mediated bradycardia. Patients suffering faomonomic neuropathy show a sustained
fall in pressure during the procedure with little or no comgegtory tachycardia or a following BP

overshoot and bradycardia.

e Decreases in Venous Return — A decrease in the amount of bétoching to the heart can be
caused by #morrhage and postural stress (causing blood pooling). i@afiling pressures are
consequently reduced (hypovolemia) and the intra-vaseolame moves towards the peripheral

veins. This normally causes a HR increase in the short term.

"Those physically disconnected from the CNS by a medicalguioce.
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e The Baroreflex and the vasovagal reaction — The Baroreflexarserial and vascular mechanical
stretch receptors to adjust the HR if the BP changes. Wheougereturn decreases, BP remains
constant or slightly increases while vascular resistamceHR increase. However, despite these
increases in vascular resistance and HR this is not enouggmpensate for the falling BP from a
decreased return in blood volume. Finally if the venousrretsi too low there may be an abrupt
fall in BP and loss of consciousness accompanied by a decieasscular resistance and HR.

This is known as the vasovagal reaction.

e Exercise — This immediately induces an increase in HR thr@ugNS mediated vagal withdrawal.
Metabaroreceptors within the muscle also become stintikatéencrease HR further through in-
creased sympathetic activity which vasoconstricts theexamcising muscles and splanchnic (soft
internal organ) circulation. Receptors involved in lunfiation and possibly baroreceptor inhibi-
tion also contribute to the process. Less fit, aged or extsegwaithful hearts have a lower HR
maximum and a higher resting HR. Training increases the ainafucardiac muscle and stroke

volume to produce a higher maximum and lower resting HR.

e Thermoregulation — Peripheral and core body temperatweecantrolled by both internal and
external factors. This may affect peripheral resistarfeerésistance to blood flow in the peripheral

blood vessels.

e Embolisms — When a small blood vessel is obstructed by fraggnef material carried by the
blood flow the result is often a tachycardic response as vgetha destruction of the organ (in

whole or part) that is supplied by this vessel.

¢ Intra-venous (1V) injections — Stimulatory or inhibitorjnemicals can be intra-venously injected

to increase or reduce HR.

e Circadian Rhythms — These are defined to be variations idpicdl activity that appear to have
a natural cycle of between 23 and 27 hours, but are often dbicke the 24-hour day-night cycle
[165] (due to light exposure). The most prominent 24-howysiiogical variation in humans
is that of the fall in blood pressure and HR for a normal subyeuile asleep (see figure 1.10).
The factors which affect this variation include the healtla patient's ANS, circulating and local
hormones, level of patient awareness and the strength dfghe itself [186]. A more in-depth

description of these complicated changes will be presantedapter 5.
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Figure 1.10: BP and HR profile in a normal subject over a 24-peudod. On the horizontal axis, a time
of 16 means 4pm and a time of 28 means 4am. Taken from [186].

Inter-patient factors

Although it is possible to expect certain differences indiiage (resting) HR and HRV depending on the
type of patient, there are multiple factors that contribiot¢hese differences. It is therefore difficult to
categorise or assess patients without using demograptsic Tae major factors that lead to inter-patient

differences in HR and HRYV (independently of the intra-pattiactors presented above) are:

e Genetics and family history — Although family history candoeimportant risk factor for cardio-
vascular disease [21], relatively little is known about ttegure of specific genetic risk factors.
Research into this area is beginning to grow and some rds&arfl46] are attempting to identify
and characterize genes responsible for inherited disiidethe hope that this information will

also provide some insight into common forms of cardiovascdisease.

e Sex — The depression of HRV with age tends to be more markedilesnand post-menopausal
women, supporting the idea that oestrogen provides sonme éfrprotection against coronary
heart disease [254]. Furthermore, Barrett-Coratet. [21] found that a positive family history of

heart attacks was only independently predictive of deathen and not (pre-menopausal) women.

e Age — HRV is lower in the old and very young although this mayrmesked by the subject’s sex

and overall level of fitness [254].
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e Medical condition and level of fithess — High cholesterolelevtend to be associated with lower

HRV [254].

Furthermore, Blood Pressure Variation (BPV) which afféleesoverall HRV is known to depend on body
mass index, mean BP and BRS, which are known to have a signifidawer within patient population

variance than inter-group variance [163].

1.5.4 HR and HRV correlation

Coumelet al. [59] stress that the strong correlation between HR and HR\lgl not be interpreted as
the fact that HRV is simply a complex way to measure HR. Algitothey point out that HR is probably
the best index of the sympathovagal balance, they emphhsisa loss of correlation between HRV and
other physiological parameters should be looked for asracfigeterioration in the patient’s state (such
as the l=modynamic state if the correlates are HR and HRV). Furtheemsince HRV tends to be a
function of the baseline HR they suggest that it could be midgeous to normalise the HRV using the

HR but do not suggest a scheme other than the fact that itginatibe linear.

1.6 Quantifying HRV

Short term and long term variations in HR are known to havéewht physiological origins and the
magnitude of these variations has been shown to be indicatithe autonomic state of a patient [181].
Over the last 20 years, much effort has been put into quamgiffhese variations with a view to making
clinically useful assessments of patient welfare [184]isHection provides an overview of the metrics

(and their relevance to autonomic function) which have eand to be the most useful.

1.6.1 HRV metrics from the RR tachogram

HRV metrics are calculated from an analysis of the RR tacogrthe time series of RR intervals. It
is important to note that this is an unusual time series it ltoh axes are time intervals, one being
related to the other. Furthermore, since the variabilitydR occurs on a beat-to-beat basis, the time
series is inherentlynevenlyspaced along the horizontal axis. Figure 1.6 illustratésdbncept; each
star indicates the location of a beat in time (along the looitizl axis). The horizontal distance between

each point (time stamp) is different for each adjacent péih the difference recorded on the vertical
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axis. The fact that the RR tachogram is inherently unevemgped leads to complications and errors
in metrics that utilise interpolation, as will be demontchin chapter 4.
There are many ways of assessing HRV and a comprehensiw# figetrics investigated since the

1960's are detailed by Malikt al. [184]. They can be broken down into three basic categories:

¢ those that measure the statistical properties of the détn(ceferred to a geometrical indices as

they attempt to categorise the shape of a histogram of RR/ai3,
o those that evaluate statistics in the time domain,
e and thirdly, frequency domain metrics.
Note that these are all linear techniques. Some nonlinelnigues have been proposed, but there is as
yet no clear consensus on the applicability or accuracy di sechniques [184].
1.6.2 Selected time domain measures of HRV

Geometric indices

HRV indices that are generally referred to as geometric dimtrast to time-series methods) attempt to
quantify the shape of the histogram of the RR tachogram. wliag to Malik [182] there are three basic

approaches:

1. some measurement of the geometrical form of the histogsamade (e.g. the baseline width or

the height of the sample density) and the HRV measure isetefiom this number or,

2. the geometrical pattern is approximated by a matheniigtabafined shape and the HRV measures

are derived from the shape parameters, or

3. the general pattern of the geometrical form is classiiitol @ne of several predefined categories

and the HRV metric is derived on a category specific basis.

The following list of indices is recommended by the Task Eastthe European Society of Cardiol-
ogy and the North American Society of Pacing Electrophgsjpl [184], the accepted standard for HRV

measurement practice:
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e HRYV triangular index (or HRV index) — Total number of all NNgimal-to-normafj divided by

the maximal height of the histogram of all NN intervals meaduwon a discrete scale with bins of

1

T seconds, wherg; is the sample rate of the ECG recording.

e TINN — (ms) Triangular Interpolation of the histogram of tR&l intervals. This is calculated by
approximating the NN interval distribution to an isocelgarigle and measuring the width of the

unequal side (the base).

e Differential index — (ms) Difference between the widths loé histogram of differences between
adjacent NN intervals (higtNN(t)]) measured at selected heights (e.g., at the level®baind

10* samples).

e Logarithmic index — Coefficients of the negative exponential curvée="4, which is the best
approximation of the histogram of absolute differencesvben adjacent NN intervals where
d=[|6NN(t)|] and A is an arbitrary scaling factor. Estimation efis usually done by fitting to
the log of the distribution. The higher the valuexgfthe tighter the distribution and the lower the

overall variability.

These methods tend to be relatively insensitive to outhexs are therefore considered to be robust to
artefacts and computational errors in the RR tachogranvatem. However, they are sampling fre-
quency and recording length dependent. Furthermore, thayod deal well with multi-modal distri-
butions (often caused by sudden shifts in the baseline HRRgantrating on the dominant peak in the
histogram and underestimating the overall HRV. For thisoeahey tend to be used only on very stable

patients with little change in baseline HR over well-defipediods (usually 24 hrs).

1.6.3 Scale-independent measures of HRV

Various detrending techniques have been proposed to rebasadine shifts, but usually a scale must be
chosen over which the detrending is performed and the HRWes-estimated at this scale. Recently,
scale-invariant techniques have also been proposed [1%7189, 268] to allow a measure of the fractal

behaviour of the RR tachogram. These methods include:

e The Fano Factor [268]: the variance of the number of everdsprecified counting timé divided

by the mean number of events in that counting time. It is a oveasf correlation over different

Sintervals formed from the RR tachogram by excluding nomusibeats.
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time scaled’. This measure is sometimes called the index of dispersicowrfts.

e Wavelet variance estimation or Wavelet-Transform Stath@eviation [130] is given by,q, (m) =
1 . L
E[|[W(m)|?]? whereW (m) is the wavelet transform calculated over a seto$cales in integer

powers of 2 (in the case of the dyadic wavelet).

e The Allan factor [268]. the ratio of Allan variance to twicket mean for a given segment. The

Allan Variance,o? = % < (ARR)? >, is the expectation of the first difference of an RR time
series ARR). Since the Allan factor functions as a derivative, thisatce converges for most
of the commonly encountered kinds of noise, whereas thsickds/ariance does not always con-
verge to a finite value and therefore the Allan factor has tithitimnal effect of mitigating against

nonstationarities.

e Detrended Fluctuation Analysis (DFA) [15]: An integrateR Riterval time series, is divided into
boxes of equal length;. In each box of lengt, a least squares line (or polynomial curve) is
fit to the data. The local trend is then removed from the boxréaeing). The root-mean-square
fluctuation of this integrated and detrended time seriesn®téd byF'(n). F'(n) is calculated over
all applicable time scales (box sizes), between some rabminimum and maximum length.
Typically, F(n) will increase with box size.. A linear relationship on &g[F'(n)] to log[n] plot
indicates the presence of power law (fractal) scaling ardbusuch conditions, the fluctuations

can be characterized by a scaling exponent, the slope gsltitis

However, Teichet al. [268] demonstrated explicit links between these methods @ower spectral
density and it has been shown that all these measures coelkpbessed in terms of the power spectral
density of the signal. In fact, in the case of stationary asiistationary data, the above methods have
been shown to give the same results as power spectral densttyods. Furthermore, Heneghan

al. [112] have shown that there is a one-to-one correspondesiveebn measures such as the DFA
slope %{EH”) and the PSD measured over the same time scales. The amalyssthesis is therefore

confined to linear PSD estimation techniques and the resafibe relevant to scale-invariant techniques.
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Statistical indices

Statistical HRV indices are calculated on a beat-to-beaitsband are based on Euclidean root-mean-
square (rms) metrics. They are therefore, sensitive teosithnd more suited to hand-edited data (which
is usually short term due to the labour-intensive naturaiohsvork). Time series indices are generally

broken down into two broad categories [154]:

1. Variables directly derived from the beat-to-beat in#sysuch as the mean HR and the standard

deviation (SD) for the entire record.

2. Variables based on the differences between adjaceras;yailich as the proportion of differences

between adjacent cycles that exceed an arbitrary limit.

The following indices are recommended by the Task Force eBbropean Society of Cardiology

and the North American Society of Pacing Electrophysiol¢§84]:
e SDNN (ms) — Standard deviation of all NN intervals (also knag SDRR) usually over 24 hours.

¢ SDANN (ms) — Standard deviation of the averages of NN intsrivaall 5-minute segments of the

entire (24-hour) recording.

e RMSSD (ms) — The square root of the mean of the sum of the ssjedirdifferences between

adjacent NN intervals.

¢ SDNN index (ms) — Mean of the standard deviations of all NNnvls for all 5-minute segments

of the entire (24-hour) recording.
e SDSD (ms) — Standard deviation of differences between adjddN intervals.

e NN50 (count) — Number of pairs of adjacent NN intervals difig by more than 50 ms in the
entire recording; three variants are possible - countihguadh NN intervals pairs, counting only
pairs in which the first interval is longer, and counting opbirs in which the second interval is

longer.

e pNN50 %) — Percentage of adjacent NN differing by more thms over an entire 24-hour ECG

recording.
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Many variations of these indices have been investigated vatying degrees of success. For in-
stance, Griffin and Moorman [98] recently showed that nesdnsgpsis is associated with a reduced
baseline HR variability coupled with short-lived decetamas of HR and consequently the mean and SD
of such distributions are often similar to those calculdtedn the ECG of normal (healthy) neonates.
However, Griffin and Moorman found that the observed deagtars significantly altered the third mo-
ment of the distribution of one hour RR interval segmentser&fore, measuring thiskewnessallowed
the differentiation between septic neonates and normalaies up to 24hrs before diagnosis of sepsis
in the degenerating group. It should be noted however, teatdbustness of higher order moments in

the context of HRV has yet to be demonstrated.

1.6.4 Components in the frequency domain

Heart rate changes occur on a wide range of time scalessatitind sympathetic changes stimulated by
exercise cause an immediate increase in HR resulting in erlemg term baseline HR and increased
HRV over a period of weeks and months. Similarly, a sudderegse in blood pressure (due to an
embolism for example) will lead to a sudden semi-permaneatease in HR. However, over many

months the baroreceptors will reset their operating raogaase a drop in baseline HR and BP. In order
to better understand the contributing factors to HRV andithe scales over which they affect the heart

it is useful to consider the RR time series (or tachogramhénftequency domain.

Components in the long term

Power spectral analysis was first introduced into HRV aisips1981 by Akselrodkt al. [6]. Since then
many authors have applied a variety of power spectral eBtimgchniques. In order to facilitate inter-
study comparisons, the frequency spectrum of an RR intéaeflogram has been split (by definition)

into four frequency bands:
e ULF - Ultra Low Frequency -8.0001Hz > ULF < 0.003Hz
e VLF - Very Low Frequency -0.003Hz > VLF < 0.04Hz
e LF - Low Frequency -0.04Hz > LF < 0.15Hz

e HF - High Frequency 8.15Hz > HF < 0.4Hz
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Figure 1.11: Typical FFT of RR intervals over 24hrs. (Takeanf [184]). Note that the Meyer waves
are masked by the power spectral dominance of the VLF and @hEibutions

Figure 1.11 shows a typical 24-hour PSD with the above baratked (using logarithmic scales on both
axes). Over such a period, frequencies below 0.04 Hz (VLR&rE) become dominant.

The motivation for splitting the spectrum into these freguebands lies in the belief that the distinct
biological regulatory mechanisms that contribute to HRYadrequencies that are confined (approxi-
mately) within these bands. Fluctuations below! Hz in the VLF and ULF bands are thought to be due
to long-term regulatory mechanisms such as the thermatgylsystem, the reninangiotensin system
(related to blood pressure and other chemical regulat@tpif®) and other humoral factors [46]. In 1998
Taylor et al.[267] showed that the VLF fluctuations appear to depend guilynon the parasympathetic
outflow. In 1999 Serradoet al. [247] demonstrated that the ULF band appears to be doniiriate
contributions from physical activity and that HRV in thisnohtends to increase during exercise. They
therefore assert that any study that assesses HRV usindedata partially) from this frequency band

should always include an indication of physical activitytpens.

Components in the short term

It is generally accepted in the clinical community that tHe Iband is a measure of the parasympathetic

outflow [46]. However, the physiological interpretationtieé LF band is more controversial and although
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Figure 1.12: AR spectral analysis (model order 12, 10 mimdtelow) of an RR tachogram in a healthy
subject at rest and durirt)® head-up tilt. At rest, two major components of similar poaer detectable

at low frequencies (LF) and high frequencies (HF). Duririg tihe LF component becomes dominant,
but as total variance is reduced, the absolute power of LEapgpnchanged compared with that at rest.
Normalisation leads to predominant LF and smaller HF corepts) which express the alteration of
spectral components due to tilt. The pie charts show théwelaontributions from each band together
with the absolute power of the two components representdtidogrea. Taken from Malikt al., 1996
[184].

sympathetic and parasympathetic mechanisms can oper#itesat frequencies many authors ascribe
fluctuations in the LF band to sympathetic activation oni][7

Consider figure 1.12 where auto-regressive (AR) analysidban used to generate the power spec-
tral density (PSD) of a 10 minute RR tachogram. We are onrésted in the region below 0.4 Hz since
the respiratory modulation frequency is the highest corepoof the HRV signal and this is rarely above
20 rpm (about 0.33 Hz). Two distinctive peaks are usuallyeoled in the PSD, the lower frequency
(around 0.1 Hz) being referred to Meyer wave$ and the higher frequency component (around 0.25
Hz) being attributed to respiration effects. Figure 1.18hs PSD of the HR from figure 1.6 derived
using Fourier techniqué% Note the spectral peaks at 0.27 Hz (due to RSA; which cooregsto the

recorded rate of respiration of 16 breaths per minute) al@dlatz (the Meyer waves). There is also a

90ften attributed to blood pressure variations.
1OMethod to be described in detail in chapter 4.
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Figure 1.13: PSD (linear axes) of RR intervals for figure INbte the peaks at 0.04 Hz, 0.1 Hz
(probably due to BP fluctuations) and one arodritf Hz - a modulation of the RR tachogram due to
respiration. From observation of figure 1.6 it can be seentkigasubject was indeed breathing at about
16 breaths per minute, or 0.27 Hz.

significant VLF contribution below 0.04 Hz.

The %—ratio and sympathovagal balance

Rhythms within the HF band, synchronous with the respiratéie, are due to the intra-thoracic pressure
changes and mechanical variations caused by the actiorathiing. The manifestation of the respiration
rhythms on the RR tachogram is known as Respiratory Sinusyftrmia (RSA) as can clearly be seen in
figure 1.12. This higher frequency peak (above 0.15 Hz) isiated almost exclusively by fluctuations
of the vagal-cardiac nerve activity [74] and is generallgegated as a marker of parasympathetic activity
[116]. The 0.1 Hz peak corresponding to the most dominanhefMeyer waves is mostly mediated
by fluctuations of sympathetic nerve activity. Although gathetic and parasympathetic mechanisms
are involved in the LF band, an increase in LF power has aMi@gn observed as a consequence of
sympathetic activation such as rest-tilt marvres, mental stressgmorrhage, and coronary occlusion
[46]. An increase in LF power is therefore accepted as a markeympathetic activation by many

authors [137].
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Since physiological interventions produce reciprocaingfes of sympathetic and vagal outfldwi
has been suggested [7, 74, 163] that the balance betweendppssing neural regulatory mechanisms
can be quantified by the ratio of the power in the LF to the pawére HF band %) which is then taken
as a measure of the sympathovagal balance. Although thiscneegenerally thought to quantify the
relative contributions of the two branches of the CNS, tléesai remains a topic of much debate amongst
clinicians. However, there is a consensus that this is ailuseidel for clinical applications [153].

For instance, clinical studies [252, 273] have presentetktece that th%—ratio is the best indicator
of post-MI mortality up to one year from discharge, altholMglkamaet al. [273] show that only changes
in the HF band are relevant for assessment of post-MI cosvatee. However, there are two problems
with the use of the sympathovagal balance for studying aargroblem related patients. First, their
norepinephrine levels may not change or they may decreae(rthan the usual increase for healthy
subjects) when sitting upright, thus confusing any avesagken over an extended period. Second, these
patients may have unusually high levels of muscle sympathetve activity and norepinephrine levels
with low SD of RR intervals and a Iovg%—ratio [74]. The measure must therefore be considered on a
patient specific basis. In fact sympathovagal balance is @msidered to be useful in patients with less
advanced stages of heart failure, with little guidance agtich exact criteria identify such patients [74].

Eckberg points out that normalised 0.1 Hz RR interval spégiower changes bear no significant
relation to baseline levels or baroreflex-mediated chat@egmpathetic nerve activity (as measured by
changes in myocardial norepinephrine) [74]. Furthermalthough there is a quantitative relation be-
tween respiratory frequency RR interval (HF) spectral poavel vagal-cardiac nerve activity, moderate
changes of this activity away from the baseline do not alter HF power. Conversely, large changes of
HF RR interval spectral power provoked by respiratory cleanmgay not reflect changes of vagal-cardiac
activity. Therefore any analysis must take into accountrdspiratory changes that occur during the
period under analysis.

It has therefore been suggested that power in the HF band israblematical to measure in most
circumstances and that frequency domain measures shauweémoate on the lower end of the spectrum.
Signoriniet al. [250] claim that only the contributions below 0.1 Hz help defthe differences between
pathological and non-pathological conditions. Theselteswave been corroborated by the work of
Teich et al. [268] in a study to determine which HRV indices proved the tradde to differentiate

between pathological cases. They found that the indiceshmliere best able to differentiate between

1over a limited range of arterial pressure; however, somsiplogical interventions provoke parallel changes [74].
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pathological and normal clinical states all relied on aafaitity calculation equivalent to computing the
PSD in the LF range. However, it is clear that the power in tielddnd does carry information about
the beat-to-beat variability of the heart and its abilityfuaction in a healthy manner. For example, La
Rovereet al. [164] and McClements [187] have shown that the HF as well ad_th metrics may be
useful in long term prediction post-MI. Furthermore, thealtfe of clinical studies that have presented
evidence for thé;%-ratio being an excellent indicator of recovery [184, 252 @ven the HF band alone
[273], illustrates that it would be unwise to discount the tHEtric completely at this stage.

The majority of the literature in the field of HRV analysis tdemonstrated that frequency domain
metrics, rather than time series or geometric metrics, fegartost useful indices for assessing patient
welfare and differentiating between patient groups [184is thesis will therefore concentrate on fre-
quency domain metrics. Furthermore, the origin of long tétRV metrics is unclear and estimates of
them may be influenced by factors as diverse as local condife.g. temperature) [181] and quality of
sleep [57]. However, short term metrics have been shown tapable of assessing neurological activity
[181, 184] and therefore may have a clinical interpretaasnwell as be more amenable to controlled
experimentation. The scope of this thesis is thus furthemoneed to include studies on only the short

term (LF and HF) HRV metrics.

1.7 The cardiovascular respiratory system - parameters anahodels

In order to gain an understanding of when an analysis of HRY aifer useful clinical information, it
is necessary to analyse the interactions between the hwhtha rest of the respiratory cardiovascular

system.

1.7.1 Baroreflex sensitivity

The baroreflex causes the heart to speed up and beat moréuligreghen the BP falls. Since vaso-
constriction then alters the BP and rate of flow, the speedhefoiaroreflex therefore determines the
peripheral resistance. The empirical investigation ofgBasitivity of the baroreceptor control of the
heart rate gives rise to the concept of Baroreflex SengittBRS) which is usually calculated from a
measurement of the instantaneous heart rate-arteriadyseesesponse to an intra-venous injection of
phenylephrine [161]. The baroreflex gain is therefore ddfioebe the change in RR interval per change

in systolic arterial pressure.
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It has been shown [161] that BRS and HRV may be loosely cdeeland that BRS may prove a
better indicator for the onset of fatal arrhythmias. In seré@aper Kimet al. [153] used a method they
called complex demodulation, separating the signal interes of band-pass filtered signals of varying
length in order to maximise the resolution. They defined BR®d the instantaneous amplitude of
complex-demodulated oscillations in the RR interval daddby the instantaneous amplitude of complex-
demodulated oscillations in systolic blood pressure. Ttlaym that this technique was equivalent to
power spectral analysis of the RR tachogram.

La Rovereet al. [164] state the need for care in the use of BRS since it is mtitsdfter myocardial
infarction and sometimes improves shortly after the evénirthermore, they pointed out that it also
varies with activity and emotional state, although not ssaely in the same manner as HRV varies with
these states. Despite such complications they found thatalues of BRS studied in the first month

after myocardial infarction remain predictive of outcomgidg the next one to two years.

1.7.2 The connection between HR, HRV, BP and respiration - agssible mechanism

There is no simple connection between HR, HRV and BP alth@eghe measures of HR and HRV are
often (inversely) correlated. That is, stimuli that incgedHR often depress the variability of the HR
in the short term. Conversely, activities that cause a dndjpe average HR can lead to an increase in
short term HRV. Although the strength of this correlatiom change over time and from individual to
individual [212], it is useful to consider the cardiovasausystem from a static perspective in order to
gain an insight into the relationship between the cardiowas parameters.

The cardiovascular system is a pressure controlled systdiiarefore factors that influence changes
in BP will also cause fluctuations in HR. In resting humanstie-beat fluctuations in BP and HR are
mainly due to respiratory influences and to the slower Meyaves [64]. Sleight and Casadei [255]
emphasise that there is much evidence to support the idebahito-beat HR variations are a manifes-
tation of a CNS oscillator which becomes entrained to thpira®ry rate as a result of afferent input
from bronchopulmonary receptors.

It is generally agreed [255] however, that coupling of HRpieation and the cardiac cycle (the flow
of blood around the body with its consequent pressures) edmdadly explained as follows: inspiration
lowers intra-thoracic pressure and enhances filling of et heart from extrathoracic veins. Right

ventricular stroke volume therefore increases and a coesgqise in the effective pressure of the rest
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of the (lesser) circulation is observed. The rise in effecpressure in the pulmonary veins leads to an
increased filling of the left heart and hence to an increastdéntricular stroke volume.

The resistance and hydraulic capacitances of the lessedation create a lag between inspiration
and right ventricular output increase and between the fis#eactive pulmonary venous pressure and left
ventricular filling. A consequence of this is that strokewok modulation will decrease with increasing
respiratory rate (for a given respiratory depth). Furthenenthe phase lag of the stroke volume change
with respect to the corresponding respiratory oscillatiah increase for higher rates. In reality, at
moderately rapid respiratory rates, the BP and stroke veltati throughout most of the inspiration.
Therefore the fall in arterial pressure with inspiratiordige to the preceding expiration. Furthermore,
the strength of this relationship increases as the patievemfrom a supine to upright position (see
figure 1.12).

During expiration, the longer pulse (or RR) interval busfany change in diastolic pressure caused
by the resultant increase in stroke volume, so diastolisqanee changes may correlate poorly with reflex
changes. This supports the notion that respiration driveglganges, which in turn drive the RRE;)
changes. Diastolic BP changes with respiration are quitdlsimce the inspiratory tachycardia tends to
reduce any inspiratory fall in diastolic pressure (as tlieetess time for the diastolic pressure to drop).

This observation was first explained by DeBoer in 1987 [64] although there have been other
mathematical models proposed since then (such as the Bdselél [24] and the Saul Model [238]),
most experimental evidence is thought to support DeBoeodah[255]. For a more detailed survey of

the last 50 years of cardiovascular respiratory modellregreader is referred to Batzsi al. [26].

1.7.3 The DeBoer model

DeBoer’'s model [64] first published in 1987, explains how Bfe affects both RR interval length and
peripheral (capillary) resistance through barorecemarsthe CNS. Note that no slow regulatory mech-
anisms € 0.05 Hz) are included in the model. Figure 1.14 shows how the aardutput is determined
by the current value of respiration and the previous RRwaleiThe new BP value is set by this value of
cardiac output and the peripheral resistance. The new B ¥haén sets the new value for the RR inter-
val. Therefore the model assumes that respiration first&ff@P which in turn affects the RR interval.
The LF peak in HR at 0.1 Hz observed in steady-state condifi@nhumans is explained as a resonance

phenomenon due to the delay in the sympathetic control |dabeobaroreflex: the reflex sympathetic
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neural outflow cannot follow beat-to-beat changes in the 88eased by the baroreceptors.

The respiratory signal that drives the HF (RSA) variationthie model is assumed to be unaffected
by the other system parameters. DeBoer chose the respisagmmal to be a simple sinusoid, although
other authors [281] have used more complicated signals.oBeBmodel was the first to allow for the
discrete (beat-to-beat) nature of the heart beat. (Alliptesymodels had used continuous differential
equations to model the system). The model consists of a s#ffefence equations involving systolic
blood pressureS®?), diastolic pressurel§®?), pulse pressureH = S — D), peripheral resistance
(R), RR interval () and an arterial time constarif’ (= RC), with C as the arterial compliance. The

eqguations are then based upon four distinct mechanisms:

Central
Nervous
afferent System vagal (fast)
| sympathetic\\
. (slow)
| a
Baroreceptor !
! Cardiac
v Pacemaker
Peripheral
Blood / Resistance
Pressu
@ R-R interval
\ Cardiac
Output
Respiration

Figure 1.14: Schematic digram of the cardiovascular systeaording to DeBoer [64]. Dashed line
indicates slow sympathetic control.
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1. Control of the HR and peripheral resistance by the bamteflThe current RR interval value is a
linear (weighted) combination of the last 7 systolic blosdgsure values;ﬁszp...aﬁsz’lﬁ). The
current systolic values??, represents the vagal effect weighted by coefficign(fast with short
delays), wherea§,’;’i 2...52’1 ¢ represent sympathetic contributions (slower with longelays).
The previous systolic valug,” |, does not contribute:{ = 0) because its vagal effect has already

died out and the sympathetic effect is not yet effective.

2. Windkessel properties of the systemic arterial tree s Tépresents the sympathetic action of the
baroreflex on the peripheral resistance. Basically the Wéasel equation/§?” = C3.SZ’l] X
exp(%)) describes the diastolic pressure decay, governed by tiveofathe previous RR in-
terval to the previous arterial time constant. The time tamtsof the decay’, and thus (assuming
a constant arterial compliancé) R,,, the current value of the peripheral resistance depends on a

weighted sum of the last 6 values $f.

3. Contractile properties of the myocardium - The influent¢he length of the previous interval
on the strength of the ventricular contraction is given®y = ~I,, 1 + ¢o wherey andc; are
physiology-dependent constants. A longer pulse intedyaly( > I,,_2) therefore tends to increase
the next pulse pressure P,, a phenomenon motivated by the increased filling of the idesr
after a long interval, leading to a more forceful contract{&tarling’s law) and by the restitution
properties of the myocardium (which also leads to an ine@adrength of contraction after a

longer interval).

4. Mechanical effects of respiration on BP - Respiratiorinaated by a disturbing?, with a sinu-
soidal variation in/. Without this addition, the equations themselves do notyrapy fluctuations

in BP or HR but lead to stable values for the different vagabl

DeBoer uses linearisation around operating péinfaormal human values fa$®?, D I and T) to
facilitate analysis of the model. He found that with the &ddiof a simulated respiratory signal there is a
good correspondence between the power spectra of realranthtéd data. He also pointed out the need
to perform cross-spectral analysis between the RR tachognal theS®” and respiration signals. Pitzalis
et al. [223] performed such an analysis supporting DeBoer's madel showed that the respiratory

rate modulates the inter-relationship between the RRviatemd S® variabilities: the higher the rate

12“

v>0
13A good approximation when the subject is at rest
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of respiration, the smaller the gain and the smaller the elulifference between the two. They also
provided evidenc¥ suggesting that the sympathetic drive is not involved is fitocess. Sleigtdt al.
[255] also present much evidence to support the DeBoer model

It is known that in some pathological cases (or in the eldeHg coupling between respiration and
RR interval can be greatly diminished or completely abs&ume authors [212] have gone further to
show that in such cases there may be a reversal of the dimestitiow of information, so that the RR

interval affects (and leads) the respiration.

1.7.4 Data-driven models

In 1999 Cao and Mees [41] developed a data-driven model falysimg nonlinear interactions between
HR, respiration and blood oxygen concentration in the camicular system. They found that it is
possible to construct a model which enables reasonablg @osdiction of the next time step in one
signal from a combination of 11 or fewer previous valuesaoted from the other two signals only.
This therefore provides further evidence that BP, respmaand the intrinsic HR are the three main
interacting factors in the cardiorespiratory cycle sinceather signal is required to provide accurate
predictions. However, it should be noted that this analysis performed on only one subject who was
a sleep apeic and for which the correlations between the signals woelaiinormal (see chapter 5 for

a more detailed description).

1.8 The clinical utility of Heart Rate Variability

HRV is probably a less straightforward measure of auton@ystem activity than plasma catecholamine
concentration, baroreflex sensitivity measured by respoogphenylephrine response, or sympathetic
activity as measured through microneurographyHowever, there exists a consensus [181] that HRV
does give a useful quantification of ANS activity.

Recently Nolaret al. [207] have pointed out that chronic heart failure (CHF) isozsated with au-
tonomic dysfunction, which can be quantified by measuriny HRey showed that a reduction in HRV
identifies patients at high risk of death and that HRV is advgdtedictor of death due to progressive heart

failure than other conventional clinical measurementshss elevated BP, the cardiothoracic ritieft

14The same response is found affeadrenoceptor blockade.
15A technique for measuring electrical signals from humarpberal nerves using a tungsten microelectrode
15The ratio of the maximal transverse diameter of the cardlhouette to the distance between the internal marginsef th
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ventricular end-diastolic diameter and the presence ofsustained ventricular tachycardia. Their re-
sults show that high-risk subgroups can be identified by HRY elected as candidates for additional

therapy.

1.8.1 ATRAMI trials

In 1998 the ATRAMI (Autonomic Tone and Reflexes After Myodatdnfarction) trial [164] results were
published. The trial was intended to assign dichotomy §irfot positive/negative outcome post-MI and
other cardiac dysfunction, establishing the sensitispecificity and predictive accuracy of abnormal
HRYV for the prediction of subsequent events. The ATRAMI gtpdovides clinical evidence that after
myocardial infarction the analysis of vagal reflexes (meagby the HF metric) has significant prognos-
tic value independently of left ventricular ejection fiact’ (LVEF) and of ventricular arrhythmias and
that it significantly adds to the prognostic value of heatervariability. This is consistent with earlier
work of McClementset al. [187] and indicates that the HF as well as the LF metrics maydedul in

risk-stratification.

1.8.2 Standardisation and clinical community recommendabns

In Malik’s 1995 book on HRV, Kennedegt al. [148] suggest that definite standards for the following

characteristics are required:

=

. Acceptable ECG recording noise (including baseline warelectrical artefact etc)

2. ldentification of ectopic beats

3. Determination of stationarity and measurement artefact

4. Sampling rates

5. Recommended filter procedures to be used in spectraldnegudentification and analysis
6. Optimal short and long term segments of data for time aggliency analysis

7. Guidelines applicable to PSD estimation

8. Stratification based on patient group types - age, ailngemider

ribs at the level of the right hemidiaphragm.
YLVEF - the fraction of blood volume in the left ventricle, efed from this chamber each beat
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This led, in 1996, to the European Society of Cardiology d&dNorth American Society of Pacing
Electrophysiology forming a task force to produce a docureatitiedHeart Rate Variability: Standards
of Measurement, Physiological Interpretation, and Clalit/se,[184]. They were charged with five

main tasks;
1. to standardise nomenclature and develop definitiongwiste
2. to specify standard methods of measurement,
3. to define physiological and pathophysiological coresdat
4. to describe currently appropriate clinical applicasi@mnd
5. to identify areas for future research.

This thesis endeavours to use their standard notation #dod/fthe guidelines whenever possible. How-
ever, where there is room for improvement it has been made tiethe text and the opportunity has
been taken.

They addressed five main issues in their report [184] and theommendations are detailed in the

following six subsections (1.8.3 to 1.8.8).

1.8.3 Standard terminology

When using time-domain indices, it was recommended thataast two of the following four measures
are use#: SDNN and HRV triangular index for an estimate of overalh@iderm) HRV, SDANN for an
estimate of the long-term components of HRV and RMSSD. Thucehshould be specific to the type
of medical condition being considered and the type of dahiths possible to collect. Furthermore it
is inappropriate to compare time domain measures, espefmalong term recordings that are derived
from ECGs of different time lengths.

