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Abstract

Analysis of heart rate variability (HRV) may be used as a noninvasive probe of autonomic

neryous system activity. It has found application in many situations where autonomic

function is of interest, such as diabetic autonomic neuropathy, hypertension, and recovery

following myocardial infarction. This thesis considers various signal processing aspects of

HRV analysis; in particular, those of data visualisation and classification.

Frequency domain techniques are popular for HRV processing since the oscillations in the

signal are largely separable by frequency. The analysis of spectral HRV data is conventionally

performed by considering the power contained in sub-bands within the spectrum. This

approach is not ideal: the choice of the limits of the sub-bands can be difficult, and the band-

power values do not have a convenient physiological interpretation.

In this thesis, data visualisation techniques - specifically the least-squares scaling and the

generative topographic mapping - are applied to the analysis of spectral HRV data. These

techniques take a high-dimensional data set and construct a two-dimensional representation

in which the relationships between the data are preserved. This allows simple graphical

depiction and visual exploration of the data by the user. With spectral data, this approach

allows the physiological significance of the data to be ascertained without the need to perform

sub-band analysis. The techniques are quite general and may be applied to the analysis of

data from other processing methods, such as nonlinear HRV analysis and cardiovascular

system modelling. The use of the least-squares scaling and the generative topographic

mapping for the visualisation of spectral HRV data is demonstrated on data from two studies:

one on sleep apnoea, and the other on the effects on propranolol and posture on heart rate

variability.

The fusion of HRV with information from other sources is one method of improving the

reliability of HRV analysis. The use of classification techniques for information fusion is

investigated in the second part of this thesis. For the discrimination of heart rate data by

posture and propranolol, the fusion of HRV information with mean heart rate is shown to

yield better discrimination than the use of HRV alone. The use of HRV with other diagnostic

information for the detection of sleep apnoea is also explored.
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Errata

Page xr

page xur

page 3

paragraph 3

page 5

paragraph 3

page 42

paragraph 3

page 63, opening

paragraph

page 69, opening

paragraph

page 130

paragraph2

The definition of myocardial infarction should read: "An area of muscle

death in the heart caused by an acute lack of blood supply to the affected

area."

The definition of the vagus nerve should read: "The vagus nerve is the

major branch of the parasympathetic nervous system. One of the func-

tions of the vagus nerve is to retard heart rate."

The last sentence should read: "These methods suffer from various limita-
tions as described in Section 2.4. T!r.e inexpensive, non-invasive nature of
the data acquisition process, coupled with the vast array of applications
warrants the development of more reliable HRV processing techniques."

The last sentence should read: "The combination of heart rate variability
with oxyhaemoglobin desaturation information is shown to be of use for
the detection of sleep apnoea."

Add: "Mappings in three dimensions are possible and may offer a less

ambiguous depiction of a data set than a two dimensional mapping.
However, special hardware is required to display three dimensional im-
ages and so two dimensional mappings are by far the most commonly
used."

Add: "No examples of the application of the GTM or the LSS to the visual-
isation of HRV data were found in the literature. The contribution of this
section is to demonstrate the use of these techniques for this purpose."

Add: "The ECG was sampled at250Hz."

Add: "Here, the LSS and GTM are essentially acting as feature extractors.
other feature extraction algorithms may also be appropriate for this task.,,

Equation Dl may be found in Bishop et aI., L99Bb.pagel6L
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Glossary and abbreviations

AR

ABP

ANS

ECG

GTM

HRV

IPFM

LDA

LF

arterial blood pressure
(See page 8)

nutonomic neraous system
The sympathetic and parasympathetic branches of
the autonomic nervous system are primarily
responsible for the control of heart rate. (See page 8)

øutoregressiae
A form of modelling in which each sample of a
signal is modelled as a weighted sum of previous
sample values. (See page L7)

electrocørdiogram
(See page 12)

gener øtiu e top o gr aphic møpping
The generative topographic mapping is a tool for
the visualisation of high dimensional data. (See

page 54)

highfrequency
The high frequency component of heart rate
variability is caused by respiration and occurs at
respiratory frequency. (See pages 10 and 23)

heørt rate aøriability
Variations in heart rate. The term "heart rate
variability" is also often used to describe heart
interual variability, although this is not strictly
correct. (See page 7)

integrøl pulse frequency modulator
(See page 14)

lineør dis criminønt ønnly sis
A simple approach to classification, in which the
data density for each class is modelled using a
normal distribution. (See page L3L)

low frequency
The low frequency component of heart rate
variability is an oscillation at nominally 0.1 Hz. The
precise frequency at which this oscillation occurs is
called the LF peak frequency. The LF component is
sometimes referred to as the mid-frequency (MF)
component. (See pages L0 and 23).

HF
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MI

LSS

MAR

MDS

parasympathetic nerve

PCA

PSD

relative supervision

RR interval

RRV

RSA

SAHS

least-squøres scaling
The least-squares scaling is a form of
multidimensional scaling, which employs a least-
squares cost function. (See page 47)

multiaariøte autoregressiae model
An extension of the autoregressive model, which
can be used to model the interactions between
multiple signals. (See page 26)

multidimensional s cølin g
A tool for the visualisation of high-dimension data
(See page 45)

myocørdiøI inførction
Heart attack. (See page 30)

see vagus nerve

princip al comp onent s anøly sis
A well-understood method of dimension reduction.
It operates by finding the projection of the data onto
the principal eigenvectors of the covariance matrix.

power spectrøl density
(See page 14)

A method of training radial basis fi¡nction networks
to produce least-squares scalings. In this method the
construction of the mapping and the estimation of
the network parameters is carried out
simultaneously. (See page 82)

The interval between R-peaks on the
electrocardiogram/ commonly used as a measure of
the interval between heart beats. (See page 12)

heart period (RR interaal) aøriøbility

respir at ory sinus arrhy thmia
Also known as the high frequency (HF) component
of heart rate variability. (See pages 10 and23)

sinoatriøl
The sinoatrial node is normally the pacemaker for
the heart. Each pulse from the SA node causes the
heart to beat. (See page 8)

sleep øpnoen/hyp opnoea sy ndroffi e
The sleep apnoea/hypopnoea syndrome describes a
condition in which respiration stops or is impeded
during sleep. (See page 105)

ar t er ial haemo gI obin s at ur ati on
An indirect but convenient measure of the oxygen
content of the arterial blood. (See page 106)

SA

SaO2
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sMc

SOM

stress

sympathetic nerve

sympathovagal balance

vagus nerve

VLF

shared mixtur e cløssifier
A classifier which uses mixtures-of-Gaussians to
model the data density distributions. (See page 130)

self organising map
An unsupervised neural network which can be used
for data visualisation. (See page 56)

The value of the error function for a

multidimensional scaling. The stress value is
essentially a measure of how well the scaling
represents the original data, with lower stress
values indicating a better representation. (See

page 86)

The sympathetic nerve is a branch of the autonomic
nervous system. Sympathetic nerve activity acts to
increase the heart rate. (See page 8)

A qualitative term used to describe the relative
contributions of the sympathetic and vagus nerves
to heart rate control. (See page 9)

Activity in the vagus nerve (also known as the
parasympathetic nerve) acts to slow the heart rate.
(See page 8)

aery low frequency
Activity below about 0.05 Hz is known as the very
low frequency component of heart rate variability.
(See page 1,2)
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Chapter 1 Introdu

Variations in instantaneous heart rate reflect the beat-to-beat influence of the

cardiovascular control systems. The clinical significance of these variations, assessed through

simple statistical measures such as the variance of heart rate, was recognised as early as 1965

(Hon and Lee,1965). However, it was not until spectral techniques were made popular

(Sayers, 1973; Wornack, \971) that the potential scope and value of heart rate variability

processing became apparent. Typically, the heart rate variability (HRV) signal contains an

oscillation which is synchronous with respiration (known as respiratory sinus arrhythmia,

and ordinarily found between 0.2 and 0.4F{2), an oscillation at nominally 0.1H2, thought to

be due at least in part to blood pressure regulation (Baselli eta1.,1994), and a variety of

oscillations at lower frequencies (Moser eta1.,1994). Processing the signal in the spectral

domain allows these components to be identified and treated separately.

The control of the heart rate is effected through the sympathetic and parasympathetic

branches of the autonomic nervous system and HRV can thus be used as a probe of

autonomic function (Pomeranz et ø1.,1985; Akselrod et ø1.,1981). The method is non-invasive,

since only the time of each heart beat is required and this is easily obtained from the

electrocardiogram. Heart rate variability analysis has been shown to be of value in a wide

range of applications, including assessing recovery after myocardial infarction (Malik and

Carnrn,1994; BiggerJr etø1.,1988; Wolf eta1.,1978) and investigating the changes in

autonomic function which accompany hypertension (Guzzetti et ø1.,1988; Pagani et a1.,1984)

and diabetic autonomic neuropathy (Bellavere et ø1.,1992; van den Akker et ø1.,1983).

L.L Research problem

Despite the attractions of non-invasive data acquisition and wide potential applicatiory

HRV is subject to various limitations which restrict its practical applicability. The broad

motivation of this thesis is to identify deficiencies in current HRV processing techniques and

to develop solutions to remedy these deficiencies.
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Chapter 1 Introduction

In order to facilitate interpretation and comparison of results, the HRV signal is usually

reduced to a few interesting features. In frequency domain, spectra are most comrnonly

assessed in terms of the power contained within sub-bands of the spectrum. In the time

domain, the signal is characterised in terms of variance or other statistical measures, such as

the proportion of intervals in which the rJifference between successive intervals is greater than

50 milliseconds (Kleiger et a\.,1995). Nonlinear methods may lead to characterisation in terms

of system complexity (Signorini et a\.,1994) or entropy (Zebrowski et a1.,1994).

In the frequency-band approach, the high-frequency band encompasses respiratory

frequencies, and is accepted to be a marker of parasympathetic modulation of heart rate.

Bands at lower frequencies are also commonly used and both sympathetic and

ParasymPathetic activity influence the oscillations in these bands. There is no accepted

marker which relates purely to sympathetic modulation of heart rate. The ratio of low-
frequency to high-frequency power has been suggested for this purpose (Pagani et ø1.,1986),

but in the general case, "will not provide an accurate measure, neither of the sympathetic-

tone, not of the ratio of sympathetic to parasympathetic activlty" (Akselrod, 1995,p.156). The

use of sub-bands for analysis also requires the choice of the limits of these bands for which

different researchers argue different values (e.g. Takalo et a1.,1994; Malliani et a\.,1994b). Time

domain analysis similarly lacks a specific marker of sympathetic activity. Methods of

nonlinear analysis are in a relatively early stage of development and require further work in
application and interpretation (Task Force, 1996).

Thus, the problem of finding suitable descriptors of the HRV signal is one which is not well
addressed by existing techniques. The identification of a few salient features which provide a

useful characterisation of a data set is not unique to HRV analysis. A variety of general data

visualisation algorithms exist for this purpose, such as principal components analysis

(Hotelling, 1933) and multidimensional scaling (Torgerson ,19s8; young and

Householder, 1938). These methods seek to construct a two dimensional representation of the

data set, allowing graphical depiction and visual interpretation by the user. Visualisation is

most effectively carried out interactively, allowing the user to direct and fine-tune the process.

In this work, it is shown that data visualisation algorithms, in particular multidimensional

scaling and the generative topographic mapping, can be extremely useful for the analysis of

HRV information.

Despite its widespread use as a probe of autonomic function, HRV analysis does not

directly provide information on autonomic tone. Since variations in heart rate are caused by

2



Justification for the research

variations in autonomic activity, the amplitude of HRV offers information relating only to

modulation of autonomic tone and not to tone itself. It is common to assume that modulation

depth is proportional to tone (Akselrod,1,995), but this assumption is clearly invalid if

autonomic tone begins to saturate (Malik and Camm,1993). Additionally, noise (for example,

measurement noise in the beat times or spectral estimation error due to transient signals) can

further obscure the results of HRV analysis.

In this work, we investigate the combination of HRV information from other signals and

sources, as a method of improving the reliability and utility of HRV analysis. By considering

several information sources in parallel, the detrimental effects of noise in one source can be

reduced. A convenient means of accomplishing this information "fusion" is through

classification. In this approach, the available information is combined in suchrá 
.fashion 

as to r-¡-

maximise the correct classification of the data into predefined categories. We show that the

combination of HRV with mean heart rate and other diagnostic information can improve the

discrimination of heart rate data, compared to the use of HRV alone.

L.2 |ustification for the research

A number of commercial instruments exist which offer facilities for HRV analysis. Most

employ relativeþimple processing techniques, such as time-domain measures and Fourier

transform-based spectral analysis (Kennedy, 1995). The inexpensive, non-invasive nature of

the data acquisition process, coupled with the vast array of applications warrants the

development of more reliable HRV processing techniques.

Data visualisation techniques are widely used for other information processing

applications, particularly in the field of biomedicine (van Gils eta1.,1997; Lehtinen

etal.,1997). Visualisation techniques do not attempt to make an explicit classification of the

data but simply present a clear, graphical depiction of the relationships within the data set to

the user, often in an interactive fashion. This approach explicitly includes the human operator

as a part of the information processing chain, exploiting their excellent visual pattern

recognition and cluster analysis skills as well as their expert knowledge of the significance of

the data. Such interactivity has been identified as extremely beneficial for data exploration

(Siedlecki et nl., 1988b).
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Chapter l lntroduction

Graphical techniques are well-established as tools for HRV processing. Their robustness to

outliers (Malik, 1995) makes these methods particularly attractive for long-term data analysis,

where arrhythmias and other noise are difficult to avoid (Malik eta1.,1993), Existing

geometrical methods, however, operate only on heart interval series data. The use of more

general data visualisation techniques will retain the aclvantages of graphical analysis, while

extending the range of data types which may be processed.

The success of visualisation methods in many areas of biomedical data processing, along

with the established nature of other graphical methods for HRV analysis, suggest that

visualisation algorithms have much to offer for HRV analysis.

Classification as a means of accomplishing information fusion has also found prior

application in HRV analysis. Depressed HRV is known to be an indicator of risk of mortality

following myocardial infarction (Wolf etøL,1978). The predictive accuracy of HRV in this

regard has been shown to improve when combined with other indicators of risk such as left

ventricular ejection fraction (BiggerJr etøL,1992b). However, the use of classification

techniques in this manner has not been widespread in the field of HRV processing.

L.3 Thesis outline

The thesis proper begins with a concise review of existing HRV processing methods and an

exposition of research issues in this area. Brief reviews of the background physiology and of

clinical applications of HRV analysis are also given.

The development of data visualisation techniques as tools for HRV analysis begins in

Chapter 3. Some desirable attributes of visualisation algorithms for biomedical data analysis

are first identified. It is suggested that data visualisation algorithms should be inductive (able

to project new data onto the mapping efficiently), interactive, flexible (able to operate on a

variety of data types), quantifiable (the final result can be objectively assessed), nonlinear and

computationally tractable. Three well-known visualisation algorithms are reviewed in the

light of these suggestions. Multidimensional scaling (in particular the least-squares scaling)

and the generative topographic mapping are identified as the most suitable algorithms. These

algorithms are subsequently applied to HRV data in Chapter 4. Suitable preprocessing for

spectral data is discussed, and data from a simple physiological experiment is used to provide

a demonstration.

4



Thesis outline

The abitity to project new data, not initially used during map construction, is a particularly

valuable asset for data visualisation. This allows the comparison of unknown data against a

database of known samples, thus offering the potential for use as a diagnostic aid. \A/hile the

least-squares scaling has a number of favourable properties, the ability to generalise is not

amongst them. A popular means of redressing this disadvantage is through the use of neural

networks. Once a network is trained to produce a least-squares scaling, new data may be

projected with low computational overhead. Chapter 5 explores aspects of the training of

radial basis function networks for this purpose. Particular attention is given to regularisation,

since appropriate regularisation is essential for good generalisation performance.

The use of prior information during map construction is also addressed in Chapter 5.

While the basic least-squares scaling and generative topographic mapping algorithms are

unsupervised, the incorporation of prior data knowledge can often improve cluster

separation or otherwise improve the interpretability of the mapping. Links between the use of

prior information and the network regularisation are drawn, and the findings of the chapter

are demonstrated on data from a sleep apnoea study.

The discussion of regularisation and generalisation leads naturally to the use of

visualisation techniques for classification tasks. The extraction of features upon which

classification decisions can be made is a similar task to that of data visualisation, and so it is

plausible to use visualisation techniques for this feature extraction. The use of classification

techniques as a means of combining heart rate variability with other information is broached

in Chapter 6. Features are extracted from the heart rate variability signal using the

visualisation techniques developed in the preceding sections, and then classification is

performed. The classificationwrsthe combination of mean heart rate and heart rate variability

is shown to ouþerform the classification oi$r heart rate variability alone, for the tasks of

detecting the changes in heart rate with posture and propranolol. The combination of heart

rate variability with other diagnostic information is also considered and shown to be of use

for the detection of sleep apnoea.

Finally, the thesis is concluded with a summary and suggestions for further work.

5



Chapter l lntroduction

1,.4 Scope

The scope of this thesis is delimited to the investigation of the technical aspects of the

processing of the heart rate variability signal, focusing primarily on the principles and

algorithms needed to accomplish this task. The identification of new clinical applications and

the development of models of the cardiovascular system are outside the scope of this work.
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Chapter 2 Heart rate variability

The term heørt røte aariability (HRV) refers to changes in the heart rate about its mean level.

In a normal subject, even at rest, the heart rate varies from one beat to the next. Variations in

blood pressure linked to respiration were first documented by Hales in1733 (cited in Malliani

etøL,199Ia). Arterial blood pressure variations with a period of approximately 1,0 seconds

(Mayer waves) were noted in'1.876 (Mayer, cited in Malliani et ø1.,1991'a).

The first indication that heart rate variations were linked to nerve activity came in 1932,

when activity in the sympathetic nerve, a branch of the autonomic nervous system, was seen

to change in rhythm with cardiac cycle and respiration (Adrian et ø1.,1932). Similar activity

but simultaneous to arterial Mayer waves was documented in L965 (de Molina and

Perl, L965). The first clinical application of HRV analysis was presented in 1965, when a

decreased variance of the foetal heart rate was found to be an indicator of foetal distress (Hon

and Lee, 1965).

Early analysis of HRV was limited to simple time domain methods. The introduction of

frequency-domain techniques (5ayerc,1973; Luczak and Lawig,1973; Womack,1971)

allowed the various frequency components of the signal to be identified for the first time

Applications were found almost immediately (e.g. Chess et ø1.,1975).

Animal experiments (Akselrod et a1.,1981) demonstrated the use of HRV for investigating

variations in autonomic tone. Using pharmacological blockade of the sympathetic and

parasympathetic nervous system, the components present in the HRV spectrum were

matched with the activity in these nerves. This work was the first illustration of the utility of

HRV analysis as a probe of autonomic function. The work was repeated on human subjects

(Pomeranz et ø1.,1985; Pagani et a1.,1984; Selman et ø1.,1982) with similar results.

The non-invasive nature and simple data acquisition were appreciated by medical

researchers, and the method quickly found application as a probe of autonomic function. As

the popularlty of HRV studies increased, new methods of processing the signal also appeared.

7



Chapter 2}{eart rate variability

The modern field of HRV processing is extremely diverse, involving spectral estimation,

system modelling, and nonlinear and chaotic analysis. The literature is very active - a

combined search of the Medline and INSPEC databases for 1998 alone revealed over 400

journal and conference articles.

2.1 Physiology of heart rate variability

The function of the mammalian respiratory and cardiovascular systems is to supply

oxygen to, and remove carbon dioxide from the tissues of the body. Blood is used to transport

oxygen and carbon dioxide, as well as other substances including nutrients and hormones

(Scott,1986). The exchange of carbon dioxide in the blood for oxygen occurs by simple

diffusion within the lungs. In order to fulfil the body's oxygen requirements over a range of

conditions, the flow of blood through the body must be variable. The heart is the pump

responsible for propelling blood through the body. Variation of either stroke volume (the

volume of blood ejected with each heart beat) or heart rate, or both, will result in a variation

of the rate of blood flow from the heart.

In normal circumstances, the pacemaker for the heart is the sinoatrial (SA) node. This is a

group of cells within the heart which exhibit spontaneous depolarisation, allowing the node

to produce autonomous, rhythmic electrical impulses. Each of these impulses causes a wave

of depolarisation to propagate through the myocardium, causing contraction of the cardiac

muscles and pumping of blood.

The discharge rate of the SA node is controlled primarily by the dual innervation of the

sympathetic and vagal (or parasympathetic) branches of the autonomic nervous system.

Activity in the sympathetic nerve increases the firing rate, while activity in the vagus has the

opposite effect. A schematic diagram of nerve activity and heart rate is shown in Figure 2.1.

In order to maintain adequate blood flow to the body tissue, there exist a number of

feedback systems which contribute to the control of heart rate. These cardiovascular reflexes

principally provide regulation of arterial blood pressure and gases, although other reflexes

exist, such as those regulating bloocl flow to the brain (Vogel, 1992).

The carotid sinus and aortic arch baroreceptors, located in the carotid sinus in the neck and

in the arch of the aorta respectively, provide pressure-sensitive feedback to the cardiac control



Physiology of heart rate variability

Rest 50
MAXIMAL OXYGEN UPTAKE (percenl)

r00

Figure 2.1: Changes in the sympathovagal balance with exercise. Sympathetic and vagal
activity tends to be reciprocal: sympathetic stimulation is accompanied by vagal

withdrawal. Reproduced from Warner and Cox, L962.

centres. The feedback signal is a train of discharge pulses, and the rate of discharge is

increased by the arterial wal stretch induced by a pressure increase. The mean rate of

discharge of carotid sinus is directly proportional to the mean arterial pressure (Vogel, 1992).

An increase in arterial blood pressure (ABP) will elicit an increased firing rate in the

baroreceptor. This in turn alters the sympathovagal balance, decreasing the activity of the

sympathetic nerve and increasing that of the vagus. The decreased sympathetic activity will

also activate other mechanisms including decreased myocardial contractility, leading to an

overall decrease in cardiac output, and therefore blood pressure.

The information supplied by the baroreceptors to the brain is essentially concerned with

short-term changes in blood pressure. If the blood pressure levels deviate from their normal

levels for an extended period of time (more than a few days), the baroreceptors will adapt to

the new pressure levels.

If the change in blood pressure is large, then the usual reciprocal changes in sympathetic

and vagal activity become distorted. For large increases in ABP (in excess of 20 mmHg)

sympathetic activity becomes completely suppressed, and further increases in pressure will

be counteracted by increased vagal activity alone. The opposite holds for a large decrease in

blood pressure (Vogel, 1992).

In addition to the two principal baroreceptive sites mentioned above, other sites exist in

large systemic veins and the walls of the heart itself.
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Chapter 2 Heart rate variability

The peripheral chemoreceptors are located in the carotid and aortic bodies and are

stimulated by changes in blood oxygen, carbon dioxide, and acidity. Chemoreceptors are

principally concerned with respiratory control, and so will have a secondary effect on heart

rate through the mechanisms responsible for respiratory sinus arrhythmia. Under normal

conditions, however, the effect of the chemoreceptors on the cardiovascular system is minimal

(McDonald, 1980).

2.L.1 Sources of heart rate variability

The major oscillations in the heart rate, along with their causes, are listed below,

2.T.1.1 Respiratory sinus arrhythmia

Respiratory sinus arrhythmia (RSA) is a variation in heart rate which is coupled to

respiratory activity. At a breathing rate of 0.2 Hz (one breath every five seconds), heart rate

typically accelerates during inspiration and decelerates during exhalation.

The SA node response to changes in sympathetic activity is slow compared to that of vagal

activity. For frequencies above about 0.15F{2, the SA node is mediated primarily by the vagus

nerve.

In addition to direct neural mechanisms, mechanical factors contribute to RSA. The

inflation of the lungs during inspiration induces a drop in the pressure within the thoracic

cavity. This accelerates the return of blood from the veins to the right side of the heart, causing

an increase in heart rate through a mechanism known as the Bainbridge reflex. Once the

increased venous return reaches the left side of the heart, it causes an increase in the left

ventricular output and hence a rise in arterial blood pressure. This rise will in turn cause a

drop in heart rate through the baroreflex control of the heart. The change in intrathoracic

pressure generated by lung inflation is dependent on posture.

2.'l.,.1,.2 The ten-second rhythm

The oscillations first noted by Mayer in arterial blood pressure also appear in heart rate

and are commonly referred to as the low-frequency (LF) component of HRV. The pioneering

work by Hyndman explained the variations as a spontaneous oscillation, a consequence of

the nonlinearity in the short-term blood pressure regulation loop (Hyndman et a1.,1971). A

10



Sources ofheart rate variability

similar opinion was adopted by others (Rosenblum and Kurths,1995; Madwed etø1.,1989;

Kitney et aI., \985).

Irn1974, evidence was presented which suggested that these variations were generated by

a central oscillator (Preiss and Polosa ,1974). Through the use of a pressure stabilising device,

the oscillations in cat arterial blood pressure were removed. Predictably, this resulted in a lack

of detectable ten-second oscillations in the feedback nerve activity from the chemo- and baro-

receptors. F{owever, in the sympathetic nerve activity (responsible for control of the SA node

and thus heart rate) the oscillations remained, although the modulation was "not as strong"

(Preiss and Polosa ,1974). A similar experiment using pharmacological pressure stabilisation

indicated that feedback was not necess ary for these oscillations to occur in the sympathetic

nerve activity, and that there must be a central oscillator responsible for their production

(Preiss and Polosa, 197 4).

More recently, multivariate modelling of the cardiovascular system (Baselli etal,t994;

Baselli etnl.,1988b; deBoer etø1.,1987; Wesseling eta1.,1982) has reconciled these two

theories. Oscillations at these frequencies from an external source (which may be a central

oscillator or broadband noise) are conveyed directly to the SA node. The slow resPonse of the

sympathetic nerve causes a delay in the blood pressure regulation loop, and thus a resonance,

which acts to amplify these oscillations (Baselli et ø1.,1994). The frequency of the oscillation

(the frequency of the LF peak in the HRV spectrum) is set by the resonant frequency of the

loop.

Physical exercise causes a decrease in the LF peak frequency (Baselli etø1.,1991,; Kamath

etø1.,1991) with a corresponding increase in frequency during post-exercise recovery

(Kamath etal.,I991). Mental stress similarly causes a decrease in peak frequency (Singh

et a1.,1993; Nandagopal et a1.,1985), as does tilt (Raymond et ø1.,1997;Weise et a1.,1989; Weise

and Heydenreich, 1989). Physical and mental exercise and an upright posture are all

conditions under which sympathetic control of the heart dominates. Small doses of atropine,

thought to cause augmented vagal cardiac inhibition, cause an increase in LF peak frequency;

large doses, which paradoxically act to depress parasympathetic and enhance sympathetic

action, cause a decrease in peak frequency (Weise et ø1.,1989).

11



Chapter 2 Heart rate variability

2:1,.1.3 Slow variations

In addition to the two components already described, a multitude of slower oscillations

(with period in the range of minutes or hours) also contribute to HRV. These include

respiratory tidal volume variations, oscillations in angiotensin levels in circulating blood,

circadian rhythms and submultiples thereol and rhythms associated with REM sleep

periodicity (Moser eta1.,7994). The physical correlates of slow variations are both poorly

understood and an area of continuing research (Task Force,1996).

2.2 Processing methods

The basic data required for HRV analysis is the occurrence time of each heart beat, which

may be conveniently and non-invasively acquired from the electrocardiogram (ECG). Strictly

speaking, the P-wave of the ECG corresponds to the onset of depolarisation and hence the

time of beat initiation (Figure 2.2).

R

P

!- P'R ST*l

T

Figure 2.2:Typical electrocardiogram trace, showing the P wave, QRS complex and T wave,
and the P-R, Q-T and S-T intervals. Reproduced from Berne and Levy, L986.

However, the P-wave is quite difficult to detect accurately in comparison with the QRS-

complex. The P-R time interval corresponds to the conduction of the impulse through the

atrio-ventricular node. Variations in this interval are typically less than Sms (Koeleman

eta1.,1985), comparable to the accuracy of most QRS detectors (Laguna eta1.,1991,;

Rompelman et øL,1982). Flence, the R-wave is most commonly used to detect the beat times.

12
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Investigations have been made into the use of the P-wave as a marker of the beat timing with

promising results (Laguna et a\.,1991).

Errors in the detection of beat times naturally lead to errors in subsequent analysis (see

Figure 2.3). For adequate performance, ECG sampling rates of 250-500 Hz are recommended
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Figure 2.3: Relative error in the power spectrum as a function of the sampling eror.
(Adapted from Rompelman et aL,L982l.

(Hilton et ø1.,1997; Task Force ,1996), although simple interpolation of the ECG can provide

more accurate estimates of the fiducial point of the R-wave with low ECG sampling rates

(Bianchi et a1.,1993).

Once the beat-times have been acquired, various processing methods may be used to

extract information regarding the autonomic control of the heart. Time domain and graphical

methods are computationally simple but lack the ability to discriminate between sympathetic

and parasympathetic contributions to HRV. Frequency domain techniques offer some

improvement in this rcgard, and a variety of other techniques including chaotic analysis and

multivariate modelling may also be used, depending on the application.
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Chapter 2 Heart rate variability

2.2.1 Time domain methods

Time domain methods generally work from either the RR interval tachogram (the

sequence of time intervals between successive R-waves) or from differences between

successive RR intervals. The variance of the RR intervals reflects the action of all modulatory

influences on the heart rate, and may be evaluated over short (less than five minutes) or long

(12-24 hours) records. The difference between successive intervals is generally due to the fast

action of the Parasympathetic nerve and may be assessed by (for example) RMSSD (square

root of the mean-square difference between successive intervals) or pNN50 (proportion of

intervals which exceed previous interval length by 50ms or more).

2.2.2 Graphical methods

The RR interval data may also be assessed by geometric methods, in which a geometric

construction is made from the data and then assessed. The geometric construction may take

the form of the sample density distribution of intervals or interval differences, or the Poincaré

plot (Woo et n1.,1992; Anan et a1.,1990). These are usually assessed on the basis of size and

shape, by measuring various dimensions or proportions (Farrell et a\.,1991; Malik et ø1.,1989).

Lorenz or Poincaré diagrams plot each interval length against the next, producing patterns

with distinctive shapes, such as fan or comet shapes (Kamen and Tonkin ,199s).

Geometric methods may be applied to data which may contain errors in the recognition of

the RR intervals from the ECG (Malik eta1.,1993). This is their main advantage (Task

Force, 1996). This insensitivity stems at least in part from the ability of the researcher to ignore

outliers and concentrate on the main peak of the density curve (Malik, 199s).