For frequency domain measures the Task Force recommenaleth¢hnumber of samples used for
the calculation, the size and type of spectral window usetithe method of calculating the power in
respect of the window is reported to allow inter-study corigeas. Furthermore, when using parametric
methods, the type of model, the number of samples, the t¢tdreguency for each component and

the model order should be quoted. Reporting statisticssiothe reliability of the model (such as the

183s defined above
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prediction error whiteness test for goodness of the fit aedoitimal order test to check the suitability

of the model order used) is also important.

1.8.4 Measurement standards

For long duration recordings (usually in the time domairg Tlask Force recommends at least 18 hours
for long term HRV analysis. However, Haaksetaal. [104] performed an in-depth study of the influence
of different time segments on HRV and found that at least 20d0f data were required for time domain
variables or total poweéf in frequency analysis.

The Task Force recommends avoiding the use of frequenciew & in the PSD for HRV assess-
ments as the major constituent of VLF is the nonharmonic amapt which is strongly affected by
algorithms for baseline or trend removal. The Task Force esommends that if the LF and HF are
normalised by TP (the total power less the VLF and ULF contidns) then both the values for the
absolute and normalised calculations should be recorded.

Furthermore, it should be noted that components of HRV piea measure of the degree of au-
tonomic modulation rather than the level of autonomic totiee averages of the modulations do not
represent an average level of tone. There is therefore & deah of inter-patient variation. Typical
values and their spread over typical patient populationsbesfound in Appendix C.

Other significant recommendations include:
e ECG sampling rates betwee0 Hz and500 Hz,
e Careful checks to ensure baseline or trend removal doedfeot the frequencies of interest,

e Use of an accepted and accurfitiiciaP® point detector to identify a stable and noise-independent

beat location,
e Use of appropriate interpolation techniques, especialtypé presence of artefact or ectopy,

e Careful thought as to whether the artefact and ectopictrefecriteria cause a bias in analysing

the data that is not discarded,

e Reporting the relative number and relative duration of RRrirals that were omitted and interpo-

lated,

Bealculated betweet.0001 Hz and0.4 Hz
2consistent reference point on each beat on the ECG
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e Reporting the type of interpolation algorithm and frequeatresampling,

e Frequency domain methods to be preferred to time domainadstior short term recordings. The
recording should be at least 10 times the lower frequencythaid the investigated component,

but no longer (to ensure stability of the sigria))
e Short term HRV assessment to be carried out on 5-minute sggme
e 24-hour indices recommended to assess intervention flesrap

e Environmental variables to be controlled as much as passibiing long-term ECG recordings

(nature of physical activity as well as mental and emoticate),
e Consideration of whether it is appropriate to compare HR\és& patient groupand

e Simple automatic editors of RR sequences (such as staiirgtithresholds) not to be used since

they are known to have undesirable effects leading to patgnserious errors.

Sampling rates

In the same year that Maligt al. published the recommendations, Abboud and Barnea [2] sthdivat
a sampling frequency of 128 Hz is sufficient, in patients witnmal HRV levels, to give a large enough
signal to noise ratio in the RR tachogram. However, for pasisvith significantly lower levels (such as

heart transplant patients) they found that a sampling e least 1000 Hz is required.

1.8.5 Physiological and pathophysiological correlates

HRV analysis may permit inferences on the state and funcifon
1. the central oscillators,
2. the sympathetic and vagal efferent activity,
3. humoral factors, and

4. the sinus node.

2LA minimum of one minute to assess the HF component and twotgsrfar the LF component.
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Frequency domain methods are more easily interpretednmstef physiological regulatory mechanisms
and the HF band is considered a good marker of efferent vafjaltga The interpretation of the LF
componerf® as a marker of sympathetic modulation is more controversiébwever, the ULF and
VLF components account for 95% of the power in the PSD ana fiteisiological correlates are still

unknown.

1.8.6 Commercial manufacturers

Commercial companies rarely disclose the methods they@nipl assessing HRV, although studies
have been carried out on particular systems [195]. Infaomadvailable in the public domain has been
collated by clinicians [181] and a detailed overview of tlse wf different indices by commercial man-
ufacturers and their products can be found in Kenretdsd. [148]. This 1995 report highlights the fact
that most of the frequency and time domain parameters lebeste are included in almost all commer-
cial devices. In general all the standard HRV parametersal@ilated, allowing the user to choose
their preferred methods as well as setting relevant paemétuch as the size and type of window for
calculating PSDs). Artefact and ectopic rejection criteend to follow Maliket al. [184] as closely as
possible. For example, Reynolds Medical use a simple tiraritgrion for ectopic rejection and a high

frequency noise threshold to reject artefactual segments.

1.8.7 Appropriate clinical applications

HRV assessment is considered by the task force on HRV Sw@sddB4]) as useful in the following

clinical conditions:

e Assessment of risk after acute MI - Depressed HRV is a powprgdictor of mortality and of
arrhythmic complications. The predictive value of HRV idé@pendent of other factors established
for post-infarction risk stratification (such as depreske&F and increased ventricular ectopic

activity) [184, 282].

¢ Prediction of mortality - For prediction of all-cause mditig HRV is similar to that of left ven-

tricular ejection fraction [184, 208].

e Prediction of arrhythmic events - HRV is superior to left rarular ejection fraction in predicting

arrhythmic events such as sudden cardiac death or vemtriadhycardia [184, 208]

Zparticularly when expressed in normalised units
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e Assessment of Myocardial Dysfunction - Most patients witheay advanced phase of the dis-
ease and a drastic reduction in HRV show little or no LF congpbndespite clinical signs of
sympathetic activation. Therefore, in conditions chamaséd by a marked and unopposed persis-
tent sympathetic excitation, the sinus node seems greathintinish its responsiveness to neural

inputs.

e Assessment of outcome after cardiac transplantation:-qpesiative HRV is highly depressed
[257], [77], [14]. In 1995 Bernardet al. [30] conducted a large study to measure HRV in re-
sponse to carotid baroreceptor stimulation in 26 hearspiamt recipients at 2 to 63 months after
transplantation and found no evidence for return of pargsghetic control of heart rate during

this period.

e Assessment of Diabetic Neuropathy - A reduction in the tiroendin parameters of HRV not
only carries a negative prognostic value but also precdue<glinical expression of autonomic

neuropathy.

o Tetraplegid® patients represent a unique clinical model to evaluatedhgibution of supraspinal
mechanisms in determining the sympathetic activity resjda for LF oscillations of HRV since
spinal sympathetic neurons are deprived of modulatoryrobmind in particular of baroreflex

supraspinal inhibitory inputs.

In 1996 Maliket al. [184] produced a summary of selected studies investigatiaglinical value of
HRV in cardiological diseases other than those reportesieabbhey also point out that there are several

well reported intervention strategies that lead to chaimgagpatient’s HRV, namely,

¢ [-blockade:-blockers cause modest increases in HRV, although theyeptekie normal rise in
the LF component observed in the morning hours. In consgossMI dogs,5-blockers do not
modify HRV. Importantly,3-blockade increases HRV in the animals destined to be atikkfor

lethal arrhythmias post-Ml.
e Anti-arrhythmic drugs: These tend to decrease HRV.

e Scopolamine: Low dose muscarinic receptor blockers méykedrease HRV indicating an in-

crease in vagal activity. However, the efficacy during loegr treatment with this drug is not

Zpatients with chronic complete high cervical spinal corsidas that have intact efferent vagal and sympathetic heura
pathways directed to the sinus node.
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known.

e Thrombolysis: HRV is higher 90 minutes after thrombolysipatients with patency of the infarct

related arter§?. The difference is not evident on a 24 hour assessment.

e Exercise Training: Exercise training over a reasonablegeaf time significantly increases HRV
and regular exercise is thought to modify the autonomicrizaa Exercise can also accelerate the

recovery of the physiological sympathovagal interactemshown in post-MI patients.

1.8.8 Future research areas
The Task Force recommends the following areas for HRV assass
1. Physiological phenomena - investigating the change W HIRing the sleep cycle.

2. Physical training - Assessment of the autonomic nervgstes to athletic training and rehabili-

tative exercise programmes after various disease statdsnged bed rest and space flight.

3. Pharmacological responses - Considerably more ressaretjuired to understand the effects and
clinical relevance of altered vagatonic and adrenergetie on total HRV power and its various

components in health and disease.

4. Risk stratification - Prospective studies are neededatuate the sensitivity, specificity and pre-

dictive accuracy of combined testing (with other factorshsas ST-segment variability).

5. Fetal and neonatal HRV studies - for risk stratificatiod arsight into autonomic maturation in

the developing fetus.

6. Disease mechanisms - The role of the autonomic nervotensys essential hypertension is an im-
portant area of investigation. Furthermore, several autoa disorders including Parkinson’s dis-
ease, multiple sclerosis, Guillain- Barre syndrome anlastiatic hypotension of the Shy-Drager
type are associated with altered autonomic dysfunctiontiagefore changes in HRV may be an
early manifestation of the condition and be useful in quginiy the rate of the disease progression
and the efficacy of therapeutic interventions. This apgraaay also be useful in evaluating sec-
ondary autonomic neurological disorders that accompamyates mellitus, alcoholism, and spinal

cord injuries.

2Those whose artery remains open.
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Malik et al. [184] suggest that additional population based studiesiving the full age spectrum for
both sexes need to be performed. Furthermore, recent ced@&; 131] has shown that guidelines need
to be formulated which address the issues of how exerciseefwlaess and drug administration affect
variability and how HRV can be meaningfully quantified in thght of this.

This thesis addresses the first and last points (1 and 6) abdavehapter 5, the changes in HRV
and the ANS (as measured by tﬁ%-ratio) are investigated during the sleep cycle. Chaptere€egnts
%—ratio changes over the course of controlled experimentaihiosatic hypotensives to investigate the

reaction of the ANS to postural changes in such patients.

1.9 The problem of HRV measurement and repeatability

Although commercial systems for HRV measurement and assgssare available, no existing tech-
niques are considered to be accurate or meaningful enouglinigians to provide robust measures of

patient welfare and outcome prediction [181]. The follogvpoints highlight the main reasons for this:

1. In 1993 the FDA stopped approving HRV monitors becausgftiiethe there was no consensus on
the usefulness or applicability of HRV measures [3]. Furti@re there was a lack of methods or

studies to attest to the accuracy and validity of the metlogies of the commercial manufacturers.

2. Pre-processing methods for the RR time series tend toldikeasy andad hoc. Data is selected
based on its usefulness for the study and lack of artefacereftre the techniques are rarely

transferable to other studies.

3. Long term HRV metrics include beat-to-beat variationsvadl as definite shifts in the overall
heart rate. A shift into tachycardia or bradycardia willdea a rise in the contribution to the HRV
measure employed, yet the intrinsic variability may beejlotv. Detrending techniques are often

employed to remove such shifts, yet these changes are ghe oferall HRV.

4. The non-linear and nonstationary nature of HRV - This $emdabrupt changes in the signal so
that HRV metrics are highly susceptible to outliers andfacts. The complex variation of the RR
intervals are due to many interacting stimuli on many défertime scales with different magni-
tudes. Itis difficult to choose the window over which to asddRV and an appropriate weighting
for each scale (or contribution). For example, is a smalhgeain the parasympathetic control

more relevant than a slightly larger change in the sympiatientrol?
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5. Drugs are continually administered to an ITU patient amthithate the changes in HRV, seriously

affecting the clinical utility of such measures.

6. The problem of inter-patient comparability - Due to sfgm@int inter-patient variation within sim-
ilar groups it is difficult to ascribe definite values of HRV tres to delineate pathology from

normal behaviour.

1.10 Overview of thesis

This introductory chapter highlights the main problems teanain in HRV analysis. In a large propor-
tion of the literature concerning HRV metrics, the data is-processed by hand, with experts perform-
ing artefact rejection and noise removal. Furthermore,ynpaublications are contradictory in asserting
which HRV methods produce useful results. This is sometiduesto the manner in which the data is
selected or pre-processed. Malik [181] states that thesenised for a fully automatic method of HRV
measurement (from the raw data) which is robust and will igieelinically useful results on recordings
which possess a typical level of noise and artefact. Furibez, Malik suggests that the perceived need
for visual verification and manual correction of long terncawls has discouraged the assessment of
HRV in routine clinical practice and has confined HRV invgations to academic research.

The objectives of this thesis are therefore to (respegiivaddress each of the six problems detailed in

section 1.9 as follows:

1. Chapter 4 introduces an artifical RR interval generatoickvprovides a method of testing the

accuracy of HRV estimation methods.

2. Chapter 3 presents methods for automatically removitedeat and ectopic beats from the ECG
based upon beat morphology and timing with known confideexeel$, allowing the derivation of
an RR tachogram with a known level of missing data. Chapteedgmts a method for the optimal
estimatior® of the power in the RR tachogram and results on artificial @afldata are presented
to evaluate the performance of these new algorithms in casgrato standard methods. These

methods are patient type and ECG database independent .

3. To avoid the complications involved in assessing longteiRV introduced through the highly

nonstationary nature of the RR tachogram, only short temoge are analysed, where the data

In the least squares sense
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can be considered to be stationary or quasi-stationary.

4. In particular, nonstationarity is reduced by evaluatifigV within sleep states (chapter 5) and
during controlled head-up tilt experiments (chapter 6)e Equivalence between PSD estimation
techniques and non-stationary techniques (see sectioB) I8 such data, allows the results of
this thesis to apply not only to linear PSD-based HRV indideg to a wider group of scale-

independent indices.

5. The issue of drug administration is addressed by limitireganalysis of real data within the thesis

(in chapters 5 and 6) to patient groups with either no or gigithilar medication regiments.

6. Chapter 5 addresses the issue of inter-patient compigrdiy presenting a detailed overview
of the functioning of the ANS in response to the external amdrnal stimuli that can have a
significant effect on HRV variations. An analysis is thengwsed which allows an improved
method for minimising within-group HRV variations. An agedasex matched normal test group
is compared to an obstructive sleep apnoeic group to demadeishe improved ability of this
method for minimising within-group variation, and increwgs between-group separtion in terms

LF :
of the fip -raio.

This thesis therefore investigates signal processing adstlior deriving a clinically useful HRV
metric in the context of these six issues. Early chaptersemnate on a robust scheme for extracting an
accurate, artefact-free, beat-to-beat heart rate timess@r RR tachogram) using first morphology and
then timing information from the ECG. A generic method ofritiying ectopic beats and estimating
HRV metrics in the noisy conditions of real clinical situats is then produced. Results of HRV signal
analysis are presented with both an empirical and phystdbgustification for concentrating on one
particular branch of HRV research (frequency domain evalop

Chapter 2 presents a detailed description of a robust #hgorior locating peaks in the ECG (for
calculating beat-to-beat timing intervals) and its parfance on a standard database. Chapter 3 inves-
tigates different methods for removing abnormal beats ftbenECG that have been shown to affect
frequency-domain estimation of HRV. Chapter 4 gives anweer of frequency-domain metrics and,
using artificially generated data for which the frequencynponents are known exactly, reports on a
comparison between the various techniques for HRV analfRasults are then presented to test the hy-

pothesis that the removal of abnormal beat-to-beat timfiraga the heart rate time series is essential for
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accurate HRV metric estimation.

Chapter 5 describes results of frequency-domain HRV aisabysvarious patient groups. In particu-
lar, the activity-dependence of this type of evaluationigdhtighted. A new type of analysis is proposed,
involving sleep stage specific recordings, and results eesepted to demonstrate its effectiveness in
separating normal from unhealthy patients.

Chapter 6 demonstrates the performance of the algorithmslageed in this thesis to assess car-
diovascular changes in patients taking part in a striatigtiolled physiological test. The sensitivity of
the subjects to external factors is examined and a restulie research plan is proposed in the final

chapter.
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Chapter 2

QRS detection

2.1 Introduction

The RR tachogram is formed from a series of beat-to-beangjrimtervals. Therefore, in order to derive
a meaningful RR tachogram, a salient point on the ECG warrefarhich can be found consistently on
each beat, must be identified. Since the R-peak is the edsaste to identify, most beat detection
algorithms are written to locate this point. The accuracythaf location in time of each peak, and
hence the accuracy of the value of each inter-beat intemalcomprises the RR tachogram, is therefore
dependent on the sampling rate at which the ECG is digitidedvas highlighted in chapter 1, although
the current ANSI standards [13] require a sampling frequefat least 250Hz, subjects with extremely
low variability in the RR tachogram may require digitisaticates of 500 to 1000Hz [2] to allow a high
enough signal-to-noise ratio and differentiate betweenstlibtle differences in HRV between certain
patient populations. However, for the artificial data and types of patients analysed in this thesis,
sampling rates of 128Hz and 256Hz are sufficient [2].

Furthermore, since beats other than normal (sinus rhytreajsbare generated from outside the
normal conduction mechanisms they are not considered tedresentative of autonomic control mech-
anisms that manifest the observed variability in the RRdgcéim [181]. The beat-to-beat intervals that
do not correspond to the time differences between two sipatstmust therefore be excluded from the
RR tachogram. This is discussed in more detail, togethdr mithods for identifying and removing
abnormal (non-sinus) beats from the RR tachogram in ch&pt&his chapter provides an overview of
the most popular and effective QRS detectors together witbtaled analysis of an implementation of

the best known technique.
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2.2 QRS detection algorithms - overview

In 1990 Frieseret al. [85], published a comparison of the noise sensitivity @ftimost robust automatic
QRS detection algorithms available at the time. The foligwine algorithms were chosen:

Algorithms based upon amplitude and first derivative:
e Moriet-Mahoudeaux’s [200] method based upon threshold=ak mletection between restricted

windows defined by thresholded derivatives,
e Fraden and Neuman’s scheme [82] similar to [200] but witlifieation and clipping of the signal,

e Gustafson’s ([102]) algorithm based upon analysis of combee derivatives and thresholding.
Algorithms based on first derivatives only:
e Menrad’s algorithm ([193]), which locates QRS complexesthmgsholding the time-derivative

within specific windows,

e The method of Holdinger ([117]), which is similar to that ofelrad ([193]) but involves several

consecutive derivatives. Algorithms based on first andrsgclerivatives:

e Balda’s method ([19]), which uses a thresholding schemédth the first and second derivatives

over a specified time window,

e Ahlstrom and Tompkins’ algorithm ([5]), which uses a simitaethod to Balda ([19]) with the
addition of rectification and smoothing.
Algorithms based upon digital filters:
e Engelese and Zeelenberg's method ([76]), whereby the lagddferentiated and low pass filtered
to locate amplitudes over a certain threshold. This defiegi®ns within which alternate threshold

crossings are sought. These are then categorised as biegleiseline shifts or QRS complexes.

e Okada’s technique ([211]), which involves smoothing witB @oint moving average filter, fol-

lowed by low pass filtering, squaring and then thresholdinip¢ate the QRS complex.

The test data in Friesest al's paper [85] was a time series of idealised QRS complexasiuied

by the following noise and artefacts:

1. Power line interference. — 50Hz0.2Hz mains noise (60Hz in US data) with an amplitude of up

to 50% of full scale deflection (FSD), the peak-to-peak EC@lande.
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2. Electrode pop or contact noise. — Loss of contact betwieerlectrode and the skin manifesting
as sharp changes with saturation at FSD levels for periodsoohd 1 second on the ECG (usually

due to an electrode being nearly or completely pulled off).

3. Patient—Electrode Motion Artefacts. — Movement of thece#lode away from the contact area on
the skin, leading to variations in the impedance betweerekbetrode and skin causing potential
variations in the ECG and usually manifesting themselvead (but continuous) baseline jumps

or complete saturation for up to 0.5 seconds.

4. Electromyographic (EMG) noise. — Electrical activityedio muscle contractions lasting around

50ms between DC and 10000 Hz with an average amplitude of I@B& &SD on the ECG.

5. Baseline drift. — Usually from respiration with an amptie of around 15% FSD at a frequency

of 0.15 to 0.3Hz.

6. Data collecting device noise. — Artefacts generated Bysignal processing hardware, such as

signal saturation.

7. Electrosurgical noise. — Noise generated by other medmapment present in the patient care

environment at frequencies between 100kHz and 1MHz for &éetwvd and 10 seconds.

Engelese and Zeelenberg’s algorithm [76] performed beghfovarious combinations of noise, in
part due to its powerline notch filter. If the same filter is eddo any of the other algorithms, Engelese
and Zeelenberg’s algorithm is no better than the others. rébgts of Friesemt al. [85] suggest that
algorithms based on amplitude and slope are most immune tG Bbse (one of the largest noise
contributions). However these algorithms are sensitidgageline fluctuations. If these can be corrected
by high pass filtering or other filtering methods then thewwthe best system for QRS detection. A
detailed study of an algorithm which incorporates thestufea (the method of Hamilton and Tompkins
[107]) is presented later in this chapter.

It should be noted that the Hamilton and Tompkins algorithke all of the non-pattern matching
algorithms, is essentially a peak energy-amplitude dieteegorithm which almost completely ignores

the detailed morphology of the ECG.
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2.2.1 Available data — the MIT-BIH database

Over recent years, advances in hardware technology have paadible the acquisition of large databases
of multi-channel ECGs such as the Harvard and Massachusstitsite of Technology Division of Health
Science and Technology’s MIT-BIH arrhythmia database [194is comprises hundreds of two-channel
ECGs recorded from patients who suffer from various knowartheonditions, as well as examples of
healthy ECGs. The two leads of ECG used in the MIT-BIH datals® lead | (which gives a mor-
phology similar to lead V5) and lead Il (see figures 1.3 andiriehapter 1). These records have been
annotated by clinicians and thus can be used to developastigrsoftware.

Tools, available from MIT’s web site enable the programmer or researcher to call libraries ¢zt
and compare the clinician-annotated files (for each patieittt any test algorithm he or she chooses. The
database and libraries of comparative tests conform teeteeant American National Standards Institute
(ANSI) guidelines [13] developed by the Association for thdvancement of Medical Instrumentation
(AAMI) [1]. The MIT-BIH database is usually quoted as the E@&ta source when results of detection
algorithms are presented in the literature and all the #&stsacanalysis libraries are in ANSI C. This
therefore makes it an ideal database on which to test andageany new developments.

Another source of ECG data, used in later chapters of thisighevas recorded using a multi-
parameter patient monitoring system developed in the Deeat of Engineering Science in Oxford
University, known as the "Software Monitor” [266]. Only & electrodes are used to record the ECG
in the Software Monitor, one at V5 (the electrode positiavselto the cardiac apex, definedsdsinter-
costal space, anterior axillary line), one at RA (right aanyl one at LL (left leg) - see figure 1.3. This

gives the following three possible ECG signals:
e V5—RA : Approximately equivalent to the clinical definitiaf channel V5.
e RA—LL : Equivalent to the clinical definition of channel II.
e LL—V5: Unspecified in clinical literature.

The data collected using the Software Monitor is referreédiddhe SMP (Software Monitor Project)
database. The first channel of this database is thereforgaéent to the first channel of the MIT-
BIH database. Unless otherwise stated, single lead datasithesis will be lead | from the MIT-BIH

database.

http://ecg.mit.edu
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Each patient record in the MIT-BIH database, labelled 128-4nd 200-234, consists of 30 minutes
of ECG’s sampled at 360Hz with 16 bit accuracy and labelleéxperts. For the purposes of this study
the ECG records have been down-sampled using the MIT4dolthe same frequency and resolution
(256Hz, 12 bit) as the ECG data recorded by Swdtware Monitor The MIT tools account for any
changes caused by the down-sampling (such as aliasingnaontbeéion timing differences) and generate
header files to allow synchronisation of the labels with thes mata files. The clinicians’ annotations

consist of the following labels for each beat (a full list dfilsh can be found in Appendix A):

¢ N — Normal; any beat that does not fall into the S, V, F or Q catigg. This category also
includes Bundle Branch Block Beats (BBBB) which give a widerQRS complex and can be

indicative of myocardial infarctioh However, the broadening is very hard to detect.

e V — Ventricular Ectopic Beat (VEB); ventricular prematures, an (R-on-T)ventricular prema-

ture beat, or a ventricular escape beat.
e F — Fusion Beat; a fusion of a ventricular and a normal beat.

e Q — Paced Beat; a fusion of a paced (artificially induced) andranal beat or a beat that cannot

be classified.

e S — Supraventricular Ectopic Beat (SVEB); an atrial or ngglahctional) premature or escape

beat, or an aberrant atrial premature beat.

The latter two types of beats are excluded from the analysisribed in this report. There are additional

labels which are of interest:

e U —- marks the centre of unreadable data segments, begihbings after the last beat label and

150ms before the next,
e X —- a pseudo-beat label generated during a segment marketeadable,

e [ and] — rhythm labels marking the onset and cessation of vengaidilbrillation or flutter (VF)

respectively.

2Thexformexecutable.

%A blockage in the normal conduction paths of the heart traddeo permanent damage to the heart muscle.

“A potentially dangerous condition is induced when a premeatentricular contraction occurs during the T-wave of the
preceding QRS-T complex. R-on-T phenomenon can induceigelar tachycardia or ventricular fibrillation.
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Note that beat labels are never paired with rhythm labelstaeal labelling is discontinued between
these labels. Incorporation of the MIT libraries into ancaithm that a user wishes to test enables the
generation of a test annotation file of time stamped everidah a comparable format to the clinician
annotation files. When the MIT tools are run on these files alinpeeat comparison is performed, and
an output file is created that compares the time scoring aftevédwo events are held to be simultaneous
(by the ANSI standards [1]) if they occur withih150m.s of each other. Thus, in order to perform beat
by beat comparisons a pseudo-beat label ‘O’ is generatetiraaythe test algorithm labels a point in the
data as a beat and there is no clinician scored label witilims. Table 2.1 is a typical file generated by
these tool® for scoring the results from the QRS detector to be desciivetiapter 3.3.1 being applied

to three different records (patients 100, 101 and 103).

Record NA Vn' F On NV W F/ OV No W' Fd QSe Q+P
100 1901 1 0 0 0 0 0 0 0 0 0 100.00 100.00
101 1521 O 1 4 0 0 0 0 0 0 1 99.93 99.74
103 1725 O 0 1 0 0 0 0 4 0 0 99.77 99.94

Table 2.1: Standard output of MIT files.

Columns 2 to 12 refer to the beat by beat scoring with a caget@label denoting the actual event (as
labelled by the clinicians) and the lower case letter dexgatie labelling provided by the algorithm under
test. Nrl, Vn’ and Fri are thus, respectively, the number of normals, VEBs anadiuseats that the test
algorithm labelled as normals. O the number of normal pseudo-beats that the algorithmrgeate(a
‘normal’ label being generated when there was no beat thikéand VV are, respectively, the numbers
of normals and VEBs that have been labelled as VEBSisRkie number of fusion beats labelled as VEBs
and OV the number of pseudo VEB labels (a VEB label being generagatidbalgorithm when no beat
at all occurred in the origindl) No', Vo' and F¢é are the number of pseudo-beats generated in the test
annotation file for the cases when there was a normal, VEBoffubeat in the original data but the
algorithm failed to detect such a beat.

The scoring thus records the number of false positives (ERtshidentified by the algorithm when
the clinician has not scored one), false negatives (FNsha&sed by the algorithm when the clinician
has scored one) or true positives (TP; both annotationseagreghe time of the event). These are thus

defined a§TP = Nn'+ V' +Fn/, FN = No’ + Vo' + Fo' andFP = On’. The final two columns in

Sthe executable ‘bxb’ in particular
®Note that these latter four columns are zero in this exanipieghis algorithm was only designed to identify normaltbea
"Beat type classification is detailed in the output file bubimect classification (such as labelling a VEB as a normasdo
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table 2.1 are&) Se, the sensitivity of the algorithm or the number of True Fesg (TP) as a percentage
of the total that really exist an@ + P, the Positive Predictivity, or the number of TP’s as a petaga

of the number detected by the algorithm. These two paramatertherefore calculated as follows:

Qs TP Nn' + Vn' + Fn’ @.1)
e = = .
TP +FN  Nn'+ Vn'+ Fn’ 4+ No’ + Vo' + Fo
TP Nn' + Vn' 4+ Fn’
Q+P = n + vn + Fn 2.2)

TP+ FP _ Nn' + Vo' + Fr’ + On/

From table 2.1 one can see that patient 100’s heart beat 882 bver the 30 minute period (an
average heart rate of 63.4 beats per minute (bpm)). All tl#sbeere classified as normals by the
algorithm (non zero entries in &7, 374 and4*” columns), although one of these beats was actually a
VEB. For this record, th€Se andQ + P are therefore both00% for the algorithm under test.

The algorithm labelled patient 101’'s ECG as containing 1b@fnals, all of which were normals
except one fusion beat. However, four normals were detdstéide algorithm when there were no actual
beats there. Thus, the Sensitivity{i&Z+— = 0.9974 or 99.74%. Furthermore, one fusion beat was
missed since a pseudo-beat was generated from the MIT diomofide (Fo' = 1). Thus the Positive
Predictivity is reduced tgz32+=— = 0.9993 or 99.93%. Patient 103 has a total of 1729 beats, all of
which were normal, but 4 of which were missed by the algorith@nly one beat was labelled as a
normal and did not actually occur. It is important to notet the ANSI standards ([13]) allow 5 minutes
of adjustment and adaptation for any algorithm being teatetitherefore the first five minutes of data

are not included in the results generated by the MIT tools.

2.3 The Hamilton and Tompkins QRS detector

Hamilton and Tompkins developed a robust algorithm for theection of QRS complexes in single
channel ECG data and reported the performance of the dgoath the MIT-BIH database in their 1986
paper ([107]).

The method consists of two stages;

1. Pre-processing of time-series ECG data involving baikdr and non-linear filtering and

not affect the statistics; they are based on how many QRS leswpare detected regardless of their classification.
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2. Post-processing decision rules that operate on thisibtagdentify relevant sections within the
ECG for detailed analysis in order to extract the R-peak twisaeferred to as the fiducial point

([215]). Itis this point that corresponds to the clinicialabelling in the annotation files.
This first stage is broken down into four separate distintgrfilg procedures:

1. 5-15Hz Band Pass Filtering— A low pass filter to remove high-frequency noise (such asz0H
mains interference) is followed by high-pass filtering tmowe low frequency components due to

breathing (at around 1Hz or below).

2. Slope Information Extraction — Differentiating the signal emphasises the changes fraen th

baseline.

3. Squaring— This emphasises the higher frequencies (where the R-péake found) and ensures

that all the data is positive for the final stage of filtering;

4. Time Averaging — Integrating the squared signal within a moving window gigemeasure of

how the energy is distributed in the ECG and aids fiducial tdoicalisation.
After preprocessing the following set of heuristics anesuhre applied:

1. A peak (of the time averaged waveform) is located withirgnsent of the time averaged wave-
form. The segment is defined by noting points where the tinezaged waveform exceeds and

then falls below a threshold, which is a fraction of the medialue of the last 10 fiducial points.

2. The fiducial point is then found by a scan-back procedwarching back through the band-pass

filtered data for a peak between the points found in the abiege s

3. If the time integrated packet is significantly longer theual (probably due to dominant P or T

waves) then the length of the window of interest is set to betw150ms and 250ms.

4. Refractory Blanking: As a result of the properties of @edissues, there is a minimum time
required to repolarise. A new peak cannot therefore be getemtil at least 200ms have elapsed
since the last peak detection within the time averaged bidfre positive detection occurs within

this time frame either the previous or current beat must Ise fa he algorithm assumes the latter.

5. If a peak is not detected within a certain fraction (sliglgreater than unity) of the current av-
erage RR interval then a secondary search through the Hterddidata is conducted with lower

thresholds on the median filter.
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Using this method Hamilton and Tompkins quote a sensitioft$9.69% and a positive predictivity of
99.77% over all of the non-paced records within the MIT-Bl&tabase. A description of the implemen-
tation of this algorithm used for the work in this thesis naidws with results obtained on the same

database originally used by Hamilton and Tompkins.

2.3.1 Detection of QRS complexes: Implementation of the Haitton and Tompkins method.

The basic algorithm introduced in 2.3 forms the basis of thelémentation described in this section.
Figure 2.1 illustrates the various stages of the pre-psmedhe sampled input signa(n) is scaled to
+ 1.0;b(n) is the sampled signal after band-pass filterifi@,) after differentiation,s(n) after squaring

andy(n) the final output signal after time averaging.

- Band :
Scaling . - Time
x(n) — t0 41 — II:IT_tsesr —£D|fferent|ate —\iSquare _\:AV. = y(n)
b(n) d(n) s(n)

Figure 2.1: Five stage filter sequence of Pan and and TongoRIR'S detector.

A series of heuristics applied to the time-averaged sigmah tdetermines in which regions of the
ECG waveform, peak detection should take place.

Figure 2.2 shows the output for each of the above stagesriee gubjects in the MIT-BIH database,
with the original ECG data, (scaled #01.0) at the top. In order to compare the implementation of this
algorithm with the original results of Hamilton and Tompgjthe MIT-BIH data has been down-sampled
to 128Hz. Each window in figure 2.2 therefore represents &brads of data. Each stage introduces a
delay (except for the point squaring), with a cumulativeagiedf 40 samples which has been corrected
for in the plots shown.

Note that the algorithms were originally developed in 198%w the standard sampling rate for
ECGs was 128Hz. The plots shown in figure 2.2 are for an imphatien of Hamilton and Tompkins
original algorithms. Modifications of the original algdmih for today’'s ANSI standard ([13]) will be
described later in this chapter.

Band-pass filtering is achieved by cascading a low-passditte high-pass filter, the output of which

is plotted on the second row of figure 2.2. In the original &gty the following difference equations
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Figure 2.2: 5.5 seconds of MIT-BIH ECG data sampled at a fsaqu of 128Hz, at each stage of data
processing. The processing delays in each digital filtee leeen compensated for.

55



represent the equations for the low and high pass filterectisply &:

I(nT) = 20(nT —T)—I(nT —2T) + z(nT) — 22(nT — 6T) + z(nT — 12T)
I(nT) I(nT — 32T)
32 32

b(nT) = bnT —T) — (—al) + (nT — 16T) — I[(nT — 17T) + (2.3)

wheren is the current sample numbér,the sample rate;(n) the original (scaled) daté(n) the low-
pass filtered data anfdn) the subsequent high-pass (and thus band-filtered) dataloWhpass filter
introduces a delay of 6 samples, whilst the 32 point windowhefhigh pass filter adds a further 16-
sample delay. Both filters are IIR filters and thus have a nwal phase response which introduces
shape distortion. However, since the function of the prsicgsis simply to locate high-energy regions
in the original ECG waveform, this should not affect the ipibf the algorithm to locate the fiducial
points.

The third row of figure 2.2 demonstrates how differentiatafnthe signal emphasises the higher
frequency components such as the R wave. The 4-point differequation introduces a further 2-sample
delay;

d(nT) = é (26(nT) + b(nT — T) — b(nT — 3T) — 2b(nT — 4T)) 2.4)

whered(nT) is the output of the filter at the'” sample

The effect of point squarings(nT) = (d(nT))?) can clearly be seen on the fourth row of figure 2.2.
Note that the baseline has a very low value and the peaks artonalised within the region of the QRS
complex. The positive values are time-averaged over a 32 pondow (y(nT) = 5 3217 s(nT)) in
order to indicate the most likely regions for the QRS complExis step contributes a further 16 sample
delay to the overall 40 sample delay.

However, since the ECG in the Software Monitor is sampledb&tz (in line with the 1999 ANSI
standards), changes in the implementation of the algorithere necessary. Furthermore, given the
increase in power and performance of processors since 198BRaband-pass filter design has been
introduced, involving floating-point calculations and rpanore sample delays. The choice of an FIR
filter rather than an IIR filter is motivated by the high levefsnoise encountered in much of the data
analysed in later chapters. The peak-detection algorisiimeirefore modified to perform the peak search

back through the band-pass filtered data rather than thmakigCG waveform. A linear phase response

8Integer coefficients are used as integer multiplication regsired to achieve real-time processing when the alguritias
originally designed.
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is therefore required to ensure the accuracy in locatingithe-stamp of the R-peak. Matlab5 has been
used to calculate the coefficients of the low-pass and hags-fiilters specified by the criteria given in
table 2.2. The linear-phase FIR filter is designed using tr&$McClellan algorithm ([230]) based on
the Remez exchange algorithm and Chebyshev approximdtemryt to obtain a filter with an optimal
fit between the desired and actual frequency responses.isTaghieved by minimising the maximum
error between the desired frequency response and the &efga¢ncy response. Filters designed by this

method exhibit an equiripple behaviour in their frequeresponse in both the pass and stop bands.