Short-term recordings are generally unsuitable for this type of analysis since a large

number of data points are needed to get a good representation of the shape.

2.2.3 Frequency domain methods

Frequency domain methods of HRV processing gained wide popularity following the

initial work of Sayers (1973) and ale now finnly entrenched as a standard tool for HRV

processing.

74



Frequency domain methods

The simplest frequency domain approach is to estimate the sPectrum of either the RR

interval tachogram or the instantaneous heart rate (obtained by taking the reciprocal of each

RR interval). The most immediate difficulty with this approach lies in the fact that these

signals are inherently nonuniformly sampled: observations of heart rate are available only

each time the heart beats. The processing of nonuniformly sampled signals is generally much

more difficult than for their evenly-sampled counterparts. A common first step is to fit a

smooth model to the data and resample the signal at a uniform rate. A method of processing

the nonuniform signal without such resampling is discussed in Section 2.2.3.3. The RR

interval tachogram and the instantaneous heart rate (HR) series are both used in HRV studies.

In some cases, the choice between the two may be clear (for example, from model

assumptions (Castiglioni, L995) but often, there is little to guide this choice. Few studies have

considered the differences between the two - some notable exceptions are (Castiglioni,l-995;

Janssen et a1.,L993; Sapoznikov et a\.,1992b; Courtemanche ef ø1.,1992).It is also worth noting

that the normalisation scheme which is used may reduce the differences between the results

of the RR and HR signals (see Section 2.2.3.6).

An alternative approach is to consider the sequence of beat times as the output of an

integral pulse frequency modulator (IPFM) (Hyndman and Mohn,1975). This models the

action of the autonomic nervous system (represented by a continuous signal m (t) ) on heart

rate. The sequence of beat times may be written as a sum of delta functions:

r(t) = I¡tr-tk), (2.1)

k

where each ro is a beat time. The IPFM integrates the input signal m (t) untll some threshold

is reached, at which time an output spike (beat) is generated and the model reset. The model

is characterised by the equation:

(2.2)

where 7 is the model threshold and m(t) is the input signal to the model. The spectral

structure of m(t) is of interest here. Early work (Bayly,1968) showed that for a sinusoidal

input m (t) it is possible to recover the spectral structure of m (t) by simply low-pass filtering

the impulse train signal r (r) . However, this is only possible if the modulation depth (the

' = l,ir ,(' 
* ^ 

(t)) dt '
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Chapter 2 Heart rate variability

amplitude of m (t) ) is small and the modulation frequency (the frequency of m (t) ) is small

compared to the average pulse repetition rate.

Since that work, many methods of estimating m(r) have been proposed, such as the

spectrum of counts (deBoer etal.,1985b; deBoer etal,1984), the spectrum of intervals

(Rompelmanet ø1., L982) and Berger's method (Berger et a1.,1986).

The spectrum of counts is obtained by low-pass filtering the event sequence r (r) in order

to recover m (t) .Unfortunately, for general m (t) , this is not necessarily possible. Harmonics

will be present in the estimated spectrum, in the form of interference terms between the input
frequencies and the free-running frequency of the model (the pulse repetition frequency for

m (t) = 0 ) (Nakao et a1.,1997). It has been shown that it is not possible to recover ru (l) unless

the frequencies in the modulating signal are much less than the mean inter-beat frequency

(Rompelman et ø1.,1982; Bayly,1968). This can be a particular problem if respiration is fast.

The spectrum of intervals additionally shows sum and difference terms between the input
signals (de Boer et a1.,1985b).

Berger's method also employs low-pass filtering, but on the stepwise continuous

instantaneous heart rate signal rather than the pulse series itself (Figure 2.4). This can be

viewed explicitly as the reconstruction of a signal which is observed at non-uniform sampling

intervals. In this case, reconstruction is only possible if the signal is band-limited to half the

average sample rate (Strohmer, 1991). Again, this requirement is threatened when respiration

is fast.

h 12 ls 14Pulse train
(Heart beats
occur at
spike times)

Stepwise-
continuous
instantaneous
heart rate

time

t/Is
t/It

l/Iz

tirne

Figure 2.4: The stepwise-continuous instantaneous heart rate is constructed from the
reciprocal of the inter-pulse intervals. Berger's algorithm low-pass filters and then

uniformly resamples this signal.
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Frequency domain methods

The inability to unambiguously recover m (t) is one of the basic limitations of HRV

analysis. Work is continuing, and different models of the SA node behaviour may offer some

help in this regard (Kitney and Seydnejad,L996;Sato et a1.,1994).

Obtaining a reliable spectral estimate is crucial to any (spectral) HRV analysis procedure.

Consequently, the HRV field (as is probably true of many fields which depend heavily on

spectral information) is quick to reflect the current fashion in spectral estimation techniques.

Early studies of HRV employed the periodogram or fast Fourier transform (Pomeranz

et aI., !985; Akselrod et ø1.,1981) for power spectral density (PSD) estimation. The requirement

for stationary data suggests the use of relatively short data segments; however, the resolution

of such methods is inversely proportional to data record length.

2.2.3.1. Autoregressive modelling

Autoregressive (AR) spectral estimation (Lacoss, 1971)has gained wide acceptance in HRV

studies (Kamath et a\.,1988; Nandagop al et al.,1.985; Bartoli et a\.,1983). The AR method offers

high frequency resolution which is independent of record length. The resulting spectral

estimates also tend to be smooth, which is appealing for subsequent manual interpretation

(Figure 2.5).
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Figure 2.5: Typical autoregressive HRV spectral estimate. A model order of L0 was used here.

The method provides high resolution through an implicit extrapolation of the

autocorrelation function, and the resolution (in cycles/sample) has been shown to be

(Marple Jr,1976):

0.05 0 1 0.15 0.2 0.25 0.3 0.35 0.4 0 45 0.5

for pq > 10, where p is the model order and r1 is the signal to noise ratio (SNR).
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Chapter 2Heart rate variability

Thus, while the resolution is independent of record length, it is adversely affected by
observation noise. In low SNR situations, AR methods may not offer any better resolution

than classical methods. Additionally, as record length decreases (with respect to the model

order p), tl":re variance of the PSD estimate increases and the spectral estimate begins to show

spurious peaks (Kay, 1988).

The method also shows other disadvantages: the PSD peak height is not proportional to

sinusoid power; and in the case of multiple sinusoids in white noise, the PSD peaks do not

aPPear at the sinusoid frequencies (Kay,1983). The statistical properties of the method are

only known for true AR processes. Application to non-AR processes results in the loss of

spectral detail. The model order must be specified, and an inappropriate choice has a
detrimental impact on the resulting PSD estimate. Too low an order results in an overly

smoothed estimate, while too high a model order (particularly for short or noisy data) causes

the estimate to show spurious peaks. Although various criteria (such as the Akaike

information criterion and the final prediction error) have been proposed to assist this choice,

the correct model order is not obvious. The correct model order may also change with time,

imposing further difficulties on long-term spectral analysis. These difficulties prompted a
cautionary note in the Task Force report:

"The basic disadvantage of parametric methods is the need of verification of

the suitability of the chosen model and of ... the order of the model." - Task

Force, 1996, p. 1,046.

Some effort has been made to determine an empirical method of selecting the appropriate

AR model order, specifically in the context of HRV analysis (Pinna et a1.,1996).

The saving grace of the AR method is that the model structure allows an extremely

convenient decomposition of the PSD, which may be exploited for HRV applications. The AR

model can be considered as an all-pole filter driven by white noise, with the Kth order AR

PSD estimated from the following expression:

X(ro) = K 2' (2.4)
o2

t + \a(k)
k= I

where the a (k) are the model parameters and o2 is the variance of the driving noise
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The contribution of each pole or complex pole pair to the spectrum may be isolated and

used to evaluate the conventional low- and high-frequency indices of the HRV spectrum

(Cerutti,1995). One must exercise some caution in interpreting the model results, however,

since the AR model is "an incomplete and possibly inappropriate model of nonlinear heart

rate dynamics" (Christini et ø1.,1995).

Various comparisons between the FFT and AR methods have been made for HRV studies -

for example, (Clayton et a1.,1997; Yan and Zl;reng,1995).

2.2.3.2 Time-frequency methods

Time-frequency methods describe a signal as a function of both time and frequency,lifting

the constraint of stationarity and allowing application to transient signals. These techniques

have found widespread application in HRV analysis (Yang and Liao,1,997; Wiklund

etø1.,1997;Yila eta1.,7997; Figliola and Serrano,1997; van Steenis and Tulen, 1996;Pola

etø1.,1996; Akay and Mulder,1996; Tazebay eta1.,1995; Chan etø1.,1994; Novak and

Novak, 1,993; Venturi et a1.,1990) as well as other biomedical signal processing areas (Bentley

et ø1.,1998; Clayton and Murray,1998; Sava et al.,\998; Williams,1996; Bentley et a1.,1995;

Guo et aL , 1994a; Guo et al., t994b; Wood et øL , \992) '

The Gabor transform (Gabor, 1946) was an early attempt to improve the time resolution of

the FFT:

G (crl) = t x (t) gdU - b) e-iat¿, , (2.5)

where So (r) is a time-localisation windowing function (originally chosen by Gabor to be a

Gaussian function) with width parameter cx. The short-time Fourier transform (STFT) is a

generalised version of the Gabor transform, with an arbltrary windowing function. The time

resolution of the STFT is approximately the length of 8o (t) , and the well-known trade-off

between time- and frequency resolution applies. Successive spectra may also be averaged to

reduce variance, with a further degradation in time resolution.

A similar approach may be made with the AR spectral estimate, and this is known as the

AR block method. A recursive method may also be used, in which the data are not explicitly

windowed, but an exponentially weighted error function is used to emphasise recent changes

in the signal (Mainardi et al., t994; Bianchi et ø1.,1993):
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E ) l'-kl" &)12 .

n

k=l
(2.6)

The "forgetting factor" À controls the time resolution, which is approximately -l/ln (tv)

samples (Pola eta1.,1996). Small values of l" may cause instability in the recursive least-

squares algorithm, and the method is best suited to slowly varying signals.

The Wigner distribution is perhaps the best-known example of a nonparametric time-

frequency distribution. It is a member of Cohen's class (Cohen,1989) which in the continuous

case has the representation:

p (t,a) = *l|I.i0r-i'"+i0us (0, t) *(,*t)*("-lr)auarae, (2.7)

where .x (t) is the time series, -r* (l) is its complex conjugate, and q (0, t) is known as the

kernel of the distribution (Claasen and Mecklenbrauker, 1980).

The Wigner distribution employs a kernel g = I . It yields excellent time resolution but
suffers from several drawbacks. It cannot be interpreted strictly as an energy distribution, as it
may take negative values (Cohen, 1989). The Wigner distribution also shows cross-terms in
the case of multi-component signals. These cross-terms occur midway between components

and may obscure other features of the distribution. Averaging in time may be used to reduce

both the cross-terms and negative regions (Cohen, 1989), although this obviously sacrifices

time resolution.

The exponential distribution (ED) (Choi and Williams,1989) was an early attempt at

reducing cross-terms and employs a kernel q (0, t) - "-02r2/o. 
The kernel gives a relatively

large weigh, ,o 
"( ".t)*("- j) *n"" ø is close to r, which emphasizes events near time t

(Cohen, 1989). \¡Vhile the ED is effective in reducing the amplitude of cross-terms, the choice

of o is a trade-off between cross-term suppression and time-frequency resolution.

The reduced interference distribution (Williams and Jeong,1992) describes a class of

distributions which embrace and generalise the cross-term suppression of the ED. Reduced

interference distributions are generated first by choice of kernel, which is designed to reduce

cross-terms and enhance the desirable properties of the signal. The details of this design

Process are given in (Jeong and Williams,1992). A discrete realisation of the distribution is
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needed for practical application and the binomial and Bessel kernels give reduced

interference distributions with convenient discrete implementations. These have been applied

to a variety of biomedical signal processing problems (Akay,1998; Guo etø1.,1994b; Wood

et a\.,1992).

Research into time-frequency distributions is continuing, with strong interest in the

development of distributions with reduced interference terms and positive values (Nickel

et al., 1998; Sang et al., 1996).

Time-frequency distributions have been applied to HRV analysis (Chan eta1.,1997;Pola

et ø1.,1996; van Steenis and Tulen, L996; Novak and Novak, 1993). Since these methods may

be applied to non-stationary signals, they allow the investigation of HRV during periods of

physiological transition. This is an important and continuing area of research (Task

Force, 1996).

The wavelet transform (WT) is an another time-frequency method. The WT decomPoses a

signal into dilated and translated versions of an analysing wavelet function (Strang and

Nguyen, 1996; Chui,1992). Various flavours of the WT exist: in the continuous wavelet

transform, the time and time-scale parameters are continuous, and a dilated and translated

version of a wavelet t¡ is written:

Vo,øQ) = lal-rrz* (Q-b) /a) (2.8)

The wavelet series is a sampled set of continuous WT coefficients, so that time remains

continuous, but the time-scale parameters are discrete, and most comrnonly sampled on a

dyadicgridinthetime-scaleplane: a = 2i,b = kA and j, ke Z'

The discrete-time wavelet transform is effectively the continuous WT of a sampled

sequence x (n) .In the discrete wavelet transform, both time and time-scale parameters are

discrete. The discrete WT has various efficient implementations, and may be used as a

building block for the fast computation of other wavelet transforms'

The wavelet transform may be used as a time-frequency representation, since the dilation-

in-time parameter relates inversely to frequency. While in the STFT, both time and frequency

resolution are fixed, the great attraction of the WT is a variable time-frequency resolution,
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Chapter 2 Heart rate variability

providing good time resolution at high frequencies and good frequency resolution at low
frequencies.

The WT may be viewed in terms of a filter bank, with filters of fixed shape and relative

bandwidth (the absolute bandwidth increases with centre frequency). The WT may therefore

be used to perform a frequency decomposition of a signal, in a similar manner to the

decomposition provided by the AR model (Section 2.2.3.1).

A technique closely related to wavelets is that of matching pursuits, in which a broad

library of wavelet functions is used, and each part of the signal is matched to the elementary

wavelet best able to represent it (Akay and Mulder,1996).

Wavelets are becoming increasingly popular for HRV analysis (Toledo et a1.,1998; Figliola

and Serrano,1997; Wiklund et aI., L997; Yang and Liao,1997; Sisli ¿f ø1.,1996; Wiklund, 1996;

Marciano et a1.,7995; Tsuji and Mori, 1994).

2.2.3.3 Nonuniform sampling

It is possible to estimate the spectrum of the nonuniformly sampled HRV signal without
first resorting to uniform resampling. The Lomb periodogram (Lomb, 1976) is perhaps the

best known spectral estimator for nonuniformly sampled signals. Given samples of the signal

x (t) altimes t,, thel,omb periodogram may be written:

X,U) = XA Øt õ (t - r,,) e-i2îtÍtdt . (2.e)

The Lomb estimate is thus the convolution of the underlying spectrum with the Fourier

transform of the nonuniform sampling function. This convolution results in a loss of dynamic

range in the spectral estimate. The Lomb periodogram has been applied to HRV (Laguna

et aL,1998; Laguna et a1.,1995), but the reduced dynamic range suggests that this technique is

of limited value.

2.2.3.4 Noise considerations

Long-term (24 hour) analysis of HRV has shown a I/f structure to the HRV spectrum

(Kobayashi and Musha,1982). For short-term spectral estimation, this l/f structure is a non-

white source of noise which may adversely affect the estimation of narrowband components
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within the spectrum (Yamamoto and Hughson, 1991). "Coarse graining sPectral analysis"

(Hughson eta1.,1994; Yamamoto and Hughson,1,991) exploits the fact that the l/f
component is scale-invariant, in contrast to the harmonic components present in the signal.

Cross-correlation of the HRV signal with rescaled ("coarse-grained") versions of itself allows

thie l/f component to be removed from the spectral estimate.

Alternatively, a prewhitening filter may be used to transform the l/f cornponent into

white noise, followed by spectral estimation and compensation for the prewhitening. This can

reduce the severity of the cross-terms in the Wigner distribution (Chan et ø1.,1997).

The self-similar (scale invariant) nature of I/f processes makes them suitable for analysis

by methods aimed at nonlinear dynamics and chaotic behaviour (Hoyer et a1.,1997; Vibe and

Vesin, L996; Schmidt and Morfill, 1,995; Signoini et ø1.,1994; Calcagnini lr et a1.,1993; Kaplan

and Talajic,1991).

2.2.3.5 Interpreting heart rate variability spectra

Each HRV spectrum contains a great deal of information, consisting of nominally L28

numbers describing the spectral amplitude in the band 0-0.5 Hz. Some form of information

reduction is normally applied to the raw spectral estimates in order to facilitate interpretation

by the user. Autoregressive spectral estimation inherently performs information reduction,

since it models the signal using a limited number of parameters, and thus gives smooth

spectral estimates.

Regardless of the spectral estimation method used, the spectrum is usually condensed into

a few key features which have meaning with respect to the underlying autonomic function.

Frequencies above about 0.15 Hz are generally accepted to be purely ParasymPathetic in

origin, but the relative contributions at lower frequencies are more complex. Nevertheless, the

most common format for presenting the results of HRV spectral analysis is in terms of the

powers contained in fixed bands of the spectrum. The high frequency (HF) power (usually

taken as 0.15 _ 0.4IH2) is accepted as a marker of HR modulation by variations in vagal

activity. As this component of the HRV spectrum is a direct result of respiratory activiry

various algorithms which employ a respiration reference signal may be used to extract the

power which is coherent with respiration (Bianchi etøL,1990). These techniques avoid the
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necessity of choosing the fixed HF band, and are generally adaptive, allowing slow changes in
the respiratory signal (Varanini et a1.,1996; Bianchi et at.,1994).

Both the Parasympathetic and sympathetic arms of the autonomic nervous system

contribute to HRV frequencies below about 0.15H2. There is no accepted marker which

correlates purely with sympathetic modulation of heart rate (Akselrod, L995), although the

ratio of LF:HF power (LF band usually taken as 0.05 - 0.15 Hz or similar) is often used for this

PurPose (Pagani et a1.,1986). This ratio is based partly on the largely complementary nature of

autonomic control: sympathetic activity is accompanied by vagal withdrawal and vice versa.

The LF:HF ratio does not accurately reflect sympathetic tone, nor sympathovagal balance in
the general case (Akselrod, 1995).

2.2.3.6 Normalisation of spectral values

Spectral measures of heart rate variability are often expressed in normalised units. The

major function of normalisation is to reduce the effect of changes in total HRV power on the

band-power (LF and HF) measures.

Under sympathetic stimulation, the total variance in the HR signal is decreased; the

opposite occurs under parasympathetic stimulation. The change in total power affects the

absolute values of the power in the low- and high-frequency bands of the spectrum (Malliani

et a1.,1994a), so LF activity may appear to decrease under sympathetic stimulation. A similar
decrease in total variance occurs with age (Schwartz eta1.,1991; O'Brien etal.,1986; Pagani

etn1.,1986). Spectra are therefore commonly normalised with respect to total power (VLF

components may be excluded from this total) (Pagani et a1.,1986).

An alternative normalisation technique is to divide the heart rate variability spectrum by
mean heart rate squared (Davidson et ø1.,1997; Akselrod et ø1.,1985; Akselrod et a1.,1981).

This effectively treats the HRV signal as a fractional variation of the mean value and makes

the integrated powers in the various spectral bands dimensionless. A side effect of this

technique is that it reduces the possible discrepancy between heart rate variability and heart

interval variability analysis. This is shown in Appendix A. However, normalising by mean

heart rate squared does not account for variations in total power ancl indeed may exacerbate

this problem. Under conditions of increased sympathetic activity, mean heart rate will rise,

while total variance decreases (Malliani etal.,1994a). Normalising with respect to an

increased mean heart rate will therefore further decrease the total normalised variance.
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It should be noted that the commonly used LF/HF ratio is invariant to any normalisation,

as the normalisation will affect each band equally and thus be cancelled out.

2.2.4 Multi-signal processing

Variations in heart rate are just one manifestation of the mechanisms which control the

cardiovascular system. Blood pressure, respiration, baroreflex action and peripheral

resistance are further examples of entities which are varied by the body in an attempt to

maintain adequate blood flow under a wide range operating conditions. Two examples of

multi-signal processing are given in the following sections. These are the exploitation of a

respiratory reference signal to remove the respiratory sinus arrhythmia from heart rate

variability, and the combination of heart rate, blood pressure and respiration in a more

complete model of the cardiovascular system.

2.2.4.L Adaptive filtering

Under conditions of stationary respiration, the respiratory component of HRV is usually

easily removed using simple bandstop filtering techniques (Womack, 1971). Under normal

conditions, howeveq, respiration is rarely stationary for extended periods of time. Paced, or

"metronome" breathing may help, but may also cause a stress reaction if the paced frequency

is significantly different from the subject's natural respiration rate (Haaksma ¿f ø1.,1996;King

and Reisman,1995). Much interest has been shown in adaptive filtering techniques, as the

removal of the RSA component from the HRV signal is a textbook example of the application

of adaptive filtering for noise cancellation.

Separation of the respiratory influences from the remainder of the HRV offers several

advantages. Since high frequency activity (>0.15H2) is widely considered to be caused by

variations in vagal tone linked to respiration rate, the RSA component can give a direct

window on this influence. Variations in respiratory tidal volume can also contribute to HRV

at lower frequencies (Niccolai et ø1.,1994; Brown et a1.,1993). Removing this influence allows

better estimation of other contributions to the HRV signal (Varanini et ø1.,1996).

In the classical noise cancellation scenario (Widrow et ø1.,1975), the signal of interest (HRV)

is assumed to be corrupted by additive noise (RSA). A reference signal which is correlated

with the corrupting noise is assumed to be available. A filter (H (z) in Figure 2.6) is designed
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to minimise the squared "error" output ñ.@) , thus removing the noise from the signal of
interest.

Respiratory
reference r (n)

HRV

h (n) HRV ¿ (n)

Figure 2.6: Respiratory noise cancellation scheme

The filter H (z) is typically implemented using a tapped-delay or lattice filteq, which may

be employed recursively for on-line filtering (Bianchi et ø1.,1994; Wiklund et a1.,1991). Time-

frequency techniques may also be used to estimate the respiration rate over short data

segments (Tazebay eta1.,1995), allowing an appropriate filter to be constructed for that

segment.

The respiratory reference signal may be acquired from a nasal thermistor or from chest

movements. If the cost or inconvenience of the extra sensor is inappropriate for a particular

application, or if the external respiration signal becomes corrupted, the respiration may be

derived from the ECG signal itself (Travaglini eta1.,1998; Zhao etat.,1994). Lung infLation

during respiration causes the orientation of the heart to change within the chest, causing

variations in the baseline of the ECG which are correlated with respiration. No examples of

the use of this technique with adaptive filtering were found in the literature.

2.2.4.2 Multivariate modelling

The natural extension to the incorporation of respiratory information is that of a

multivariate model of the cardiovascular system, commonly including heart rate, blood

pressure and respiratory interactions. Modelling in this manner allows investigation of the

system in a manner which would not be possible through physical experiments. The

mechanisms of the low-frequency (0.1 Hz) rhythm seen in heart rate and blood pressure have

H (z)
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been examined and modelled in this manner (Baselli et ø1.,1994; Baselli et ø1.,1988b; de Boer

et al., L987).

There are two main approaches to such modelling: one approach is to base the model

structure and functional equations on prior experimental evidence (Madwed et ø1.,1989; Saul

et ø1.,1989; de Boer et ø1.,1987; de Boer et ø1.,1985a); conversely, one may employ an extremely

general mathematical model and fit this to the experimental data. The former approach

simplifies the computational aspects but requires more prior knowledge and assumptions in

model construction. An example is shown in Figure 2.7, inwhich the baroreceptors, the action

of the baroreflex on heart rate and peripheral resistance, the properties of the myocardium

and the Windkessel effect are modelled.

Effective
Pressure

s'

Arterial
time constant

I

Systolic
Pressure

s

Diastolic
Pregsure

d

Figure 2.7:Dldod.el of the cardiovascular system. Experimental results are used to construct
equations to represent the effects of each block in the model. (Adapted from de Boer

et ø1.,L987').

Each block in the model is represented by a relatively simple difference equation. For

example, the effect of systolic blood pressure on heart period is modelled by (de Boer

et ø1.,1987):

in = u,os'n+ )aos'n-o

Peripheral
resistanceBaroreceptors

Heart
period

I
WindkesselSA node

Myocardium

k>0
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Ffere, in is the deviation of the heart period (from its mean value) at the time of sample n,
s', is the deviation from the mean of the effective systolic blood pressure, ao is the strength of

the (vagally mediated) baroreflex action, and a* (k>0) are the coefficients of the

sympathetically mediated control of heart period.

Model parameters are generally taken to be typical of the values seen in experimental

evidence (de Boer et nl., !985a), although this approach presents some difficulties:

"A problem in modelling the cardiovascular system is that reliable values

for the different parameters of the model ... are scarcely found in the

literature." - de Boer et aI.,\987

The alternative approach is to incorporate relatively little prior knowledge into the model,

employing a general mathematical form, such as the multivariate autoregressive model

depicted in Figure 2.8 (Korhonen ¿f aL,1996a; Korhonen etal.,1996b; Korhonen etal.,1996c;

Baselli et ø1.,1994; Kalli et ø1.,1988; Baselli et ø1.,1988a; Baselli et ø1.,1988b; Akselrod

et al., \985).

e2 eg

x2 x3

Figure 2.8: Multivariate model structure. x t, x2 and r, are the observed variables
(respiration, heart rate and blood pressure). e t, ê2 and, e, are white noise sources. The

parameters of each functional block (A,, , etc.) are estimated by fitting the model to
experimental data. (Adapted from Korhonen ¿f aL,L996c).

x1

e1
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The system equation for a multivariate AR model describes each variable as a linear

combination of past values of all variables:

M

r(k) = -\aU)x(k-i) +e,(k) (2.11)

i=0

Here, x (k) is the three-element vector describing blood pressure, heart rate and

respiratory measurements at sample k, e,(k) is the model error and A(l) is the model

coefficient matrix for lag i. The method requires little prior information, although it is

sensible to disallow non-physiological mechanisms in the model (e.9. heart rate does not

directly affect respiration). The model parameters may be estimated using well known

methods, such as the Levinson algorithm. The method suffers similar difficulties in model

order selection to the AR method for spectral estimation.

One comrnon property of the preceding two approaches is the fact that the models are

linear (de Boer's model incorporates a nonlinear sigmoid element in the baroreceptors, but is

otherwise linear). Thus, these approaches suffer from an inability to describe nonlinear

behaviour of the cardiovascular system. For example, for respiration at frequencies near 0.1

}{z, thre low-frequency (0.1 H2) component of HRV can become entrained with respiration

(Kitney et ø1.,1985). Entrainment causes the LF component of HRV to follow the pattern of

respiration. A similar entrainment can be seen for periodic thermal stimuli (Kltney,1975;

Hyndman et ø1.,1971).

Increasing attention is being focused on nonlinear modelling, including neural network

models (Chon eta1.,1997; Chon etn1.,1996; Chon eta1.,1995; Vallverdú etø1.,1991,; Saul

et s1.,1988b). Such models are often able to account for a greater fraction of the variability seen

in experimental data (Chon et ø1.,1997), but may also be more difficult to interpret than linear

models.

2.2.5 Conclusions

Techniques for processing the HRV signal have developed rapidly over the last two

decades. Our understanding of the underlying physiology is becoming more refined and at

the same time, computational power is becoming cheaper by the day. More sophisticated

processing methods can be realised within reasonable time and cost constraints.
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The early processing methods (basic spectral- and time-domain techniques) suffer from

limitations which deflate the potential of HRV as a clinical tool. Modern methods of

multivariate modelling and nonlinear analysis are helping to further clarify our

understanding of the cardiac control mechanisms, as well as offering wider clinical

applications.

2.3 Clinical applications of heart rate variability
analysis

The noninvasive nature of heart rate variability analysis has generated strong interest in its

use as a probe of autonomic function. The first clinical application of HRV analysis was in

1965, when foetal distress was found to correlate with a decreased variance of heart rate (Hon

and Lee, 1965). Since then, HRV analysis has been employed to detect abnormalities of the

autonomic system associated with a variety of conditions.

"The enormous advantage of analyzing these fluctuations is that the

information can be provided on-line, noninvasively and without interfering

with the normal dynamic functioning of the control mechanisms"

Akselrod, 1995,p.1,47

2.3.1 Risk assessment for myocardial infarction patients

Ln1978, it was documented that patients who had suffered an acute myocardial infarction

(MI) and who lacked respiratory sinus arrhythmia were at a higher risk of in-hospital

mortality than patients with RSA (Wolf et ø1.,1978). An extended study (Kleiger et ø1.,1987)

concluded that a depressed variance of heart rate correlated with increased mortality in the

first four years following MI. More advanced HRV analysis techniques have revealed reduced

ParasymPathetic activity in patients with recent MI (Bigger Jr et a1.,1988; Craelius et a\.,1992).

While the causal mechanisms linking depressed HRV and cardiac mortality are still the

subject of research, HRV analysis remains a valuable tool in risk assessment following MI.

More comprehensive methods have been proposed in the form of multivariate methods.

Heart rate variability information in combination with other cardiovascular variables, such as

the frequency of extrasystoles and late potentials in the ECG, has been reported to provide
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more consistent prediction of post-Ml mortality than the use of HRV alone (Task Force,1996;

Malik and Camm,1994).

2.3.2 Hypertension

Hypertension is abnormally elevated blood pressure, a condition which carries with it

increased risk of stroke and coronary heart disease (McMahon etø1.,L990) and myocardial

infarction (Rakugi et ø1.,1996). The World Health Organisation defines borderline

hypertension as a resting diastolic blood pressure (DBP) greater than 90 mmHg and less than

95 mmHg, and systolic blood pressure (SBP) between 140 and 160 mmHg. Developed

hypertension is defined by DBP greater than 95 mmHg and SBP greater than L60 mmHg.

Blood pressure generally increases with age, and elderly people with hypertension are also at

greater risk of cardiovascular disease (Kaplan,1994). Hypertension is therefore likely to

become an increasing problem as the world's population ages.

Measuring blood pressure is the most obvious and widely used test for hypertension, but

may give misleading results due to, amongst many other factors, day-to-day variability of

blood pressure (Pickering, 1993). Autonornic changes may offer additional information: a

number of independent studies have shown an increased sympathetic tone in subjects with

marginally elevated blood pressure (Anderson etø1.,\989; Guzzettí eta1.,1988). If the

borderline hypertension progresses to established hypertension, the sympathetic drive is

reduced, although blood pressure remains elevated (Julius, 1991).