Filter Type fl(Hz) f2(Hz) Rs(dB) Rp(bB) fs(Hz) Order
High Pass 0.00128 1.28 48 2.096 256 312
Low Pass 35 45 48.25 1.925 256 37

Table 2.2: Filter properties used for coefficient generatigth MATLABS.

Rs is the attenuation between frequencies f1 and f2 (thesitram band), Rp is the ripple in the
pass band, fs is the sampling frequency and the order is tideof coefficients required to meet the
attenuation criteria. Figures 2.3 and 2.4 show the frequand phase responses for the low-pass and
high-pass filters respectively. Notice that they have aalinghase response over the range of interest
(below 45Hz) and so the shape of the ECG waveform will not Beodied. There is now a cumulative
band-pass filter delay of 175 samples (0.68s).

In the Hamilton and Tompkins algorithm (see section 2.3)Rheeak is identified by searching for
a maximum within a localised region of points whose ampétisl greater than a threshold set to be
the median value of the last 10 R peaks. Tests of the median dittplied to the successive R peaks
previously detected showed that the optimal number of pealsfive for this implementation. If a
greater number of peaks was included, the median filter wieadaptive enough to track the fluctuations
in the amplitude of the R peak.

The median filtering is implemented by saving the peak heffthe last five time-integrated QRS
packets (the last row on figure 2.2) and determining the mediue. Then, when the time integrated
data for a new beat crosses a threshold corresponding totefrap, of this value, a flag is triggered so

that the algorithm then begins to search for the peak in theaeegion of this time averaged packet.
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Figure 2.5: The time-averaged waveform for two consecufN®S complexes. The upper threshold
is set at 90% of the peak amplitude of each packet. The poietevthis intersects the time-averaged
waveform defines the region in the original data in which tigerdthm scans back to locate a peak.

The search is narrowed by defining a window between the pbimtigh a fractiony), of thecurrent
peak is crossed on the upslope and the point at which it isedosn the downslope (see figure 2.5). This
procedure is applied to each processed time-averagedygmaciet and a search back procedure is then
initiated to look for the peak value (i.e. the R-peak) in thigioal ECG waveform within the central
window. Once found, this peak is labelled as the fiducial povalues between 10% and 90% were
investigated (in 10% increments) in order to find the optirales of the thresholdg and+). These

were found to be) = 0.2 andy = 0.9.

2.3.2 Comparison of performance on MIT normal data

On further, more detailed analysis the algorithm was founte particularly sensitive to the value of
¢ and when tested on all of the 44 non-patéhd Il ECGs from the MIT-BIH database for different
threshold values, an optimum was found tprat 0.16. The optimum peak threshold;, remained
unchanged ab.9. Experiments on threshold adjustment showed that the éatarded from subjects
114, 201, 203 and 228 cause the most problems. The other #esfairly robust to small changes in
the value of¢.

The results for these values are presented in table 2.2&ysbn the next page. The average over all
the relevant recordings in the MIT-BIH databas&Xfic = 99.33% and@ + P = 99.06% compare well
with the results reported in Hamilton and Tompkins’ 1986ayd).Se = 99.69% andQ + P = 99.77%)

on the same data.

%as pacemaker spikes will cause problems during peak danecti
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Record NA V" Fn O NV W F/ OV No W Fd QSe Q+P
100 1901 1 0 0 0 0 0 0 0 0 0 100.00 100.00
101 1521 0 1 4 0 0 0 0 0 0 1 9993 99.74
103 1725 0 0 1 0 0 0 0 4 0 0 99.77 99.94
105 2117 29 4 133 O 0 0 0 4 0 1 99.77 94.17
106 1236 459 O 1 0 0 0 0 0 1 0 99.94 99.94
108 1461 13 2 257 O 0 0 0 4 0 0 99.73 85.17
109 2067 28 0 1 0 0 0 0 0 4 0 99.81 99.95
111 1774 1 0 3 0 0 0 0 1 0 0 99.94 99.83
112 2111 0 0 1 0 0 0 0 0 0 0 100.00 99.95
113 1506 0 0 0 0 0 0 0 0 0 0 100.00 100.00
114 1459 30 4 140 O 0 0 0O 111 O 0 93.08 9143
115 1637 0 0 0 0 0 0 0 0 0 0 100.00 100.00
116 1896 97 0 2 0 0 0 0 23 1 0 98.81 99.90
117 1284 0 0 1 0 0 0 0 0 0 0 100.00 99.92
118 1903 13 0 1 0 0 0 0 0 0 0 100.00 99.95
119 1297 364 O 1 0 0 0 0 0 0 0 100.00 99.94
121 1557 1 0 1 0 0 0 0 2 0 0 99.87 99.94
122 2054 0 0 2 0 0 0 0 0 0 0 100.00 99.90
123 1265 3 0 1 0 0 0 0 1 0 0 99.92 99.92
124 1315 36 5 1 0 0 0 0 0O 11 0 99.20 99.93
200 1466 698 1 5 0 0 0 0 0 2 1 99.86 99.77
201 1265 198 2 1 0 0 0 0 56 O 0 96.32 99.93
202 1849 10 1 1 0 0 0 0 6 5 0 9941 99.95
203 2083 369 2 61 O 0 0 0O 20 4 3 9891 9757
205 2123 64 11 1 0 0 0 0 2 1 0 99.86 99.95
207 1482 109 O 6 0 0 0 0 1 0 0 99.94 99.62
208 1303 817 301 12 O 0 0 0 7 7 2 99.34 9951
209 2515 1 0 7 0 0 0 0 2 0 0 99.92 99.72
210 2026 150 5 3 0 0 0 0 4 15 4 98.96 99.86
212 2285 0 0 1 0 0 0 0 0 0 0 100.00 99.96
213 2236 192 267 O 0 0 0 0 0 3 2 99.81 100.00
214 1663 212 3 3 0 0 0 0 0 0 0 100.00 99.84
215 2662 131 O 1 0 0 0 0 1 0 1 99.93 99.96
219 1722 51 0 1 0 0 0 0 0 0 0 100.00 99.94
220 1694 0 0 1 0 0 0 0 0 0 0 100.00 99.94
221 1704 309 O 1 0 0 0 0 0 7 0 99.65 99.95
222 2115 0 0O 59 O 0 0 0 1 0 0 99.95 97.29
223 1736 447 8 1 0 0 0 0 0 8 0 99.64 99.95
228 1225 300 0O 49 O 0 0 0 176 2 0 8955 96.89
230 1858 1 0 1 0 0 0 0 0 0 0 100.00 99.95
231 1278 0 0 1 0 0 0 0 0 0 0 100.00 99.92
232 1485 0 0 5 0 0 0 0 0 0 0 100.00 99.66
233 1862 688 6 1 0 0 0 0 1 4 0 99.80 99.96
234 2288 0 0 1 0 0 0 0 0 3 0 99.87 99.96
Sum 77011 5822 623 774 O 0 0 0 427 78 15

Average 99.33 99.06

Table 2.3: Standard output of MIT files.
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2.3.3 Discussion of results

The MIT tool set includes a waveform browser which loads asgldys the original file together with
an annotation file (either the standard ‘attribute’ file ecbby clinicians or user generated). The display
format is channel O as the upper trace and channel 1 as the Idlve annotations (as defined earlier)
that appear between the two channels refer to those scorad dyalysis of channel 0.

The poor results from data file 114 can be explained by theepoesof noise. In figure 2.7 one can
observe that the clinicians have annotated a section ofyhaaige correctly because the information in
the second (lower) channel is also available to them. Theri#thgn, however, only analyses channel
0 (as with Hamilton and Tompkins original analysis) and idfeas several peaks within a high energy
region in the second half of the trace (figure 2.6). Figuresh&vs how low energy QRS complexes
can be missed unless the median filter threshold is redudetthibpof course, would have the effect of
increasing the number of false positives.

Figure 2.9 demonstrates how artefacts can seriously d@ffedeCG waveform and hence the ability
to locate the QRS complex. The human eye can just make oukevithercomplexes are on the upper
artefactual trace although the clinicians again used thergkchannel to identify the fiducial points.
The algorithm cannot do anything else but miss all the beati®igl the artefact at the end of the upper
trace (marked with an ‘O’). Figure 2.10 is a section of file 228red by clinicians. Note that the VEBs
(annotated as ‘V’) have a much larger amplitude and widtld (@@nce time integrated energy) and thus
increase the median-filtered average of the last five pedkis. Has the effect that the algorithm misses
the smaller amplitude QRS complexes (see figure 2.11).

The average performance over all the files of 99.33% seitgitind 99.06% positive predictivity
for this implementation of this algorithm is comparable hattof the original Hamilton and Tompkins
algorithm. The slightly better results achieved by Hamileo;nd Tompkins are likely to be due to the
utilisation of a scan back procedure in the case of a miss#ag. [lHowever, an analysis of the beat-to-
beat timing intervals is presented in the next chapter. mbkision of such an heuristic in the algorithm
may bias the results of the study.

The morphology of a heart beat can vary greatly dependindherpatient and the detection hard-
ware configuration. Often a normal beat for one patient caamble an abnormal beat for another.
The Hamilton and Tompkins algorithm [107] is essentiallyealp energy-amplitude detection algorithm

which almost completely ignores the detailed morphologihefECG.
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Figure 2.6: Incorrectly labelled file 114 by algorithm duentmse.
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Figure 2.7: File 114 correctly labelled by clinicians.
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Figure 2.8: Low amplitude QRS complexes (in lead Il, the umbannel) missed in file 114.
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Figure 2.9: Artefacts in file 203
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Figure 2.10: File 228 scored by the clinicians
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Figure 2.11: Missed QRS complexes in file 228 due to high gnéEBs.
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2.4 Conclusion.

Since beats other than normal (sinus rhythm) beats are ajedefrom outside the normal conduction
mechanisms they are not considered to be representativeasfaamic control mechanisms that manifest
the observed variability in the RR tachogram [181]. The ftedieat intervals that do not correspond to
the time differences between two sinus beats must therbfoexcluded from the RR tachogram.

Since the energy/amplitude detection algorithms destiiibéhis chapter are not able to distinguish
between morphologies, they cannot be used for the excludionrmal beats from the RR tachogram.
Furthermore, the use of thresholds which cannot be prerdeted and are difficult to set on-line indi-
cates that a more adaptive and patient specific approacltéssery. To date, all attempts to recognise
ectopic beats have relied on heuristics or pattern matchimigh are not sensitive to an individual's ECG
morphology [1, 85, 11]. Moreover they are based on necégsaniepresentative and small populations
[194] (due to the difficulty in collecting a necessarily lardata base). Chapter 3 presents a set of pos-
sible solutions to these problems involving a generalesginbcedure that can be traingdsitu on an

individual.
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Chapter 3

Abnormal Beat Detection in the ECG

3.1 Introduction

It is common practice to adjust the RR tachogram in order tooxe the effect that abnormal (non-
sinus, ectopic or aberrant) beats [138] would have on estijm&lRV. While it is reasonable to attempt
to remove artefacts in the ECG (such as spurious distortbtise signal such as muscle movement or
electrode pop; see section 2.2), it is less obvious why th&eal community excludes ectopic beats from
HRV analysis since ectopic beats, like sinus beats, arérelpbysiological in origin.

There are two main arguments for the removal of ectopic ledated timings from the RR tachogram
prior to the calculation of HRV metrics. Firstly, heart ratedulatory signals involving the brain and
cardio-vascular system act upon the sinoatrial (SA) nodehénheart, influencing the sinus rhythm.
Assessments of autonomic function reflect the ability of gystem to stimulate the SA node. Ectopic
beats originate from secondary and tertiary pacemakeessésetion 1.3) and this type of locally aberrant
beat will temporarily disrupt normal neurocardiac modolat Secondly, an ectopic beat will often
appear late or early with respect to the timing of a sinus.b@#is creates a sharp spike in the RR
tachogram which is likely to add a significant power contiifnu to the power spectrum at an artefactual
frequency. Many of the commonly used standard time-serl®g measures involve Euclidean distance
computations and therefore just one outlier (such as apiedieat) can significantly alter the value of a
metric.

Although bursts of sympathetic activity (significantly har in amplitude and duration than similar
bursts during sinus rhythm) have been observed to followegfo ectopic beats, it is generally believed

that isolated ectopic beats do not cause any significantgehisnthe HRV signal or its power spectrum
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calculated once the ectopics beats have been removed R&88¢nt work on ’heart rate turbulence’ [241]
(the changes in the RR tachogram in the few seconds folloatngctopic beat) has shown that ectopic
beats can cause a measurable change in the RR interval,ebefféict is short lived and is generally
ignored for the purpose of HRV metric calculation over fivenaies periods [181]. Since HRV analysis
is thought only to be relevant to the timing variations in #ieus rhythm, and the presence of ectopic
beats can cause errors in the calculation of HRV metrics astaiethod for excluding non-sinus beats
and artefacts from the RR tachogram is therefore needed.

For the purposes of preprocessing to remove abnormal kibat&£CG can be thought of as two

separate components;

1. The P-QRS-T wave generated from the cycle of depolasisand polarisation of the cardiac

muscleand
2. the inter-beat timing separation between each P-QRS{ be

Both of these components have generally accepted clingfatitions of normality (see sections 3.2.1
and 3.3.1) and this chapter presents methods for analysmgirhing and morphology with respect
to these definitions to producemmise-freeRR tachogram. An algorithm based upon morphology is
presented initially. The application of this algorithmukts in the exclusion of a high percentage of non-
sinus beats from the ECG-derived RR tachogram, without &el ior heuristics (as with conventional
template matching algorithms). An analysis of the distidou of timings for artefacts, non-sinus and

sinus beats is then presented which allows optimal apjaicaipecific timing thresholds to be chosen.

3.2 Pre-processing

3.2.1 Ectopic rejection

In general, there are two accepted methods for dealing \ugheffect of ectopic beats on the RR
tachogram [181]. If the ectopic or anomalous beats are vecasional, they are removed and inter-
polation can be used to add a beat where a sinus beat wouldeamexpected to occur. This is usual in
spectral frequency methods where interpolation and retiagrgore often used to facilitate the calculation
of the power spectral density (PSD) using standard methaltsrnatively, if the incidence of ectopics

is high within a given segment then it is preferable to elanfrom the analysis, the segments of the

HRYV signal that contain such a high occurrence. Howeves,ridy be very restrictive for some patients
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and lead to a great deal of data being discarded. Molgeiaadl [195] demonstrate how certain time-
series metrics (such as RMSSD - see section 1.6.3) are etyreensitive to missed beats especially in
patients with reduced HRV and therefore it is extremely ingoat to consider whether the data in such
cases should be used at all.

Although it is preferable to have an expert clinician seterthe beat classification [138], the pro-
cessing of lengthy data segments and long term studiesyidivee consuming. Furthermore, a human
expert cannot reliably assign exact markers to the QRS @oger long periods of time and may be
more prone to mistakes than automated methods. Malik [188ssthat there is a need for a fully auto-
matic method of HRV measurement (from the original ECG) Whgcrobust and will provide clinically
useful results for typical recordings. Furthermore, hegests that the perceived need for visual veri-
fication and manual correction of a long term ECG has disgaatdhe assessment of HRV in routine
clinical practice and has confined HRV investigations talagaic research.

Malik et al. [182] recommend that RR intervals of sinus rhythm should differ by more than
20% whereas Kamath [138] suggests that each RR interval shatltherease/decrease by more than
32.5/24.5% with respect to the previous interval. Malik also recomneetitht all 5 minute segments
with fewer than 30 sinus beats should be rejected. Finalshould be noted that the rejection criteria
[138, 182] are either arbitrary or have been set through ecaptesting on limited and disease-specific

databases. There is no reason to consider them as defimtive for general patient populations.

3.2.2 Artefact rejection

When considering the robustness of HRV analysis to RR iatezxror, Malik [183] suggests that se-
guences with fewer than 1000 sinus, or Normal-to-NormaN)Nintervals should be rejected from a
study. However, he also acknowledges that this is an anpitheeshold. Many different exclusion crite-
ria have been proposed by other authors [138, 147, 172, 88], dften with little justification. In many
cases, where trials have been carried out to analyse thermenfice of algorithms using different RR
interval exclusion criteria, the types of noise and artisféicat are excluded, and/or the database being
used, are not specified. In many studies the investigataalysexcludes sections of data that appear to
be heavily artefactual.

For short term recordings, Kennedey [147] suggests thagatd0% of a5 minute segment of data

should contain acceptable N-N intervals. Kamath [138] sstgthat regions with the presence of ectopic
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beats or noise for more than 3 seconds should be removed frpamalysis. In order to exclude sections
of data that involve major distortion, some medical equiptmeanufacturers have looked at the power in
the high frequency content of the ECG and set upper limitegj@ction, although the exact thresholds (of
power and frequency) that they use are often proprietapramétion and therefore difficult to ascertain.
Haaksma et. al. [104] have attempted to provide a more thealrdasis for rejecting artefacts and

noise using Parseval’'s theorem. The power evaluated inrglgeiéncy domain should be equal to the

power evaluated in the time domain. They postulaRaeseval index Y&E-H) which should be close
to unity for any given segment with enough data points to héssically significant. However, their
rejection criterion for ignoring segments with a Parsendkeix that deviates by more thari from unity,

is still arbitrary and no justification is given for this tisteold.

3.2.3 Robust methods

In a comparison of geometric and time-series indices, Maf#8] found that the geometric indices are
the most robust to errors introduced by automated HRV catiiculs of RR tachograms derived from long
term ECG recordings. In particular the HRV (Triangular)erdaind TINN performed better than SDNN
and SDANN metrics in noisy scenarios. However, the prevaeasf studies reporting positive results
involving the use of time-series, and more particularlycsa indices (which are thought to be even
more sensitive to such errors) over geometric indices atdgthat more robust methods for removing
artefact and non-sinus beats from the RR tachogram areregdioir time-series analysis to be employed
more universally.

Recently, blind source separation, or independent comyp@malysis (ICA), has been used to sepa-
rate biomedical signals into their (independent) comptg2, 42, 135, 278, 283]. ICA involves taking
multiple observations of a signal which is a mixture of saVvetatistically independent signals and iden-
tifying the independent signal sources (usually by miningisor maximising a cost function such as
mutual information or kurtosis). ICA is particularly adwageous where the signals that require separa-
tion overlap in the frequency domain, and for which tradiéiblinear filtering techniques are therefore
not useful. As long as there is no correlation, or entrairtrbetween different signals, and the signal to
noise ratio is high enough, then féf independently measured channels of input data; 1 sources
(or components) can be resolved. Therefore, if there areaat khree channels of ECG available, the

ECG can be resolved into two separate signals. For exangaglfand maternal ECG waveforms have
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similar frequency components and are difficult to recorchaitt cross-channel interference due to the
proximity of the mother and foetus. Recently, Cardoso [4@essfully used ICA to separate out these
two ECGs from observations of the mixed ECG signals fromdlalectrodes. This works well because
the assumption of signal source independence is valid.

The fact that independent signal sources are responsibliadogeneration of the ECG and many
of the artefacts observed on the ECG suggests that ICA cdsiddbe used to remove artefacts from
the ECG. Recently, Barroat al. [22] and others [110] have implemented ICA techniques tmiekte
artefacts from the ECG such as electrode pop and muscle. nd@&ever, ICA involves a non-linear
transformation which will distort the ECG waveform to someaeat and in some scenarios (such as
diagnosis), this may be highly significant. Although othenHinear techniques [242, 250], have also
been used to remove stationary non-correlated noise fro@d-6uch methods have not been used to

remove artefacts as yet.

3.3 Using morphological information to identify normal QRS complexes

Since the variations in morphology are highly patient-§pet is logical to consider an adaptive algo-
rithm that learns a template of normality based on Euclidéstance metric comparisons. This involves
creating an average of the lastartefact-free ECG waveforms (centred on the QRS complexX)tzen

performing a statistical comparison between this averageroplate and the next section of the ECG
waveform. Patient 109 in the MIT-BIH database was choseedbthis method since the file contains
a significant proportion (2067 out of 2099) of normal QRS ctexg@s with some inter-beat variation in

morphology and a small number of abnormal morphologies (BB3).

3.3.1 Template matching for the detection of ectopic beats

Recently Acaret al. [4] have developed an algorithm to remove ectopic beats éat ko beat HR
measures based on timing considerations and template imgiora multiple-lead signal (using ectopic
beats to form the templates). The differential of three E€&l$ are added and thresholded to produce
QRS complex candidates. The candidates are cross codeldtie a pre-selected template with an
acceptance threshold of 0.8. If the candidate fails therritxgy is compared with the median of the
last nine normal QRS complexes.Ectopic beat identificatidsased upon both timing and morphological

considerations. Firstly, if the new RR interval deviatesrirthe median of the last nine normal-to-normal
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(N-N) intervals by more than(0% it is rejected. Maliket al. are quick to point out that this criterion
is arbitrary and will not disqualify ectopic beats which pap to fall within thel0% timing window!,
although they claim that this misclassification will notestff HRV analysis. Secondly, the morphology
of the QRS complex is investigated with arbitrary threskabth the original and differentiated signal,
including a check on a median-filtered template of the last f-waves

Although Malik et al. [4] claim a specificity of 0.99, a SVEB (Supra-Ventriculart&gic Beat)
sensitivity of 0.99 and a VEB sensitivity of 0.98 for this beique, the results are specific to one type
of commercial ECG recorder and confined to a specific poumagroup (69 healthy adult males) and
may not be entirely representative of either the populati®@a whole or abnormal patient groups. The
following sections explore methods which require fewerrtaties, fewer arbitrary thresholds, and no

predefined morphological templates.

Matching Indices (MSE and Correlation)

Initially, two statistical comparisons will be considergde mean square error (MSE) between the test
ECG waveform and the template, and the correlation betweertest ECG and the template. The
waveforms are energy normalised to emphasise differemcebdpe rather than scale as two similar
waveforms with significantly different baselines will hasdarge MSE between them. The mean is
removed from each sample of the ECG waveform in the calauladf the correlation coefficient),
[95] and the same procedure is applied for the calculatiath@MSE. This is motivated by the need to
minimise the effect of baseline wander. The correlatiorfftment has been chosen since it is a standard
technique in image processing to quantify the differendevéen two patternsC' << 1 represents a
poor match whileC = 1 represents a one-to-one correspondence between patterns.

If u, is the mean value of the'” pattern withD samples them,, = % Zi’il(x;;) wherez?, is
the i'" element of then!” pattern. Similarly, if the mean of the template is calcudafeom 7z =
oy e Y2 («), wherez’, is thei element of thej (energy scaled) pattern and is the number
of patterns used to calculate the templatg, = % Z;Y:l(x;;). Each pattern includes all of the heart
beat from the P wave to the T wave (around one second for a raarbf 60 bpm). The averaging

process and the comparison between the template and th@ewxECG waveform are performed with

Moreover, in this scenario the following compensatory pauil lead to the exclusion of a normal sinus beat as an ectopi
beat.

>The P-waves are detected by assuming they are the peak ofitteéasm in a 200ms window before the R-peak.

S0Originates from outside of the ventricles.
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the R-peak of the QRS complex as the centre sample of therv8stehoosingD to be equal to 64, this
corresponds to creating a vector with 32 points either sidbeR-peak. Down-sampling from 256Hz
to 64Hz, therefore sets the window of interest (for caléntat’') to be one second wide (0.5s either side
of the R-peak).NV, the number of valid waveforms to be averaged to calculaddmplate, is set at 10
to allow a smoothing of the beat-to-beat variations commahé ECG [11, 121].

The MSE between the'” pattern,z,, and the template; v, is given by
D . 4 2
MSE =37 ((a}, — ) — (ay — i) (3.1)
=1

and the correlation coefficient;, is given by ([95])

C =) (a, — ) X (y — Tiy) (32)

The strategy for classifying a beat as a normal or a VEB isgmtesl in figure 3.1. If the Hamilton
and Tompkins algorithm (from chapter 2) detects a heartdméthen the correlatiord;, is greater than
the threshold’,,,;,, the beat is classified as a normal. HoweveKifs less thanC,,;,, then the beat
is classified as a VEB. The procedure is also repeated usengettiprocal MSE,RM SE = ﬁ),

instead ofC and thresholding o® M S E,,,;,, to compare the two quantities as exclusion methods.

e e Normal Beat
= O 1 --¥ | Classification

e,
-

o RIEE » RMEE py

Hamllion & -
Tompking
QRS
detectlan
lacates a
prak

VEB
Classification

Figure 3.1: Flow of logic for beat classification. If a beattetted by a conventional QRS detector, has
a template correlation value greater th@yp),;,, or an MLP reconstruction error greater thBA SFE,,;,,,
it is classified as abnormal. Otherwise the beat is labekesl VAEB.
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Figure 3.2: From top down: Original ECG waveforiRM SE andC for a 12 second segment of file
109 of the MIT-BIH database. Note the third QRS complex - a \(EBthe original ECG has a small
RMSE. The dashed lines are the threshalRti&/ S E,,,;, andCn.

Results

The upper graph in figure 3.2 is a 12 second segment of the E@&feven for subject 109 of the MIT-
BIH database. The waveform under test is moved sample bylsampd equations 3.1 and 3.2 are
computed using a template which is updated every time a @R& complex is detected. The middle
plot shows the sample-by-sample computation offilié S /. Note how theR M S F varies greatly from
one QRS complex to another whereas the correlation peakkgitower graph) have a more uniform
distribution. The thresholds which distinguish ectopionfr normal beatsRM S E,,;, and Cy,;p, are
shown as dashed lines across the graphs.

Table 3.1 illustrates how increasing the correlation cokeffit threshold”,,,;;, from 0.25 to 0.8 leads
to a steadily increasing number of VEBs being correctlysifaesi. However, this is also matched by an
increase in the normals being misclassified by this systemaléde of C,,;, = 0.8 allows the highest
number of VEBs to be detected (28 out of 32, the maximum plessibbmber, given that the Hamilton
and Tompkins algorithm only detects 28 of the beats thatrametated as VEBS; see table 2.3.2 in section

2.3.2) but this leads to more than half of the normals beiagsified as VEBSs.
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Conin N N VEB VEB artefact Normals
classed classed classed classed classed missed
as N as VEB as VEB as N as VEB

0.80 840 1227 28 0 1 0
0.70 1929 138 27 0 1 0
0.60 2032 35 26 0 1 0
0.50 2058 9 26 0 1 0
0.40 2063 4 24 0 1 0
0.30 2065 3 8 0 1 0
0.25 2066 1 1 0 1 0

Table 3.1: Performance of Hamilton and Tompkins/Corretattombination algorithm on patient 109
for classifying beat morphologies for different values%§;,,

RMSE,,;, N N VEB VEB artefact Normals
classed classed classed classed classed missed
as N as VEB asVEB as N as VEB

10.0 1981 86 28 0 1 0
2.0 2053 14 26 0 1 0
15 2056 11 26 0 1 0
1.0 2059 8 22 0 1 0
0.6 2061 6 14 0 1 0
0.5 2062 5 6 0 1 0

Table 3.2: Performance of Hamilton and Tompkia/ SE combination algorithm on patient 109 for
classifying beat morphologies for different valuesii? S E,,;,
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Table 3.2 presents the results for different reciprocal M8EsholdsRM SE,,;,. As the threshold
is increased the number of VEBs classified correctly in@gadlote that the lowest classification error
that can be achieved with this method is for a valugR@# S FE,,;, of 10.0. All the possible VEBs are
correctly classified (given the restrictions of the Harmlimnd Tompkins algorithm) but at the cost of
classifying 86 normals as VEBs. Therefore, a much improvedsdication performance is achieved

using RM SE rather tharC'.

Limitations of template matching

The use of thresholds which cannot be pre-determined orrskhe®, together with the limited perfor-
mance of template matching algorithms to distinguish norpeats from VEBs suggests that a more
adaptive approach is necessary. Since artificial neuralanks (ANNSs) can be trained to learn and em-
phasise certain features of a pattern (as opposed to giging eighting to all parts of a given pattern
as in the above statistical comparisons), they are an ithedde for an adaptive method. The next section
presents the basic theory of neural networks and a praatiggémentation of an ANN for the detection

of VEBs.

3.3.2 Neural Network for ECG analysis
Background

Section 3.3.1 demonstrated that the use of simple stalistiethods to identify abnormal morphologies
in the ECG leads to either a high number of false negativeslse fpositives. Preliminary studies by
Jabriet al. [132], and Huet al. [125] have shown that the application of ANNs to ECG analgsiables
different QRS morphologies to be classified more accurdten with conventional algorithms. Hat
al. [125] investigated a 6-3-1 multi-layer perceptron (MLP) tdassifying 13 different morphologies
found within the MIT-BIH database. They extracted 51 samfilem each beat and reported results of
84.5% accuracy on a small subset of the MIT-BIH databas@$acseveral patients). Jaktial. [132]
extracted 21 features from the ECG time series and implesdem®1-5-3 MLP to classify segments of
ECG into three types of arrhythmias. Classification acqumaca database of 70 patients was found to
be around 95%, but details of training and test sets are mehgn the paper.

Before a description of how an MLP can be used to perform dgioaality reduction to encode the

relevant features of a normal heart beat in sections 3.33t@0, the MLP architecture and its learning
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algorithm are introduced in section 3.3.3 and 3.3.4.

3.3.3 The multi-layered perceptron

This section describes relevant aspects of neural netwedty. The error back-propagation algorithm
is derived from first principles in order to lay the groundiwdor training an auto-associative neural

network.

The neuron

The basic unit of a neural network is the neuron. It can haveymauts and its output value), is a

function, f, of all these inputs. Figure 3.3 shows the basic architeafia neuron with three inputs.

1

w1

72 @y ) ¢

Figure 3.3: The basic neuron

For a linear unit, the functiorf, is the linear weighted sum of the inputs, sometimes knowthes

activationa, in which case the output is given by

p=a= Zwlxl (3.3)

For a non-linear unit, a non-linear functighis applied to the linearly weighted sum of inputs. This

function is usually the sigmoid function defined as

fola) = — (3.4)

The output of a non-linear neuron is then given by

¢ = fq{(z w;iT;) } (3.5)
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If the outputs of one layer of neurons are connected to thatsngf another layer, a neural network

is formed.

Multi-layer networks

The standard MLP consists of three layers of nodes, theddyging interconnected via synaptic weights
w;j andw,; as shown in Figure 3.4. The input units simply pass all of timaii data, likewise the non-
linear output units of the final layer receive data from eatcthe units in the hidden layer. Bias units
(with a constant value df.0), connect directly via bias weights to each of the neurorikerhidden and

output layers (although these have been omitted from thggatha for clarity).

Layers Layerj Layerk
Wij . .
W\umts
Wik
Input units Output units

¢k:f(7(a‘k)
T

Figure 3.4: Schematic of a 5-3-2 multi-layer perceptrorasBinits and weights are omitted for clarity.

Learning algorithm

The input data used to train the network, now defined,a®r consistency of notation, is fed into the

network and propagated through to give an outpugiven by

bk = fo (O winfe (O wijdi)) (3.6)
J i

During training, the target data or desired outpyt,which is associated with the training data, is com-
pared to the actual outpyt,. The weightsuw;;, andw;; , are then adjusted in order to minimise the
difference between the propagated output and the targeé.valhis error is defined over all training

patternsp, in the training set as

E=-3"3(foO wjnfe O wiidh)) — t4)? (3.7)
Pk ' '

Jj i

DN | =
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The squared erroiZ, can be minimised using the method of gradient descent [BHis requires the
gradient to be calculated with respect to each weightandw;;. The weight update equations for the

hidden and output layers are given as follows:

(r+1) _ (1) OFE

Wik =ik T T, (3.8)
(r+1) _ (r) OF

wi; L =wg — 1 (3.9
7 4 (911)7;3'

The full derivation of the calculation of the partial defivas, a?u—EJ and%, is given in Appendix

B.1. Using equations B.20 and B.12 we can write:

wﬂﬂ) = wﬁ) — N0k P; (3.10)
fwgﬂ) = wg) —nd;p; (3.11)

wheren is the learning rate angi andd,, are given below:
ok = (b — tr)Pr(1 — bx) (3.12)

i = > Srwiedi(1 — ¢;) (3.13)
k

For the bias weights, thg; and¢; in the above weight update equations are replaced by unity.

Training is an iterative process (repeated applicationgofagions 3.10 and 3.11) but, if continued
for too long, the network starts to fit the noise in the tragnget and that will have a negative effect on
the performance of the trained network on test data. Thesdecon when to stop training is of vital

importance and section 3.3.7 investigates this in morendept

3.3.4 Auto-associative networks
Architecture

An auto-associative neural network performs dimensionegiduction fromD to J dimensions D > J)
and then projects back up 1o dimensions, as shown in figure 3.5.
The standard linear dimensionality reduction procedurBriacipal Component Analysis (PCA)

which is a form of unsupervised learning [34]. The full datien given in Appendix B.2, shows that
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Figure 3.5: Layout of &-.J-D auto-associative neural network.

PCA is based on minimising a sum-of-squares error costifumcBishop, [34], shows that PCA can be
achieved by the use of an auto-associative MLP. He also stimatdhere is no need to use non-linear
units in the hidden layer to perform the dimensionality m&thn, since the solution for the non-linear
network asymptotically approaches the global minimum efgbst function achieved by the linear net-
work. Therefore only linear units will be used with the aatssociative networks described in the rest
of this thesis. With an auto-associative network, no lafiglbf the training data is required because the

target data is simply the input data.

Network with linear hidden layer and output units

Since(pk = ag

Ok =1 (3.14)
Oay,
the expression fof;, reduces to
_OE  OFE 0¢y
ok = dar 09y Dap (k — tk) (3.15)

Similarly for ¢;:

s _ OB _ OB day 99,

= By = By 5, B, — W o

3.3.5 Structure of auto-associative network for QRS reprodction.

This section describes the research carried out to inastlipw a linear auto-associative neural network
might be used to perform QRS detection of normal beats awedtien of ectopic beats. The aim is to
train the auto-associative network to reconstrunbemal P-QRS-T waveform centred on its R-peak as

faithfully as possible for the particular subject or patibring analysed. The number of output nodes
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must therefore equal the number of input nodes {i.ex k). In order to identify if a segment of ECG
contains a normal P-QRS-T waveform, a conventional QRSctietés used to locate candidate QRS
complexes in the patient's ECG. The candidate is then predea the input nodes of the trained MLP.
If the input data is an ECG waveform (from the patient on whiahnetwork was trained) centred on its
R-peak then the MLP will then reconstruct the QRS complexiaately. Otherwise the reconstruction
will be poor since the mapping was learnt for R-peak centr&RS-T waveforms for that particular
subject.

If a simple Euclidean distance measure (e.g. the MSE as tioseg.3.1) is used to compare the
input and output patterns then it should be possible to réifigate normal from ectopic beats. Thus
the following strategy is adopted: If a beat is identified bg Hamilton and Tompkins algorithm and
RMSE (ﬁ) is used as the test criterion, a larBa&/ S F identifies the beat as normal. If tieM S E
is less thanRM SE,,.;,, then the beat is identified as an ectopic beat. The decisgeni the same as
that shown in figure 3.1 except that this time the test cates RM SFE > RM S FE,,;, where the MSE
is the mean square error between the auto-associative méfweconstruction and the original pattern
presented to the inputs.

Since the QRS complexes are easily located by their R-pe@ls, second window either side of the
R-peak is used in order to segment each heart beat. To reldeideput/output dimensionality for the
auto-associative network and avoid learning irrelevataitighe P-QRS-T waveform is down-sampled,
while still preserving the main features. Figures 3.6 addsBow how down-sampling to 64 Hz achieves
this requirement. Further down-sampling would begin tectfirelevant features of the ECG. A one-

second window centred on the R-peak then corresponds tod&knie both the input and output layers.
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Figure 3.6: A typical ECG waveform sampled at 256Hz.

10 20 i B0

30 40
SAMPLE NUMBER

Figure 3.7: A typical ECG waveform down-sampled to 64Hz.
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3.3.6 Principal Component Analysis for architecture defintion

Simple analysis of typical P-QRS-T waves show that they araposed of approximately 10 major
turning points. Although individual nodes in an MLP do notede individual features, eight nodes in
the hidden layer can be considered as a reasonable choicavidgpenough data compression (4:1) to
encode salient features without significant informaticss!{86].

An auto-associative MLP encodes the variance in the trgisgt in the same manner as Principal
Component Analysis, projecting the variance onto the saumeber of orthogonal axes as there are
hidden units [34]. A more rigorous method for determining tlumber of hidden units is to perform
PCA on the training set, rank the components in order of ntadeiand identify the knee of the curve
(see figure 3.8). In this case the knee appears to be at a ialu@lthough it is arguable that a second

knee occurs at 8. At this point any further components widl hitle to the information encoded by the
principal components.

EIGENVALUE

* -
) I —k — -k — - k- e — ok — - e —
0 2 4 6 8 10 12

EIGENVECTORNUMBER

14 16

Figure 3.8: Size-ranked set of eigenvectors for a trainetg s

3.3.7 Training the auto-associative network

For any subject, the training set will consist of one-secamadows of 64 points centred around the
R-peak for each complex detected by the Hamilton and Tonspkigorithm (see section section 2.3).

Patient 109 with 99.9% normals and 0.1% VEBSs out of just o@fl02heart beats, (see table 2.3.2) is

used as an illustration.

The weights are initialised with random valug$.01 and a learning rate of = 0.05 is chosen.

The neural network is trained by presenting each of the 2@8mals, (as detected by the Hamilton
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and Tompkins algorithm) centred on the R-peak and then baagagating the errors. The mean square
error between each input and output pattern summed oveatddirps, is the error criterion used during
learning, and is shown for each ep6ah figure 3.9 for subject 109. It should be noted that the 28 YEB
and one artefact are not presented to the neural networkdmirtg, as it is important that the MLP
only learns the morphology of normal beats. Given that th&@gtection algorithm cannot differentiate
between normals and abnormal beats, a method for ensuanhgrity normal beats are included in the
training set is required. This is discussed in more detaskiction 3.3.9.

Now consider comparing the variance of the output pattewes one epoch to the variance of the
input patterns over one epoch. The variance for each pas@ermeasure of how different that pattern is
from the mean pattern (the average across the entire tgeseit). The variance of théh dimension in a

set of N D-dimensional vectorsp™ = [¢7, ¢3, ..., o™ |1 wheren = 1, ..., N,is given by

| AR
o4 = N_1 T;(‘:bd — )’ (3.17)
where the meap, is given by
N n
pa = =t it (3.18)

The overall variance for one epocN (raining patterns) is given by

D
V=S u (3.19)
d=1

A new parameter, the variance ratio, is now defined as follows

<

out
2
v (3.20)

‘/ra,tio =

If it were possible to train an auto-associative neural peitvio reconstruct each input vector perfeetly
the variance at the input and output would be the same, armtkhéry;, would have a value of 1. The
variance ratio is therefore a measure of how well the inpators are reconstructed. By monitoring the
variance ratio},..+i,, during training, a decision to terminate training can belelaased on the closeness
of the variance ratio to unity.

During training the weights are updated (equations 3.1(aht) every time a pattern is presented to

4An epoch is an iteration through the whole training set.
Swhich is not possible sinc® > .J
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the network. At the end of each epoch, the mean output pattetithe varianc,,; are calculated. This
procedure is repeated for as many epochs as is requireddoge @ plateau in the variance ratio. Figure
3.10 shows that, for patient 109, this occurs at 1600 epddbge the first minimum is reached around
100 epochs where the network has learned to produce the méamtoaining set as the output pattern,
regardless of the input pattern. At this poiany input pattern will be reconstructed as the average
QRS complex across the training set. If the network is altbwee continue training it will learn the
variance about that mean until, at the end of learning, thiavee in the reconstructed (output) patterns
approaches that in the input patteris,(;, ~ 0.9 at 1600 epochs). At this point, as much of the variance
in the training set as possible has been learned.

This criterion for the termination of training is used in far@nce to the use of a validation $eb
that all the QRS complexes available can be assigned todheny set. Although this is not crucial
in an off-line implementation, it becomes crucial when theoant of data is limited as in a real-time
system. The ANSI guidelines [13] stipulate that only thet firsninutes of data can be used for testing
any ECG algorithm (after that it can only be scoring the dad@p heart rate of 60 beats per minute this
is equivalent to 300 QRS complexes. It should be noted tleatr#tined weights will be subject specific;

a different patient will require a different MLP to be trathe

0.04

0,035

0,03

0,025

MSE

[ I R R R REERRRRFERRRRRRE
0.015
0.01

0,005

i
Q 200 400 EO0 200 1000 1200 1400 1600

EPOCHS

Figure 3.9: Mean Square Error during training at the end cheaaining epoch for file 109. The
horizontal axis is the number of epochs.

5The standard method for ensuring over-training does occur.
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Figure 3.11: The average QRS complex in file 109 over all oftthming set. Note that this vector
represents a one second time interval since the signal leasdasvn-sampled to 64Hz.
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3.3.8 QRS classification

Once the auto-associative network has been trained, eaBitQmRplex candidate ECG waveform (iden-
tified by the QRS detector) is presented to the 64 input nddesrder to classify each QRS complex as
normal or abnormal, the reconstructed data is energy n@@atk{as in section 3.3.1, to emphasise shape
and not amplitude differences) and compared to an energgaised version of the input pattern (figure
3.11) via a calculation of th& M S E between the two patterns. Ti&\/ S E acts as a sensitive measure
of the ability of the MLP to reconstruct the pattern presdraethe input nodes accurately. An accurate
reconstruction is only possible if the input is an R-peakii@ghnormal QRS complex for the patient on
whose data the MLP was trained, and therefore an accuraeaRéetector is required.

Figure 3.12 shows the reconstruction of a non-centred QR®lex with a consequent high value
of reconstructionM SE and thus a lownRM SE. A ‘good fit’ to the normal template (encoded in the
weights of the MLP) is only found when a normal beat is posii with its QRS complex at the centre
of the input window. Figure 3.13 shows the quality of matcrewkhe R-peak is centred on the mid-point
of the 64-sample window.

Table 3.3 presents some of the resultd2d/ S F calculations for the QRS complexes in the ECG of
subject 109 of the MIT-BIT arrhythmia database. The firstouh presents th&M SE between each
of the 32 (downsampled, energy normalised) ectopic beaistencorresponding (energy normalised)
reconstructed output from the MLP. The second column ptsgbhe same calculation for each beat that
directly follows each ectopic beat in column one, which alldna normal morphology. The third column
presents thé& M S E for each beat following the beat analysed in column two. €leso have a normal
morphology. Note that the values in column three (for norbedts) are all significantly higher than in
the first column, demonstrating that all ectopic beats (ifled by the conventional QRS detector) can
be classified as normal if aRM S E threshold of 10 is chosen.

However, using this threshold, some QRS complexes with abmorphology are classed as ab-
normal. In particular, the QRS complexes that precede toviobctopic beats have a slightly distorted
P-wave, due to the broadening of the P-QRS-T complex it$#lis effect is clearly observed in column
two of table 3.3, which gives th& M SE for each (normal) QRS complex that follows each ectopic.
Note that thesd&? M S E values lie in between those for the normal and abnormal lfealismns one and
three), demonstrating that beats which immediately fokmtopic beats exhibit small differences from

a normal morphology. This illustrates the sensitivity af tiuto-associative network to any deviation in
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Figure 3.12: A normal QRS complex (above) in file 109 and itonstruction (below). Note that the
R-peak is not central when presented to the neural network.

87



mV

mV

i i i i i i
10 20 20 40 50 &0

INPUT/OUTPUT NODE NUMBER

Figure 3.13: A normal QRS complex (above) in file 109 and itonstruction (below) when presented
to the neural network centred on the R-peak.
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RMSEof RMSE of RMSE of
ectopic following beat following beat +1

3.54 10.91 328.57
3.41 8.36 213.98
3.31 18.61 221.47
7.70 26.51 313.42
1.09 21.70 216.32
6.19 55.08 204.37
2.19 13.31 171.80
3.15 18.42 117.39
7.08 16.23 130.28
2.98 12.67 175.62
3.29 9.70 182.26
2.99 15.69 114.23
2.12 24.52 159.65
3.41 10.50 157.03
3.34 13.67 201.31
2.82 15.21 147.34
3.41 13.78 126.96
4.86 12.49 316.33
3.79 18.43 246.09
3.88 14.93 193.32
3.76 15.72 251.44
3.76 12.60 162.40
1.75 12.48 232.20
2.70 30.13 201.57
2.52 22.28 305.28
411 12.11 243.12
5.86 19.07 353.41
3.79 13.38 181.41
3.81 14.21 86.90
3.68 17.02 51.73
6.47 19.46 72.51
4.73 15.66 65.85

Table 3.3: Reciprocal Mean Square Erré&M S FE) between (downsampled, energy normalised) MLP
input and output patterns (QRS complex candidates) foesubp9 of the MIT-BIT arrhythmia database.
Column one presents values for each ectopic beat, columfotveach normal beat following the corre-
sponding ectopic beat in column one, and column three detelRM SE for the next but onenormal
beat, following the ectopic beat in column one. See text &aids.
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the ECG from a normal morphology. In this example, the P-wasfethe normal beats which follow
ectopic beats are slightly deformed by the abnormal angditef the preceding ectopic beat. Although
it is possible to minimise this effect by reducing the sizehaf temporal window used to segment each
P-QRS-T complex, a large reduction in the width of the windoay result in a reduced sensitivity to
abnormality. Reducing the width of the P-QRS-T complex ikgiresented to the MLP leads to the
exclusion of part of the P- and T-wave morphology, which widblerefore not be encoded in the weights
of the MLP. Ectopic beats exhibit differences in both P- andave morphology from normality and
therefore including them in the training pattern may lead tugher sensitivity to abnormality for this

method. Experiments to find the optimal size of temporal wimere described in section 3.3.11.

3.3.9 Pruning the training set

The essential feature of using an auto-associative MLP d¢ogr@se normal beats is the encoding of
normality within the MLP’s weights. It is important to noteat since the network uses a square error
learning algorithm, the MLP is disproportionately sensitio variations in the training vectors presented
to the network during training. Therefore, in order to leary normal morphologies, it is important to
exclude abnormal vectors from the training set. Hereindigsoblem; the MLP is trained to recognise
normality, but a method for recognising normality is reqdirin order to train the network in the first
place.

One possible solution to this problem is to use a set of eXpkeiled normal beats for the training
set. However, since the MLP requires retraining for eaclviddal's ECG, the algorithm described in
this chapter becomes redundant if the data has to be labeltéé first place. An automatic method of
pruning the outliers from the training set is required. Dgridentification of the R-peak centred beats
using the conventional QRS detector, whenever a new QRS legngsufficiently different from an

average of the last 10 beats k 0.7) the new complex is removed from the training set.

3.3.10 Size of training set and training time.

The practical constraints in applying a neural network ® d¢h-line detection of VEBs mean that the
number of training patterns and the time during which thevodt can be trained are limited. As with the
ANSI guidelines, the AAMI recommendations for testing aegarting performance results of ventric-

ular arrhythmia detection ([1]) and [13]) state that anyoaltpm is allowed five minutes of adjustment
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and training time. After this it must be correctly scoringuitial points in the ECG waveform.

The implication of this, as already explained, is to restie training set to around 300 heart beats
for an average patient with a resting mean heart rate of 63 lpea minute. Figure 3.10 however, shows
that 1600 epochs are required to train the network suchtikatdriance in the reconstructed patterns is

maximised. In order to consider the effect of the size ohtray, the following data sets were assembled:

1. The ‘gold standard’ data set which includes every P-QRfatliern in the patient record (excluding
the ‘outliers’ detected by the template matching algoritiwth a threshold chosen to limit the

number of patterns to 1700).
2. The first 1000 patterns (excluding the outliers).
3. The first 300 patterns (excluding the outliers).

The number of training epochs (as defined by the convergenite wariance ratio) rises from 1600 to
2000 for 1000 training patterns, but to 10000 for 300 trajrpatterns. This is consistent with theoretical
expectations, since the product of the number of trainir¢epa with the number of training epochs

should be of the same order of magnitude for any given da{@4eP63].

3.3.11 VEB detection performance.

no. training N identified N identified VEB identified VEB ideftd artefact identified

patterns as N as VEB as VEB as N as VEB
1700 2059 8 28 0 1
1000 2055 12 28 0 1
300 2052 15 28 0 1

Table 3.4: Performance of Hamilton and Tompkins/auto-@asive network combination algorithm for
different numbers of training patterns.

Table 3.4 presents the results from running the auto-asseeinetwork with pruned training sets of
1700, 1000 or 300 patterns attempting to detect ectopicshmetr the entire ECG for subject 109, in
conjunction with the Hamilton and Tompkins algorithm (as figure 3.1).

As previously shown in table 2.3.2 the Hamilton and Tompléfgorithm identifies, for this record
every single normal (Nn'=2067), only one artefact (On'=a§l@8 of the 32 VEBs (Vn'=28, Vo'=4). The
combination of the MLP and Hamilton and Tompkins algorithetessifies 28 of the 32 VEBs as VEBs
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(only 4 False Negatives —VEBSs missed by the Hamilton and Tongalgorithm) and in the worst case,

with only 300 training patterns, classifies 15 normals anel amefact as VEBs (16 False Positives).

Varying the temporal window

As mentioned earlier in this chapter, the size of the teniparadow used to segment the P-QRS-T mor-
phology and form the training set, affects the amount ofrimation concerning the varying morphology
of normal beats encoded in the weights of the auto-asseeidLP, and hence its ability to accurately
reconstruct a normal beat at its output. The performancleecligorithm described above, for detecting
normal beats is therefore studied for varying sizes of thegpteral window and the results are presented
in table 3.5. Note that reducing the window from one secon@d.%oseconds does not affect the ability
of the algorithm to identify VEBs. This is because their ntwijogy is sufficiently different from the
training set of normals, and a lo®M S E always results. However, as the window is reduced from 1s to
0.8s the number of normals identified as VEBs drops from 8 girize the abnormalities that can often
exist at the start of a P-wave or the end of a T-wave are nowdgdl from the analysis. An optimal per-
formance is found for a temporal window of between 0.7 ands@d@nds. However, when the window
is reduced below 0.7s the number of normals identified as ilEBesases, since the amount of informa-
tion available concerning normality is reduced and the MEEBdmes sensitive to small differences from
normality in QRS complex width and height.

It can be seen that, when using the highly morphology-seasMLP, an error rate of less than
0.1% is achieved (2 out of 2067 beats misclassified) usinghpaeal window of between 0.7s and 0.8s.
However, for heart rates as high as 120 bpm, a beat will ocewaverage once every 0.5s. In order to
avoid the appearance of P- and T-waves of other beats in tidowi of a particular P-QRS-T complex,
a window width of 0.5 seconds should be used. If the heartisdteown to exceed 120bpm in the data,
then a shorter window may be necessary.

Previous work by Blanchett al. [36] investigated ECG compression using PCA on the the first
channel of 48 patients in the MIT-BIH database, using a onersewindow to segment the ECG. They
showed that for normal beats, 3 components is generallycmiifi to encode that relevant (clinical)
features of normal beats. However, they found that abnobewats require up to 14 components to retain
detailed information, such as ST segment changes. Formatior detection, 8 components is therefore

a reasonable choice. Since the width of normal QRS compbioes not vary highly over a wide patient
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population [121] and the results of Blancletal. [36] indicate that the number of principal components
required to retain information concerning P-QRS-T comgéeis also invariant across a wide population,
there is no need to optimise the temporal window size acuosiser subjects

window N identified N identified VEB identified VEB identified rtafact

size (s) as N as VEB as VEB as N as VEB
1 2059 8 28 0 1
0.95 2061 6 28 0 1
0.9 2063 4 28 0 1
0.8 2065 2 28 0 1
0.775 2065 2 28 0 1
0.75 2065 2 28 0 1
0.725 2065 2 28 0 1
0.7 2065 2 28 0 1
0.6 2064 3 28 0 1
0.5 2063 4 28 0 1

Table 3.5: Performance of Hamilton and Tompkins/auto-@iatige network combination algorithm for
different sizes of temporal window (in seconds) used to surie P-QRS-T complexes during training.
1700 training patterns were used for each case.

3.3.12 |Initialisation with PCA

If the MLP training set is restricted to 300 patterns, andQD8pochs are required to trained the MLP
weights, a training time of over 5 minutes is required usingimercially available digital processors.

A method for reducing the training time is therefore requirés stated in section 3.3.4, the two layer
auto-associative MLP with linear hidden units and a sursepfares error function used in the previous
section, learns the principal components for that data B&A can of course be performed and the
weights can be calculated directly by computing a matrixudseinverse [34], and this shall reduce
‘training time’ significantly. Consider equation 3.7 whehe activation function is linearf{ = 1) for

the input and hidden layers;

N J D
1 2
B =533 dwy — ) 3.21)
p=17j=1 i=0
"Sections 3.3.5 to 3.3.11 have been previously publishediffpr@ et al. in [54] and [265]
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where.J is the number of hidden units. If this expression is difféiaed with respect tav;; and the

derivative is set to zero the usual equations for leastreguaptimisation are given in the form
N D
Z Z G Wit j — fp )¢t =0 (3.22)
p=1 ¢=0
which is written in matrix notation as
(@Te)yw! =o' (3.23)

® has dimension®/ x D with elementsp? whereN is the number of training patterns and D the number
of input nodes to the network (i.e. 64 herdl/ has dimension/ x D and elementsv;; andT has
dimensionsV x .J and elements’. The matrix(®” @) is a squareJ x J matrix which may be inverted
to obtain the solution

wT =afT (3.24)

whered! is the (/ x N) pseudo-inverse ¢b and is given by
ot = (T®) toT (3.25)

In practice(®” ®) usually turns out to be near-singular and singular valuedgosition (SVD) is
used to avoid problems caused by the accumulation of nuatenandoff errors. SVD automatically
selects from a set of nearly degenerate solutions, the@oliar which the length of th&” weight vector
is the shortest.

ConsiderN training patterns presented to the auto-associative MItRamnput andk output nodes
(i = k) andj < i hidden nodes. For the” (n = 1...N) input vectorz; of thei x N (N > i) real input

matrix, X, formed by theV (i-dimensional) training vectors, the hidden unit outputiesl are
hj = f(Wiz; +wip) (3.26)

whereW is the input-to-hidden layer x j weight matrix,wq; is a ranks vector of biases ang is an

activation function. The output of the auto-associativeMvitan then be written as

Y = Wahj + wap (3.27)
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whereW, is the hidden-to-output layer x k weight matrix andws, is a rankk vector of biases. Now
consider the singular value decomposition)6f given by [94] asX; = U;S;V; whereU is ani x i
column-orthogonal matrix$ is ani x N diagonal matrix with positive or zero elements (the singula
values) and’! is the transpose of aN x NN orthogonal matrix. The best rankapproximation ofX is

given by [93] agV,h; = U;S;V/} where
h; =TS;V} and (3.28)

Wy =U;T"" (3.29)

with 7" being an arbitrary non-singulagrx j scaling matrix.U; hasi x j elementsS; hasj x j elements

andV* hasj x N elements. It can be shown that [37]
Wi = oy 'TU} (3.30)

whereWW; are the input-to-hidden layer weights ands derived from a power series expansion of the
activation functionf(x) ~ «y + a1z for smallz. For a linear activation function, as in this application,

ag = 0, a1 = 1. The bias weights given in [37] reduce to

—lrpprt t
wip = —Q; TUj,uX = —Uj,ux,

wop = px — apU; T = py (3.31)

wherepx = % >~ zi, the average of the training (input) vectors dhds here set to be the (x j)

identity matrix since the output is unaffected by the sealidsing equations (3.26) to (3.31)

Yy = Wahj+ wap (3.32)
= Uij] hj + way
= UjTﬁl(Wl.’I?i + ’U)]b) + wayp

= U;Ty " 'TUz; — U T 'Ujpx + px
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giving the output of the auto-associative MLP as
yk = UjUJ (X — px) + px. (3:33)

Equations (3.29), (3.30) and (3.31) represent an anal\g@ation to determine the weights of the
auto-associative MLP ‘in one pass’ with as few &$® + 6N + O(Ni) multiplications [39]. With
1 = 64 this compares favourably with the usual error back-propagaraining algorithm which requires
gNi%j+0(gNij)+0O(gN(i+75)) multiplications, wherg is the number of iterations through thex i
training set. For a typical value df ~ 300 QRS complexes (approximately 5 minutes of dagals of
the order2 x 10%. For N = 300 the same accuracy was achieved using the SVD decompositithoch
as with the network trained with the error back-propagatitgorithm 09.3% of the 2067 normal beats
and28 of the 32 ectopic beats correctly classified).

The AAMI allows only five minutes for ECG data collection ardssifier training [1, 13]. Although
the MLP allows effective identification of ectopic beatstie ECG in real time, the number of iterations
required to train the network using the error back-progagétaining algorithm is such that the AAMI
guidelines cannot be adhered to with conventional desktogpatational power. SVD, however, permits
an initialisation of the weights in a single epoch which wkess than one second on most modern
desktop computers. Once the ‘training’ is complete, theghvsi can then be updated using error back-
propagation to adapt to any gradual morphological changeaked ECG waveform. (These changes
could be due to a change in patient condition or due to a det#ion in electrode-contact impedance).
Template matching could again be used to determine whetmemaQRS complex was sufficiently
novel to initiate retraining. The trained weights can beatpd on-line with the error back propagation
algorithm with ¢’i?5 + O(g'ij) + O(¢'(i + j)) floating point operations wher¢ is the number of
iterations to encode the change in variance in the traindhglise to a new QRS complex being added to

the training set. (Typically’ ~ 10 [263]).

3.3.13 Conclusions

The auto-associative neural network has been shown to bé&/tsgnsitive to the set of ECG morpholo-
gies on which it is trained. Once this was recognised, it wassible to design a system which uses a
QRS detector followed by an auto-associative MLP and praedak an efficient VEB detector. How-

ever, given that the trained MLP also missed some normatguild be that the criterion for rejecting
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abnormal morphologies using template matching is so srings to exclude certain types of normals.

Training time is proportional to the number of nodes in theoassociative network and it may be
possible to decrease the number of hidden nodes withowustyiaffecting performance. Although
PCA can be used to reduce the ‘training time’, on-line laagns required beyond the initial five-minute

period to track long-term changes in ECG waveform morphglog

3.4 Using timing information to identify artefact and abnormal beats

Even with sensitive morphology detection techniques, tbgpmology of an abnormal beat is sometimes
sufficiently close to the beat-to-beat variations encaecten a normal sinus rhythm to allow the ab-
normal beat to be identified. However, an ectopic beat is edfin be of either abnormal morphology
[181] or abnormal timing [138]; i.e it arrives earlier ordatthan would be normally expected for the
beat-to-beat variations in RR interval in a sequence of abtreats. Therefore the timing of a beat in
relation to the previous beat provides further informattiout beat type. The accepted limits for e

RR interval (RR) to be classed as normal are:

1. RR, < 0.8 xRRY, whereRR[ is the average sinus cycle length (according to Metikl. [181])

or
2. 1.325 x RR,;_1 > RR,, > 0.755 x RR,,_1 (according to Kamath and Fallen [138]),

whereRR,, 1 is the last recorded interval (from a sinus beat pair). Tt @iefinition presents the task
of having to calculate the average sinus cycle length (whecfuires the removal of the non-sinus RR
intervals in the first place). The second method proposed dyath and Fallen, was derived from an
analysis of an unspecified amount of data scored for beawtjthea template matching technique.

In this section an analysis of the distribution of timings@sated with sinus beats, abnormal beats
and artefacts for normal subjects is presented. A methodéntifying abnormal beats based on timing
alone is proposed. All the data analysed in the rest of thpteh are taken from the MIT-Physionet
Normal Sinus Rhythm Database (NSRDB) [194]. This comprigesormal (healthy) adult subjects of

mixed sex and aged between 20 and 50 years with no knowns#éises

8This section has been previously published by Cliffetal. in [55]

97



3.4.1 Distribution of artefacts and ectopic beats

In the MIT-Physionet database, artefacts are defined todterdances in the ECG with beat-like mor-
phology such that a conventional QRS detector would idetti€m as a beat. They are labelled as an
‘isolated QRS-like artefact’, or by *in the Physionet annotations. Ectopic or abnormal bea&tslafined

to be non-sinus rhythm beats and are labelled by L, R, A, a\3,ISF, e, j, n, E, P, f, Q, or ?. Appendix
A details the meaning of these annotations. These abnoreads lare usually labelled by experts from
their knowledge of the associated abnormal morphology iamdg .

x10°

. il | . . .
0 10 20 30 40 50

ARR

Figure 3.14: Distribution of percentage change in RR irgkfor normal to normal intervals\[, on the
upper plot) and normal to abnormal intervalé. (lower plot) for all 19 subjects in the MIT-Physionet
NSRDB.

This section uses the NSRDB to quantify the distributionimirigs of normal to normal beats (N-
N), normal to ectopic beats (N-E) and normal to artefact (NnAterms of percentage change from the
previous N-N interval. In effect, this quantifies the relatacceleration of the instantaneous heart rate,

HR; (= 60RR,,). The percentage change in thg RR interval is calculated from

RR, — RR,_1

ARR,, = 100 x — 3.34
X RR._, (3.34)

Figure 3.14 illustrates the distribution &RR for N-N intervals (N, on the upper plot) and N-E in-
tervals (N, lower plot) for all 19 subjects in the MIT-Physionet NSRDBotd that the distributions are

approximately Gaussian centred around zero for the N-Niloigton, and around -24% for the N-E dis-
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tribution. A negative percentage change indicates thaintieeval is shorter than the previous interval.
An even-sided distribution, centred around zero, is tloeeséxpected for N-N beats. However, ectopics
usually arrive early, and therefore the distribution of NAEervals is expected to be centred around a
negative value. Note that in all the NSRDB subjects’ ECG$y one ectopic arrives late (illustrated by
the positive valued datum for the distribution 8. Beat-to-beat intervals between normal beats and
artefacts are however, always shorter than the previoudeeause they occur in addition to the normal

sequence of sinus beats. The distributiod\@&R for N-A is therefore always negative. If the modulus

Distribution of sinus beats, ectopic beats and artefacts for NSRDB

Normal-to-normal

L L L I I L L
0 5 10 15 20 25 30 35 40 45 50

Normal-to-ectopic

0 5 10 15 20 25 30 35 40 45 50

Normal-to-artefact

L
[ 10 20 30 40 50 60 70 80

|ARR|

Figure 3.15: Distribution of percentage change in RR irgkfor sinus to sinus intervals (upper plot),
sinus to non-sinus intervals (middle plot) and sinus tofacts (lower plot) for all 19 subjects in the
Physionet NSRDB.

of ARR is used as a criterion for labelling beats, then it can be eemfigure 3.15, which illustrates
the distribution off ARR| for all 3 beats pair categories (N-N, N-E and N-A), that thisrenly a rela-
tively small overlap between the histograms for each beiatcpéegory. This indicates that it might be
possible to chose a threshold which maximises the removabfsinus beats (ectopic and artifacts).
Figure 3.16 illustrates the percentage of N-E and N-A irglrthat are removed and the percentage
of N-N intervals that remain when the exclusion criterjdfRR| > ), is set to values between 3% and
24%. Artefact removal is almost independent of the valuaoge (i.e. 92% of the artefacts are removed
when)\ = 24% and 97% of the artefacts are removed whes 3%. From figure 3.16, it can be seen
that an optimal value of for this data set (19 subjects with normal sinus rhythmsP#,lin which case

96% of sinus beats are retained and 90% of ectopic beatsramveed. If the distribution of the beat to
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Figure 3.16: Percentage of N-N beat pairs remaini)gN-E (+) and N-A (A) removed for3% < A\ <
25% for all 19 subjects in the NSRDB

beat changes in RR intervals for normal beals, is plotted as a one sided distributiphRR,, |, (which

is assumed to be Gaussian; see upper plot in figure 3.15)hbk&a point is also ath =10% (see figure
3.16) and the3o point corresponds to the standaxd=20% quoted by Maliket al. [181]. This latter
threshold corresponds to removing only 71% of the ectopatsben this group of patients and it would

be more appropriate to use the value suggested above-0f(0%.

3.4.2 Data fusion algorithms

If timing and morphology are assumed to be two independemtces of information when attempting
to identify abnormal beats, the two tests described in thépter could be used on &R basis to fuse
the two sources of information. Thus, th&' beat would be classified as normal if th&\/ SE was
below 10 for an auto-associative MLP trained on that pat@®fthen'" and(n + 1)*" RR intervals did
not change by more thatt) percent. In chapter 4, spectral methods of assessing thad¢kigram are
analysed and a threshold based on timing will be suggestéchwiaximises the removal of non-sinus
RR intervals, whilst retaining sufficient sinus RR intes/td analyse the segment of the RR tachogram
under consideration. The success of this approach medihéna was no need to explore the application
of the data fusion algorithm suggested here, especiallha®verhead of training the MLP for each

patient is not insignificafit

9Section 3.4 has been previously published by Cliffetdl. in [56]
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3.4.3 Summary

About one third of normal, healthy men have one or more prereatentricular ectopic beat(s) per hour
and12% have up to 6 per hour with associated complex ventriculdryiimias [138]. The incidence of
ectopic beats in patients suffering from cardiac-relatezblems, such as Myocardial Infarction, is far
higher [282]. The implementation of a robust automatic mdtfor calculating RR intervals between
only normal (sinus) beats for a large range of environmesutal physiological conditions is therefore
a pre-requisite for an accurate derivation of an RR tachmogrA threshold ofA = 10% for rejecting
abnormal beats, based on timing has been proposed. In thehagpter a particular spectral estimation
method for the RR tachogram is investigated. This requiresr@mum number of beats for the anal-
ysis window, the non-valid beats (i.e. the ectopics andauts) being identified using the timing test

investigated in this chapter.
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Chapter 4

HRV experiments using spectral

technigues

4.1 Overview

Chapter 1 reviewed the application of spectral techniqoehdart rate variability analysis, especially in
the context of the evaluation of cardiac-related problet84]. This chapter provides a detailed analysis
of frequency-based methods with reference to the type ef etvhich they are typically applied. The
drawbacks and inaccuracies of these techniques are qadrdifid compared to an alternative method,
the Lomb periodogram, that is specifically designed to dateuthe power spectral density (PSD) of

unevenly sampled signals [176].

4.1.1 The RR tachogram - an unevenly sampled time series

Since the RR tachogram is a representation of the beataiovagiability of each systole in the cardiac
cycle with both axes representing the time between beatsinherently a discrete, uneven time series
(otherwise there would be naariability in the heart rate). However, almost all of the published PSD
estimation techniques described in the relevant liteeataguire evenly sampled data. Pre-processing
of the RR tachogram with re-sampling techniques (such asitlior cubic spline re-sampling) is usually
the means of producing an evenly sampled time series. Rphsanintroduces an implicit assumption
about the form of the underlying variation in the RR tachogréor example, cubic spline techniques

assume that the variation between beats can be modellethtalglby a cubic polynomial.
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This chapter concentrates on the various re-sampling aurgpestimation methods that are in gen-
eral use for HRV computation. Artificial RR interval datar(ishich the constituent frequency compo-
nents are known) are used in order to determine whethentigpectral estimation technigues introduce
significant errors in the calculation of HRV metrics. The Umiperiodogram is evaluated as an alter-
native technique for HRV spectral estimation and its pentamce is reviewed with respect to the more

traditional FFT based methods.

4.1.2 FFT methods compared to AR methods

The two most common methods for frequency-domain HRV mestonation are auto-regressive (AR)
spectral estimation and Fourier techniques [181]. Thesaiméport,Heart Rate Variability: Standards
of Measurement, Physiological Interpretation, and Clait/se, produced by the task force of the Eu-
ropean Society of Cardiology and the North American SociétiPacing Electrophysiology [184], is
unclear which spectral methods it considers more appkcabHRYV frequency-domain analysis. They
therefore recommend using both parametric and nonparanassessments when evaluating frequency
domain HRV measures. While the nonparametric methods havadvantage of algorithmic simplicity
and rapidity, the parametric methods produce smoothetrsgh@mponents that can be distinguished
more easily, and if the model order is chosen correctly clawan accurate estimation of the PSD over
very short windows.

In 1989 Albrecht and Cohen [10] carried out experiments togare the Fast Fourier Transforms
(FFT) of linearly re-sampled RR tachograms with an autadation method for constructing the PSD
from only the original data points. They showed that for miypical RR tachograms, the PSD of the
linearly re-sampled RR tachogram was more accurate thawotfkiae autocorrelation method. This may
be due to the fact, however, that attempts to estimate tloe@uélation function of unevenly sampled
data all produce some loss of information [240].

However, more recent work by Claytenal [51] (in 1997) demonstrated that FFT and AR methods
can provide a comparable measure of the LF and HF metricqearly re-sampled 5 minute HR seg-
ments across a patient population with a wide variety of agelsmedical conditions (ranging from heart
transplant patients who have the lowest HRV to normals wihenoéxhibit the highest overall HRV).
As both methods appear to give equivalent results, it is oBlgessary to concentrate on one and, in

this thesis the FFT was chosen as there are far more restile literature with which to compare re-
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sults. Furthermore, in the even sampling limit, the Lomb BRT methods are equivalent and a direct

comparison can be made.
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Figure 4.1: Section of (artificial) RR tachogram. The ‘idsadi’ signal (- e —) is a perfect sinusoid. The
physiologically realistic RR tachogram is indicated by aeseof stars ). The cubic spline re-sampled
signal is represented by + — and the linearly re-sampled signal by> —.

4.1.3 Re-sampling to enable spectral estimation

In order to provide an evenly sampled time series prior to &Rdlysis re-sampling is required. Previous
studies have used linear or cubic spline interpolationtsample RR tachograms at frequencies between
1 Hz [114] and 10 Hz [181]. However, the distortion this causgegenerally not appreciated when
reporting results on HRV analysis. Figure 4.1 shows an elamphow these commonly used re-
sampling methods approximate the behaviour of a sinusdid. uhderlying sinusoid we wish to model
is marked by dots (-). Unevenly sampled points have been chosen along theosth(marked byx)
and re-sampling between these points has been performedzatlinear re-sampling (marked by)
produces a poor approximation of the underlying sinusotidHmei cubic spline re-sampling (marked by
*) passes very closely through each poifjtdn the sinusoid and generates a very close approximation
of underlying signal.

The effect of local polynomial interpolation for re-sanmglican be understood by considering the

Taylor expansionf(a + h) ~ f(a) + hf'(a)) of a sinusoid around a pointwith a small errok [122];

sin(t +€) = sin(t) + ecos(t) + ... (4.2)

104



t3 t2 ¢t
t2 t3
~ €+t—€§—§

(to third order) - i.e. a cubic polynomial. It is thereforesumprising that such a re-sampling method
produces a close approximation of a sinusoid. It should dedhbowever, that the accuracy of this
approximation will decrease if the underlying variabilby the HR is not truly sinusoidal in nature.
Appendix D presents a mathematical description of how csplme interpolation for re-sampling is

calculated.

4.1.4 PSD estimation without re-sampling - the Lomb periodgram

In 1976, Lomb [176] described a method of deriving the PSDrofiaevenly sampled signal. In the
Lomb method, re-sampling to create an evenly-sampled teriessis unnecessary and in the evaluation
of the power spectrum the data are weighted on a point by paisis rather than on a per time interval
basis as in the conventional FFT. This technique is destiibdetail in the following sectionsé.2).

Several papers have presented results on HRV spectralagistimusing the Lomb periodogram [43,
162, 198]. Lagunat al. [162] found that the Lomb method for estimating the PSD ofvené/ sampled
signals produces a better estimate of the PSD of an RR taatmoigpan re-sampling at 2Hz and using a
conventional FFT. Moody [198] applied the Lomb method to difieial HR time series and showed that
AR, FFT (of cubic spline re-sampled RR tachograms) and Lorathods are equivalent techniques for
spectral estimation when the data contains no noise. Furtre, he showed that when noise is added
to a HR time series, the AR and FFT based methods introdudes preéhe spectral estimate at spurious
frequencies and broaden the existing peaks. Results tadithat the Lomb method provides a spectral
estimate closer to the original (no-noise) case.