Studies in humans (Malliani et ø1., 1991b; Guzzetlt et a1.,1988; Pagani et aL, 1984) found that

mildly hypertensive subjects displayed increased low-frequency and decreased high-

frequency components in the resting HRV spectrum when compared to controls. In addition,

hypertensive subjects displayed a less marked response to tilt (from supine to standing

posture). These results are consistent with findings using independent methods, such as

increased sympathetic drive seen in direct neural recordings (Anderson et n\.,1989).

The progression from borderline to developed hypertension is not well understood. Only

30% of young subjects with borderline hypertension go on to develop permanent

hypertension (Julius and Schork,l97I). Nevertheless, early detection of hypertension is of

great interest. Studies with spontaneously hypertensive rats (Aksekod et øL,L987) showed

that the low-frequency oscillations in arterial blood pressure are reduced in hypertension, and

that this reduction occurs prior to the onset of clinical signs of hypertension. The fact that this
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study showed a reduction rather than an increase in LF activity is probably due to the

normalisation applied to the spectral values (see Section 2.2.3.6); the interesting result is the

Precursory nature of the autonomic dysfunction. The detection of hypertension before the

onset of increased blood pressure would be a valuable step toward efficient early treatment.

Heart rate variability offers great promise for this purpose since it is a cheap, non-invasive

procedure.

2.3.3 Diabetic autonomic neuropathy

Autonomic dysfunction is a coÍunon complication of diabetes, and can lead to silent

myocardial ischemia, sudden cardiac death, renal disease and anaesthetic complications

(Freeman et n1.,1991). Early non-invasive investigations of autonomic function in diabetic

subjects employed relatively simple methods such as comparisons of RR interval length

(Baldwa and Ewing ,1977; Bennet et a\.,1977). Even so, the information provided by such tests

prompted the suggestion that invasive methods of assessing autonomic function in diabetes

were no longer justified (Bennet et a1.,1978).

Spectral analysis of HRV as a probe of autonomic function, is thus a logical tool for the

investigation of this condition. In an early study, the centre frequency of the low-frequency

peak (nominally 0.1 Hz) was observed to differ in diabetic subjects with autonomic

neuropathywhen compared to normal subjects (vanden Akker eta1.,1983). This change in

centre frequency was ascribed to the neural degradation caused by the neuropathy.

Later studies were generally consistent in finding a decline in power across all frequencies

of the HRV spectrum, and less change in the HRV spectrum in response to a change in posture

from supine to standing when compared to diabetics without autonomic dysfunction

(Bellavere et a1.,1992; Freeman et al., 1991,; Bianchi et a1.,1990; Lishner et a1.,1987).

2.3.4 Other applications

As a probe of autonomic function, HRV analysis has found a number of other applications,

including: investigating chronic heart failure (Saul etø1.,1988a), alcoholism (Duncan

et ø1.,1980), multiple sclerosis (Neubauer and Gundersen, 1978), glaucoma (Clark and

Mapstone,1985), sudden infant death syndrome (Gordon etal.,l984; Leistner etaI.,I980),

foetal distress (Bartlett etø1.,1991), and mental stress (Pagani eta1.,1995; Singh eta1.,1993;

watson eta1.,1993; Nandagopal etø1.,7985; Hyndman and Gregory,1975; Danev and
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de Winter, 1971); monitoring fatigue in vehicle drivers (Myrtek et aL,1994; Egelund, 1982) and

pilots (Jorna, 1993); guiding the thermal management of low birth weight infants (Davidson

etø1.,1997); and as a tool for managing optimal drug dosage levels (Brouwer etø1.,1995;

Alcalay et aL,1992).

2.3.5 Conclusions

It is clear that, as a probe of autonomic function, HRV analysis has broad clinical

application. However, HRV analysis is subject to various limitations which restrict its utility.

In Section 2.4, two fundamental limitations of HRV analysis are discussed.

2.4 Fundamental limitations of heart rate
variability analysis

Spectral techniques have already been shown to be unable to unambiguously recover

information regarding autonomic activity from the HRV signal (Section 2.2.3). This can be

considered to be a limitation of spectral processing methods rather than a fundamental

limitation of HRV analysis in general. In this section, two limitations are discussed which are

more basic in nature, and apply to all HRV analysis techniques.

2.4.1 As a probe of autonomic tone

The term tone describes the average density of traffic in a given nerve fibre or branch:

autonomic tone is the average activity in the sympathetic and parasympathetic branches of

the autonomic nervous system. While it is true that HRV analysis may be used as a probe of

autonomic function, it cannot be said that HRV provides information relating directly to

autonomic tone. Rather, it is aariations in tone which cause variations in heart rate. A

depiction of the relationship between tone and HRV is given in Figure 2.9.

For very low levels of nerve activity (Figure 2.9(a)), both the modulation depth (variation

in tone) and tone are low. Increasing parasympathetic stimulus leads to Figure 2.9(b) -

moderate tone, but with strong modulation, causing a large peak in the HRV spectrum. As the

stimulus strengthens, the tone continues to increase, but modulation depth decreases as the

nerve activity saturates (Figure 2.9(c)). Consistent with this, the LFIHF ratio has been
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Figure 2.9: Depiction of three levels of nerve activity - (a) low tone,low variation; (b)
moderate tone, high variation; (c) saturated tone,low variation. (Adapted from Malik and

Camm, L993)

observed to increase with moderate exercise, before decreasing at maximal exercise (Arai

et aI., 1989).

This limitation of HRV well known:

"The exact relation between the level of neural fluctuations and the mean

level of neural activity is far from being known." - Akselrod ,1995, p.159.

FIowever, it is comrnonly assumed that tone is linearly related to modulation depth (at

least over a limited operating range) (Akselrod, 1995).In general studies, there may be a poor

correlation between tone and HRV indices (Bootsma et øL,1994).

One avenue for extending the utility of HRV analysis is to combine information relating to

mean heart rate with HRV (Malik and Camm,1993; Chess et ø1.,1975). Mean heart rate is a

reflection of average autonomic activity, and is therefore an indicator of autonomic tone. On

its own,

"mean heart rate is subject to too many other control mechanisms and

pathologic phenomena, and cannot be used as a reliable estimator of

autonomic activity and tone." - Malik and Camm, 1993.

A combination of the two may offer improved performance over either in isolation.

Experimental evidence has shown a correlation with mean HR and HRV (Coumel ef ø1.,1995;
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IJngi et a\.,1995). Heart rate variability could alternatively be corroborated against baroreflex

sensitivity, which is also related to autonomic activity (Hyndman et a1.,1997).

2.4.2 Arrhythmias

Disturbances of the normal heart rhythm may provide valuable information to a

cardiologist but pose some difficulties for heart rate variability analysis. Since the heart is not

under normal control during arrhythmias, such data is generally unsuitable for HRV analysis.

Under normal conditions, the pacemaker for the heart is the sinoatrial (SA) node. Each

action potential generated by the SA node propagates through the right and left atria and on

to the atrio-ventricular (AV) node. The AV node delays further propagation of the impulse for

a short period to allow the blood within the atria to be expelled into the ventricles before

ventricular contraction occurs. The impulse then travels along the Bundle of His, which

subdivides into the left and right bundle branches, and ultimately into a complex network of

conducting fibres known as the Purkinje fibres. Through these fibres, the impulse spreads

across the ventricles causing contraction and the expulsion of the blood within.

If the pacemaker impulse originates in a site other than the SA node (cells within the atria,

AV node or ventricles are capable of initiating these impulses) then the result is an ectopic

beat. Isolated ectopic beats are quite coÍunon and may be caused by emotional stress,

stimulants such as caffeine, or physical abnormalities of the myocardium (Little, 1985).

If the SA node resumes control of the heart following an ectopic beat, and the ectopic beat

has not caused any alteration to the rhythm of the sinus node, then the ectopic can be

removed by interpolation and the data may be used for HRV analysis as normal (Vybiral

et a1.,1990).

An ectopic focus in the atrium causes the SA node to depolarise before it would normally

reach threshold. Consequently, when the SA node resumes the pacemaking function

following an atrial ectopic beat, the cardiac rhythm is slightly advanced in time. An ectopic

focus in the AV node may or may not disturb the depolarisation of the SA node cells, while

ventricular ectopic beats have an ectopic focus which is sufficiently removed from the SA

node so as not to disturb the normal sinus rhythm. Ectopic beats which do not alter the phase

of the cardiac rhythm will typically be manifest as a short interbeat interval (the heart will

beat earlier than expected due to the ectopic) followed by a compensatory long interval. This

35



Chapter 2 Heart rate variability

causes an impulse-like artifact in the RR interval tachogram and broadband noise in the

spectral estimate if not removed.

An ectopic rhythm occurs when the pacemaker function is assumed by an ectopic focus for

two or more beats. In this case, the heart is not under the normal control of the autonomic

nervous system.

Arrhythmias may also result from alterations in the normal conduction pathway of the

depolarisation impulse. Impediment or prevention of the transmission through the AV node

is referred to as AV block. In its least severe form (first-degree AV block) this causes an

unusually long delay in transmission of the impulse. The most severe form (third-degree AV

block) prevents the impulse from travelling from the atria to the ventricles. In the latter case,

the SA node acts as the pacemaker for the atria, while an ectopic pacemaker generates an

independent rhythm for the ventricles (Berne and Levy, 1986). For AV block of any kind, heart

rate records derived from the R-wave of the ECG are unlikely to provide an accurate

representation of the SA node firing rate.

Arrhythmia-like data may also result from abnormally large P- or T-waves in the ECG,

which may be mistaken for R-waves.

With the exception of isolated ectopic beats which do not alter the SA node rhythm, data

which contains arrhythmias is unsuitable for HRV analysis and should be discarded. Various

methods for the detection of arrhythmias are available (Liao et a1.,1996; Kamath and

Fallen, 1995; Sapoznikov et al., 1992a).

2.5 Research issues in heart rate variability
processrng

This thesis aims to identify and overcome existing deficiencies in the HRV information

processing chain. These stem from both the fundamental limitations of HRV analysis (Section

2.4) as well as limitations of particular analysis methodologies.

One of the major shortcomings of spectral HRV analysis methods lies in the interpretation

of the results. Examining fixed-band powers within the HRV spectrum is a simple and almost

universally-accepted method of quantifying results of HRV analysis. FIowever, the band-
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powers themselves do not have an intuitive physiological interpretation in terms of

autonomic tone. As detailed in Section 2.4.L, HRV power reflects the strength of modulation

of autonomic tone, rather than tone itself. Band-power analysis also requires the choice of the

band limits, for which different researchers argue different values (e.9. Takalo etø1.,1994;

Malliani etø1.,1994b), making comparison of results difficult. To this end, the Task Force

report (1996) suggests standardised band limits (VLF band <0.04H2, LF band 0.04-0.'l'5 Hz,

HF band 0.15-0.4 Hz),but even this is not a universal solution since some applications may be

better suited to fixed bands covering other regions (e.g. Hilton et ø1., \998).

Fixed-band analysis is also insensitive to changes in the LF peak frequency, identified

below as a potentially valuable source of information regarding autonomic tone.

The extraction of concise, relevant descriptors of the HRV signal can be considered as a

form of dimension reduction or data visualisation. Many general-purpose algorithms exist for

the task of data visualisation, including principal components analysis and multidimensional

scaling. These algorithms can be applied to a variety of data formats, which raises the primary

research question addressed in this thesis:

Are general-purpose dimension reduction and visualisation techniques of value for

extracting information from the HRV signal?

This question is addressed in Chapters 3 through 5.

Another significant deficiency of current HRV analysis techniques stems from the fact that

the amplitudes of the HRV components do not directly offer information regarding

autonomic tone. Rectifyi.g this deficiency would be an extremely valuable contribution, since

tone is a valuable marker for evaluating the behaviour of the autonomic system.

Spectral analysis of HRV need not be restricted to the analysis of the spectral amplitudes.

An intriguing possibility for improving the information available from HRV analysis stems

from the low-frequency (so-called 0.1 Hz) peak in the HRV spectrum. While it is nominally

found at about 0.1.}ir2, the precise location has been found to vary with physiological changes.

Little is known about the significance of this shift. A notable exception is the work conducted

by van den Akker et aL (L983) into the effects of diabetic autonomic neuropatþ on the

autonomic nervous system. Autonomic neuropathy is a complication of diabetes in which the

autonomic nervous system becomes affected. A significant decrease in the LF peak frequency
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has been observed in diabetic patients with autonomic neuropathy, and this was shown to be

consistent with changes in the delays in the blood pressure control loop which occur as the

sympathetic nerve fibres become damaged with neuropathy (van den Akker et a1.,1983).Tlne

LF peak frequency has also been observed to increase during sympathetic stimulation
(Raymond et a1.,1997; Baselli et a1.,1991,; Kamath et n1.,1991.; Nandagopal et al,198s) and

decrease during parasympathetic stimulation (Kamath et ø1., L997; Weise et al.,I9B9).

One may speculate about the relationship between the LF peak frequency and autonomic

tone. The frequency of this peak is widely thought to be set by the resonant frequency of the

blood Pressure feedback loop, and so the changes in the LF peak frequency mentioned above

may be caused by alterations in the autonomic balance. As the balance shifts towards

sympathetic dominance, the baroreflex control of the SA node becomes increasingly

dominated by the slow sympathetic efferent activity. Thus, the decrease in the LF peak

frequency observed with sympathetic stimulation may bè a consequence of this slowing of

the feedback loop. If this is indeed the case, the LF peak frequ".,"y -uy be of clinical value as

a marker of autonomic balance. This approach may even avoid the problem encountered with
spectral amplitudes, which give misleading results when autonomic tone becomes saturated.

This hypothesis requires physiological validation, which is beyond the scope of this thesis.

Nevertheless, throughout this work, the LF peak frequency will be considered as an

important characteristic of the HRV spectrum.

Another method of obtaining a more reliable estimate of autonomic tone from HRV

analysis is to combine the information from HRV analysis with information from other

signals and sources. Mean heart rate has been suggested as a suitable signal with which HRV

information may be combined, since mean heart rate is itself an indicator of autonomic tone

(Malik and Camm,1993). This is not the only possible combination of variables: baroreflex

sensitivity has also been identified as a marker of autonomic activity (Hyndman et n1.,1997;

Clayton eta1.,1995) and, like heart rate information, may be acquired non-invasively. The

fusion of HRV information with other variables may also be of value in other situations; for

example, the combination of HRV information with patient history may offer improved

diagnostic performance compared to the use of either information source in isolation.

The fusion of HRV information with other variables may be approached from a modelling

viewpoint: a model is postulated, which explains the physiological coupling between the

variables of interest. This model is then fitted to experimentally-obtained data, and the
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parameters of the model examined in order to ascertain the physiological significance of the

data. This is a similar approach to the multivariate modelling methods discussed in Section

2.2.4.

An alternative approach to information fusion is that of classification: information from a

variety of sources i3 combined with the objective of maximising the correct classification of

data into predefined classes. This approach avoids the necessity of constructing a

physiologically-plausible model of the interactions between the variables, which may be a

difficult task in itself.

The classification approach to information fusi,rn has shown merit in the assessment of the

likelihood of mortality following myocardial infarction, in which HRV information can be

combined with other risk indicators (Malik and Camn ç 1994; Bigger Jr et al., L992b). Similarly,

the combination of age with HRV information may'assist the prediction of susceptibility to

sudden cardiac death (Yarnold et ø1., L994), and comr.:rning respiratory and HRV information

can aid in the prediction of infant state (Stevens et a1.,1988; Harper et al.,1987).