However, no systematic experiments have been publishedaiatify the exact improvement in spec-
tral estimation and frequency domain HRV metric calculaithe Lomb method provides over evenly-

sampled spectral estimation techniques for differingleegnoise or missing data.

4.2 From FFTs to the Lomb method - PSD estimation

The power spectral densitix (f) and the autocorrelation functiofix (¢) of a wide-sense stationary

random process (such that the statistical charactenisatidghe process is time invariantk; form a
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Fourier-transform pair [258]:

Py(f) = [ T Ox(B)e 4.2)

x(t) = [ Pe(neiiay 43)

These relations show that if either the autocorrelatiorction or power spectral density of a random
process is known, the other can be found exactly.

Note that although the power spectrum is a theoretical gyatgfined as an integral over continuous
time and the periodogram is an estimate of this based on a famtount of data, the tern{power)

spectrumandperiodogramare used interchangeably in this thesis (after Scargle]]239

4.2.1 The Discrete Fourier Transform

Consider a physical variabl® measured at a set of tim¢s where the sampling is at equal times
(At = tj41 —t; = constant) from a stochastic process. The resulting time series datdt;)}

(i =1,2,...,N), are assumed to be the sum of a sigialand random observational errérR;

X; = X(t;) = X,(t;) + R(t;). (4.4)

Furthermore, it is assumed that the signal is periodic, ttieaterrors at different times are independent
(R(t;) # f(R(ty)) for j # k) and thatR(¢;) is normally distributed with zero mean and constant
varianceg2.

The N-point Discrete Fourier transform (DFT) of this sequencl &2]

N-1
FTx(w) = Y X(tj)e ™" (4.5)
=0

(wn, =2nfn, n = 1,2, ..., N) and the power spectral density estimate is therefore diyehe standard

method [122] for calculating a periodogram:

(4.6)

!Due to the additive nature of the signal and the errors in ov@&git, the errors are often referred to as noise.
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4.2.2 Generalising the DFT - PSD estimation via the Lomb pedadogram

Now consider arbitrary;’s or uneven samplingXt¢ = t;; — t; # constant) and a generalisation of

the N-point DFT [239];
N—-1

FTy (w) = < > X (tj)[Acos(wt;) — iB sin(wt;)], (4.7)
7=0

N =

wherei: = /—1, j is the summation index and and B are as yet unspecified functions of the angular
frequencyw. This angular frequency may depend on the vector of sammplesti{Z;}, but not on the

data,{ X (¢;)}, nor on the summation index The corresponding (normalised) periodogram is then

2 2

Z X (t5) Sin(wtj)} . (4.8)

J

2

ZX ) cos(wt;) } +B7

Py(w) = () IFTx(w

1
1

IfA=B= (%)5, equations (4.7) and (4.8) reduce to the classical defirst{@quations 4.5 and
4.6). For even samplingX¢ = constant) F'T'x reduces to the DFT and in the limk¢ — 0, N — oo,
it is proportional to the Fourier transform. Howevdrand B are not unique: there are other choices for
A and B which also reduce to the even sampling solution. We musetber impose further conditions
to determined and B uniquely. Scargle [239] has shown that it is useful (in thetegt of statistical sig-
nificance) that the Lomb periodogram has an exponentiailulision, the same as in the even sampling
case [239]. The following derivation (of ScarglersdifiedLomb periodogram) demonstrates how this
is possible by making simple choices fdrand B.

Consider the case in whicki is normally distributed noise, with zero mean and constaitivariance
o2, The quantity

=A Z X (t;) cos(wt;) 4.9

is then a linear combination of independent normal randoriabkes, since thel cos(wt;) are simply
constant coefficients in this context. Noting that a lineambination of normally distributed random

variables is also normal, the mean®fs (G) = 0 and the variance of G is

N N
02 = <G2(w)> = A237 ST (X (t)) X (tr)) cos(wtj) cos(wit) (4.10)
j=1k=1

where <> denotes the evaluation of the expectation. Since the cevssst{ # k) vanish due to the
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assumed independence, this reduces to

03 = A*No? Z cos? (wt;). (4.11)
J
Similarly, defineH (w) to be equal taB 3~ X (t;) sin(wt;), also a linear combination of independent

normal random variables with zero mean and variangayhere

o = B*No, > sin®(wt;). (4.12)
J
Equation (4.8) can then be re-written so tRat is the sum of the squares of two normally distributed,
zero-mean random variables:

Px(w) = %[GQ(w) + H%(w)]. (4.13)

To force such a sum to have an exponential probability 8istion, the variances of the two normal
variables must be equal [218]. The constraints Aoand B which satisfy this latter criterion can be
derived as follows:

Let U andV be two zero-mean random variables with varianegsand o,,, respectively and let

Z? = U? 4+ V2. Z is then distributed according to [218]

2

e 20uov z, 1 1
Pale) = 5o h(o—% - U—g)}, (0w # o) (4.14)
where
S(y) =e YI,(y) (4.15)

and], is the modified Bessel function of the first kind defined as [258

2 4 6

withy = 2 (L2 — %) If o, = 0, = o, the distribution (equation (4.14)) reduces to

Ty

1 =z
F)@ 202 s (417)

Pr(z) = (

the usual result for the sum of squares of two normal vargabfeequal variance (and mean), which is
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exponential. Therefore setting, = 05, = o, makes the distribution of the generalised periodogram
exponential; the same as in the case of even sampling. ¢ Faatiens (4.11) and (4.12) it can be seen

that the choices

Alw) = QT (Z cos? (wtj) ) 2 (4.18)
and L
= M sin®(wt ; 2

Bw) = (; ( t_,)) (4.19)

give the necessary equality of the varianegs— o), = o, since theV 3 sin®(wt;) andN ¥ ; cos?(wt;)
terms cancel. In these equatiof$w) is an arbitrary function ofs and its valueQ(w) = 1, is deter-
mined by the condition thalPyx has the same mean value as in the evenly spaced case. Thiogesio

(equation (4.8)) is then given by:

Py (w) = i{

(4.20)

3 X cosluty)? [, X sinfut;)
2N '

> cos? (wtj) > sin?(wt;)

Note that for evenly spaceg, A(w) = B(w) = (%)% whenevew = w, = 2 wheren ranges over a
set of well-known natural frequenciesn = —%, ceey +&}). This can be seen by equating (4.18) and

(4.19), and using the trigonometrical identifyn? (wt) = 1 — cos?(wt) to give cos(wt) = which is

\/,
true for multiples of2Z. Equations (4.7) and (4.8) then reduce to the classicalitiefis, equations (4.5)
and (4.6).

The fundamental frequency; = 2% the lowest frequency about which there is information m th
data, and corresponds to a sine wave of period equal to thiewhervalT. The highest frequency about
which there is information is the Nyquist frequency, = %(ZA—Z) = ”Tﬂ where the sampling interval
is At = Nlo If the sampling is uneven, the fundamental frequency ishanged in both meaning
and value since the intervdl = max(t;) — min(t;) is still well defined. However, the meaning of
the Nyquist frequency changes; the highest frequency abbigh there is information |m where
Atmin = min(t;1 — t;) and a generalised Nyquist frequency is more commonly us2®].[ZThis is
calculated using\t,,, the average value okt over all j's and is therefore sometimes known as the
average Nyquist frequency, = 1/2At,,.

Note that if the data is not zero-mean, unit variance thefinidg the mean and variance in the usual
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manner;

1 N-1 1 —1

2 2

N Zo: T, 0= 20: (zj — )7, (4.21)

F3

2 2
we may replace[zj X]-] /N with [Zj(x_,- — E)] /o%. The Lomb normalised periodogram then be-

comes

Py (w) (4.22)

1 { [52;(wj — ) cos(wt;)]? L i =) Sin(wt.i)]Q}
202 > cos? (wtj) > sin?(wt;) '

If there is a shift of the time origin at every sample poitit & ¢; + 7,,Y7), then the periodogram
(equation (4.8)) is unchanged: there is simply a phaserfatté, with unit modulus, introduced. The
periodogram derived above (equation (4.22)) does not tés@seful time translation-invariant property
and it does not therefore measure the harmonic content ghalshdependently of phase. Scargle [239]
demonstrates how to restore this property by subtractinglayd from all of the time arguments in

equation (4.22) such that

(4.23)

1 { 325z —F) cos(w(t; — 1) [;(z; —F)sin(w(t; — 7)) }

=0\ T el -1 T s, el — 1)

%) 7 is an offset that makeBy (w) completely independent of shifting
w ].(‘,OS U.)7

all thet;'s by any constant. This choice of offset makes equation3j4eXactly the solution that one

wherer = tan—!(

would obtain if the harmonic content of a data set, at a givequencyw, was estimated by linear
least-squares fitting to the modelt) = A cos(wt) + B sin(wt) [176, 239, 229].

Thus, the Lomb periodogram, instead of weighting the data per time intervalbasis (where
uneven sampling can introduce serious errors), weightddteeon ger pointbasis and hence can give
superior results to FFT based methods when estimating #ietrsm of unevenly sampled time series.

Appendix E illustrates the differences between these nastba a simple problem.

A note on spectral leakage and window carpentry

A finite length signal is rarely periodic at its boundariead as a result, the power in the periodogram
will appear at other frequencies. Leakage to nearby fretjasrdue to the finite interval over which
the data is sampled takes the form of side-lobes in the pegiagn. This spectral leakage is classically
minimised through windowing or other mathematically eqléwnt techniques.

In Harris’ detailed paper on DFT windowing [108] he cataledumany of the most useful windowing

110



functions and their side-lobe structure. He showed thatrarHiag window given by [35]
W (t;) = 0.54 — 0.46 cos[wt,] (j=0,1,2,..., N — 1), (4.24)

provides the optimal trade off between spectral leakagks-lwbes amplitude and width of the central
peak (as well as a short computational time). This windoviingction will therefore be applied to all

data (N=2048) in a given window prior to PSD estimation ughmeyFFT.

4.3 Practical considerations

The different HRV spectral estimation methods being carsid in this chapter are;
e Welch’s FFT of linear re-sampled data
e Welch’s FFT of cubic spline re-sampled data, and
e the Lomb periodogram method.

In order to quantitatively compare these methods, metriesrequired to measure the different PSD
estimation techniques. When choosing such metrics, wirglo@s, the type of data and pre-processing

techniques need to be considered.

4.3.1 Window size

In order to choose the necessary window size, we must batheceequirement of stationarity versus
the time required to resolve the information present. Theogean and North American Task force
on standards in HRV [184] suggested that the shortest timedoever which HRV metrics should be
assessed is 5 minutes. As a result, the lowest frequencydhabe resolved igé—o ~ 0.003H z (just
above the lower limit of the VLF region). Such short segmeats therefore only be used to evaluate
metrics involving theLF and HF metrics. The upper frequency limit of the highest band foVHR
analysis i90.4H z [181]. Since the average time interval fr points over a timd’ is At,, = % then
the average Nyquist frequency [239] /6 = 55— = 57 Thus, a 5-minute windowI{ = 300) leads

to the constraint of= > 0.4 on the number of points and hence to a lower limit/érof 240 beats (an

average heart rate of 48 bpm if all beats in a 5-minute segarenised).

2A windowed version of equation 4.6 [279].
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4.3.2 Sampling frequency

Most of the papers in the field of HRV report on the use of reqdarg rates betwee2 and4H z
(although 1Hz and 10Hz have also been used) [114, 181, 1§tbthuce an evenly sampled time series
prior to the conventional FFT procedure. Since the humant hate can sometimes exceed 3Hz (180
bpm), then a sample rate of at least 6Hz may be required &hstie Nyquist criterion. However, if one
knows that the RR tachogram is unlikely to exceed 120 bpm a@hrensampling rate of 4Hz is sufficient.
A choice of 7TH z for the up-sampling of the RR-tachogram satifies the Nyqeiigerion and gives a
value of 2100 points in a 5-minute window. To compute a DFTrthmber of points in a time series
should be a power of 2, thus the first 2048 points of €alily re-sampled segment will be used in the

sections that follow.

4.3.3 Pre-processing

Apart from windowing the data, the only pre-processing @ened is the removal of the mean from the
data. All other trends shall be considered as relevant nmdtion about the variability of the HR. In
particular, no non-linear detrending will be performed.

4.3.4 Performance metrics

In general, in order to assess spectral leakage, the foltpparameters may be calculated:

the amplitude of a particular side-lobe

the sum of the amplitudes of the side-lobes from the first ugotoe specific frequency, such as

the Nyquist frequency,

the amplitude of the peak at the Nyquist frequency (this measthe aliasing) and

the width of the main (highest amplitude) peak to measuredbelution.

However, since the sampling of an RR interval time-seri@shsrently uneven, only asverageNyquist
frequency can be defined, and a meaningful comparison betiheeDFT and the Lomb method for
computing spectral components near the Nyquist frequeacgat be made.

Therefore, the amplitude of the highest peaks and theithwidt 3dBs below this peak are measured.
To assess spectral leakage outside the main peak, the fatover inside a-0.01Hz band centred on

each peak to the total power in each (LF and HF) band is caézlla
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Figure 4.2: Real RR intervals with a (7Hz) cubic spline re-sampling overlaid.

4.4 Generating artificial data

4.4.1 A simple model

By its very nature, the RR tachogram is an unevenly samptee $ieries. In order to compare spectral
estimation algorithms, it is important to know the undertyoscillations that produce the RR intervals.
Since this cannot be done with real RR tachograms, an atignal is required. Recent attempts to
create arealistic time series of RR intervals have includRanodelling [32] and extensions of DeBoer’s
model [281]. It is not clear however, how realistic the spiatharacteristics of these models are. A new
method of generating a continuous artificial RR tachograme teries is therefore introduced. This time
series can then be evenly sampled at a high sample rate toqered idealised discrete signal.
As discussed in section 1.6.4, it is well known that thereaggroximately two peaks in the PSD of
a short-term (5 minute) RR tachogram: one at about 0.25 Hz @& another at about 0.1Hz (LF). The
relative heights of the LF and HF peaks can change significdependent on the autonomic tone of the
patient [181], and hence t@-ratio depends on the patient state.
An example of such a signal is given in figure 4.2 and the cpomeding PSD (computed using the
Lomb method) is shown in figure 4.3. Peaks at just under 0.InHke LF region and at around 0.275
Hz in the HF region are evident. Although the main body oféitare in the field of HRV study presents

frequency-domain data using linear scales for both the itudpl and frequency axes [184] the standard
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Figure 4.3: PSD of figure 4.2 - areal RR tachogram.

engineering practice of plotting the power axis on a lotyanit scale will be adoptéd An artificial RR
tachogram can therefore be generated by mixing two sine svaite frequencies at these LF and HF
peaks. Since the LF frequency boundaries are defined inténatlire to be 0.04 and 0.15Hz [181], and
the HF band lies between 0.15 and 0.4Hz, the centre freqeen€these bands, 0.095 and 0.275 Hz, are
chosen as the LF and HF frequency componghtands™ for the synthetic signal. This corresponds well
with the real data in figures 4.2 and 4.3 where the heart ratbast 76 bpm, with a variation of around
+4.5 bpm once the very low-frequency component (belb®4 H z) has been removed. The respiratory
component (a.275H z) is given an amplitude of 2.5 bpm and the LF componend (#5H z) a 2 bpm

amplitude. An expression for the HR can then be written as

HR(t) = HR, + A; sin(w;t) + Ay, sin(wpt + @) (4.25)
where, initially, HR, = 60 bpm,w; = 09w, = 8215 4, = 2 andA;, = 2.5, with no phase difference

(¢ = 0) betweenw; andwy,. The RR tachogram can then be formed by samphigy = HG—IU%t at the
required frequency,, such that,, = fﬂ where(n = 1,2, ..., N).

Ideally one would like to make this sampling frequency a$lag possible, but for a 300 second win-
dow, the computational time required to compute an FFT tgfidcomes prohibitive. As was pointed
out in section 4.3.1, a reasonable choice for the 5 minuteevinis a sampling rate afH z. There will

then be 2048 points for the FFT computation in approxima28iy seconds of data.

3The frequency axis will be presented on a linear scale otiserthe LF region would dominate the plot.
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Figure 4.4: Artificial RR time series generated from equa#o25 with a sampling rate of 1000 Hz

(top figure, A). Figure B shows the physiologically plausiBIR intervals extracted from the time series
in figure A. Figure C shows these RR intervals witH z linear re-sampling. Figure D shows the RR
intervals with7H z cubic spline re-sampling.

However, it would be incorrect to generate a time serie8Fat and then select physiologically
plausible RR intervals. This would correspond to derivirfg iRtervals from an ECG that was sampled
atonly7Hz. It has been demonstrated that the inaccuracies of R-peakda due to finite sampling
times can significantly affect the RR tachogram and any owetierived from it [181]. If a patient is
suffering from low HRV (e.g. because they have recently ujpolee a heart transplant or are in a state
of coma) then the sampling frequency of the ECG must be hitifagr normal. Abboud and Barnea [2]
show that for such patients a sampling rate of at least 10@®Hzjuired. For normal patients however, a
sampling rate of 128Hz has been found to be accurate enodgbdie the R-peaks and hence compute
HRV [184]. To minimise sampling errors, the artificial RRagram (equation 4.25) will be sampled at
1000Hz. Figure 4.4 (A) illustrates a short (7 second) segmeduced from this procedure.

The time series only acquires ‘physiological plausibilishen most of the points are removed, since
the RR interval at each sample poiRtk; must match the difference between the time stamp of this
sample and the time of the previous sampe)(to duplicate what is observed for a real RR tachogram.
The following algorithm can generate such a physiologyceghlistic time series from the original time
series sampled at 1kHz (Figure 4.5A):

Record the first data point pair, (¢1,z1), as the first time stamp and RR interval pair (¢;, RR;),

Then proceed through each samplet;, until z,, > ¢; — ;. This defines the second RR interval
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Figure 4.5: Periodograms of equation (4.25) for even samgliR, = 60, 5+ = 0.095, 5 = 0.275,

A =2.5,¢=0, A =2,t = 300) computed using: A) FFT witlf = 1000H z, B) FFTwithf = THz
and C) Lomb periodogram witfi = 7H z.

(RRy = z;,t, = t;). This is generalised for all then = N RR intervals asRR,, > t; — !, ;.

The result of applying this procedure to the short segmerth®fRR tachogram shown in figure
4.4A is plotted in figure 4.48 Figure 4.4C and 4.4D show the same physiologically réalishe series
re-sampled atHz and using linear and cubic spline re-sampling respectivEigures 4.4B to 4.4D
are therefore the three different time series used as inpulke three different PSD estimation methods

being tested detailed in section 4.3.

4.4.2 Spectral estimation of artificial RR time series

Figure 4.5 compares the FFT method for power spectral estimaith the Lomb method orvenly
sampled data. Figure 4.5A is an FFT derived estimate bas2tf goints sampled from the time series at
1kHz (approximately 262 seconds). This estimate represemt‘gold standard’ reference. Figures 4.5B
and 4.5C represent the spectral estimates derived fromRfiefd the Lomb periodogram respectively,
of the same (300 second) time series, generated at 7 Hz.

Although the expression for the Lomb periodogram reducekdstandard expression for the even
sampling case, very small differences in the results betwlee FFT and the Lomb method are apparent
since, in practice thean—! function in the expression for in the Lomb periodogram (equation 4.23)
has been approximated by a third order expansion for reagamnputational speed.

Now consider spectral estimates based on data frorarteeenlysampled (physiologically realistic)

data, as in figure 4.6. The sub-pl@tgo c correspond to the 5-minute time series for which a 5-second

“The artificial RR interval generator detailed in this settims been previously published by the author in [189] an@][19
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Figure 4.6: Periodograms of physiologically realisticaddérived from equation (4.25). a) Lomb method
of 300 individual beats in a 5 minute interval. b) 7 Hz lineawsampling with FFT. ¢) 7 Hz cubic spline
re-sampling with FFT.

segment is shown in figures 4B4to D respectively. Each calculation is based upon the physicidy
realistic time series of 300 beats (in a 5 minute period) &edspectral estimate is computed using:

a) The Lomb method applied to the 300 individual points inghminute interval.

b) 7Hz re-sampling using linear re-sampling and then Wel&t#*T method.

¢) 7Hz re-sampling using cubic spline re-sampling and thefcWs FFT method.

Although there are small observable differences betweeh B&D estimate of the RR tachogram, the
significance of these minor differences for HRV analysisasatear.

However, before this issue is addressed, some modificatiotie artificial RR tachogram are re-
quired. When real RR tachograms (as in figure 4.2) are studidecomes apparent that neither the
relative amplitudes of the dominant LF and HF frequenciastineir values remain constant over time.
The next two subsections deal with physiologically remistethods for introducing such changes into

the artificial RR tachogram.

4.4.3 Frequency variation

Figure 4.3 shows that there is a greater spread of frequemtithe real RR tachogram than in the
artificially generated time series given by equation 4.25néthod for smearing out the frequencies is
therefore introduced: the frequencies are gradually aszd from one sample to the next to simulate
slow changes in the frequency of the Meyer waves and RSA ibfhand HF regions (respectively) of

the spectrum. Since the spread of frequency componentsadssaihie entire frequency band, with most
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Figure 4.7: Sample-quantised frequency distribution &#kociated RR tachogram.

power concentrated at the central peaks of interest (0.98%5id 0.275Hz), a logical choice of variation
is a Gaussian spread of frequencies over each band. The nofrganples in the LF and HF bands are

(respectively) given by

2
w(j)—wy

N . 2
SG) = 3(nt) N ()
Jj=1

(27r0’l2)
N 1 fwh-wp )]
Sn(j) = > (int) LQQ 2( " ) (4.26)
=1 (2moy,)

where(int) || indicates a standard rounding procedure to produce areintegnber of samples,

op = 1ol o) = O H R, = 0.4Hz, HF, = 0.15Hz, LF), = 0.15H2, LF} = 0.04Hz, and

o = 3. The spread of frequencies given by such a procedure is simofigure 4.7 (upper plot). The RR
tachogram (lower plot in figure 4.7) is then formed as beferpétion 4.25). Figure 4.8 shows the PSD
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of such a time series computed using the FFT a@n=a 300 second segment generated with sampling

frequency,f = 1000H z.

4.4.4 Frequency resolution

The choice of the number of samples to be used when estimapegodogram and the frequency range
over which the estimate is taken determines the frequersnjuton. To determine the deterioration in
the PSD estimation an artificial time series of 1300 beatemnerated by the process detailed in section

4.4.3;

=

. generate ak H z time series according to equation (4.25),

n

record the first sample d&R; with its time stampt,

w

. proceed through each samplgconsecutively, untiRRk,, > t; — t,, 1,
4. record theRR,, andt, (= t;) pair
5. repeat steps 3 & 4 until the end of the time series.

An estimate of th%—?-ratio is then calculated using the Lomb method on the firseBk$at the start of
the 1300 beat artificial RR tachogram. This procedure is teprated 1000 times, shifting the N beat
window by one beat each time. A mean and variance is thenlatdduover these 1000 runs to assess
the accuracy of the Lomb periodogram for that particulagdiency resolution. The results of iterating

the above procedure (in 10 bpm increments)AidR = 50 (N = 250) upto HR = 120 (N = 600) are
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shown in table 4.1. Note that since the (average) Nyquispsagfrequency isf! = 2A]tav = % to

resolve frequencies up to 0.4 HX¢,, must be at least 1.25 seconds (an average HR of 48 bpm). For a
heart rate of 50 bpm, a five minute segment cont&ins: 250 beats. Note that the estimate of tﬁ%-

ratio is highly consistent with low variances%é_;) in the estimates. Below an average HR of 60 bpm, the
variance begins to climb rapidly, however, even at 50 bpra,standard deviation is only approximately
1% of the%-ratio estimate. Therefore, the Lomb periodograiiw,,) produces an accurate spectral

estimate at the = N frequencies.

Heart Rate 50 | 60 | 70 | 80 | 90 | 100 | 110 | 120

Number of beats 250 | 300 | 350 | 400 | 450 | 500 | 550 | 600
%—ratio 0.63| 0.64| 0.64| 0.64| 0.64| 0.64| 0.64| 0.64

o2p (x1075) 66 | 3.8 | 31| 27| 25| 24| 23| 22
HE

Table 4.1: Mean estimates of thg -ratio and the variance?: over 1000 runs using the Lomb method
HF
for differing mean heart rates.

4.5 Comparison of spectral estimation methods using artifial data

To summarise, the three techniques of PSD estimation foRReachogram that are being compared

are:

1. Lomb periodogram of unevenly sampled data (with no repsizug)
2. FFT-based PSD estimation using 7Hz cubic spline re-sohggnal

3. FFT-based PSD estimation using 7Hz linearly re-samptgthb
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and the metrics used are:

e HF

e LF

e Li-ratio

e LF peak height

e HF peak height

LF—peak—height
HF —peak—height

e Peak width at 3dB below each peak

e Fraction of power withint-0.01 H z of each peak

In this section the above metrics are used to evaluate methdd 3 above on a 5 minute segment of
artificial data generated using equation 4.25. For the emspbng case, the sampling frequency is set to
fs = THz (and thusN = 2100). For the uneven sampling cast,= 1000H z and the physiologically
realistic RR intervals are derived from this time seriesescdbed in section 4.4.1. Re-sampling is then
performed with a Hz sampling rate using either linear or cubic splines betwaenctiginal samples
(see figures 4.4C and D) in order to allow a comparison withricgevaluated on the original evenly
sampled time series.

The comparisons performed are as follows:

e even and uneven sampling for a single sinusoid,
e even and uneven sampling with both LF and HF components and

e even and uneven sampling with frequency variation.
These experiments are designed to demonstrate how ina@suemter into the PSD estimation, and how
they can be reduced.
4.5.1 Comparison of even and uneven sampling for a single sisoid

Using equation 4.25 with the valuéRR,, = 60, 5+ = 0.095Hz, $& = 0.275Hz, A; = 0, A, = 2.5 and
¢ = 0; the same values as previously except that no LF componémtligded (4; = 0), an artificial

RR tachogram is generated as described in section 4.4H fyvit THz andAt = constant. The PSDs
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evaluated with the Welch FFT and Lomb methods on 2048 sanopléss time series are presented in
figure 4.9.

Table 4.2 presents a comparison of the relevant metrioczdated in section 4.4. As expected from
theory, there is very close agreement between the two methiogbarticular, they agree on the location
of the peak frequency,..., to approximately one part in two thousand. Note also thetitra of power
(%) in the main lobe (within-0.01 H z of the 0.275H = peak) is approximatel99.97% in both cases.
This demonstrates that there is very little spectral leakaging the Hamming window, equation 4.24)
and agrees with the results of Harris [10& /545, % and Py, are the ‘gold standards’ with which the

estimations on the unevenly sampled data will be compared.
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Figure 4.9: PSDs of evenly sampled (7Hz) artificial RR tachog with a single component:
Ap, sin(27(0.275)t), derived from the Welch FFT (upper) and Lomb (lower) methods

Metric = | Pr | Ppeak | fpeak Afszin %ﬂ Py

DFT, | (dB) | (dB) | (Hz2) | (Hz) x10-3 (dB)
FFT -50.33| -0.79 | 0.275 3.38 0.9997| -88
Lomb -47.33| -4.23 | 0.275 3.42 0.9997| -86

Table 4.2: Total powerRr), peak power By.qx), frequency of peakfi,.qi), 3dB bandwidth { f345),
fraction of power in at-0.01 H z band centred on the pea%\) and amplitude of the first side-lob&y)

for figure 4.9; even sampling, single HF frequency. Note thgt, 3, % and P, represent the ‘gold
standard’ (see text).
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Metric — | Pr | Ppeak | fpeak Af3an %ﬂ Py

DFT, | (dB) | (dB) | (Hz2) | (Hz) x10-3 (dB)
FFTy, -54.79| -0.73 | 0.275 3.42 0.9997| -93
FFT,.; -50.75| -4.15| 0.275 3.42 0.9997| -88
Lomb -47.56| -8.17 | 0.275 2.51 0.9997| -86

Table 4.3: Total powerKr), peak power B.qx), frequency of peakfi,.q;), 3dB bandwidth { f345),
fraction of power in at-0.01 H z band centred on the pea%\) and amplitude of the first side-lob&y)

for figure 4.10; uneven sampling, single HF frequency.

FFT + linear interpolation

Power (dB)

Y ITITTITIIIL

0.1 0.15

0.2

0.25 0.3 0.35

FFT + cubic spline interpolation

Power (dB)

0.05

0.1 0.15

0.2

0.25 0.3 0.35

Lomb periodogram
T

50|

Power (dB)

~100 7

—————————— gzttt

Mgy,
Magy
) WMU

Mttty

Figure 4.10. PSDs of unevenly sampled artificial RR tachograith a single component:
Ap, sin(27(0.275)t), derived from the FFT with linear re-sampling (upper), FFithweubic spline re-
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sampling (middle) and Lomb (lower) methods.

Now consider the uneven sampling case (figure 4.10). ¢ Fradyisg the FFT results in tables 4.2
and 4.3 it can be observed that for the even sampling caspetilearound 0.275 Hz is more narrowly
defined and of higher amplitude than for linear and cubimsple-sampling of the unevenly sampled
data. Furthermore, by comparing the values of total powénerHF band Pr, in tables 4.2 and 4.3 it
can be seen that both re-sampling methods lead to an oveatistih for the total power in the HF band
(although the increase is marginal for the cubic spline wethThis is consistent with what one would
expect from such re-sampling methods. By referring baclguoré 4.1 it can be seen that the cubic spline

re-sampled data passes very close to each RR data ppemd is a good approximation to the original
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7Hz sinusoid, with only a small reduction in the high freqoeeontent. However, linear re-sampling
significantly reduces the high frequency content (withe@15H z to 0.4 H z band of interest).

There are no significant differences between the even sagnatid the uneven sampling cases for the
Lomb method despite the reduction in the number of samptem (2048 to 300, the number of actual

RR intervals).

4.5.2 Comparison of even and uneven sampling for LF and HF coponents

Figure 4.11 shows the PSDs derived from the FFT and Lomb P8Da®n methods when the LF

component is added in equation 4.2§ & 2, 5+ = 0.095Hz) for the even sampling scenario. Table 4.4
records the results for the metrics presented in the prs\seation, for both the HF and the LF bands.
As expected, the HF band is hardly affected by the additianadxtra frequency. The following sections

therefore concentrate on experiments involving both feagy bands.
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Figure 4.11: PSDs of evenly sampled artificial RR tachograitih \& two sinusoidal components:
Ay sin(27(0.095)t) + Ay, sin(27(0.275)t), derived from Welch’s FFT (upper) and Lomb method (lower).
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Metric — Pr | Peak | fpeak Af3an %ﬂ P,

DFT| | Bandl | (dB) | (dB) | (Hz) | (Hz) x10-3 (dB)
FFT HF -50.28| -3.70 | 0.275 3.42 0.9973| -95.6
Lomb HF -51.62| -5.11 | 0.275 3.42 0.9973| -90.4
FFT LF -54.17| -8.13 | 0.095 3.42 0.9997| -88.9
Lomb LF -55.51| -8.92 | 0.095 2.57 0.9997| -92.4

Table 4.4: Total powerKr), peak power B,.q.), frequency of peakfl,c..), 3dB bandwidth, £ f345)
fraction of power in a-0.01 H z band centred on the peag—j() and amplitude of the first side-lob&y)
for figure 4.11 (even sampling, LF and HF sinusoids).

Metric — | 4L (exp) | LF | HF | 4 | LF | HF

DFT | (dB) | (dB)
FFT 0.60 |-54.2|-50.3| 0.64| 0.39| 0.61
Lomb 0.65 |-55.5|-51.6|0.64| 0.39| 0.61

Table 4.5: Standard frequency metrics from the resultseptted in figure 4.11 (even sampling, LF and
HF sinusoids).%(exp) is the experimentally measured ratio of the two peaglémdes in the low and

h

high frequency regions.

125



Figure 4.12: PSDs of unevenly sampled artificial RR tachogfavith two sinusoidal components:
Ay sin(27(0.095)t) + Ay, sin(27(0.275)¢)) derived from the FFT with linear re-sampling (upper), FFT
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with cubic spline re-sampling (middle) and Lomb (lower) treats.

Metric — Pr | Pyeak | fpeak A f3an % Py

DFT| | Band| | (dB) | (dB) | (H2) | (Hz) x10~? (dB)
Lomb HF -51.9] -5.03 | 0.275 2.51 0.9989| -89.6
FFT..; HF -50.7| -4.64 | 0.275 3.38 0.9977| -92.0
FFTy, HF -54.8| -8.17 | 0.275 3.42 0.9983| -91.3
Lomb LF -55.8| -9.00 | 0.095 3.34 0.9997| -89.5
FFT..; LF -54.2 | -7.65 | 0.095 3.38 0.9997| -92.0
FFT}, LF |-547|-867|0095| 342 |0.9997| -91.2

Table 4.6: Total powerRr), peak power By.qx), frequency of peakfi.q;), 3dB bandwidth { f345),
fraction of power in a-0.01 H z band centred on the peaf—;’ﬁ) and amplitude of the first side-lob&y)

for figure 4.12.

Metric — | 4- (exp) | LF | HF | 4 | LF | HF
DFT (dB) | (dB)

Lomb 0.63 | -55.8|-51.9| 0.64| 0.39| 0.61
FFT,y,, 0.71 | -54.2|-50.7 | 0.67| 0.40| 0.60
FFTy, 0.94 |-54.7|-54.8| 1.01| 0.50| 0.50

Table 4.7: Standard frequency metrics from the resultsepted in figure 4.12 (uneven sampling, LF

and HF sinusoids).
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Itis important to note that the theoretical value ofﬁeratio is the ratio of the high to low frequency
content is(Ai]’fl)2 = (ﬁ)2 ~ 0.64, the ratio of the square of the amplitudes of the two corestitu

sinusoids. For the evenly sampled case (table 4.5) thesrafipower between the LF and HF regions
((%)FFT = 0.64, (%)Lomb = 0.64) are the same as the theoretical value (to two decimal places
The results for the physiologically realistic (uneven sangpand in the case of the FFT, re-sampled)
RR time series are presented in figure 4.12 and tables 4.6.@Znd e use of the Lomb method gives
estimates of th%—ratio and peak amplitude ratios closer to the theoretiahles (0.6400) than either
of the FFT methods. The FFT with linear re-sampling ovenestés the ratios by abot0% and cubic
spline re-sampling by only abow0%. It should also be noted that the FFT is performed on 204&(gve
sampled) data points, whereas the Lomb method only has th&&#ts in the 5 minute window from
which to compute the spectrum. The Lomb method is still abkechieve more accurate results because
re-sampling always introduces errors which confound reten help the PSD estimate.

An important observation to make is that the effect of lineasampling is an under-estimation of
the power in the HF band because of heavy smoothing of theaithal peaks in the RR time series. Al-

though the periodograms produced by each method appedarsimivisual inspection, slight variations

in the PSD can lead to significantly different values in sorfid® HRV metrics.
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Figure 4.13: PSDs of a Gaussian £ 3) frequency modulated evenly sampled artificial RR tachogra
(with two sinusoidal components4,; sin(2r f;t) + Ay, sin(27 f,t)) derived from the FFT (upper) and

Lomb (lower) methods.
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Metric — PT Ppeak fpeak Af?)dl? %
DFT| | Bandl | (dB) | (dB) | (Hz) | (Hz) x10~2

FFT HF -50.3| -18.6 | 0.291 1.71 0.244
Lomb HF -51.6| -19.9 | 0.291 1.62 0.265
FFT LF -54.2| -15.9 | 0.101 0.68 0.712
Lomb LF -55.5| -17.2 | 0.101 0.77 0.687

Table 4.8: Total powerKr), peak power B,.q;), frequency of peakf,c..), 3dB bandwidth, £ f345)
and the fraction of power in 20.01 H z band centred on the peagi;() for figure 4.13.

—
es|

Metric— | 4- (exp) | LF | HF | & | LF | HF
DFT (dB) | (dB)

FFT 1.36 |-54.2|-50.3| 064 0.39] 0.61
Lomb 1.38 | -555|-51.6| 0.64| 0.39 0.61

Table 4.9: Standard frequency metrics from the resultseptted in figure 4.13 (even sampling, LF and
HF sinusoids).

4.5.3 Comparison of even and uneven sampling with frequencyariation

This section now presents results obtained for the diftespactral estimation methods on a more physi-
ologically realistic RR tachogram as described in sectidii34(3r Gaussian distributions for the HF and
LF frequency components). Figure 4.13 represents the PEBFHZz evenly sampled RR tachogram
(generated with the same parameters as in the previousmsedsérived from the FFT and Lomb meth-
ods. The performances of the chosen metrics on a 5 minute ¢veldy sampled) generated by this
method are presented in tables 4.8 and 4.9.

Note that comparing this data to the idealised (no frequeaadgtion) even sampling case (table 4.4)
highlights how the frequency shifting has caused a sigmficlop in the LF and HF peak heights, as

expected. Furthermore, there are significant drops in tiget&hdwidths Q f3,5) and percentage of

Metric — PT Ppeak fpeak Af?)dl? %
DFT| | Bandl | (dB) | (dB) | (Hz) | (Hz) x10~2

Lomb HF -51.8| -20.2 | 0.290 1.70 0.247
FFT..; HF |-50.9| -19.2 | 0.291 1.71 0.247
FFTn HF -55.4| -23.6 | 0.291 1.71 0.257
Lomb LF -55.6| -17.3 | 0.102 0.76 0.682
FFT. LF -54.2| -16.0 | 0.103 0.68 0.710
FFTy, LF | -54.8| -16.6 | 0.101 0.68 0.713

Table 4.10: Total powerKr), peak power B,..qx), frequency of peakf,c..), 3dB bandwidth Q f345)
and fraction of power in &0.01 H z section centred on the peagi;’ﬂ().
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Figure 4.14: PSDs of a = 3 frequency modulated unevenly sampled artificial RR tachmgiwith two
sinusoidal components4; sin(2x fit) + Ay, sin(2x ft)) derived from the FFT with linear re-sampling
(upper), FFT with cubic spline re-sampling (middle) and loflower) methods.

Metric — | 4t (exp) | LF | HF | & | LF | HF
DFT| dB) | (dB)

Lomb 1.39 -55.6| -51.8| 0.64| 0.39 | 0.61
FFT., 1.45 -54.2 | -50.9| 0.70| 0.41 | 0.59
FFTy, 2.25 -54.8| -55.4| 1.07| 0.52| 0.48

Table 4.11: Standard frequency metrics from the resultsgmted in figure 4.14 (uneven sampling, LF
and HF sinusoids).

powers in at0.01 Hz band centred on the peakgg(). A slight shift in the peak frequencies to higher
values is also observed. However, the total povigi) (n each band is similar to the idealised case (table
4.4). Comparing the metrics derived from the PSDs in figut8 4table 4.9) and those from the idealised
case (table 4.5) it becomes clear that although the ratibeopeak heights%) changes considerably,
the%—ratio does not change (from the theoretical value of 0.6d¢ither the Lomb or the FFT methods.
The slow change in frequency over the 5 minute window doesigaificantly affect the HRV metrics
being considered.

However, departures from this idealised value are agaiarapp when the realistic (unevenly sam-
pled) RR tachogram is used. Figure 4.14 illustrates thaetlsevery little difference in the appearance
of the PSDs derived from each of the 3 estimation methodgh&umore, comparing the parameters de-
rived from these PSDs (table 4.10) with those in the preveo@snple (table 4.4) demonstrates that there
appears to be only a very small numerical differences in pleetsal estimates. However, on analysing
HRV metrics (comparing tables 4.5 and 4.11), it is evideat $mall errors occur when using cubic

spline re-sampling and gross errors when using linearmgbag in the PSD estimation process.
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Figure 4.15: Sinus beats occurring at timgstt, t3 and t, and an ectopic beat occurring at tThe
ectopic beat occurs earlier than would be expected for & sinihm beat and shortens the first associated
RRinterval (RR,) and lengthens the second (RR). To avoid introducing high frequency components
at this point, a phantom beat can be placed, daif way between tand § so that RR;; and RR»
become RR ; and RR, ,, both equal td35%.

4.6 Performance of algorithms on artificial data when copingwith ectopy

In chapter 3 it was pointed out that ectopic beats (abnorestistthat usually occur early with an unusual
timing) are removed from the RR tachogram prior to HRV analysr two main reasons. Firstly it is

thought that an ectopic beat is not generated by the mechahi is responsible for the variability in

the RR intervals. Secondly, ectopic beats occur subslignéarlier than one would expect a normal
beat to occur and are followed by a prolonged pause. Thessialy short RR intervals create higher
than normal frequency components and lead to a significemtmithe estimation of the high frequency
components that may distort the true measure of an HRV méidtopic beats can occur either instead
of a sinus beat or in addition to the sinus rhythm. In the taitese, it would be appropriate to remove the
beat altogether and calculate the RR interval as being teeval between the two normal beats either
side of the ectopic beat. However, in the case where the loeat®instead of a sinus beat, it is more
appropriate to replace the beat with a ‘phantom’ beat, wigdlisually taken to be half way between
the two sinus beats either side of the ectopic beat (see $iguli® and 4.16). Both these methods of
ectopic removal and replacement (interpolation) are ergldogether with the linear and cubic spline re-
sampling methods. How the pre-processing using removapacement affect frequency domain HRV

metric estimation are investigated in detail, and comp&rede performance of the Lomb periodogram,
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Figure 4.16: RR intervals from data in figure 4.15. Sinus$eaturring at timest t;, t3 and t;, and an

ectopic beat occurring ai.t The ectopic beat occurs earlier than would be expected $orus rhythm

beat and shortens the first associated RR interval (RRind lengthens the second (RR). To avoid

introducing high frequency components at this point, a pirarbeat placed af t half way between;t

and § changes RR.; and RR» to RR; (indicated by ared) and RR_ , (indicated by a red +). Both
these new intervals have the same value.

which requires neither beat replacement nor re-sampling.

4.6.1 Previous Work

Albrecht and Cohen [10] compared FFT-based estimates obBfgrams in which either linear inter-
polation or an autocorrelation method was used for repdattimings of ectopic or missing beats. They
showed that, for typical RR tachograms, linear interpofato create phantom beats in an RR tachogram
produced a more accurate PSD estimate than using an awaatiom method to approximate the lo-
cation (in time) of the phantom beat. This was only testeddar numbers of beat removal (a typical
procedure for occasional ectopy). Birkettal. [33] compared two methods of computing HRV spectra
for congestive heart failure patients. In the first methoggdr or cubic spline interpolation was used to
replace ectopic beats. In the second method, segmentsatithyewere discarded. They found that HF
calculations were unaffected, but LF power was signifigahnidjher in the case of interpolation. In both
methods the same FFT-based algorithm was used. In 1994 hipptral. [172] compared ectopy sec-
tion removal with linear, cubic and nonlinear predictivéenpolation as well as the null case (no ectopic
removal). They concluded that ectopy correction is necggsa HRV analysis but that section removal

performs as well as more complicated interpolation teamdq Their results indicated that linear or
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cubic interpolation of removed sections of the RR tachodedo significant errors in some frequency

and time domain HRV metrics.

4.6.2 Artificial ectopy
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Figure 4.17:RealisticRR tachogram-{) evenly re-sampled with linear interpolation (—). An ectopic
beat is chosen to occur at about 55 seconds. Applicationuatem 4.28 moves the corresponding RR
interval downwards and to the left. The following RR intdreacurs at the same time as before, but has
a much larger magnitude since the previous RR intervalsredcprematurely and thus its location in
time has moved. Note that the line of magenta dots which fastgaight line through this segment (54
to 57 seconds) corresponds to the 7Hz re-sampled (lineadypiolated) RR tachogram after these two

points are removed (see section 4.6.4).

In the previous section an artificial RR tachogram was canstd that reflects many of the properties
of real data. Ectopic beats can be added to this time seliieg asimple procedure. As stated in section
3.4, Kamath and Fallen [138] define ectopic beats (in terntsrohg) as those which have intervals less
than or equal t®0% of a sinus cycle length. For the artificial data we are comside(with a mean
HR of 60 bpm), this corresponds to an average RR interval&.0Each datum in the RR tachogram
represents an interval between two beats and the inselftameaxctopic beat therefore corresponds to the

replacement of 2 data points as follows. Tké and(n + 1) beats (chosen randomly) are replaced

(respectively) byRR; andRR;,
RR' = yRR, 1, (4.27)

RR),,, = RRy.1 + RR, — RR, (4.28)

where the ectopic beat’s timing is the fraction,of the previous RR interval (initially 0.8). Figure 4.17
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shows an artificial RR tachogram (generated as in the lagbegevith the effects of the ectopic beat
added (a sharp dip and then an increase in the following RiRvialt because of the prematurity of the

ectopic beat). The two points affected are marked by ak&e(3.

Metric— | F5 | LF | HF | v
DFT |
Lomb 0.60| 0.38] 0.62| 0.8
FFT,., |0.63]0.40|0.61|0.8
FFT;, |1.00|0.50| 0.50] 0.8
Lomb 0.34]0.26] 0.74| 0.7
FFT., |0.40]029|0.71|0.7
FFT;, |0.98|0.49|0.51|0.7
Lomb 0.32] 0.25] 0.76 | 0.6
FFT., |0.34]/025|0.75| 0.6
FFT;, |053]0.35|0.65| 0.6

Table 4.12: Standard frequency metrics for differing magfés of ectopy~).

—
s

Metric — LF | HF
DFT |
Lomb 0.47| 0.32| 0.68
FFT,., | 050/ 0.33| 0.67

FFTy, 0.77| 0.43| 0.57

jus)
=

Table 4.13: Standard frequency metrics4oe 0.8 and two ectopic beats.

Table 4.12 details the results of the three most used fregugmmain HRV metrics for differing
strengths of ectopyy( for a single beat in a 5-minute section of unevenly samplRdiRta (300 beats).
The interpolation (in the case of FFT derived results) iSqgared at7H z, as before. Note that for
decreasing values of, corresponding to increasingly earlier arrival times @ #@ctopic beat, both the
values of theg-ratio andL F' decrease while th& F increases. Table 4.11 (in section 4.5.3) gives the
values that these metrics have in the no ectopy case. Iru:lplaltithe%-ratio drops from 1.07, 0.70 and
0.64 for theF F'Ty;,, F FT,.,; and Lomb methods respectively to approximately 50% of thvafges in
the case ofy = 0.6 (a relatively common occurrence in normal humans [181]).

For more than one ectopic in a five minute section of data (ooumwing sequentially), the same
trend is observed. Table 4.13 presents results for HRV mestimation with two ectopics and= 0.8.
Again, the power in the LF region is under-estimated and-esémated in the HF region resulting in a

value for theE-ratio of approximately 50% of the no-ectopy case.
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Figure 4.18: Re-sampled data (magenta dots) from origifalifRervals (+) using the four methods
detailed in the text; (i) Ectopic RR interval removal folled/by 7Hz linear resampling; (ii) Ectopic beat
replacement followed by 7Hz linear re-sampling; (iii) Hoio RR interval removal followed by 7Hz

cubic spline re-sampling; (iv) Ectopic RR interval remowéth no re-sampling.

4.6.3 Beat replacement and removal: a comparison

In order to evaluate the effect of beat replacement or rehmvéhe spectral estimation methods being
tested in this chapter, the following fo%l%-ratio estimation techniques are compared for varyingl¢eve
of ectopy:

(). FFT with ectopic beat removal, 7Hz linear re-sampling

(i). FFT with ectopic beat removal and insertion of phantoeat, 7Hz linear re-sampling

(ii). FFT with ectopic beat removal, 7Hz cubic spline revgaing

(iv). Lomb method with ectopic beat removal, no re-sampling

Figure 4.18 illustrates the data after phantom beat irse(if applicable) and re-sampling, prior to
spectral estimation using the FFT or Lomb periodogram fohez these four methods for the data in
figure 4.15. Each segment is five minutes long and for meth@ds) and (i), a Hamming window is

applied to the re-sampled data.

4.6.4 Metric performance when removing or replacing ectop beats

Figure 4.19 presents results %-ratio estimates from the four methods being tested (@etail the

previous section). For each method, 1000 five-minute adifkRR tachograms each with igg—ratio
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Figure 4.19:%-ratio LF/HF-ratio estimates for methodsxj{ii (0), iii (>) and iv (+) when dealing with

differing numbers of ectopic beats in a five-minute RR tachogwith an actua{%—ratio of 0.64. Each
point is an average of 1000 randomly seeded runs.

of 0.64, are generated and an ectopic beat is introducechadbma within the central 50% of the five
minute window. For method (ii), the ectopic beat is thenaeptl by a phantom beat, half way between
the two adjacent beats. For methods (i), (iii) and (iv), thve {abnormal) RR intervals associated with
the ectopic beat are removed. The appropriate re-samplethad is then employed, noting that no
re-sampling is performed for method (iv). The mean and wagaof these 1000 runs is then calculated.
This is then repeated, gradually increasing the numbertopecbeats introduced within the window, up
to the average Nyquist linfitwhereARR,, > 0.8, giving an upper limit of 60 (out of 300) RR intervals

(from 30 ectopic beats) being removed at most.

4.6.5 Discussion

Beat replacement using linear interpolation for ectopiatbémethod (ii)) results in a similar perfor-
mance to method (i), where no beat replacement is perforbemiuse there is only a small difference
in the value of the relevant RR intervals (see figure 4.15)wéier, as the incidence of ectopic beats
increases, it becomes noticeable that the increase inestienation of theﬁ—g—ratio using method (i) is
twice that of method (ii). This is as expected; twice the nemif RR intervals are changed using linear
re-sampling in method (i), since the ectopic beat is notaegd, but removed (see figure 4.16(i) and

4.16(ii)). A similar trend can be observed in method (iiijit Bince cubic spline re-sampling produces a

Ssee section 4.3.1
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more accurate representation of the underlying signal lihaar re-sampling (see figure 2.1(iii)), cubic
spline re-sampling produces only a small over—estimatele)%g—ratio with a low incidence of ectopy.
Interpolation of ectopic beats with re-sampling prior toTREnhalysis (method (ii)) therefore produces an
estimate with accuracy between methods (i) and (iii); nd belacement and re-sampling with linear
and cubic spline interpolation respectively.

Method (iv) produces an accurate estimate of gheratio to within 1% of the theoretical value of
0.64, with a standard deviation of less than 1%. At the lihB@ectopic beats, method (iv) continues to
result in an accurate estimate (to within 3% of the theasétralue and a standard deviation of less than
2.8%, an order of magnitude lower than for methods (i), il &ii)).

It is clear that the interpolation techniques used to repkctopic beats adds low frequency com-
ponents and reduces the high-frequency contét. is therefore under-estimated whils¥ and the
%-ratio are over-estimated with even re-sampling PSD method

Birkett et al. [33] showed that linear interpolation over segments of @ctaignificantly changed
calculations of LF (but not HF), whereas Lippmanal. [172] showed that linear or cubic interpolation
methods over-estimated measures of LF and under-estimeadures of HF. The results presented in
this chapter are in agreement with these observationsyqtitat the LF over-estimation dominates the

calculation of theg-ratio.

4.7 Conclusions

In conclusion, it can be seen that the Lomb technique foruenilg frequency domain HRV metrics is
better than the best methods currently employed (an FFT€ gpline interpolated data) when ectopy
is absent from the data. It has also been demonstrated ttogdtiebeats must be removed from the
RR tachogram prior to frequency domain HRV metric calcolatiFurthermore, the calculation of such
metrics after the removal of ectopic beats using the Lombrtiegie is stable as expected (from earlier
results in the chapter) whereas the error in the PSD estiosatg interpolation prior to an FFT grows
linearly with the number of ectopics removed.

It should be noted that an optimal adaptive threshold tinfioxgemoving abnormal beats, prior to
the use of the Lomb periodogram, is now appropriate. Sineettmber of missing beats does not sig-
nificantly affect the Lomb estimate of tr{ﬁ—ratio, (as long as the average Nyquist criterion is satlfie

the timing threshold), to exclude abnormal beats from the RR tachogram can beeddsee section
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3.4.1). In order to resolve frequencies as high as 0.4 Hzugiper limit of the HF frequency band), at
least 240 beats are needed in a 300 second window (see s&@ith If, after removal of ectopic beat
candidates there are still more than 240 beats in a pantieutalow, the threshold for rejecting ectopic
beats can be made more stringent. Since the number of beldbavige from one five minute section to
another, this threshold can be adaptive, being systerigtieduced until the lower information limit is
reached. Figure 3.16 shows that reducing the beat rejeittieshold )\, to 6% will on average, preserve
80% of the sinus beats in a five minute window (240, if the hestd is 60bpm). However, the number
of ectopics excluded changes very little belaw= 10%. Therefore, a more sensible choice of timing
filtering is to usex = 10% as the lower threshold and increment it only when the Nyquiterion can-
not be adhered to. If a value af> 20% is required, then the RR time series segment should bdedjec
as a candidate for spectral analysis because the poteaottiatfuding ectopic beats, which significantly
distort the PSD estimate, is then high.

In the next chapter, the performance of the Lomb and FFT ndsthee further compared on real data
to ascertain if the errors introduced by re-sampling argelanough to obscure inter- and intra-patient

HRV changes.
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Chapter 5

HRYV analysis during sleep

5.1 Introduction

In the review of the current HRV literature in chapter 1 it wasted that one of the most significant
factors that affects HRV metrics is the patient’s mentalvagt Therefore in attempting to assess patient
welfare or improvement through HRV analysis it is importdrat some indicator is used to quantify the
subject’s level of mental activity.

Although there is no general consensus on how to measurs @veental activity while a subject
is awake because of extraneous factors [118, 209], thergyénerally agreed classification of mental
activity for subjects during sleep [166, 231] (see sectignlj. During sleep, the influence of extraneous
factors is reduced. Recent reports have shown that sigmiftt&ierences in HRV metrics exist between
some sleep states and in particular, fieratio has been shown to vary significantly between deep and
light sleep [184, 275].

This chapter describes an investigation into the value@thlb%—ratio during sleep states for both
normal and abnormal patients in an attempt to see if diffs@erwan be observed between differing popu-
lations for particular sleep states. Before this is presritowever, a brief overview of the physiological
mechanisms that lead to HRV variations during sleep areridbestin order to demonstrate the relevance

of the £5-ratio in this context.
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Thalmus
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Pons

Figure 5.1: The regions of the brain that control rapid eyerenzent (REM) sleep (dotted), non-REM
sleep (striated), wakefulness (black) and the respiratargiovascular system (nuclei in the hypothala-
mus). See sections 5.2.1 and 5.4.1 for details. Adapted [t685].

5.2 Physiological control and variation

5.2.1 The autonomic nervous system

The autonomic nervous system is controlled by neurons fautite nuclei of the hypothalamus, located
just above the pituitary gland at the central base of thenbfsge figure 5.1). Hypothalamic nuclei
regulate heart rate, blood pressure, respiration, gagtsiinal motility and temperature (amongst other
functions) mainly through the sympathetic and parasyrgiatisystems (sel.5.1). The hypothalamus
also regulates the release of hormones from the pituitaagdglwhich in turn releases hormones that
affect distant cells, tissue and glands. Control of the eride systerh, and hence the release of the
hormone cortisol, is another critical regulatory role o thypothalamus. High levels of cortisol are
released during stressful situations and increase appid (stored) energy delivery to the muscles.
However, continual cortisol release in response to pradrgmotional or physically stressful situations
has been linked to high blood pressure, gastric ulcers, temge, reduced immune system response
and loss of neurons in the brain [70]. Although much is knowowt how the autonomic nervous
system regulates the body’s critical cardiovascular fonctautoregulation), the question of how the

hypothalamus functions is still open.

The system of glands that release their secretions (homshalivectly into the circulatory system.
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5.2.2 Circadian rhythms

It is also known that regions within the hypothalamus arelved in regulating the transition between
wakefulness and sleep [165]. The hypothalamus is connégteéural paths to thesticular formation,
which retards the activity of the arousal centre within theifband causes a transition from wakefulness
to sleep. The exact cause of this change of consciousness ismown, but the moment of change

appears to be strongly correlated with a subject’s circadigthms.
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Figure 5.2: The propensity for a normal subject to fall gsleger the 24 hour clock (adapted from
[165]).

Figure 5.2 shows the propensity for a subject to fall asleag a typical day. Note that the easiest
times to fall asleep are 3p.m. (the traditional ‘siesta’djrand 3a.m.. Lavie [165] refers to these maxima
as theopening of the sleep gat&@his cycle is strongly inversely correlated with the 24 heariations
in core body temperature; a drop in temperature to near tidnmam is observed leading up to the
onset of sleep (see chapter 1). This is also true of both biwedsure and heart rate, although there
are phase differences between each of the physiologicahsers. In the absence of light (which
resets biological cycles every 24 hours), these phaserdliifes grow to significant levels [165] with
temperature having a natural period of around 23 hours andcemusness between 25 and 27 hours.
The human body’s main clock is located in a nucleus found énhypothalamus and receives direct
input from the retina. This is the pathway through which ligksets the circadian (24 hour) clock via
the production of melatonin, a hormone secreted by the pgilaad in the brain (which is in turn linked

to genital function, skin pigmentation and possibly thetomnof brain activity). Melatonin itself is a
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neurotransmitter derived from seratonin and affects melgnthe skin. As melatonin is only produced
in the hours of darkness, melatonin levels in the blood reflecnumber of daylight and night-time hours
being experienced. During the short summer nights melatenels are comparatively low. Conversely,
during long winter nights melatonin levels in the blood aighhand genital development is repressed.
Once the hours of daylight begin to lengthen in the springatoein levels decrease, and conditions
are conducive for breeding in most animals. These fluctagtalso occur on a day-to-day basis, and
exposure to bright light suppresses melatonin product®uch exposure during the evening hours can
delay the daily body temperature nadir (which occurs dutiregearly hours of the morning) and delay
sleep time. Exposure to bright light in the early morningabes the sleep-wake cycle and the daily
low point of the body temperature rhythm. It has been suggddi65] that melatonin is therefore linked
to the control of the human sleep-wakefulness rhythm; bgtit nd melatonin therapy have been used
to correct maladjusted body clocks and a strong correldd@&ween the rise in melatonin and the onset
of sleep has been observed in many people [165]. FurtherrKorez et al. [159] have proposed that
melatonin plays a key role in sleep and actually acts to oetef dream sleep by enhancing inhibition of
motor activity present during this phase of sleep. Latial. [165] have shown that reduced melatonin
secretion exists in elderly insomniac patients (often telyadetectable melatonin levels), particularly in
those who are institutionalised.

To summarise, the human body is affected by a set of diffditgnterrelated cycles with periods
of around 24 hours. They are entrained by the action of ligklt @e controlled by the hypothalamus.
Although there is a strong correlation between cardiovas@hanges and levels of awareness, the mech-
anism that links these changes together is not clear. Furtire, awareness has proved difficult to define

and label [118, 209], thereby complicating any investigainto these links.
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5.3 Changes in HRV with activity

Activity fp-ratio

Spontaneous Breathing 1.39+0.28
Controlled Breathing (15 breaths per min)0.69+0.37
Controlled Breathing (18 breaths per mirj) 1.09+0.36

Silent reading 1.52+0.26
reading aloud 1.59+0.21
free talking 3.58+0.45
performing mentally stressful tasks silently

(such as mental arithmetic) 3.05+0.39

performing mentally stressful tasks aloud 2.89+0.31

Table 5.1: Activity dependent changes of %%-ratio for conscious normal patients (with 1 standard
deviation). Taken from results of [31].

Bernardiet al. [31] recently demonstrated that HRV (as measured byﬁ%eatio) in conscious patients
changes markedly depending on the subject’s particularitgctTheir analysis involved measuring the
ECG, respiration and blood pressure of 12 healthy subjetd 291 years during a series of simple
physical (verbal) and mental activities (see table 5.1¢hEgctivity was approximately five minutes long
and the subjects remained in a supine position for 20 to 3@tesnprior to the experiment (for rest
and familiarisation) and throughout the activity itselfable 5.1 presents their results (means of the 12
subjects with standard deviations). It is important to nb& although the range of values for conscious
subjects is not highly variable for a particular task, thg-tiame %—ratio changes significantly depending
upon the mental and physical activity a subject is engageld inay be argued that the changes in these
values are simply an effect of changing breathing patteivet Modify the HF component). However,
significant changes in both the LF band and blood pressudingswere also observed, indicating that
the feedback loop to the CNS was definitely affected and thaltent change in HRV is more than just
a respiratory phenomenon.

Differences in activity should therefore be minimised witemparing HRV metrics on an inter- or
intra-patient basis. Since it is very difficult for a resdacto be sure whether or not even a willing
subject is controlling their thought processes for a fewutas (the shortest time window for HRV
metrics [184]), this would imply that HRV is best monitoretiie the subject is asleep during which the

level of mental activity can be more easily assessed.
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5.4 HRV and sleep

5.4.1 The physiology and classification of sleep

Although the physiological state of sleep is substantidifierent to that of being awake (consciousness),
it is generally accepted that sleep is also distinct fromoasciousness. While transitions to sleep and
unconsciousness can both be identified by changes in ther gpeetral density of the electroencephalo-
gran? (EEG) [231, 118], subtle differences in cardiovascular alettro-physiology do exist between
these states. Unconscious subjects (such as those unekhatic or in a coma) are totally unresponsive
to external stimuli. However, a sleeping subject may reaeixternal events, depending on how deeply
he or she is sleeping. Sleep is defined (mainly from the enewgyent of the EEG) as consisting of 5
stages [231]; stage 1 being the lightest (and thereforeltisest to being awake) and stage 4 being the
deepest. There is however, one further stage of sleep tlamedparadoxicalsleep since the subject
does not appear to be conscious, despite the fact that ther&fe@bles that of a fully conscious sub-
ject. This stage, known as dream sleep, is often termed eggidnovement (REM) sleep, since the eyes
move around under closed eye-lids in a manner unique to deep.sStages 1-4 are therefore known
as non-REM (NREM) sleep. The set of heuristics which caisgasleep according to these 5 stages
are known as th&® & K rules after the authors of the original paper, Rechtschaffen aaléd<[231].
The graphical representation of a subject’s sleep stagingown as the hypnogram (see figure 5.3).
The horizontal axis is time into the study and the verticas agpresents depth of sleep. The higher the
number of the sleep stage, the more deeply asleep the sisjmwtsidered to be. Note that the deeper
stages of sleep are lower than the lighter stages (and thertife vertical axis should be described as
lightness of slegp Note also that REM sleep (R) is plotted between Wakefglr{#g) and the lightest
sleep stage (1) because of the similarity of brain (EEG)i#gtin stages W and R. Note also that the
label ‘drowsy’ is used to represent stage 1 sleep and theedstgges (3 and 4) have been merged and
labelled Slow Wave Sleep (SWS).

Just before loss of consciousness, respiration becomegdedic and shallow, and sustained deep
periodic breathing can be observed [196]. The brain stemstaker the respiratory regulatory mecha-
nism at this point [165]. The onset of sleep is usually defimgeither the loss of muscle tone (often by
observing the subject drop an object they have been cligEfi®5] or by rolling eye movements on the

electro-oculogram (EOG) [231]. The subject initially faihto light sleep but quickly progresses into a

2A recording of the micro-volt potential difference fluctisais between electrodes attatched to the scalp.
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Figure 5.3: A typical sleep-wake plot (taken from [165]) sing the stages of sleep for a healthy young
adult (top). Note that stage 1 is labelled ‘drowsy’ and stageand 4 have been merged and labelled
SWS (slow wave sleep). Within about 45 minutes of the youndtdalling asleep, a deep phase of sleep
occurs. This is interrupted after about an hour by a less ghaape of sleep leading to REM sleep. As
the night progresses, the periods of deep sleep becomespsigrly shorter and more shallow, whereas
REM sleep becomes more prominent. The lower graph demtestiaw elderly patients tend to suffer
from a significantly more fragmented sleep pattern than gdwealthy adults.

deep sleep. After about 90 minutes, a healthy young humahbaiiumove rapidly through light sleep
into the REM stage lasting around 20 minutes. Then the cgalegdeated (usually another 3 or 4 times)
with a period of around 90 minutes, although the length ofitteam sleep periods tends to increase (and
that of deep sleep periods to shorten) as the night progresse

The cardiovascular changes that occur during these cyetesto follow the changes in depth of
sleep; as the sleep state deepens, blood pressure andatealtap, while respiration becomes less er-
ratic, deeper and slower. As a human subject moves backigfttet sleep these changes reverse and
notably, the cardiovascular physiology during REM sleegenebles that just before loss of conscious-
ness; breathing is erratic and shallow, heart rate and lpoegkure are significantly higher and the EEG
is indistinguishable from consciousness.

The lower plot in figure 5.3 illustrates how elderly patieteisd to have a more fragmented sleep pat-
tern than healthy young adults, waking many more times dutie night and experiencing less frequent
and shorter periods of deep sleep. It is not clear whethemtfeerwise healthy elderly subjects, this

pattern is independent of the lower level of cardiac headthgared to younger more healthy subjects.
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5.4.2 HRV changes with sleep state

On falling asleep, parasympathetic activity increasestsgins to dominate over the falling levels of
sympathetic activity. The metabolic rate declines to atiredly constant lower level during stages 1
to 4 NREM sleep causing a general relaxation of the cardomlas system, a drop in BP, HR, stroke
volume, cardiac output, and systemic vascular resistal@® [ As a result of the reduction in autonomic
activity, myocardial workload is reduced. The baroreflems##vity is increased during NREM sleep in
comparison to wakefulness.

Although NREM sleep is characterised by relative stabitifythe respiratory, cardiovascular and
autonomic systems, intermittent arousals are common. eTaesusals are associated with abrupt in-
creases in chemosensitivity and the momentary restorafitire wakefulness-type breathing, and hence
augmented ventilation. HR and BP increases from NREM toxeglavakefulness involve augmented
sympathetic nerve activity, but not parasympathetic wahel. This indicates that arousal is a dis-
tinct transient state of heightened respiratory and caedicular activity [169]. On entering REM sleep,
sympathetic activity begins to dominate and the EEG andnaspy-cardiovascular behaviour resemble
those in a conscious state [165].

Loss of consciousness is accompanied by a change in auk@miegu Not only does the voluntary
motor system relinquish any effect it had over parts of threlumtary motor system (such as respiration -
when a subject begins to ‘doze off’, their breathing becodes=per and more regular), but the parasym-
pathetic nervous system begins to dominate. It is therefoseirprising that changes in HRV occur at
this transition. However, the more significant changes itvidRcurduring sleep.

In particular, short term HRV tends to be higher the deepeskbep is (HF increases and %%—ratio
falls) [155, 186, 213, 275]. Figure 5.4 shows that the PSDsutsted from 5 minutes of RR interval
data during wakefulness and REM sleep have similar spectraponents an%—ratios. However,
stage 2 sleep and SWS sleep exhibit a shift towards an ircneg®rcentage contributions from the HF
components (above 0.15 Hz).

In 1995 Vanoliet al. [275] conducted a detailed investigation into HRV changasng the various
sleep stages of healthy subjects and post-myocardiaktidar(MI) patients. They explained the PSD
changes in normal subjects (detailed above) by noting thessympathetic (vagal) activity tends to
dominate during sleep. Since the increased vagal leveltharéominant contributor to increased short

term variability of the heart rate then the HF power will iease. Furthermore, they found that Ml results
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in a raised overall nocturngf=-ratio. In terms of spectral components, normalised HFgloand LF
higher at night in post-MI patients. Hence they showed that{{%—ratio was sufficient to separate
post-MI from normal (healthy) subjects. However, no resol long-term outcome differences for the

post-MI population were presented.
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Figure 5.4: 5 minute PSDs of RR intervals, according to siEtapes: awake (W), stage 2 (St2), slow-
wave sleep (SWS), and rapid eye movement sleep (R%E(I—)r.atio is also indicated for each physiolog-
ical state. Taken from Otzenbergetral. [213].

Condition— | Norm | Norm Norm CNS7y Post-MI
Activity | [213] | [184] [275] Problem [166]| [275]
Awake N/A 39 [40+14 N/A 2.4 +0.7

REM Sleep | 2—25| 2.7 | 31£0.7 3.5-5.5 8.9+1.6

NREM Sleep| 0.5—»1 | 1.7 |1.24+04 2—35 5.1+£1.4

Table 5.2:%-ratios during Wakefulness, NREM and REM sleep. N/A = noilatée, Norm = normal,
Post-MI = a few days after myocardial infarctionindicates a non-cardiac related problem. Taken from
[213, 184, 275, 166].
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In 1998 Lavieet al. [166] obtained for a patient suffering from a psychosomdisorder only, an
%—ratio between 0.5 and 1 in NREM sleep and between 2 and 2BEdf sleep. In patients suffering
from a simple CNS but non-cardiac related probleravie et al. [166] found NREMg-ratio values of
between 2 and 3.5 and between 3.5 and 5.5 for REM sleep.

Table 5.2 presents a summary of activity dependématios described in the literature. Comparing
the values for normal and post-MI patients during sleepait be seen that the values of tﬁ%-ratio
during REM and NREM sleep are significantly higher than thlesenormals. It is interesting to note
however, that the lower bound of trﬁ—ratio in NREM sleep for post-MI patients is similar to thdt o
normal patients in REM sleep. Values for all subjects duvirrdrefulness (2.4 to 4.0) lie well within the

range of values during sleep (0.5 to 8.9).

5.4.3 Sleep disruption; pain, drugs and noise

Unfortunately, patients who may benefit from HRV analysieofsuffer from severe disruption of their
normal sleep cycles. ITU patients are subject to noise atetred disruption that may adversely affect
their rate of recovery. Patients under the influence of pagia pain killers experience serious sleep
disruption [58] and may not experience a recognisable er steep cycle. Effects of the administered
drugs (ACE inhibitors-blockers, aspirin, nitrate and calcium channel blockaray ‘mask’ the effects
we are attempting to observe [49].

Rosenberg-Adamsegt al. [235] analysed sleep states of patients after generesthiesia with and
without without the postoperative administration of odmi They found no significant disturbance in
sleep patterns from normal activity only when opioids weo¢ administered. Comparisons of these
results with previous studies on slow wave sleep (SWS) and BIEep disturbances after open laparo-
tomy suggest that the depth of surgery or the administrati@pioids, or both, may be important factors

in the development of postoperative sleep disturbances.

5.5 Summary

A patient’s physical and mental activity (eating, exercigspiration, wakefulness and diurnal variations)
affects the HRV to such an extent that inter- and intra- pat®mparisons cannot be made without

taking such factors into consideration. Without referetwehe patient’s physiological (and mental)

30rganic Erectile Dysfunction.
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state, a measure of HRV is not useful for assessing the patNS response and/or vagal tone.

The variation in%—ratio with respect to the mean value is least during a slésp and artefact in
the ECG is significantly reduced (because there is less gdilysiovement by the subject). Since sleep
stages usually last more than five minutes they provide xtedegments of ECG data for HRV analysis
with minimal data corruption and departures from statigpar

During sleep stages, the values of HRV metrics are closédyee to the depth of sleep, and it has
been suggested that HRV could be used to differentiate leehsieep states [213]. The key paper [169]
reviewed in the previous section postulates that the clsaingdRV observed between REM and NREM
sleep are due to the changes in respiratory and cardiacategukontrol between these states. Current
literature [213] indicates that HRV changes in SWS rathantNREM sleep should be studied, as light
NREM sleep produces HRV values similar to that of REM sleeghé following sections the variations
of the %-ratio during the sleep REM, NREM and SWS categories in batbrenal healthy population
and a non-normal population are investigated %ﬁdratio estimates are compared with those of table

5.2.

5.6 Methods for analysing HRV during sleep

The data for the healthy group is taken from the OBS polys@raphic databaded2 and consists of
records from 6 males between the ages of 21 and 42 (mean age&ghing between 65kg and 88kg
with no known cardiac or sleeping disorders. Subjects 016tel€pt for 6.5, 7.0, 3.3, 7.7, 7.5, and 7.4
hours respectively. Subject 3 awoke early because of a aahlkhrelated incident. Subject 05's ECG
was of too low quality to be included in the study.