FIowever, many published studies use relatively simple methods for information fusion,

such as linear discriminant analysis (Severi et al., L997; Yarnold et n\.,1994; Harper et ø1.,1987).

Methods which are better able to deal with non-normal or ngnlinear data, such as neural

networks (Wiklund, 1996) seem to have been sparsely applied to HRV analysis.

Tïvo research questions therefore arise

Can information fusion help improve the utility of HRV analysis?

and:

Are simple classification techniques sufficient for this task?

A preliminary investigation into the classification of heart rate variability in normal and

mildty hypertensive subjects is described in Appendix E, and a more rigorous treatment is

given in Chapter 6.

39



Chapter 2 Heart rate variability

2.6 Summary

A summary of current HRV analysis techniques has been given in this chapter. The

motivation for this work is to identify and overcome deficiencies in existing analysis methods,

and it has been found that the principal deficiencies arise from the fact that HRV does not
have a direct, simple correlation with autonomic tone. This causes difficulties in the

interpretation of the results of HRV analysis, particularly for fixed-band spectral analysis.

The use of general-purpose data visualisation techniques for the interpretation of HRV

data is investigated in the next few chapters of this thesis. Three dimension-reduction and

data-visualisation techniques (multidimensional scaling, the generative topographic

mapping and the self-organising map) are introduced in the next chapter and then applied to

HRV data in Chapter 4.

The fact that HRV does not have a simple interpretation in terms of autonomic tone also

complicates the use of HRV as a clinical diagnostic aid. The combination of HRV information

with other physiological information is considered in Chapter 6 as a means of improving the

reliability of HRV analysis.
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Chapter 3 Data visualisation

Wheels within wheels in a spiral array

A pattem so grand and comPlex

Time after time we lose sight of the way

Our causes can't see their effects.

- Neil Peart, "Natural Science"

The investigation of large, high-dimensional data sets can be an intimidating task. Data

visualisation techniques generally aim to extract a few salient features from a data set, which

show the structure and relationships of the objects within the set. The major task of

visualisation is dimension reduction, most commonly down to two dimensions to allow

simple graphical depiction. This dimension reduction is carried out under certain criteria

which ensul.e that the structure of the data is maintained during the transformation.

Visualisation techniques are becoming increasingly popular for the processing of

biomedical data. An expanding and aging population, in addition to society's expectations of

consistently high standard of health care, place increasing demands on biomedical

engineering for reliable, cost-effective methods of assisting or automating many common

medical tasks. The need to be able to process large volumes of data with a high degree of

reliability makes manual methods for many procedures unrealistic. There are strong

incentives to develop computer assistance for tedious tasks, particularly in areas which

require specialist training, such as classification of mammograms (Sauerbrei et ø1.,1998) ot

ultrasonic prostate images (Huynen et a\.,1994). Unfortunately, by nature, many of these tasks

are not well suited to computer analysis and may also require significant expert knowledge

which must be incorporated into the classifier. Reliable automation may thus be very difficult

to achieve.

A compromise solution is to design systems which assist, but do not replace, the human

specialist. Such a system might perform sub-tasks for which it is well suited, particularly if

these tasks would be tedious for a human operator - such as object delineation in medical

images (Tsapatsoulis et ø1.,1997; Schrtorrenberg et a1.,1994; Maes et ø1.,1993). Alternatively,
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the system might be semi-autonomous, allowing user input to direct or fine-tune the activity.

An example is a measurement system for the evaluation of cardiac autonomic neuropathy
(Vespasiani etø1.,1996), in which the clinician is guided through the administration of a

standard set of tests, and then the results are collected and processed. A semi-automated

process such as this is likely to be more time-efficient and also improve the consistcncy of
measurements and results.

Visualisation techniques also fit into this "compromise" category. Rather than make an

explicit classification of data, the role of the visualisation algorithm is as an aid to decision

making, by providing the user with a clear depiction of hard-to-visualise data. An
information processing paradigm which utilises visualisation techniques relies on the human

operator as the pattern recognition and classification machine and so in this approach, the

specialist domain knowledge of the user is retained in the information processing chain

without the need to explicitly include or learn this expert knowledge in the algorithm.

Humans have excellent clustering and pattern recognition skills in two
dimensions (Daoudi eta1.,1993; Siedlecki etø1.,1988b) and a two-dimensional graphical

display (often termed a "mapping" of the data) is the most common format for the

presentation of information to the user. More exotic methods of presenting data to the user

include stereoscopic, three-dimensional images (Tsai et a1.,1998) and aural presentation
(Jovanov et ø1.,1999).

Visualisation algorithms can help the clinician in a variety of ways in the management and

efficient use of diagnostic databases. Visualisation techniques may be used to explore the

structure of large, unwieldy data sets (Rosario etø1.,1997), showing the relationships

between, for example, EEG signals during different tasks (Lowe,L997), respiratory sounds

(Çagatay Güler et a1.,1998), or magnetic resonance imaging data (Pearlrnanet al.,I99S).

Visualisation techniques which can also generalise - that is, project data which was not
used during the initial map construction - allow the clinician to relate an unknown data

record to previously gathered, known, records (Ornes and Sklansky,1997). This also allows

the monitoring of the on-going condition of a patient by comparing data records in time
(Lehtinen et al., 1997).

The principal difference between the tasks of data visualisation and of feature extraction

for classification should be clarified here. General purpose algorithms designed to perform
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feature extraction for classification exist (e.g. Sherrah,1998), but these operate with a different

objective than do visualisation techniques. The purpose of the former is to extract features

which explicitly maximise the performance during subsequent classification, and usually

operate with more than two features. Data visualisation attempts to provide a useful

depiction of the data to the user, using only two-dimensional displays.

In the next section, three visualisation algorithms are briefly reviewed

3.1- Visualisation algorithms

An astonishing variety of algorithms exist for dimension reduction and visualisation tasks'

In order to facilitate the choice of an appropriate algorithm, some desirable attributes for such

algorithms are identified.

Inductive

An extremely valuable property is that of generalisation. We first construct a mapping

from a set of training examples. Generalisation is the ability to project new data (which was

not part of the training set) onto the mapping. The projection of new data onto a mapping

allows the comparison of unknown data with known samples from a database and in the

context of biomedical information processing, this has direct merit as a diagnostic aid.

Interactive

Interaction is an essential part of any practical visualisation scheme. In many situations,

the data to be visualised is non-metric, from a nonlinear manifold or it displays structure at

multiple scales. In these cases, a single two-dimensional representation is unlikely to describe

adequately all inter-object relationships within a data set. Interaction with the user may be

used to direct attention to particular regions of the mapping, in order to improve the

perception of the interesting or important parts of the data set (Lee,1998; Daoudi et a\.,1993).

Hierarchical clustering and visualisation methods (Coxon, L982; Friedman and

Tukey, 1974; Maltson and Dammann ,1965) offer an excellent avenue for interactivity: at the

top level of the hierarchy, the entire data set is described by a small number of clusters,

representing the coarse structure. At lower levels of the hierarchy, the clusters become

increasingly finely partitioned, revealing local, small-scale structure of the data. Such
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hierarchies may be constructed by starting either with a small number of clusters, and

progressively splitting them, or with a large number of clusters (one per data point, at the

extreme) and merging neighbouring clusters together. The mapping process may be made

interactive by allowing the user to manually select the clusters to merge or split.

Other forms of interaction are possible depending on the formulation of the algorithm in
question.

Flexible

Biomedical data can take a variety of formats, such as images, time- and frequency-domain

signals and patient details such as age and prior history. Thus, the algorithm may need to

marry disparate data types - for example, boolean (is the subject a smoker?) with image data.

Quantifiable

The question "how do we know when we have done a good job?" is one which cannot go

unanswered. There are two issues to consider when assessing a mapping: how well the map

points represent the original data, and the quality of the map as a perceptual representation of
the data.

A map which poorly represents the data is unlikely to provide much useful information to
the user and conclusions drawn from such a mapping may well be erroneous. If the

visualisation algorithm operates by optimising some form of cost function, then the cost

function value may be used to quantify the fit of the map to the data. Two mappings

generated using the same cost function and same data set may be compared on the basis of
their cost function values. This does not extend to the comparison of mappings generated

using different algorithms, since one specifically optimises a given cost function while the

other does not. Some general measures of topological preservation have been proposed

(Goodhill and Sejnowski,1997; Goodhill and Sejnowski,1996),but it is important to recognise

that particular techniques adopt different notions of structure preservation (e.g. local vs.

global structure) and this affects the resulting mapping.

If class labels are available for the data, it is reasonable to suggest that a configuration

which provides a good description of the objects would also perform well as a feature vector

for subsequent classification. Given the same data, mappings may therefore be compared on

the basis of classification performance (Lehtinen etaL,1997; Joutsiniemi etaI.,199S). If the
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algorithm is amenable to generalisation, then partitioning of the data into training and test

sets could be done. Otherwise, areas of the map may be labelled by majority voting of the

samples; each projected sample is then classified according to the label of the area into which

it is mapped. It is emphasised that the objective of the mapping is not to perform feature

extraction for subsequent classification. Two dimensional mappings generally do not provide

a sufficient description of objects to enable reliable classification. Mappings in four or more

dimensions may be potentially useful for classification (Lerner et a1.,1996) but are of no use

for visualisation.

The question of perceptual quality is a separate issue. Providing a numerically good

representation of the data (assessed by cost function value or classification performance) does

not guarantee that the mapping will be perceptually useful. Highly clustered data, for

example, may lead to degenerate mappings in which all data from one class converge to a

single point in the mapping. This may give a small value for the cost function but is not a

perceptually useful mapping. Thus, it is important to undertake subjective evaluation of

mappings in order to gain an insight into their value to the human observer (Siedlecki

et ø1.,1988a).

Nonlinear

"Real" data often exists on a nonlinear manifold, and linear techniques may be insufficient

to adequately represent the data in low-dimensional sPace.

Computationally tractable

For obvious reasons, computationally efficient solutions are desirable.

With these desirable features in mind, a review of three well-known visualisation

algorithms is now given.

3.L.L Multidimensional scaling

Multidimensional scaling (MDS) is a technique conunonly used in the social sciences. The

basic data upon which MDS operates is pairwise dissimilarity (or similarity) data, with one

measure of dissimilarity for each pair of objects within a data set. The dissimilarity data may

be gathered directly - for example, by asking a number of people to subjectively rate the

dissimilarity of pairs of objects. In a data visualisation context, dissimilarities are typically
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generated by comparing each pair of data vectors x, and x' using some dissimilarity

function d* (x,,x¡) : d¡j* .

Once the dissimilarity data has been gathered, the aim of MDS is to construct a set of
points in low-dimensional space (commonly referred to as latent space) so that the inter-point

distances match the data dissimilarities. These points form a graphical representation of the

high-dimensional data, from which the structural relationships may be deduced. The

representative mapping is most commonly made in a Euclidean space, although other spaces

(particularly Minkowskian spaces) may also be used.

Metric multidimensional scaling

Multidimensional scaling techniques may be broadly divided into metric and non-metric

algorithms. These differ in the assumptions made regarding the dissimilarity data. Classical

metric scaling techniques (Torgerson,l958; Young and Householder, i.938) make the

assumption that the dissimilarity data is metric, or equivalently, that the dissimilarity

function used is a metric function. The requirements for such a function are listed in Table 3.1.

d,j*, o

d,j* = 0 if and onlyif r, and xj areidentical

dU+ should satisfy the triangle inequality: d,o* * doj* 2 d,j*

1

2.

a
J.

4.

d ,* = d¡i*

Table 3.1,: Properties of a metric function d,r* applied to vectors x, and xr.

The Euclidean distance is perhaps the most well-known example of a metric function.

A function which satisfies constraints 1-3 in Table 3.1 but not the triangle inequality
(constraint 4) may be transformed into metric form by adding a constant to each dissimilarity
(except the self-dissimilarities doo* ):

and

¡,j* = d,r*+c Vi+j,
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(3.2)

Flowever, adding a large constant will tend to swamp the dissimilarity data, obscuring the

true data relationships.

In the case of metric dissimilarities, an exact reconstruction in low-dimensional sPace may

be possible. Specificalty, if the inner product matrix XrX is positive semi-definite of rank p,

then a configuration in p dimensional Euclidean space can be found such that the inter-point

distances match exactly the object dissimilarities (Mardia et al., L979).In general, an exact fit is

not possible and so a configuration which best fits the data is needed.

The least squares scaling (LSS) (Anderson, 1971;Samrnon,l969; Spaeth and Guthery,1969)

finds this best-fitting configuration in a least-squares sense. The error function may be

written:

E = I> hijT@ij\-d,j)', (3.3)

c ) maxi ¡ * d¡¡* + d¡l* - djo*

t J<t

where d,, is the distance between point J¡ and point J; in the rnap, d,,* is the dissimilarity

between data vectors x, and x, , and h ,, is a weighting function. The purpose of the function /
is to transform the dissimilarities into metric form if necessary (for example, by adding a

constant to each dissimilarity). Non-metric data may be used with the LSS, but strongly non-

metric data may be more usefully processed using a non-metric scaling method.

Non-metric scaling

Non-metric MDS relaxes the assumption regarding the metric nature of the dissimilarities

and instead assumes that only the rank order of the dissimilarities is meaningful. The

dissimilarities may be considered to be related to the Minkowski metric by the function g :

d,j* = r((?F,(k) -x¡(o)V)''o), (3.4)

where g is an (unknown) monotone function (Davison, 1983):

d,j. dot= g (d¡¡) < s (dk)Vii,k,l .

47

(3.5)



Chapter 3 Data visualisation

In a similar manner to the least-squares scaling, one may define a loss function
(Kruskal, 1964a):

d,¡-ã,¡
s- (3.6)t<t

\{a,,)'
,<J

where âu is most commonly referred to as the disparity between x, and xr. The disparities

are calculated to match the distances du as closely as is possible, subject to the constraint that

the rank order of the disparities matches that of the original dissimilarities:

d,j* . do,* = ãij<ã0, vi¡,k,1 . (3.7)

Thus, the rank order of the original dissimilarities is preserved in the mapping.

The minimisation of this objective function usually involves two steps: the minimisation

with respect to the distances d , and the minimisation with respect to the disparities â. ttris

Process is done iteratively and a typical algorithm is given in block form in Figure 3.1. Kruskal

Figure 3.L: The typical steps in a non-metric multidimensional scaling algorithm.

outlined an early algorithm for minimising this objective function (Kruskal, 1964b); rnore

recent approaches include the alternating least squares and majorisation techniques. The

Initialise configuration

Find distances d
U

Fit disparities ã¡¡

Evaluate objective function and
termination criteria

Adjust configuration to
reduce objective function

value
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optimisation is usually quite difficult and prone to entrapment in local minima in the error

surface.

The following sections address various issues pertaining to the least-squares scaling. This

form of MDS has been chosen for further investigation, since the cost function of this scaling

is quite flexible, allowing choice of functions d* and d , the function f and the weights å .

Application to a wide variety of data gpes is therefore possible. Furthet for data visualisation

purposes, it is assumed that the dissimilarity data is of interval nature - that is, the

magnitudes of the dissimilarities are meaningful, not just the rank order.