The unhealthy group consists of 16 males, aged 32 to 56 (hwmanA3), with weights ranging from
89 to 152 kg (mean weight 119 kg), recorded at Boston’s BetieldDeaconess Medical Center and

freely available as the MIT polysomnographic database][194

5.6.1 The MIT polysomnographic database

The 16 patients in this database suffer from a condition knasvsleep apna, in which they are repeat-
edly awoken during the night due to their breathing beingriipted. If this is caused by a blockage in

the respiratory pathways then it is known as obstructivepséprea (OSA). If the cessation of breathing

“The author gratefully acknowledges the assistance of @8awSignals Ltd for providing access to this data.
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label meaning

W subject is awake

1 sleep stage 1

2 sleep stage 2

3 sleep stage 3

4 sleep stage 4

R REM sleep

H Hypopreea

HA Hypoprea with arousal
OA Obstructive apmea

X Obstructive apeea with arousal
CA Central aprea

CAA Central aprea with arousal

L Leg movements

LA Leg movements with arousal
A Unspecified arousal

MT Movement time

Table 5.3: The labelling scheme for the polysomnographialiese. Each sleep stage or@prannota-
tion applies to a thirty-second segment.

is due to a neurally mediated problem then it is know as cksleap apnea (CSA) which is known to
be more closely linked with advanced cardiac problems th8A (169].

Each record in the database includes sleep stage anebagomotations as well as ECG beat anno-
tations. Each sleep stage annotation (andsgpannotation if relevant) is assigned to a particular thirty
second segment. Table 5.3 details the labelling scheme;ra detailed description of the database is

given by Moodyet al. [194].

5.6.2 Preprocessing and artefact rejection

The RR interval data available in the MIT databases has bm®rd according to the ANSI standards [1]
and therefore the clinical markers for each beat are aeztoanly+150ms. For RR interval calculations
this has been shown to introduce significant errors in freqgelomain HRV calculations (see [2]). The
RR interval times are therefore extracted using the metlkedribed in chapter 2, section 2.3.1. However,
the beat classification labels can still be used to removat-teebeat’ intervals involving artefacts and
ectopic beats, by associating the label which occurs wittini5 seconds (00.15 x 256Hz ~ 39
samples) of each detected beat.

To further enhance the robustness of the ectopic removall(iev for beat-misclassification by the
experts), a timing threshold of = 10% is also used. It should be noted that the Lomb periodogram
PSD estimate is robust to lower valuesathan 10% (which lead to a reduction in the number of sinus

beats as well as abnormal beats in a given section of an RBgearhn). However) = 10% is chosen so
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that the large volume of data reduction data that a low vafuewould cause, does not lead to a severe
distortion of the interpolated RR tachogram used for the Bjpéctral estimates.

The changes in the ECG (and hence HRV) due to sleepamme complex [47] and therefore sec-
tions free from apseas are selected to ensure that the analysis is not complibgtie apreic episodes.
During such events a patient has difficulty breathing andeaeapidly through different levels of con-
sciousness. The RR interval data during such episodesrefdine dominated by respiratory effects and
often the data is corrupted by movement. In fact, there igueat corruption of the ECG data from
movement artefact in the MIT polysomnographic databaseolfe than 20 beats are corrupted and thus
removed from the analysis, then the FFT estimation teclesiquill overestimate th%%-ratio by over
30% (see section 4.6.4). Therefore only relatively lowsedcCG sections, free from apit events are

considered (see table 5.4).

OBS Polysomnographic DB 02, subject 01
T T T

sleep score
1
e~
T

L
A

‘ L L L L 1
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30 second epoch

Figure 5.5: Two different expert sleep scores are plottedlile and magenta for patient 02-01 from
the OBS polysomnographic database. The horizontal time iaxih 30 second epochs. 1 represents
wakefulness, 0 REM sleep and -1, -2, -3 and -4 indicate slespss1 to 4 respectively. Movement
artefact is assigned a value of 2. Note the close correspoerdeetween expert score¥ ¢ agreement.)
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Record| start index| end index| length

name (mins)

slp03 2748292 | 3472103 | 48
slp04 3832987 | 4393917 | 37
slp4l 3498887 | 4559463 | 71
slp48 2756692 | 3595661 | 56

Table 5.4: Patients and sections chosen from the MIT polysgmaphic database with little or no noise
and apreic episodes.

The selected data segments are longer than 30 minutes aaghddtie or no artefact. This allows a
reasonable length of continuous analysis, providing safftadata to investigate if there is a correlation
between HRV and depth of sleep, since usually two or threspsitates are observed in a 30-minute
segment of data. Furthermore, a check is performed to etisar¢he average heart rate in a segment
is at least 48 bpm. This satisfies the Nyquist criterion fa tomb method (see section 4.3.1). In
an attempt to remove outliers that could bias any mean @lonk or significance tests, values of the
H--ratio above 20 are not considered, as the literature iteicthat valid values are rarely above 15

[184].

5.7 Mathematical analysis of HRV during sleep

5.7.1 Mathematical analysis

The %—ratio is computed over a 300 second window every 30 secarsitsg a sliding window with a

270 second overlap (see figure 5.6). This produces the sambeanwf data points as the sleep scores
(which are allocated to 30 second segments). However, ftegidg window sizes for the sleep score and
the Ei--ratio means that a direct one-to-one comparison of thelsevaannot be made. Furthermore,
experts do not always agree on the sleep score for a parti@dlsecond period. (Figure 5.5 illustrates
the difference between two expert scorers for a single siglata. This patient is typical in as much as

the experts differ on 114 out of the 805 labdl$% of the time).
A consensus labelling method is therefore used, and a steep is allocated to a particul%—ratio

if and only if:
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Figure 5.6: 6 minutes dfiR; data with a 5 minutes sliding window marked along the times.aiSD
calculations are made on each of these windows, which qubi&70 seconds.

1. both experts agree on the scarel

2. when in a 5-minute window (i.e. ten 30-s epochs), therenmsgprity of epochs (i.e. at least 5)

with the same consensus scaral

LF i
3. thegp-ratio < 20.

Calculations of the mean and variance of all {ﬁbratios in each of these three categories of sleep
(SWS, REM and NREM sleep) are performed for consensus &@b@kériods. In addition, statistical
significance differences between the megnratios for each of these sleep states is calculated for each
spectral estimation method using the F-test, the Kolmog&mirnov (K-S) test, and Student’s t-test for
unequal variances [229, 71]. The F-test evaluates the pildpadhat the variances in each distribution are
significantly different (and hence one variance is signifityalessthan another). The K-S statistic is used
for calculating the significance level of two data sets beirayvn from different distributions functions.

It is therefore useful for testing whether the distributiaf %—ratios in different sleep categories are
significantly different. In particular, the K-S test is a ush method of finding shifts (rather than spreads)
in a probability distribution (especially changes in thedma value). Spreading of the distribution

affects the tails of the probability distribution and mawve the median value unchanged. The K-S

statistic is therefore insensitive to outliers and charigethe distribution’s tails. Student’s t-test (for
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unequal variances) is applied to calculate the probalttigt the mear{%—ratio in a particular sleep
state is significantly different from the mean in anotheeplstate. The assumptions of these statistical
tests are that the samples are drawn from normal distrimsitamd the variances of each data set are
homogeneous [71]. Current research indicates that théseiarare fulfilled for the p-ratio during
sleep [275]. 2
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Figure 5.7: E-ratlo estimates (a-c) and sleep scores (d) during 7.2 hafisleep for a normal healthy

human male (subject 0OBS-02- OZ{% ratio is estimated using the three methods; (a) Lomb pegam,

(b) FFT after cubic spline interpolation and (c) FFT afterekr interpolation. Note the FFT methods
produce estimates with a higher variance. The lower grdghdqorresponding hypnogram) is plotted for
two expert scorers (one in blue and one in magenta). Noteighedegree of agreement between scorers.

5.7.2 Results on normal subjects

The upper three plots in figure 5.7 illustrate typical flutioms in the—-ratlo over an entire night's sleep
(7.2 hours) for a normal healthy human male (subject 02 fioeABS polysomnographic database 02).
The ratlo is estimated using the three methods; Lomb periatagia), the FFT after cubic spline
interpolation (b) and FFT after linear interpolation (c)otd that the Lomb spectral estimation method
produces values with a lower overall variance, and thatwieeRFT methods produce more frequent
artefactual estimates (where no value is plotted, or%t%eratio is larger than 20). Note the high values
of the ratlo as calculated by the two FFT methods at about 500-§6@hes. This is due to high
amounts of movement artefact leading to the removal of elamgmber of RR intervals during this

period. The FFT methods therefore greatly over-estimaiq%ﬁ‘rratio (see section 4.6.4), whereas the
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Lomb method does not. The lower graph shows the correspgrdipert-scored hypnograms. Note the
high degree of correspondence between the two expert'sléigs out of 871 labels, @8%) which is
typical for normal data.

Table 5.5 presents results for the within-sleep state (SWEB] or NREM) mean%—ratio () and
standard deviationo() for each of the three PSD estimation methods; the Lomb gegiam (Lomb),
FFT with cubic spline interpolationH{F'T,,;) and FFT with linear interpolation{F'1};,). Note that
in general the meaﬁ%—ratio is significantly higher in REM sleep than in NREM sleep, which in turn
has significantly higher means than those found in SWS (fdhiede PSD techniques). Furthermore the
variance (and hence) in NREM and REM sleep is comparable, whereas that in SWSyrsfaiantly
lower. Although this trend is true for all threlg--ratio estimation methods, thein each of the three
sleep categories is generally significantly lower for thenbomethod than for the FFT methods.

Tables 5.6 and 5.7 presents results of testing the signi&canthe differing variances and means
derived from the values given in table 5.5. Where the F-tegsga low probability, P < 0.05), this
indicates that the variance (and hencgeof the %—ratio in one particular sleep state is significantly
different from another sleep state. Where the K-S test t®#ula low probability, the distributions of
the %—ratio can be said to be different in each sleep state. Kinathe t-test (for different variances)
results in a low probability, then there exists a significdiffierence in the mealﬁ%-ratio calculated in
each sleep state.

The results in table 5.6 show that in general, only the Lomlthot gives significantly different
variances in NREM and REM sleep. Furthermore, althougrettses high probability that thé% values
in REM sleep have a different distribution to those in NRE®EH for each spectral estimation technique,
only the Lomb periodogram gives significantly different m%—ratios for all subjects.

Table 5.7 indicates that in general, all three spectrategion methods give significantly differest
means and distributions for estimations of %—ratio in SWS and REM sleep. Although than SWS
is significantly lower for subject 02, no significant diffaces in the meaél%—ratio values calculated
by each of the three PSD methods exists. However, in the ¢dke bomb periodogram only, the K-S
test indicates that the distribution é%-ratio values for subject 02 is also significantly differéetween

SWS and REM sleep.
SUsing the F-test, K-S test and unequal t-test; see tablesl6.7.
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Sleep Stage» REM NREM SWS
Subject| PSD method T o T o T o
01 Lomb 3.02 | 1.79 150 |1.21 0.62 | 0.77
FFT., 6.46 | 3.84 3.14 | 3.57 0.83 | 1.30
FFTy, 6.67 | 3.50 3.61 | 3.48 1.10| 1.25
02 Lomb 159|171 2.07 | 151 192 | 1.12
FFT,., 2.89 | 3.12 2.76 | 2.84 2.27 | 1.87
FFTy, 4.42 | 4.59 3.80 | 3.36 3.46 | 2.93
03 Lomb 4.63 | 1.96 3.10 | 2.12 1.18 | 0.52
FFT., 7.94 | 4.98 4.10 | 4.19 1.30 | 0.74
FFTy, 9.44 | 5.21 5.09 | 4.39 1.94 | 1.14
04 Lomb 2.44 | 1.35 1.82 | 1.60 0.95 | 0.40
FFT,., 3.57 | 3.28 2.60 | 3.39 1.07 | 0.68
FFTy, 4.66 | 4.15 3.08 | 3.42 1.48 | 0.96
06 Lomb 5.88 | 3.60 439 | 291 239|131
FFT., 6.79 | 4.57 5.01 | 4.19 2.53 | 1.76
FFTy, 8.59 | 5.13 6.19 | 4.48 3.65 | 2.50

Table 5.5: Mean%—ratio () and S.D. {) for each of the three PSD estimation methods for normal
subjects in REM sleep, NREM sleep and SWS.

F-test K-S test t-test
Lomb FFT., | FFTp, Lomb | FFT.,;, | FFTjp, Lomb | FFT,.,, | FFT,
01 * NS NS * * * * * *
02 < 0.056 NS * * < 0.05 NS < 0.01 NS NS
03 NS NS NS * * * * * *
04 < 0.05 NS NS * * * * < 0.01 *
06 < 0.0005 NS NS * * * * * *

Table 5.6: Results of significance of F-test, K-S test andquakt-test betweer{{‘%—ratio variances,

distribution and means in REM and NREM sleep for normal sttbjeSignificance is denoted with an
asterisk ¢) for P < 1074, or asP < 0.0005, P < 0.005, P < 0.01, P < 0.05. NS denotes not

significant. Note that in general, only the Lomb method gsigsificantly different variances in NREM
and REM sleep. Although there is a high probability that ﬁevalues in REM sleep have a different
distribution to those in NREM sleep for each spectral ediimnaechnique, only the Lomb periodogram
gives significantly different meaﬁ%-ratios for all subjects.
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F-test K-S test t-test
Lomb | FFT. | FFTyp, Lomb | FFT.,, | FFT;y, Lomb | FFTy, | FFTy,
01 * * * * * * * * *
02 < 0.005 * < 0.005 * NS NS NS NS NS
03 * * * * * * * * *
04 * * * * * * * * *
06 * * * * * * * * *

Table 5.7: Results of significance of F-test, K-S test andjuakt-test betweeri;—i-ratio variances,
distribution and means in SWS and REM sleep for normal stgjeSignificance is denoted with an
asterisk ¢) for P < 1074, or asP < 0.0005, P < 0.005, P < 0.01, P < 0.05. NS denotes
not significant. Note that in general, all three spectraiesion methods gives significantly different
variances, means and distributions between SWS and REM. si&khough the variance in SWS is
significantly lower for subject 02, no significant differescin the mear%-ratio values calculated by
each of the three PSD methods exists. However, in the cabe aioimb periodogram only, the K-S test
indicates that the distribution é{%-ratio values is significantly different between SWS and R&&kp.

LF

10

LF_ o
HF ratio 5

Normals

*t+

* >

+

*+

Lomb

FFT

cub

FFT,

Figure 5.8:=-ratio estimates for normal healthy humans (OBS Polysomapiic database 02). Each

HF -

patient’s averagél%—ratio is given for REM sleep«), NREM sleep ) and SWS sleep-] for each of
the three spectral estimation methods (see text for details
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Figure 5.8 presents calculations of the mean values o%Eheatio in REM sleep £), NREM sleep
(+) and SWS sleep>{ for the three spectral estimation methods: the Lomb pegaam, the FFT after
cubic spline interpolation (FF;,) and the FFT after linear interpolation (FE.), as detailed in table
5.5.

Note that the largest separation #f;—ratio estimates occurs between SWS and REM sleep. FFT
methods also appear to allow a greater separation betwekbhaRE deep sleep (SWS) then the Lomb
periodogram. However, the standard deviations in the talon of the sleep stage-specific means are
large 6.2 > o > 3.1 for REM sleep and.6 > o > 0.83 for SWS - see table 5.5). In contrast to this,
the standard deviations in the Lomb estimates are significamaller. For both the FFT methods, the
standard deviations a6 > o > 1.4 for REM sleep an®.4 > o > 0.6 for SWS - see tables 5.5, 5.6

and 5.7.

5.7.3 Results on sleep apnic subjects

Figures 5.9, 5.10, 5.11, and 5.12, show expert sleep scioingr plots) and the correspondié&-ratios
(upper plots) for segments of noise- and @prfree data for the four patients from the MIT polysomno-
graphic database being considered. Note the visual camdspce between a change in sleep state and
a change in théi% value for all three estimation methods. Movements into artcdbREM sleep cause
particularly noticeable changes in t%@—ratio. Note also that the FFT methods (green and red lines)
produce a more variable estimate of gheratio within a particular sleep state.

Figure 5.9 illustrates the fact that movements into deef@@psdo not always result in an increase
in %—ratio; at around epoch 240, the subject moves from stagesfage 3, but the%—ratio rises.
Note also that thekr--ratio decreases to the same level it was in stage 2, justébsfarply rising at
the end as the subject enters REM sleep (a sleep score ofi@)ntieresting to note that the awakening
(around epoch 310) precedes a significant rise irﬂﬁ%eatio. This is not always the case however (see
figure 5.11, where the brief drop in tlﬁ-ratio as the subject moves from REM to NREM sleep is
uninterrupted despite an awakening after epoch 565).

Figure 5.11 also demonstrates how changes between liglteseper (a shift from stage 2 to stage 3
at around epoch 500 - sleep scorelsand—3) do not always produce significant changes in%%eratio.
Furthermore, figure 5.11 illustrates how a single sleeg stah have a range of HRV values associated

with it, which can be significantly different over time.
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Table 5.8 presents the me%@—ratios for each of the four sleep apit subjects in each of the three
sleep categories (REM, NREM and SWS). N/A (not applicabiéjcates that for the segment of data
analysed the subject did not experience that particulgiesth sleep. Figure 5.13 is a plot of the mean
values from this table. REM sleep averages are marked witistarisk £), NREM sleep means are
marked with a cross#) and SWS mean values are marked with trianglg¢sNote that some values are
so close together, there appears to be fewer values pltisedare present in table 5.8. Note also that
some subjects did not experience all three sleep statedarefdre there are fewer than 4 of each type
of data point per PSD method.

Table 5.9 presents results of significance testing using#test, K-S test and unequal t-test between
%—ratio variances, distribution and means in NREM and REMsler the sleep apric subjects who
experienced all three sleep categories (SWS, NREM and RHEte that in general, only the Lomb
method gives significantly different variances between NRibd REM sleep. Although there is a high
probability that the% values in REM sleep have a different distribution to thos&lREM sleep for
each spectral estimation technique, all PSD estimatiohaastlead to the conclusion that no significant
difference exists between the megi-ratios calculated in NREM and REM sleep.

Table 5.10 presents results of the same significance tdstitvgeen means in SWS and REM sleep.
Note that there exist significantly different variancestmutions and means of tfﬁ-ratio between
SWS and REM sleep. Only meaﬁ%-ratios measured in REM and SWS are significantly different f
this non-normal patient population, due to the low variapicihe %—ratio in SWS. Although the results
(plotted in figure 5.13) appear to indicate that mé@wratios measured in REM and NREM sleep are
greatly separated, the variances of the distributions ef%(%-ratios are large and calculations using
Student’s t-test reveal that there is not a significant difiee betwen meagk-ratios calculated in REM

and NREM sleep.
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Figure 5.9: Expert scored hypnogram (lower trace) ﬁdratio estimates (upper plots) for a non-
aprreic and non-noisy section of data for patient 03 of the MIT golpnographic database using the
three methods; Lomb periodogram (blue), FFT after cubimephterpolation (green) and FFT after
linear interpolation (red).
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Figure 5.10: Expert scored hypnogram (lower trace) %Edratio estimates (upper plots) for a non-
apreic and non-noisy section of data for patient 04 of the MIT golypnographic database using the
three methods; Lomb periodogram (blue), FFT after cubimsphterpolation (green) and FFT after
linear interpolation (red).
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Figure 5.11: Expert scored hypnogram (lower trace) %Edratio estimates (upper plots) for a non-
aprreic and non-noisy section of data for patient 41 of the MIT golpnographic database using the
three methods; Lomb periodogram (blue), FFT after cubimspghterpolation (green) and FFT after
linear interpolation (red).
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Figure 5.12: Expert scored hypnogram (lower trace) %Edratio estimates (upper plots) for a non-
apreic and non-noisy section of data for patient 48 of the MIT golpnographic database using the
three methods; Lomb periodogram (blue), FFT after cubimsphterpolation (green) and FFT after
linear interpolation (red).
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Sleep Category> REM NREM SWS
Subject| PSD method T o T o T o
03 Lomb 6.20 | 1.49 2.03 | 142 2.31 | 0.85
FFT., 6.22 | 2.59 2.01 | 1.50 2.27 | 1.30
FFTy, 8.10 | 3.25 259 | 191 2.92 | 1.66
04 Lomb N/A | N/A 152 | 0.48 N/A | N/A
FFT., N/A | N/A 1.77 | 1.11 N/A | N/A
FFTy, N/A | N/A 1.96 | 1.02 N/A | N/A
41 Lomb 7.22 | 2.43 3.87 | 1.72 3.77 | 041
FFT., 8.39 | 2.69 431 | 2.33 3.63 | 0.86
FFTy, 12.21| 3.86 6.38 | 3.21 5.79 | 1.40
48 Lomb 7.97 | 2.16 205 | 1.17 N/A | N/A
FFT,., 8.66 | 3.16 2.20 | 1.30 N/A | N/A
FFTy, 11.53| 4.14 2.68 | 1.66 N/A | N/A

Table 5.8: Mear{%—ratio (z) and variance for each of the three PSD estimation methoR&M sleep,
NREM sleep and SWS for sleep apic subjects. N/A indicates not applicable; in the segmerdaté
analysed the subject did not experience this category epsle

Non-normal subjects
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Figure 5.13: %-ratio estimates for sleep agit subjects (MIT Polysomnographic database). Each

patient’s averag%%—ratio is given for REM sleep«), NREM sleep ) and SWS sleep-] for each of
the three spectral estimation methods (see text for details
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F-test K-S test t-test
Lomb | FFT,.,, | FFTjp, Lomb | FFT., | FFT;, Lomb | FFT.,;, | FFTjp,
03 * NS NS * <0.01 | <0.01 NS NS NS
41 * < 0.005 | <0.01 * * < 0.01 NS NS NS

Table 5.9: Results of significance of F-test, K-S test andjuakt-test betweer:k-ratio variances,

distribution and means in NREM and REM sleep for sleepodprsubjects who experienced all three
sleep categories (REM, NREM and SWS). Significance is deneith an asterisk«) for P < 104, or
asP < 0.005, P < 0.01, P < 0.05. NS denotes not significant. Note that in general, only the Lomb
method gives more significantly different variances betwd®EM and REM sleep. Although there is a
high probability that th% values in REM sleep have a different distribution to thosSeREM sleep for
each spectral estimation technique, all PSD estimatiohaastlead to the conclusion that no significant

difference exists between the megi-ratios calculated in NREM and REM sleep.

F-test K-S test t-test
Lomb | FFT,.,, | FFT, Lomb | FFT,., | FFT}, Lomb | FFT,.,, | FFTj;,
03 < 0.005 | < 0.001 | < 0.001 * < 0.01 | <0.01 * * *
41 * < 0.001 | < 0.005 * * * * * *

Table 5.10: Results of significance of F-test, K-S test aneljual t-test betweeé{%—ratio variances,
distribution and means in SWS and REM sleep for sleepspubjects who experienced all three
sleep categories (REM, NREM and SWS). Significance is deneith an asterisk«) for P < 104, or
asP < 0.005, P < 0.01, P < 0.05. Note that there exist significantly different variancestributions
and means of thgk -ratio between SWS and REM sleep.

5.7.4 Comparison of PSD estimations methods for separatingatients groups using REM
and SWS

The results from the%-ratio estimates for sleep apa sufferers and normal healthy humans are com-
pared on a per-sleep category in figures 5.14, 5.15 and 5idér.eF5.14 contrasts the range{ﬁ values

for the three spectral estimation methods;
1. the Lomb periodogram,
2. cubic spline interpolation then FFT,

3. linear interpolation then FFT.
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Figure 5.14: %-ratio estimates for normal subjectg)(and patients suffering from sleep apa (])

in REM sleep for each of the three spectral estimation methming tested; the Lomb periodogram,
the FFT after cubic spline interpolation (F&§) and FFT after linear interpolation (FF;]). Note that
better patient group separation is achievec%‘%yratio estimates using the Lomb periodogram.

Normals subjects’ values are represented by crossgar{d sleep apric patients’ values are labelled
by boxes (]).Variances quoted earlier are not plotted igasons of clarity). Note that the Lomb method

results in a higher degree of separatiorﬁ%fvalues for both NREM and deep sleep (SWS).

5.8 Conclusions

Deep sleep (SWS) and REM sleep produce the largest conggastan values og%watio. Calculations

of these values using the Lomb method produces a more cemisestimate (lower variances) than with
either of the two FFT methods. Thus, the Lomb method may aflmategorisation of the state of the
autonomic control system for patients using an HRV metione) provided that it is measured in SWS
or REM sleep. Results from this study are consistent witkéhno the current literature (see table 5.11).
SWS and REM sleep provide good candidates for inter-palti@®u comparisons. SWS is a particularly
good candidate for segmenting epochs of RR interval datdR¥ studies because of the low variance in
%—ratio values in deep sleep, and should be the preferred sktegory to comparé%—ratios between
patients. However, certain conditions (such as sleepeapseverely reduce the amount of SWS sleep a

subject experiences and so it may be necessary to compan—:-%{%eatios from REM sleep periods.
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Figure 5.15:%-ratio estimates for normal subjects)(and patients suffering from sleep apa (]) in
NREM sleep for each of the three spectral estimation methets) tested; the Lomb periodogram, the
FFT after cubic spline interpolation (FEL) and FFT after linear interpolation (FEJ). Note that no
spectral estimation method gives better separation betwatent groups in NREM sleep.

Subject— Normal | Normal | Normal | Apnceic | Post-Ml
Sleep State | [213](1) | [275] (%) (x%) [252]
REM 2.7 3.1+0.7 | 3.6£1.7 | 7.1+£0.8 | 8.9+1.6
NREM N/A 1.2+04 | 2.6£1.2 | 2.4£1.0 | 5.14+14
SWS 0.8 N/A 1.4+0.7 | 3.0£1.0 N/A

Table 5.11: Average%—ratio estimates for subjects tested in the OBS polysonapigc normal
database 02}, normals in the current literature ([213, 275]), the MITlysmmnographic (sleep agpic)
database«x) and a post-MI population (taken from [252]). N/A indicatbe results are not available
from current literature £ -ratios quoted from this study are means over all subjectseirgroup using
Lomb periodogram-derived estimatgsndicates that no variance calculations were given in theepa
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Figure 5.16:1-ratio estimates for normal subjects)(and patients suffering from sleep apa ([) in
deep sleep (SWS) for each of the three spectral estimatitimoaie being tested; the Lomb periodogram,
the FFT after cubic spline interpolation (F&§) and FFT after linear interpolation (FF;]). Note that
better patient group separation is achievec%‘@yratio estimates using the Lomb periodogram.
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Chapter 6

HRV: Applicability in controlled studies -
Head-up tilts

6.1 Introduction

Since the evaluation of HRV in conscious patients is higrépehdent upon the mental and physical
activity the subject is experiencing (see section 5.3kstigations linking the HRV of conscious patients
to the monitoring of their condition can only take place ia ttontext of controlled studies. This requires
that the experimental conditions are such as to allow iexperiment comparisons. In this chapter,
a preliminary analysis of a controlled experimental prareds undertaken, utilising the robust HRV
analysis methods developed in this thesis. The study methqdestion is known as a ‘Head-up Tilt’
(HUT) and is designed to assess the response of the cardideasystem to a rapid postural change.
In general, this involves recording blood pressure andthrate for a period of about 10 to 40 minutes
before and after a subject is tilted from a supine positicapioroximately 20 degrees from vertical [150].
The data analysed in this chapter is recorded from pati¢tetsding theFalls Clinic * at the Radcliffe
Infirmary in Oxford. The purpose of the HUT test is to analyise patient’s susceptibility teyncope
(see section 6.2) following which an appropriate treatméhte prescribed. Before the analysis of the
data is presented, however, a brief description of the plygical mechanisms that may be involved in
syncope is given with particular reference to the sympatbakbalance, leading to an overview of HRV

in the context of syncope.

LIt is known as a ‘falls’ clinic because the referred patiess isually experienced a fall after a loss of consciousness.
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6.2 Syncope: Classification

Syncope is the sudden loss of consciousness resulting friemporary impairment of cerebral blood
flow. Although recovery is often rapid, a syncopal attackls always accompanied by the loss of
muscle tone, and hence presents a serious health risk;mlr@aents account for up to 3% of casualty
room visits and 6% of hospital admissions [188]. Patientk wacurrent syncope endure a quality of life
comparable to sufferers of rheumatoid arthritis or chrdmiger back pain.

There is some confusion in the literature as to the causegobpe as it is a symptom rather than a
discrete pathological entity which has many distinct ovégiThere is broad agreement that the causes of

syncope-like symptoms can be divided into three main ctof@8:
1. Cardiovascular causes (25-30% of patients; usually th&t dangerous)
2. Non-cardiovascular causes (20-40%)
3. Unknown causes (30-50%; often more benign)

Strictly speaking, true syncope is cardiovascular in arggid therefore, only patients in the first category
above, ought to be classified as suffering from syncope. Imyrstudies of syncope patients, the above
percentages vary considerably, owing to the diversity déga applied to select patients. However,
the percentage attributed to ‘unknown’ causes is graduefllyicing, as diagnostic methods improve.
In particular, tilt testing and carotid sinus massaf@SM) have proved to be two important means of
reducing the percentage of syncope-like symptoms beirsgifiled as of ‘unknown cause’.

More specific classification schemes subdivide syncopefintber sub-groups. For example, the
recent Task Force Report Guidelines on management (diesgguad treatment) of syncope [9] considers

five types of syncope:
1. neurally mediated reflex syncopal syndromes,
2. orthostatic hypotension,
3. cardiac arrhythmias as primary cause,
4. structural cardiac or cardiopulmonary disease and

5. cerebrovascular.

2firmly massaging the carotid artery on the right-hand siddefpatient’s neck for 5-10 seconds
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There exists a consensus that the origin of syncope lieamsignt cerebral hypoperfusion (a reduc-
tion in the volume of bloodflow in the cerebrum; the portiontleé brain (frontal lobes) where thought
and higher function reside). It has been shown that syncoassociated with 6 to 8 seconds of cessation
of cerebral blood flow [233], or a systolic blood pressurédabver 60 mmHg [248]. However, there is
still uncertainty regarding the exact mechanisms whicle gise to cerebral hypoperfusion. The follow-

ing sections (6.2.1 to 6.2.5) present a brief overview ofsihgpected causes of the most common types

of syncope.
NEURALLY MEDIATED AFFERENT EFFERENT
SYNDROMES PATHWAYS PATHWAYS
. Feedback via
Vasovagal Faint - .
(pain, elrass, anxiaty) o Cerebral Cortex L - — Carolid Barorecaptors.
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Figure 6.1: Proposed mechanisms for various types of rgumadiated syncope. Taken from [28].

6.2.1 Neurally mediated syncope

Proposed mechanisms for various types of neurally medgtadope are illustrated in figure 6.1 and

include [28];
e Vasovagal Syncope,

e HUT (or Cough) Syncope,
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Carotid Sinus Syncope,

Syncope with Myocardial Ischemia,

Airway Stimulation/Swallow Syncope and

Gastrointestinal (Gl) Stimulation Syncope.

The first two categories under ‘Neurally mediated syndronmefigure 6.1 demonstrate the difficulty of
categorising syncope, since syncope can be mediated biphauieural pathways. Both vasovagal faint-
ing and ‘Head-up Tilt’ syncope can be caused by hyperseagitirdiac mechanoreceptors and therefore
the latter syncope is often thought by some authors to bexadbvasovagal syncope, the most common

form of neurally mediated syncope. Vasovagal syncope rastsifitself as follows:
1. Subject stands or is passively tilted upright.

2. Roughly a quarter of the blood is redistributed in respdoghis orthostatic stress. Venous pooling

occurs in the legs.
3. Decreased venous return is an obvious result.

4. Tachycardia, vasoconstriction, and increased inofr@iempt to compensate - as they should
in healthy subjects. Everything up to this point represenisore or less normal compensatory

reaction to orthostatic stress.

5. However, in vasovagal patients, the forceful ventricatantractions activate hypersensitive cardiac
mechanoreceptors, triggering an afferent (vagal) nertleway. This problem is known as the

Bezold-Jarisch reflex.

6. This reflex ultimately reduces sympathetic tone and as®e parasympathetic tone which results

in vasodilation and/or bradycardia, with subsequent rgmsbn.
7. When cerebral perfusion decreases sufficiently, syncegmdts.

Some experiments, including those performed with atrofmrsippress vagal tone [103], challenge this

theory, but at present it remains popular in the syncope.field

3strength of contraction of the muscles
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6.2.2 Orthostatic Hypotension

While neurally mediated syncope is probably caused by amsewsitive autonomic nervous system,

orthostatic hypotension often results from the patientieent medication regime and impairment to

the Central Nervous System (often due to drugs and/or age®ghostatic hypotension can be caused
by the body’s failure to react fully during step 4 above. (Egample, the heart rate does not increase
significantly, or more commonly, vasoconstriction is tocaki¢ This causes a distinct transition to step
7 above and the subject loses postural tone.

Recurrent syncope in the elderly is therefore most likelyeof the orthostatic type. Elderly patients
often suffer from less responsive autonomic nervous systémnexample, reduced baroreflex sensitivity
and ability to maintain cerebral autoregulation. Furthemen elderly patients are usually on medication,
and many of these drugs have the side effect of exacerbatthgstatic hypotension. (For instance,

anti-hypertension drugs can directly oppose the vasogotish mechanism in step 4 above.)

6.2.3 Cardiac arrhythmia/structural heart disease

Syncope caused primarily by cardiac problems is commomlyehkult of more than one pathology. These
pathologies include arrhythmia, valvular lesions, imedifeft ventricular function, and the inadequacy
of neurally mediated vascular compensation mechanisms.

Five of the most common cardiac causes of syncope are [99]:
e Atrio-Ventricular (AV) conduction system disease / bloské chapter 1).
e Sinus pauses / bradycardia (see chapter 1).

e Aortic stenosis; progressive narrowing of the aortic vaiesulting in the obstructed passage of
blood from the left ventricle into the aorta. Chronic stae@sn lead to left ventricular enlargement

and congestive heatrt failure.

e Hypertrophic cardiomyopathy; enlargement of the ventaiceeptum can result in ventricular out-
flow obstruction (subaortic stenosis) and eventual cardapathy (disease of the cardiac muscle

mass).

e Atrial myxoma; a very rare primary cardiac tumour, composkdonnective tissue, located in the

left or right atrium, leading to intermittent, abrupt, afsttion of blood flow.
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6.2.4 Cerebrovascular (steal syndromes)

In steal syndromes, blood is diverted from its expected.p&tieal syndromes occur when the arterial
circulation to the arm is occluded, thereby shunting bldodugh a parallel system, which then neces-
sarily assumes the responsibility of supplying the armsicainsufficient cerebral perfusion. The most
common affliction is subclavian steal, which occurs esgigaiuring upper arm exercise. A proposed

mechanism is the following:
1. Low pressure exists in the subclavian artery.
2. Retrograde flow occurs in the ipsilateral vertebral srter
3. Cerebral blood flow is decreased.

4. Syncope occurs.

6.2.5 Controversial classifications

It has become doubtful that vertebro-basilar or carotid ST (&ansient ischaemic attacks) are respon-
sible for true syncope [9], but many authors include them aswce [99, 111, 143]. Basilar mi-
grains, metabolic problems (such as hypoglycaemia or krgpdtation), intoxication, cataplexy, and
psychogenic syncope all have non-cardiac origins [9, 99]. Today, few believe that drop attaéksr
epileptic seizures should be classified as syncopal, atihdifferentiating them from syncope is one of

the difficult tasks facing physicians.

6.3 Syncope: Tests and Diagnosis

6.3.1 Head Upright Tilt Table Testing

Head Upright Tilt (HUT) Table Testing has excellent spedifi@and sensitivity when performed cor-

rectly. A general outline of a test is:
e A passive, supine phase of 20 to 45 minutes

e Atiltto 60° or 70° degrees (occasionally as high&), for about 40 minutes

“4sudden spontaneous falls while standing or walking, witmiete recovery in seconds or minutes. There is usually no
recognised loss of consciousness, and the event is remethbeshould be noted that it is a symptom, not a diagnosis.
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e The test ends earlier if syncope occurs; patient should bieermmediately returned to supine

position to recover.

Two well-known protocols are the Westminster protocol [84dl, more recently, the Newcastle protocol
[150]. In general, the Newcastle protocol appears to be adgmreement with the other tilt procedures
and in the case of a tilt with no administration of intravesi@iug injections, lasts for 40 minutes in the
supine position at an angle ©6° (after a 20 minute supine period at the start of the test) tf@New-
castle Protocol, tilt is terminated iEymptom reproduction with concomitant hypotension/bcadyjia

or an adverse event develop$50].

6.4 HRV in the context of HUT and syncope

Given that the sympathetic and parasympathetic branchi® afervous system are greatly affected by
the changes that occur during HUT for syncopal patientg, ¢setion 6.2.1) it is not surprising that HRV
has been considered as an investigatory tool in this fietcedime late 1980’s.

It is generally accepted that in healthy individuals, HRergmses upon orthostatic stress (e.g. head-
up tilt testing), whereas autonomic neuropathy (for exanffgm ageing or diabetes) reduces this HRV
increase and in fact can lead to a decrease in HRV during H8T 145, 156]. The}i—?-ratio usually
increases on tilt for normals because sympathetic stimoalabanifests as an increased LF component.
For patients with autonomic neuropathy, HUT leads to arease in parasympathetic stimulation which
often leads to an increase in the HF component. A parallelatezh in sympathetic drive, meanwhile,
causes a drop in the LF component, leading to an overall drdpea %—ratio. However, autonomic
neuropathy is merely one of the many possible causes of pgn@&), and the multifactorial nature of
syncope may be responsible for some of the controversy ashétiR\ analysis in the context of HUT’s.

Guzmanet al. [103] focused their investigations on vasovagal syncogechvthey further divided
into cardioinhibitory, vasodepressive, or mixed (bothd@zinhibitory and vasodepressive) vasovagal
syncope. Their study revealed that simple classificati@s&t on a rise or fall in a HRV metric are too
naive. Within their study population, it was shown that thegth cardioinhibitory or mixed vasovagal
syncope experience an initial rise in tﬁ%-ratio during HUT, whereas vasodepressive vasovagal ggco
patients experience a drop. This HRV comparison may be wssdpport the suspicion that cardioin-
hibitory syncope is due to the Bezold-Jarisch reflex (inva\hypersensitive cardiac mechanoreceptors)

whereas peripheral vasoconstriction is suspected to @ component in vasodepressive syncope.
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Although they recorded intra-subject oscillations in fe-ratio between values gfs=3 and{;==10,
over five minutes before and after HUT, the range of thesegg®over the entire patient group was
found to be between 50% and 100% of the actual values. Thisdegree of inter-patient variability
means that it is unlikely that, for vasovagal syncope attJeasraged absolute values of tﬁ%—ratio
can be used to discriminate between the different typesrafape.

Ruiz et al. [236] found that age is the major determinant of autonomitali®ur during head-up
titing and so consideration of the patient’s agay assist prognosis: Lipsitet al. [173] found that
amongst young people, HUT-positive patients (diagnosdt syincope) experience a greater increase
in HRV than HUT-negative patients (diagnosed as not suffefrom syncope). However, Rugt al.
[236] found no significant change in HRV to differentiate Higdsitives from HUT negatives in either
the young (aged 15 to 35) or elderly (aged 60+).

Results using frequency domain metrics for evaluating HR\saspected sufferers of syncope are
often reported because of the link between these measuteget the sympathovagal balance. How-
ever, the methods used to calculate the frequency domairicediffer from paper to paper. Badilini
et al. [18] compared a limited number of autoregressive and FFfnigaes for calculating frequency
domain HRV metrics on young healthy addltkiring tilt testing. They obtained different baseline esu
of the HRV metrics when using autoregressive and FFT mettmddoth methods were equally effec-
tive for assessing the changes during tilt. For young (a@etb3/ears) healthy female volunteers, after
upright tilting to90°, they recorded a significghtise in the%—ratio from1.15 + 0.68 t0 6.56 + 5.45,
(calculated using the FFT of 5 minute RR segments afterpotation with an unspecified method) over
the subsequent fifteen minutes. However, for the same ségmR modelling led to a change in the
Er-ratio from1.16 £ 1.26 to 12.07 +8.99. It should be noted that the variance around these meansvalue
was of the order of thé}%-ratio itself, demonstrating the high variability of the tmes over a short time
frame.

It is difficult to compare the results and conclusions forfatént studies since there is often in-
sufficient detail in the papers to determine how the PSD egéismare computed. No current method
refers to unevenly sampled spectral analysis, yet dethitgerpolation methods are usually not given.
Other problems include the comparability of populationterms of age, pathology, medication and test

protocol as well as the small sample sizes involved.

58 females, 10 males with mean age<tt 5 years.
Stested using a paired Wilcoxon test
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In summary there is a need for interpreting HRV changes duha course a HUT test in the context
of the patient’s age and medical history, which together mayow down the suspected causes of syn-
cope. Furthermore, an agreed robust measure of frequanmgid metric calculation is needed to allow

between-study comparisons.

6.5 HUT data analysis

6.5.1 Methodology

In this chapter, a preliminary investigation into HRV chasgluring head-up tilt for a limited population
sample is presented. Six subjects are analysed, two youwslthyenales, two elderly females with
no known cardiac-related problems and two elderly femaiagrmbsed with the same type of syncope,
vasovagal syndrome. The effect of HUT on their HRV is expddreterms of both thé;%-ratio and the
standard deviation of a five-minute window, denoted-pyBoth quantities are calculated over the entire
procedure using a sliding window with a 240 second overlap.

Although gender can contribute towards significant diffiees in HRV response to HUT, the large
difference in age is a much more significant factor [236].€aithe review of existing knowledge of the
sympathovagal balance and HRV during HUT, it is expectet| #@d#er tilting through70°, the young
healthy subjects (group A), will experience ah-ratio increase and an overall increase in HRV (as
measured by the standard deviation over five minuigk, The elderly healthy adults (group B) are
expected to have little or no change in both %%ratio andos;. However, the elderly subjects with
vasovagal syndrome (group C) are expected to experienceitah drop in both the%-ratio andos
unless part of their problem is cardioinhibitory in origimhe changes over the course of the tilt are

analysed and the differences between each patient groughiggited.

6.5.2 Clinical protocol

The data analysed in this chapter is from the Radcliffe Irdiyr(RI) Falls Clinic. The protocol that they

have adopted is as follows:

e The patient is asked to lie on the tilt table in the supine tpmsi while the procedure is explained

to them.
e The cardiorespiratory equipment is attached, includingg8l$ of ECG, one channel of respiration
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(electrical impedance measured across two of the ECG 183@%)[ a pulse oximeter, a continuous
blood pressure (BP) device (the Finapres [149]) and a s##ting brachial cuff for intermittent

BP readings.
e The patient remains supine for 10 minutes.
e The patient is then told that the tilt is about to occur andstiadf tilt the table through 70 degrees.

e The patient is then made comfortable so that they may rerpatiefitly) in the ‘head-up’ position

for the next 40 minutes.

e About 30 minutes into the test Carotid Sinus Massage is padgd on the left and right sides of

the neck.
¢ 40 minutes after the tilt, the patient is returned to the seiiosition.
e The data recording is then stopped.
Drugs are not administeratiring the test, although the patients are often on medicatioteckta other

medical conditions such as hypertension.

6.5.3 Description of patients

The subjects chosen for analysis in this chapter are sephairatb 3 groups, denoted by letters A, B or
C. The following number (1 or 2) represents the first or sequetéent in the group. The groups are as

follows:

e Group A - Normal healthy young male adults (aged 23 and 31) mgthistory of cardiac problems

or other serious health issues.

e Group B - Elderly female patients, referred to the Falls iClimith suspicion of a syncope-related

illness, but later diagnosed without such a problem. Nahyjsbf cardiac problems.

e Group C - Elderly female patients, referred to the Falls iChith suspicion of a syncope-related

illness, later diagnosed as being vasovagal syndrome.
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Figure 6.2: RR and HRV data for subject Al during HUT. Fromtimpottom; beat-to-beat RR interval,
%-ratio over 5 minute windows with 240 second overlap, steshdaviation of the same windows. The
time marker represents the front of the 5 minute window. Nidge that each plot appears in pairs, one
with an optimal scaling to observe the changes, and one gtsame scaling as each of the other patient
plots. The left vertical line represents the time of theiaitilt to 70° and the right line represents the
return to the supine position.
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Figure 6.3: RR and HRV data for subject A2 during HUT. Fromtimpottom; beat-to-beat RR interval,
%-ratio over 5 minute windows with 240 second overlap, steshdaviation of the same windows. The
time marker represents the front of the 5 minute window. Nidge that each plot appears in pairs, one
with an optimal scaling to observe the changes, and one gtsame scaling as each of the other patient
plots. The left vertical line represents the time of theiaitilt to 70° and the right line represents the
return to the supine position.
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Figure 6.4: RR and HRV data for subject B1 during HUT. Fromttmpottom; beat-to-beat RR interval,
%-ratio over 5 minute windows with 240 second overlap, steshdaviation of the same windows. The
time marker represents the front of the 5 minute window. Nidge that each plot appears in pairs, one
with an optimal scaling to observe the changes, and one agtsdame scaling as each of the other patient
plots. The left vertical line represents the time of theiaitilt to 70° and the right line represents the

return to the supine position.
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Figure 6.5: RR and HRV data for subject B2 during HUT. Fromttmpottom; beat-to-beat RR interval,
%-ratio over 5 minute windows with 240 second overlap, stashdieviation of the same windows.
The time marker represents the front of the 5 minute windoateNiso that each plot appears in pairs,
one with an optimal scaling to observe the changes, and athethrd same scaling as each of the other
patient plots. The left vertical line represents the timehef initial tilt to 70°. Note that the recording
was terminated before the return to supine position.
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Figure 6.6: RR and HRV data for subject C1 during HUT. Fromttbpottom; beat-to-beat RR interval,
%-ratio over 5 minute windows with 240 second overlap, steshdaviation of the same windows. The
time marker represents the front of the 5 minute window. Nidge that each plot appears in pairs, one
with an optimal scaling to observe the changes, and one gtsame scaling as each of the other patient
plots. The left vertical line represents the time of theiaitilt to 70° and the right line represents the

return to the supine position.
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Figure 6.7: RR and HRV data for subject C2 during HUT. Fromttbpottom; beat-to-beat RR interval,
%-ratio over 5 minute windows with 240 second overlap, stashdieviation of the same windows.
The time marker represents the front of the 5 minute windoateNiso that each plot appears in pairs,
one with an optimal scaling to observe the changes, and athethrd same scaling as each of the other
patient plots. The left vertical line represents the timehef initial tilt to 70°. Note that the recording
was terminated before the return to supine position.
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6.5.4 Signal Analysis

Figures 6.2 to 6.7 show comparisons of HRV changes during e three patient groups (A, B and
C) detailed above. For each subject the beat-to-beat Rwahtehe%—ratio over 5 minute windows
with 240 second overlap and the standard deviation (SD)eftdme 5 minute windows are plotted.
Vertical markers are also plotted to locate the actual tiofeke 70° HUT (left marker) and the return
to the supine (right marker). The time stamp for each HRheste (indicated by ‘+’) represents the
time of the last heart beat in each 5 minute window. Note disd ¢ach parameter is plotted twice
with different scaling. The first, third and fifth plots on &aaf the figures all have the same scaling to
facilitate inter-patient comparisons. The second, foarttl sixth plots are scaled individually (between

the individual’'s maximum and minimum values) to highlighetintra-patient changes.

Short-term changes after HUT

In the five minutes following HUT, subjects A1 and A2 (figure2 &nd 6.3) exhibit the typical changes
that one would expect from normal subjects; an increase amrheart-rate (i.e. decrease in RR interval)
accompanied by sympathetic stimulation which manifestara%%—ratio rise followed by oscillations
between values of about 3 and 10 [103] (see section 6.4). Heelyebut otherwise healthy subjects
B1 and B2 exhibit low--ratio values and very small oscillations in tf&-ratio rise following a tilt.
Upon tilt, subject B2 exhibits an increase in the mean RRvateand subject B1 experiences almost no
change. Both these trends are consistent with rep(%%datio changes in current literature for healthy
elderly subjects [45, 145, 156].

The behaviour of théq‘%—ratio of the two elderly vasovagal syndrome patients (Cd @8) differs
slightly and initially it appears that only subject C2'spesse is consistent with their diagnosis of pro-
found carotid sinus hypersensitivity. That is, upon tikyhexperience a small rise in tlié—ratio with
little change in the mean RR interval. Carotid sinus hypestiwity is associated with a cardioinhibitory
response on tilt; sympathetic activation leading to a nisthé %-ratio. In contrast, subject C1, who is
diagnosed as havingo cardioinhibitory component to their vasovagal syndromeubd be expected to
experience a drop in the initial value of tlﬁ—ratio and a drop in overall variability (as measured by
the standard deviation). This is not the case however, aighdicant initial rise in the%-ratio rise is
observed instead.

Although there is a significant change in the mean RR intepealveen each five minute section
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of the RR tachogram either side of the tiF (< 0.05 using Student’s t-test) for all subjects, there is
no significant change in the variance between these perigds (0.05 using theF-teston the same
segments). This illustrates that the relatively largeéases in the standard deviation around the time of
tilt is an artefact of the steep change in mean RR intervdliattime. Subject Al (figure 6.2) illustrates
this effect particularly well, with large increases in theasured standard deviation for windows that
include data over the time of the tilt, despite there beititelior no change in the actual variance, a

minute after the tilt.

Longer-term changes after HUT

After approximately 30 minutes into the tilt, a large ingedn the%-ratio is observed in subjects
Al and A2 and to a lesser extent, in subjects C1 and C2. Thissiget, unreported in the current
literature on HUT studies and could possibly be attributedhe subjects’ natural intolerance to such
a lengthy experiment. It should be recalled from chapterablet 5.1, that even subtle changes in a
conscious patient’s mental activity may lead to an order afynitude change in thé[%—ratio. The
elderly ‘healthy’ group (B) exhibit very little change howes, since their autonomic nervous system
response is suppressed in the normal manner expecteds@ughigroup.

Significant long term changes, measured over entire prepasidtilt sections of the RR tachogram,
are observed in both the variance and mean RR intefvat (0.01 using theF-testand P < 0.01 using
Student’s t-test, respectively) for the elderly patiemtgrs (B and C) irrespective of the actual condition.
No significant changes in the variance or mean RR intervah®young healthy group (A) after tilt and
before the return to supine can be detected.

One particularly significant change can be observed in figuBefor subject C1. Approximately
25 minutes into the tilt & 3100 seconds), thdq‘—';—ratio begins to rise to a peak value of over 4 at
approximately + 3200 seconds. However, thel-ratio then rapidly drops to a value of approximately
1. For an elderly subject, this represents a large changmiﬁ%—ratio. It should be noted that during
this period there was no significant change in the standaretittn of the RR intervals over this period
and the subject was becoming severely bradycardic (a pldimgngeart rate). The onset of bradycardia
was accompanied by a large drop in systolic blood pressuader 60mmHg (not shown) and finally,
a complete cessation of the heart for over 4 seconds=(8800 seconds), whereupon the clinical team

was forced to return the subject to the supine to aid recovéry clinical expectation of either dramatic
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vasodilation or deceleration in HR directly causing theesbsd (severe) BP drop is consistent with the
observed changes in tlﬂ{%—ratio. Either of these cardiovascular changes would leaslytnpathetic
outflow (and a consequent rise in the LF component) and/oraspanpathetic withdrawal (leading to
a consequent drop in the HF component). The resultant steselyn the%—ratio before the asystole
is therefore explicable. A parasympathetic outflow accamgzhby a sympathetic withdrawal, leading
to the observed drop in thﬁ%-ratio at the time of the asystole is consistent with the Bkdarisch
reflex reflex in vasovagal syncope (see section 6.2.1). Theilpibty of the Bezold-Jarisch reflex being
involved suggests that subject C1 has some cardioinhyb@domponent to their syncope and therefore

may explain the initialﬁ—};-ratio rise observed immediately after tilt (see sectiat).6.

6.6 Conclusions

Although generalisations about HRV changes during HUT axpents have been made in the literature,
this preliminary study shows that these are not valid untesee data is available to the clinician (such
as age). Results in this chapter indicate that HRV measasedbupon variance are relatively insensitive
to real cardiovascular changes and may be heavily influebgdshseline shifts in the RR tachogram.
However, theﬁ—g—ratio appears to be a sensitive measure of the autonomiousesystem’s response to a
sudden change in cardiovascular control, although the exacner in which this response manifests can
be complicated by factors such as age and the multiple sfémstociated with some medical conditions.
Furthermore, it is also possible that results obtained fpeniorming head-up tilts can be affected by the

background changes caused by varying mental activity.
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Chapter 7

Summary, conclusions and future work

7.1 Summary and key conclusions

Although there are generally accepted standards for tloeilledibn of HRV metrics and some agreement
concerning the clinical application of these metrics [184¢ field of HRV analysis contains many con-
tradictory studies and there exists no clear consensuseodlitiical value of HRV metrics. This thesis
has endeavoured to develop HRV analysis within a principl@ehework, based on the development of
appropriate signal processing techniques and pilot suditwvo fields of potential application.

Chapter 2 identified frequency-domain techniques as thé pnosiising methods for analysing HRV.
Since the RR tachogram is inherently an unevenly sampled sienies, re-sampling has been used to
generate an evenly sampled time series which is then aneetalsipectral analysis using traditional
methods such as the FFT. By introducing a method for gengratirealistic artificial RR tachogram,
for which the spectral components are completely known aripit was shown in chapter 4 that linear
re-sampling introduces significant errors in the compaoiabf frequency-domain metrics (the LF, HF
and%—ratio) when they are computed using the FEFTF(T};,,). In the case of no missing data, the FFT
of cubic spline re-sampled RR tachogramh&H{T.,;;.) was shown to produce an accurate estimation of
the spectral components of the artificial data, and also e@fsgrectral HRV metrics being considered.
A spectral estimation technique for unevenly sampled datavk as the Lomb periodogram, initially
developed for analysis of astrophysical data, was intredu@he performance of the Lomb periodogram
for estimating frequency-domain HRV metrics (without esvpling) was shown to be at least as good
as thel' F'T,,;;. method when no ectopic beats or artefacts are present inGleviaveform.

The presence of just a single ectopic beat in a five minute RRogram was shown to give rise to
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significant corruption of frequency-domain HRV measuresbist techniques for the removal of ectopic
beats were therefore presented in chapter 3. A novel metradhéracterising normality was described,
based upon the morphological characteristics of sinussbeattraining set of normal beats was pre-
sented to a neural network, trained to learn normality fomdigular subject. The neural network, an
auto-associative multilayer peceptron (MLP), was traitzegtconstruct its input as a normal ECG wave-
form with its R-peak at the centre of the window. A new stogpaniterion for the training process was
proposed, based on the ratio of the variance in the trairghgrgl the variance in the set of reconstructed
output vectors. Once the network is trained, the potenitimissbeat candidates are identified by a con-
ventional beat detector and presented to the MLP. The oigplwen compared to the input and the mean
square error (MSE) is calculated. The reciprocal of thisntja(the RMSE) was shown to provide a
highly sensitive measure for identifying sinus beats.

A further method for classifying beats based upon theimgnwias introduced, and the analysis of the
beat-to-beat intervals of sinus beats, non-sinus beats@ef@cts on a scored database of 24-hours RR
tachograms of 19 normal subjects was presented. ClassifiGaror rates demonstrated that thresholds
can be selected depending on the application’s toleranitesge errors.

In chapter 4, experiments on artificial 5-minute RR tachowgrahowed that the removal of RR inter-
vals from the tachogram to simulate the presence of ectegytol an over estimation of tf‘%-ratio by
approximatelyl.5% per beat removed for the even-sampling PSD estimation igebs. However, the
Lomb periodogram was shown to produce a consistently atcastimate of the frequency components
used to generate the artificial RR tachogram, even when agasa0 of the 300 beats were removed in a
5 minute RR tachogram (for an average HR of 60 bpm). This aisatiemonstrated for the first time, the
superiority of the Lomb periodogram over FFT methods folysiag RR tachograms. Furthermore, re-
cent research by Teictt al. [268] and Heneghaet al. [112] have demonstrated the explicit relationship
between Fourier PSD estimation techniques and other mioisary PSD estimation techniques (such
as wavelet and detrended fluctuation analysis). The rasutisapter 4 on the effects of re-sampling on
spectral HRV measures are therefore also applicable te th@s-stationary techniques.

A survey in chapter 5 of HRV analysis in the literature hightied the activity dependence of HRV
metrics. Thus even controlled studies may be confoundedémtahactivity changes over the course of
the study. However, these confounding effects are reduagdgisleep. A new method of segmenting
the RR tachogram into sections based upon sleep stagingraased in chapter 5 and this allowed the

separation of normal and abnormal (sleepcaioh subjects by comparing thﬁ%—ratio averaged during
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periods of deep sleep. The variance%—ratio estimates during each sleep stage was also shown to be
lower using the Lomb method.

Finally, the methods developed in this thesis were apptiemntrolled studies (head-up tilt tests) on
conscious subjects suspected of suffering from syncopaymmomic nervous system problem that can
lead to a sudden loss of consciousness. The results on adatedtase of subjects showed that changes
in the £ -ratio during the course of the tilt test provide a methoddifferentiating between sub-classes

of syncope.

7.2 Future work

7.2.1 Signal processing

There exists a growing body of evidence that useful inforomatoncerning the variability of the heart
rate can be gained from using nonlinear and nonstationatiiemeatical techniques [29, 212, 245, 250,
251, 274]. Although the methods developed in this thesisat@ddress the problem of nonlinearity or
nonstationarity, stationarity is implicitly assumed thgh the segmenting of the RR tachogram into sec-
tions according to sleep stages and assuming that the diiia ®ach section is stationary. Furthermore,
the Lomb technique is only able to assess the linear powesystam.

A method for locating significant changes in the RR tachogbased upon statistical tests of shifts
in mean values over varying windows [29] may provide the ofmi segmenting windows into stationary
sections for spectral analysis, without the need for othkarmation (such as sleep state). However, this
does not address the problem of comparing HRV estimatesekeatpatients experiencing similar activity
states. Recent work by Moody [199] for segmenting the RRdgdm into periods of similaactivity
states may provide a solution to this problem. A more robwethod for allowing inter- and intra-patient
HRV assessment of conscious patients by comparing HRV crettimates within the same activity state
(in the same manner as was performed with the sleep stagbaytet 5) could therefore be developed.

A recent technique for spectral estimation of unevenly dachponstationary data by @t al. [226]
may present a useful technique for assessing HRV if the gssumthat the variability in the RR
tachogram is due to a small number of influences holds trueet @l’s technique uses a Kalman fil-
ter formulation to estimate the Fourier coefficients ovealdshort) windows. This has the advantage of
allowing for nonstationarity in a signal (by treating it aset of near-stationary windows and averaging)

without the need for re-sampling. Furthermore, prior infation about the noise and signal structure of
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the data being analysed can be included in the estimatianaytalso be possible to use tBatended
Kalman Filter formulation [23] to quantify the nonlinearraponents of an RR tachogram. These new
(unevenly sampled) techniques could be compared to tharlgtationary techniques explored in this the-
sis to assess whether quantification of nonlinear and/ostatianary information in the RR tachogram

leads to more effective HRV metrics.

7.2.2 Clinical studies

Although medium-term changes in HRV (over the several dagt-pperative period in hospital) have
been linked with long-term (6 months+) survival rates fardéac patients, it is not clear whether this is
simply a reflection of the amount of sleep a patient is expeigy. Chapter 5 showed that HRV during
sleep and waking hours is substantially different. A reddsi high average%-ratio may be indicative

of a patient experiencing little sleep. However, if the gatiis sleeping as expected, then a h@wratio

(for a particular age range and gender) would indicate tiepatient has some type of cardiovascular or
circulatory problem.

Furthermore, current literature [58] indicates that thregka largest contributor to patient recovery
in ITU is the amount of sleep experienced by the patient. thé&sefore unclear whether, studies that
link HRV to long-term outcome are simply measuring qualifysteep through HRV metrics. Since
environmental disturbances that affect sleep on ITU afergifit from location to location and throughout
the year (and even on a day-to-day basis) [58], sleep datods differ between patients, in a manner
that may be unrelated to their condition. A study that siandusly measures cardiac parameters (such
as ECG)and EEG analysis for sleep staging should help to disentangesliep related and cardiac
related causes that affect patient recovery. Furthernaarzemparative analysis of cardiovascular activity
between patient groups who are experiencing a similar lgvEINS activity (quantised by sleep state)
can then be performed.

HRYV is currently not one of the parameters used in syncopgndisis. However, interest in HRV
during HUT remains, in part because it does appear to gieermdtion about the sympathovagal changes
that are affected by syncope. It would therefore be logiaktempt to provide a measure of the extrane-
ous variables during experiments such as HUT and corrdlasetwith the estimated HRV values. The
problem of allowing for variations in mental activity is ¢&inly not trivial (since there is no accepted

measure of it in conscious subjects [118, 209]) but powectsaleanalysis of EEG may provide some
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clues. This is not without precedent, although recent expts where EEG was recorded during HUT
were directed towards finding events in the EEG which codthaihe identification of the early stages
of a syncopal incident before its completion [249]. Furthere, a method for characterising the changes
in HRV over the course of an HUT-test may provide a more romethod for identifying the sub-classes

of syncope.
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Appendix A

The MIT-BIH database

A.1 Appendix: The Annotation Definitions

NORMAL N
LBBB L
RBBB R
BBB B
APC A

ABERR a
NPC J
SVPB S
PVC Y%
RONT r

FUSION F
AESC e
NESC j
SVESC n
VESC E
PACE P
PFUS f

UNKNOWN Q
LEARN 2

Normal beat
Left bundle branch block beat
Right bundle branch block beat
Bundle branch block beat (unspecified)
Atrial premature beat
Aberrated atrial premature beat
Nodal (junctional) premature beat
Supraventricular premature or ectopic beat (atrinbdal)
Premature ventricular contraction
R-on-T premature ventricular contraction
Fusion of ventricular and normal beat
Atrial escape beat
Nodal (junctional) escape beat
Supraventricular escape beat (atrial or nodal)
Ventricular escape beat
Paced beat
Fusion of paced and normal beat
Unclassifiable beat
Beat not classified during learning

Table A.1: Beat annotation codes.
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VFON [ Start of ventricular flutter/fibrillation

FLWAV ! Ventricular flutter wave
VFOFF ] End of ventricular flutter/fibrillation
NAPC X Non-conducted P-wave (blocked APC)
WFON ( Waveform onset
WFOFF ) Waveform end
PWAVE p Peak of P-wave
TWAVE t Peak of T-wave
UWAVE u Peak of U-wave
PQ ' PQ junction
JPT ’ J-point
PACESP - (Non-captured) pacemaker artifact
ARFCT — Isolated QRS-like artifact
NOISE ~ Change in signal quality
RHYTHM  + Rhythm change
STCH s ST segment change
TCH T T-wave change
SYSTOLE * Systole
DIASTOLE D Diastole
MEASURE = Measurement annotation
NOTE ” Comment annotation
LINK @ Link to external data

Table A.2: Non-beat annotation codes.
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Appendix B

Mathematical derivations

B.1 Appendix: Derivation of error back-propagation

The errorE is given over all input patternsby:

1
E = 522(;,,’; —1h)? (B.1)
Pk
Which may be written as:
1
E=3 SN O winfo O yiwiy)) — th)? (B.2)
Pk j i

To calculate the update rules the gradient of the error veiéipect to the weights;; andw;;, must
be calculated. The update equations (B.3) (B.4) are givieewbe is the learning rate.

(r41) _ (7) oF

Wy =wyy — nawjk (B.3)
(1) _ (0 _ ) OF

Wij = Wij 773“,“ (B.4)

The calculation of the gradients is performed using simpkarcrule partial differentiation.

OE  OF Oyr Oay
Ow;r, Oy Oay, Owjk (8.5)

The input to the output units;, is given by

ag = Z Yj Wik (B.6)
J
From (B.1) and (B.6) we may write
B = (e~ 1) ®.7)
o = ®9
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Sincey;, is defined as

1
Yk = folar) = T+e o (B.9)
We may write
Oy 0 1 e Uk
Oap  da, 1+ e*ak) (14 e—9%)? uk(1 = ) (8.10)
Hence o
S~ Wk = tk)yr(l = yk)y; (B.11)
Wi
Therefore we may write the;;, update as
w;;H) _ w%) — kY, (B.12)
Where 9E 3 9E
Ok = B = 22— (g — ) ye(1 — yp) (B.13)
Oy Oar,  Oay

In order to calculate the;; update equation the chain rule is applied several times;ehen

OF  OF Oaj

= —. B.14
Ow;j  Oaj Ow;j ( )
OF ok 8(Lk 81/]' 8(Lj
= —. —). = B.15
Ow;j  Oay, p ayj) da; Ow;j ( )
From (B.6)
Oay,
— =) w; B.16
8y'j Zk: ik ( )
The input to the hidden units is given by
aj =y yiwi (B.17)
Hence 3
S =y, (8.18)
wij
By symmetry from (B.10) we have
dy;
Z91 — (1 = . B.1
8aj .UJ( ?/]) (B.19)

Therefore from (B.13),(B.16),(B.18) and (B.19) the updageation for thew;; weights is given by

wZ(;H) = wl(;) —n0;y; (B.20)
Where OF
0j = 5= > Sewjry; (1 — y;) (B.21)
aj; k
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B.2 Appendix: Karhunen-Loéve Transformation

The Karhunen-Loéve transformation maps vectdtsn ad-dimensional spacery, ..., 24) onto vectors
z" in an M -dimensional spac€z, ..., zyr ), whereM < d.
The vectorx™ can be represented as a linear combination of a sébahonormal vectors;

d
x=3 zu; (B.22)
=1

Where the vectors; satisfy the orthonormality relation
u;u; = (57] (823)

in which é;; is the Kronecker delta symbol.
This transformation can be regarded as a simple rotatioheo€bordinate system from the original
X's to a new set of coordinates represented by the z's.z] hee given by

7 =] x (B.24)

)

Suppose that only a subset&f < d basis vectors; are retained so that we use orilf coefficients of
z;. The remaining coefficients will be replaced by constantso that each vectox is approximated by
the expression

M d
X = Z Z;u; + Z b;u; (B.25)
=1 i=M-+1

The error in the vectox™ introduced by the dimensionality reduction is given by

d

x"—x"= Y (z—b)y (B.26)
i=M-+1

We can then define the best approximation to be that whichmiseis the sum of the squares of the
errors over the whole data set. Thus we minimise

LN d )
Ev =5 Yoo > (z—b) (B.27)

n=1i=M+1

If we set the derivative of/;; with respect ta; to zero we find

1 N
Where we have defined the vectoto be
1 N
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1 N
= §Zu;r2ui (B.30)
n=1

WhereX is the covariance matrix of the set of vectafsand is given by

¥ =Y (x" —x)(x" —%)" (B.31)

It can be shown [34] that the minimum occurs when the basitvesatisfy
Eui — )\iui (B32)
so that they are eigen vectors of the covariance matrix. tButrsg (B.32) into (B.30) and making use
of the orthonormality relation of (B.23), the error cri@miat the minimum is given by
1
Ey = 5 Z i (B.33)
i=M+1

Thus the minimum error is obtained by choosing the d-M sretiiggenvalues, and their corresponding
eigenvectors, as the ones to discard.
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Appendix C

Normal Values of Standard Measures of

HRV

HRV metric units | mean 24-hour value{ 1 S.D.)
SDNN ms 141 £ 39
SDANN ms 127 + 35
RMSSD ms 27T £12
HRV triangular index 37+ 15
TP ms? 3466 + 1018
LF ms? 1170 £ 416
HF ms? 975 + 203
LF nu 54 +4
HF nu 20+ 3
Fr-ratio 1.75 4+ 0.35

Table C.1: Nominal 24-hour HRV metric values for normal saltg (mean values one standard devi-

ation). Taken from [184]).
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Appendix D

Cubic Spline Interpolation

It it is well known that interpolation using high-order palymials often produces ill-behaved results
[157]. There are numerous approaches to eliminating the pebaviour of polynomial fitting, and
cubic splines have often been used instead of linear intfpn. In the case of cubic splines, cubic
polynomials are used to approximate the curve between ddlob & abscissae. Since an infinite number
of cubic polynomials can be used to approximate a curve lmtv@o points, additional constraints
are placed on the cubic polynomials to make the result unid®ye constraining the first and second
derivatives of each cubic polynomial to match at the abaeisall internal cubic polynomials are well
defined, with the slope and curvature of the approximatirigronials continuous across the abscissae.

Since then'” cubic polynomial ¢ = 1,2, ..., N) is given by
$n(2) = an(z — 2p) + bp(z — 20)2 + cp(z — zp) + dy, (T <z < Tpit),

the first and second derivatives 9f(z) over the same segment are therefore

y = 3an(z — ) + 2by (7 — ) + ¢4 and (D.1)
d 2

5n(2) = bay(x — z,) + 2b,.

dx?

Equating the right hand side of the above two equations givgsadratic inz — z,,) which therefore
defines the conditions for an optimal cubic polynomial fithe data. However, since the first and last
polynomials do not have adjoining cubic polynomials adadi#il constraints must be introduced for these

two. The most common approach is to adoptad-a-knotcondition. This condition forces the third
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derivative of the first and second cubic polynomials to batidal, and likewise for the last and second
to last cubic polynomials. The computation of the derivaif a function described by splines is then

straightforward.
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Appendix E

A Simple lllustration of the Lomb

Periodogram

Consider a 1 second/ = 128 point, zero mean and unit variance & 0, 02 = 1) signalz(t) =
cos(2wt) sampled atl28Hz (see figure E.1a). The 128-point DFT is performed (for eacjuired
frequency) by multiplying:(¢) by erz:p(—%) (figure E.1b) and summing over alk= 1,2, .., N points.

Writing this calculation explicitly for each of the (n = 1, 2, ..., 128) points of the DFT;

k=127 e
F(n) = Z X(tj)eﬁ"k, (E.1)
k=0

= z(1)e’ + 35(2)6%28”71 + ...+ x(127)e%126" + x(128)e%127”7

wherez(n) = cos(2wary) = 1.9844,1.9748,...1.9462, 1.9748 (see figure E.1a). This results in 128
(complex) Fourier coefficientd{(n)) which represent the contributions at the frequenﬁi@, wheref.
is the Nyquist frequency (64Hz in this example). The pergrdm is then calculated (up to the Nyquist
frequency64 H z) using equation (4.6) to givex (f = 2) =~ 126 and Px (f # 2) = 0 (see figure E.1c).
Now consider the same signal, unevenly sampled (figure Eitdpnly 16 of the 128 original points
remaining (1,8,17,24, 33,39, 48,58,62,71,82,86,97,102,112,124)). These can now be taken as
thez; (j = 1,...16) in equation (4.22), the Lomb periodogram. Explicitly edéting this periodogram
Py (f) ateach frequency givd’3(0) = 0.0367, P(1) = 0.0062,P(2) = 7.4994, P(3) = 0.0577,P(4) =
0.1943, P(5) = 0.0396, P(6) = 0.4063 and P(7) = 0.2050 (shown in figure E.1e). Note that the

average separation of the 16 points in timais,, ~ 0.064 and so the the calculation is only performed
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Figure E.1: Comparison of calculating the periodogram ftbenDFT of evenly sampled data (left) and
using the Lomb periodogram on unevenly sampled data (ri§ag text for explanation.

for frequencies up to the average Nyquist frequerity- ﬁ ~ 7.8 Hz.

It can be seen that despite the Lomb periodogram having léstfewer points from which to esti-

mate the power spectrum, it provides a similar estimateg¢dXhrT.
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