3.L.L.L Dissimilarity functions

The function d* strongly controls the form of the mapping and should be chosen with

some care. The nature of the data will dictate appropriate dissimilarity functions. A common

choice is the Euclidean distance and this may be an appropriate choice if the data represents,

for example, a vectorised list of features. More complex data will require more involved

measures of dissimilarity - for example, an image dissimilarity function is likely to need to be

translation, rotation and dilation invariant.

Data with missing entries can be dealt with during the design of the dissimilarity function

- for example, by evaluating dissimilarities based only on the elements present in both data

vectors. This approach has been used with the self-organising map (Section 3.1.3).

3.L.1.2 Weighting function

With unity weighting (h,j = 1), the LSS is equivalent to principal components analysis.

More imaginative choices introduce nonlinearity into the algorithm - for example, the

weighting may be used to alter the scale at which structure is preserved in the mapping.

Placing emphasis on small inter-object distances will encourage locally correct preservation,

in a manner similar to the small neighbourhood sizes used in the later training stages of

Kohonen's self-organising map. This is important since small errors in large distances are

unlikely to greatly affect the user's perception of the data, but errors of the same magnitude in

small distances could be far more detrimental. This is particularly true in regions where two

clusters are close or overlapping.

The Sammon mapping (Sammon,L969) uses a weighting of h,, - l/dij* which reduces

the dominance of large dissimilarities and allows the mapping to place increased emphasis on
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local structure. FIowever, small dissimilarities can cause difficulties as they have a large effect

on the cost function.

Curvilinear component analysis (Demartines and Hérault, 1997) is formulated with a

general weighting function which is suggested to be a bounded, monotonically decreasing

function of the output distances d,r. This also favours local topographical structure. As a
function of the output distances, the solution is recursive and is claimed to be "the only one to

unfold strongly folded data" (Demartines and Hérault, 1997).

Emphasising local structure can also avoid degenerate mappings which may occur in
highly clustered data, wherein the dissimilarities between the points within each cluster are

smaller than the dissimilarities between the clusters themselves. With a uniform weighting

function, the relationships between the points within each cluster will be poorly represented,

as the between-cluster dissimilarities will dominate the objective function (Coxon, 1982).

Other weighting strategies may be adopted - for example, consequential region scaling

uses a weighting which is a function of both input dissimilarities and output distances, and

which emphasises moderate distances in the mapping (Lee,1999).

3.L.L.3 Prior information

The LSS as described is an unsupervised mapping: no information other than the object

dissimilarities are used to generate the low-dimensional representation. Suppose, however,

that additional information regarding the objects is available a priori, such as the class to

which each belongs. Exploiting this knowledge during the construction of the mapping rrray

improve the interpretability of the resulting mapping.

This may be done in a number of ways. One method is to create a second set of
dissimilarities based on the additional knowledge. This "subjective dissimilarity" might be

defined as zero between points of the same class, and unity between objects belonging to

different classes. This subjective dissimilarity is used to supplement the objective function by
replacing d,,* inEquation 3.3 with the variable ôU (Tipping,1996):

ôu = (l-s)d,,++as,,, (3.8)

where su is the subjective dissimilarity between x, and x, arrd 0 < c, < I controls the relative

contribution of this subjective knowledge (Tipping, 1996). With ø = 0, the mapping is
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unsupervised, as before, A fully supervised mapping (one in which the additional knowledge

completely determines the form of the mapping) may be obtained by setting cr = 1 . Different

modifications to the objective function may be made, achieving for example enhanced cluster

separation (Cox and Ferry,L993) or tightened clusters of data belonging to the same class

(Koontz and Fukun aga, t972).

Another method of incorporating class information is possible if the dissimilarity function

is under the control of the user. In the case of a Euclidean dissimilarity function, the

contribution of each data vector element may be weighted:

d
112 (3.e)

4

The weight vector q rnay be chosen to maximise the discrimination between classes

(Curcie and Craelius, 1997):

(+t (k) {x¡(k) - x¡(k) }')

q(k) = 9,- o" (k)

*

(3.10)

where o (k) is the inter-class variance of element k and o. f ll is the average within-class

variance of element k. Thus, emphasis is placed on elements with large inter-class variance

and small intra-class variance. However, this method is unlikely to work well with non-

linearly separable data, since it considers only variances.

3.1..1..4 Implementation

Various methods exist by which one may minimise the objective function described in

(3.3). Differentiating with respect to the low-dimensional point J¡ yields:

hòE
òy, -eT

(f(d * (v¡-v) )
(3.11)

dj<i ,J

Standard optimisation algorithms may then be applied, such as the Newton-Raphson

gradient-descent algorithm (Sammon, 1969) or a conjugate-gradient method (Tipping, 1996).

Such implementations have two significant drawbacks, however. The computational

complexity scales as approximately O (N\ with the number of input patterns, as each pass
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requires the computation of N(N-l)/2 deúvatives. In addition, no protection is offered

against local minima in the error surface.

The method of "pinning" (Demartines and H&a1r\t,1997) scales in computational

complexity as approximately O (n) and also admits the possibility of temporary increases in

the value of the objective function during minimisation. The latter property offers some

chance of escaping local minima. The algorithm is quite simple:

L. At each iteration, randomly select one Jl artd "pitt" it (hold it fixed).

2. Move all of the other y, around, without regørd to the interactions

amongst these yr.

The rule suggested by Demartines and Hérault for the second step is:

Ly j = -y(t)Y¡B, (3.12)

where E is the objective function and y(r) is the step size which decreases with time.

Applying this rule to Equation 3.3 yields:

(3.13)

Demartines and Hérault show that, on average, E is decreased through the action of this

rule, but can momentarily increase, allowing an escape from local rninima in the error surface.

The duty of this mechanism is similar to that of momentum in the backpropagation training
rule for multilayer perceptrons.

Stochastic techniques are another method of avoiding entrapment in local minima and

have also been applied to the mapping of pairwise proximity data (Graepel and

Obermayer, 1999; Klock and Buhmann,1997). Rather than use a least-squares criteriory these

mappings are formulated in a maximum likelihood sense which offers advantages for

dissimilarity data subset selection.

The scaling properties of algorithms which operate on pairwise dissimilarities can become

prohibitive for large data sets. One method of easing the computational demands is to choose

a limited number of objects from the entire set, from which a mapping can be generated in the

Âu _ y Q) h,,(d,,* - d,,) (y¡-y ¡)"rj 
d..tl
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standard marìner (Pykett,l,978; Sammon,1969). The subset of objects used to compute the

mapping in such methods should be chosen so that the resulting mapping displays similar

structure to the mapping generated using the entire object set. The subset choice is critical to

the performance of the subset algorithms and so demands a significant amount of

computational attention. The maximum-tikelihood formulation mentioned above allows a

principled approach to selecting the most relevant data dissimilarity values for subset

mapping (Hofmann and Buhmann, 1,995).

3.L.1_.5 Neural network implementation

The least-squares scaling may be implemented in the framework of a feedforward neural

network. This allows new data to be projected onto a mapping with low computational

overhead. It can also offer advantages in the construction of the map itself. This is discussed

in detail in Chapter 5.

Neural network implementations of the Sammon mapping have been applied to the

problem of distinguishing EEG signals by task (Lowe,1997), chromosome classification

(Lerner eta1.,1998) and visualisation of intensive-care unit monitoring data (van Gils

et ø1., L997).

3:t.1.6 Interaction with the user

The least-squares scaling offers several opportunities for interaction with the user.

Following an initial mapping of all data, manual selection of "interesting" points may be

carried out and the mapping adjusted to give the best possible representation of these points

(Lee, L998). This may be done by restricting the error function to operate only on those points

of interest. Since the initial map configuration shows the best representation of all data points,

this subsequent map will also tend to retain the global map structure.

The scale of the weighting function h,, rnay also be placed under the control of the useç

giving "more revealing results than the ones obtained by automatic methods" (Demartines

and Hérault,1997).

3.1.L.7 Assessing mappings

The final value of the least-squares scaling objective function (3.3) is clearly a badness-of-fit

measure of the map distances with respect to the data dissimilarities. A more insightful tool
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for evaluating mappings is the point-wise error - the contribution of the ftth point to the final
value of the objective function, evaluated using:

sr = 2.t¡U@o¡\-d.o)'. (3.14)
j<k

A constant value of g across all data points indicates equal error in the representation of
each, while an unusually large value of. go for a particular data point xo would cast doubt on

the validity of that point's position J¿ in the mapping.

A similar instrument is the inter-point distances reconstruction plot, in which the data

dissimilarities are plotted point-wise against the reconstructed distances, as shown in Figure

3.2. A perfect reconstruction would yield a line passing through the origin with a slope of L.

Map distance d4

Figure 3.2: An example of an inter-point distances reconstruction plot. Small-scale
structure is preserved very well in this case. (Reproduced from Demartines and

Hérault, L997).

3.1-.2 The generative topographic mapping

The generative topographic mapping (GTM) (Bishop etal.,1998b) has been touted as a

"principled alternative" to Kohonen's self-organising map. In the GTM, a discrete grid of K
points {u,},i = 1...K is defined in a low- (usually twol dimensional latent space in a

similar manner to the self-organising map. This grid is usually chosen to be rectangular and

uniform, in order to aid visualisation. A set O of fixed nonlinear basis functions

{9r}, m = 1...M and a DxM weight matrix W is then used to define a nonlinear
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transformation betvVeen latent space and D -dimensional data sPace. The projection of each

grid point forms a reference vector m, in data space:

m¡ = WQ(u)'

Each m, is used as the centre of a Gaussian distribution in data space with variance I/þ

p(xli) = {þ/ (Zn)}Dt2e
- {Þllm,- xll'?tz¡

(3.1s)

(3.16)

(3.17)

Thus, the probability density function of the GTM is described by a mixture of Gaussians

K

p(xlw,p) = > PU)p('li).
i= I

The data is assumed to have been drawn from this mixture of Gaussians and P (i) is the

prior probability that the i th Gaussian component was responsible for generating a data

point x. This is usually chosen to be equal and constant:

P(i) = 17Y (3.18)

The model is trained using the expectation-maximisation (EM) algorithm (Bishop

et a1.,1998b; Dempster et a1.,L977), giving a maximum-likelihood fit. At each iteration, one

first finds the expected log-likelihood using the existing parameter values Wo,o and þo,o:

NK
(L(w,F)) = > I p Glx,Wot¿,þou)lnp (xli,W,þ) (3.1e)

n=li=l

New values of the parameters are then chosen to maximise this expectation and the

process is repeated. Convergence to a local maximum is guaranteed (Bishop et a1.,1998b). The

parameters must be given initial values which may be random or chosen to approximate a

PCA mapping. An incremental algorithm has also been derived (Bishop et ø1.,1998a).

The topographic nature of the GTM is ensured by choosing the bases Õ to provide a

smooth, continuous transformation from latent to data space. Points which are close in latent

space will be close in data space, thus ensuring local topographic ordering. This does not,

however, guarantee that the inverse transformation from data to latent sPace is smooth,
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although it is likely if the posterior distribution is unimodal and sharply peaked for the

majority of training points (Carreira-Perpiñán and Renals,1998). The initialisation to an

approximate principal components configuration gives an initial global ordering to the map.

For visualisation, Bayes' theorem may be used to invert the transformation from latent

sPace to data sPace. A given data point ¡ has a posterior distribution in latent space given by
a sum of delta functions centred at the grid points u,, eachwith coefficient:

p (uilx,ly, Þ) = P(xlu"w'þ)
(3.20)

\n @lu,,w,B¡
"/= I

The mean of this distribution can be computed in order to visualise a set of data more

conveniently; in some cases, the distribution may be multi-modal, in which case the mode of
the distribution may be more appropriate.

The strength of mixture-model based algorithms such as the GTM is the explicit modelling

of the data densities. This offers principled methods of dealing with tricky problems, such as

missing data and novelty detection.

One distinct disadvantage of the GTM is the computational investment: complexity scales

exponentially with the number of latent dimensions and training can take almost twice the

time of the SOM (Kaski, 1997). A semi-linear model which attempts to redress this

disadvantage has been given (Bishop et øL,1998a).

A procedure for constructing hierarchical mixtures of latent-variable models such as the

GTM has been developed (Bishop and Tipping, l998),bestowing interactivity with the user.

The GTM has been applied to visualisation of human basal ganglia responses (Branston

et ø1.,1998), and of electropalatographic data (Carreira-Perpiñán and Renals, 1998); and for

exploration of large medical databases (Rosario et ø1.,1997).

3.1..3 Kohonen's self-organising map

The self organising map (SOM) (Kohonen,L997; Kohonen,1990; Kohonen,1982) is an

unsupervised neural network which uses a competitive learning strategy to construct an

ordered mapping of the input data. Originally developed in order to explain observed neuro-
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biological behaviour, the algorithm has nonetheless found wide application in visualisation

and structure exploration.

The map consists of a one- or two-dimensional array of neurons. During training, neurons

within the map become sensitive to specific input stimulus patterns. If neighbouring neurons

in the map are trained to represent similar input patterns, the map will form an ordered

representation of the input data.

The SOM has been the subject of a great deal of research since its inception in the early

1-980s. An array of variations on the basic SOM theme have been devised: different matching

metrics used in choosing winning units, different neighbourhood definitions, the hierarchical

SOM (Kohonen,1997; Miikkulainen, Lgg0) and the supervised SOM (in which prior

knowledge such as class labels may be incorporated) (Kohonen, L988). The basic concept of

the SOM - competitive learning - is described below.

Assume the neurons are located at grid points {u,} , i = I ...K in two dimensional space.

Associated with the ith neuron is a D-dimensional reference vector rmi, wlrtere D is the

dimension of the input data ¡ .

At each step of the training process, an input pattern xn is chosen randomly from the

available data. The neuron c which is closest to the input vector is chosen as the winner of the

competition:

, = utE,-t" 
t llr - *,llr\ . (3.21)

The neurons are usually arranged in a lattice formation and a neighbourhood of neurons

surrounding the winning neuron are allowed to learn at each step. The neighbourhood is

defined by the kernel:

h,i1) - ¡11",-u,ll,ù , (3.22)

which is a time-dependent, decreasing function of the grid distance from the i th neuron from

the winning c th neuron. By choosing a wide neighbourhood kernel at the beginning of the

learning process, global ordering of the map may be achieved. The choice of neighbourhood

kernel can be crucial for convergence, particularly with large maps (Kohonen, 1997, page 88).
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The weight update equation at each time step is given by:

miU+l) = m¡(t) +h,,(¡) {¡ -m,(t)} (3.23)

Training continues until the map has converged. Once global ordering has been achieved,

training should continue with a small neighbourhood kernel for a "fairly long period of time"

for good statistical accuracy (Haykin, 1994,p.412).

Various optimisations may be made to reduce the computational demands of the

algorithm, particularly the task of finding the winning unit at each stage. Tree-structured or

table look-up algorithms can help in this regard.

Once the SOM has converged, it may be exploited for various tasks. Visualisation of data

may be done by mapping each data pattern to the neuron with the most similar reference

vector, providing an ordered display of the data.

The density of reference vectors in an ordered map corresponds roughly to the density of
the input samples (Kohonen, \997; I\tter,1991). The clustering density in different regions of
the data sPace may also be visualised using the SOM, by displaying the distances between

reference vectors of neighbouring neurons (Kraaijveld etøt.,1995). No assumptions are

required on the 'shapes of the clusters (Kaski, 1997), but the map tends to over-represent

regions of low input density and under-represent regions of high input density

(Haykin, 1994). The discrete nature of the grid locations also tends to distort the topography

of the mapping (this is also true of the GTM).

Missing data (components within a data vector may be missing) may be dealt with during
the step of choosing the winning neuron (Equation 3.21). The distances in this case may be

evaluated based only on those entries present in the data vector, and for small amounts of
missing data, this technique gives better performance than simply discarding data with
missing entries (Samad and Harp, 1992).

The most commonly cited disadvantages of the SOM are the lack of cost function and

convergence proof. In the general case, the SOM learning does not have a cost function (Erwin

et ø1.,7992). For the special case of discrete data and fixed neighbourhood kernel ftr,, the cost

function has been shown to be (Ritter and Schulten, 1988):
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(3.24)

ki

This cost function is strikingly similar to the cost function of the k-means clustering

algorithm and indeed, the two are closely related (Kaski, 1997).

The SOM has been applied to a diverse range of problems, many with a medical theme,

such as classification of lung sounds (Kallio et ø1.,199\) and recognition of EEG spectra

floutsiniemi et ø1., L995).

3.1.4 Conclusions

The least-squares scaling is the most appealing of the three algorithms for general use as a

visualisation tool. It has a flexible cost function and can accoÍì.lnodate various data types

through a suitable definition of the dissimilarity function. Parameters of the cost function can

also be adjusted interactively by the user to focus on the important structure of the mapping

and prior information (if available) can also be included.

The neighbourhood size of the SOM is equivalent to the weighting function of the LSS and

may also be adjusted in an interactive manner. The scale at which the GTM Preserves

structure is controlled indirectly by the choice of weights and bases and the algorithm is

restricted mainly to focusing on local structure.

Both the GTM and the LSS have an explicit cost function. The lack of cost function and

convergence proof for the SOM suggest that objective quantification of the results may be

difficult.

The main deficiency of the LSS is the lack of generalisation. This can be rectified by training

a neural network to perform the LSS and methods for this are discussed and developed in

Chapter 5. The GTM and SOM are both capable of generalisation without modification of the

algorithms.

For very large data sets, the computational demands of the LSS may be unrealistic and the

GTM may be preferred in this case.
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3.2 Interpreting mappings

One remaining point which should be addressed before moving on is the interpretation of
mappings. In most applications, the purpose of visualisation is not simply to construct a

graphical depiction of inter-data relationships, but to gain a deeper understanding of the

data. The interpretation of mappings relies heavily on domain knowledge of the data in order

to appreciate the structure of the mapping.

This task may be assisted by analysing the characteristics of the data which are responsible

for certain aspects of the mapping distribution. For example, given clusters of normal and

pathological data, by identifying the components of the data which differ between the two
clusters.

Producing a "backward mapping" car. assist in this regard - rather than projecting data

from data to latent space, the reverse is desired. This can give the input data vector which
would be required to attain a particular output map location (Figure 3.3). By examining the

changes in the input vector as one moves from one cluster to another, an insight into the

important data attributes can be gained.

2-d

input vector lnPu vector

Figure 3.3: Backward mapping. The input vector corresponding to interesting map location
(cluster centroids, in this case) are examined.

Implementing the backward mapping in the case of the GTM is trivial, as the algorithm

explicitly builds a parametric model for this transformation. For the LSS, no such functional

form exists. One option (Demartines and Hérault, 1997) is to produce a local fit to the existing
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input/output point pairs: that is, for a given mapping described by {¡} -+ {y} and a map

location J6 (which does not necessarily coincide with one of the mapped points in the set

{y} ), the corresponding backward-mapped vector xo is found by minimising the cost

function (3.3) for the combined set of points, but moving only the unknown point xo. This

gives a local fit with low computational cost.

A related idea is to examine the sensitivity of the mapping to variations in the input data

elements, by adding small deviations to the input vectors and examining the changes in the

map location (Kaski,1997; Lehtinen etal.,\997). Note that this requires the ability to

generalise, or project new data onto the mapping.

The interpretation of mappings may also be assisted by examining the distribution of the

map with respect to other information about the data set. In a biomedical context, viewing the

distribution of the mapping with respect to, say, subject age or weight may reveal significant

patterns in the map.

3.3 Summary

A brief review of data visualisation has been given. The least-squares scaling and the

generative topographic mapping have been identified as appropriate algorithms for the

visualisation of biomedical data. The least-squares scaling is very flexible and offers a number

of avenues for user interaction. The generative topographic mapping has a convenient

mechanism for projecting new data in an efficient manner.

The application of the least-squares scaling and the generative topographic mapping to

heart rate variability data is addressed in the following chapter.
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variability data

In this chapter the application of the least-squares scaling and the generative topographic

mapping to heart rate variability data is demonstrated. Before these visualisation algorithms

can be applied, a suitable format for the HRV data must be established.

4.1, Data preprocessing

Suitable preprocessing is necessary to generate the pairwise data dissimilarity measures

from the raw HRV data.

4.T.L The least-squares scaling

As discussed in Section 3.1.L.1-, the choice of the dissimilarity function d,r* must be tailored

to suit the data to which the LSS is to be applied. For heart rate variability data, we wish to

investigate data in the spectral domain, estimated from the time-domain HRV signal by an

appropriate method (see Section 2.2.3). Thus, we consider the data to be in the general format

of power spectral density amplitudes.

Given data in this form, an appropriate method of computing the dissimilarity between

data is needed. Each spectral profile typically shows oscillations at respiratory frequency, at

approximately 0.1 }irz, and at lower frequencies again. The amplitudes of these oscillations are

meaningful, as they indicate the strength of heart rate modulation by the associated

underlying mechanisms. Flowever, the significance of the frequency at which each of these

oscillations occur bears some consideration.

The frequency of respiratory sinus arrhythmia is clearly linked to the frequency of

respiration - in adults usually between 0.2 and 0.4 Hz (Akselrod,1995). Changes in the

frequency of the RSA component are simply a reflection of an altered breathing rate and in

most cases are of no clinical interest. Two spectra in which the RSA comPonents are centred
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Chapter 4 Visualisation of heart rate variability data

on different frequencies, but which are otherwise identical should thus be considered to be

quite similar (Figure 4.1).

0.1 0.2 0.3 0.4 0.5

0.1 0.2 0.3 0.4 0.5

0.1 0.3 0.4 0.5

Figure 4.1: Element-wise comparison of two spectra with misaligned respiratory
components. The overall dissimilarity would be undesirably large.

The LF comPonent of the HRV spectrum, nominally located at 0.1 Hz -butwhich may be

anywhere from 0.06 Hz to 0.1.4 Hz (Moser et a1.,1994) - is generally considered to be due in
part to the baroreceptor feedback control of blood pressure. The centre frequency of this

comPonent varies and has been shown to decrease with exercise (Baselli et ø1.,1991; Kamath

eta1.,1991), with a change in posture from supine to standing (Kamath eta1.,1991; Weise

et a1.,1989), in subjects with diabetic autonomic neuropathy (van den Akker et al.,I98J), and

in physically fit subjects (Baselli etal,1988c). The changes in the frequency of this peak are

usually quite small - of the order of 0.01 H2 - but are most certainly of clinical interest.

Misaligned baroreceptor peaks should be considered to be an indication of dissimilar spectra.

A variety of mechanisms contribute to the very low frequency (<0.05 Hz) portion of the

HRV spectrum. Little is known about the significance of these components: here, it was

assumed that the centre frequency of oscillations in this region are of interest.

With these points in mind, the following preprocessing of each HRV spectral estimate was

undertaken prior to the calculation of the pairwise dissimilarities across the data set.
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The least-squares scaling

1. The RSA component was first separated from the remainder, either by simple band-

summation of the spectral estimate (the HF component in conventional fixed-band HRV

spectral analysis) or by adaptive filtering if the appropriate time-domain signals were

available. The latter offers some protection against the case where respiratory frequency

wanders outside the limits of a fixed band. Additionally, explicit identification of the

respiratory component encourages monitoring of the respiratory frequency. The user

may easily verify that the respiratory frequency does not exceed half the average inter-

beat frequency (which causes aliasing in the spectral estimate) nor become too low, as

this may cause entrainment of the 0.7F{2 peak.

2. The variance (or the sum under the PSD curve) of the respiratory component was

calculated.

3. The spectrum of the remainder of each signal was truncated, discarding frequencies

above 0.L5 Hz. Only low-frequency activity will be present in the remainder after

filtering.

4. The band-limited spectral estimate was then smoothed to reduce the effects of noise.

Excessive smoothing will obviously mask important information in the spectra, such as

small changes in the low-frequency peak locations. Smoothing may be carried out by

using a windowing function in the autocorrelation domain (Furui, 1989) or the spectral

domain (Blackman and Tukey, 1958).It is worth noting that an almost identical problem

to the comparison of HRV spectra has been tackled in the field of speech recognition:

the comparison of an unknown speech sample with a known reference pattern. In

western languages, there is normally little correlation between pitch variations and the

phonetic content of a word, especially at high frequencies (Holmes,1988). Spectral

smoothing is also a coûunon technique in speech processing, as a means of avoiding

problems with pitch variations.

5. The respiratory component and remainder were then recombined into a composite

vector x, containing the smoothed spectral estimate from 0-0.15 FIz concatenated with

the variance of the RSA component (Figure 4.2). The pairwise dissimilarities of the data

may be computed directly, using an element-wise comparison of pairs of vectors x, and

x' such as the weighted Euclidean distance:
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Chapter 4 Visualisation of heart rate variability data

Variance of the respiratory
component

Figure 4.2: Structure of input vectors after preprocessing. The pairwise dissimilarity
between vectors may now be computed using, say, aweighted Euclidean distance.

d lt2
(4.1)tJ

The weight vector 4 is chosen to reflect the relative importance of the elements in ¡ -

which is generally unknown, and so unity weighting may be used.

Normalisation of spectra has been discussed already in Section 2.2.3.6. Since normalisation

generally improves the interpretability and reduces the effect of total-power changes on the

narrowband components, it is important to apply normalisation to the spectra for

visualisation also. The logarithm of the data vectors may also be taken. This reduces the

effects of particularly large peaks in the spectrum, which otherwise may cause far-outlying

points in the map and detract from the overall perception of the data set.

It should be noted that very similar measures are used the field of speech processing, for

example, the ltakura-Saito distance (Itakura and Saito, 1970) is given by:

*- (ltro {x, (k) -,,(tò}'z)

x, (rrl)

-r, (ro)
ol¡= L^l("rt Ì.ffi-r)a' (4.2)

This distance measure is not suitable for use with the LSS since it is not symmetric

(dlf +a/,s). rhe cosh measure (GrayJr and Markel, 1976) is a symmetric version of the

Itakura-Saito distance and is computed by simple averaging:

dçosH = @!f + dlf) /2. (4.3)

However, Equations 4.2 and 4.3 make no concessions for the case where the respiratory

components of the two HRV spectra are misaligned.
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The above numbered procedure for calculating dissimilarities may be applied in

conjunction with any spectral estimation method and was used for the work in Section 4.2.

Particular spectral estimation techniques may offer other methods of computing

dissimilarities based on the signal model employed. Some possibilities are discussed in

Section 4.1.2.

4.1.2 Parametric spectral estimation

Parametric spectral estimation methods produce a set of model parameters from which the

spectral estimate is computed. In this case, it is not necessary to explicitly compute the

spectral estimates in order assess the spectral dissimilarities between two signals s, and sr.

Autoregressive (AR) spectral estimation in particular has been widely used in the field of

HRV processing. The AR model parameters ø, and ø, alongwith the estimates of the driving

noise variances o, and o, contain all of the information necessary to compute the spectral

estimates. Thus, it is possible to compute dissimilarities based on this information. For

example, the Itakura-Saito distance (Equation 4.2) rnay be evaluated using the following

form:

otf =+ffi,*,"r[ (4.4)

where V, is the autocorrelation matrix of the signal sr.

Alternatively, the AR model may be explicitly decomposed into its constituent poles

(Cerutti, 1995; Zetterberg,lg6g), which would allow a dissimilarity measure based on the

positions of the poles in the z-plane.

Comparison of HRV spectra based on parametric model coefficients has been done for the

purposes of classification (Curcie and Craelius, 1997;Lee et ø1.,1989). Flowever, comparison in

this manner does not deal appropriately with misaligned respiratory peaks. The pole-based

method offers some protection in this regard, since the arguments of the appropriate poles

could be ignored. Both methods also require constant model order across all data within the

set, which may not be appropriate if the data range across multiple subjects and significant

physiological changes (Pinna et ø1.,1996).
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Other sPectral estimation techniques may offer convenient means of comparing spectra.

Cepstral estimation is another parametric method, popular in the field of speech recognition.

While it has been applied with some success to HRV studies (Curcie and Craelius,l997;

Watson, 1994), it has not been established as a common method in this field. The wavelet

transform, on the other hand, seems destined to become a stock tool for HRV proccssing. In

the case of orthonormal wavelets, the coefficients of the wavelet transform may be regarded

as the outputs of the corresponding filter bank. Comparison of HRV spectra could therefore

be made on the basis of the wavelet coefficients. Nonlinear dynamics may also offer a means

of comparing HRV signals, for example, on the basis of fractal number (Bakardjian and

Yamamoto,1994).

Thus, particular spectral estimation or nonlinear analysis methods may lend themselves to

various measures of dissimilarity. Here, attention has been focused on the use of spectral

amplitude data, since this is a very general format and does not presuppose the use of any

particular spectral estimation algorithm.

4.1.3 The generative topographic mapping

The preprocessing described for the LSS is also appropriate for the GTM, since the GTM

uses the Euclidean distance in formulating probability densities.

4.2 Case study 1-

In this study, heart rate variability data was collected from a simple physiological

experiment, providing a dataset representing well-understood changes in the autonomic

control of the heart. Six healthy volunteers were studied in the supine and tilted positions,

before and after the administration of 80mg of the p-sympathetic blocker drug propranolol.

Orthostatic tilt (from supine to upright) is accompanied by a shift from vagal to
sympathetic control of the heart. Mean heart rate is increased on standing and studies with
HRV have shown an increased VLF (<0.05 Hz), increased LF and decreased HF spectral

comPonents, as well as increased total power (Pagani eta1.,1986; Weise et ø1.,1989; Lipsitz

et a1.,1990). The administration of B-sympathetic blockade has been shown to reduce the LF

comPonent of the HRV spectrum in both the tilted (PomeraÍrz et a1.,1985) and supine (Pagani

et a\.,1986) postures.
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The intent of the study was to demonstrate the application of the least-squares scaling and

the generative topographic mapping to HRV data'

4.2.1 Methods

The subjects were allowed to breathe freely throughout the procedure and the

electrocardiogram and respiration (chest diameter) were recorded. Five minute segments of

RR interval data were selected for analysis. Isolated ectopic beats were removed using linear

interpolation and segments containing multiple ectopic beats were discarded.

The heart rate record was interpolated using cubic spline interpolation and resampled at

10lPr2. To avoid aliasing, the resampled signal was low-pass filtered using an 8th order

Chebychev filter with cutoff frequency of 0.4 Hz and decimated by L0, to give a signal with

uniform sampling aI L }irz. The time series was then demeaned and detrended by removing

the best straight-line fit from the data.

Adaptive filtering was used to separate the RSA component from each RR variability

signal. An 8th order lattice filter was used, with forgetting factor 0.98 (Bianchi et ø1.,1994). The

validity of each filtering operation was confirmed by checking the whiteness of the cross-

correlation of the filtered RRV signal and the respiratory signal (Billings and Alturki,1992).

A time-frequency distribution employing a binomial kernel function (see Section 2.2.3)was

used to estimate the time-varying power spectrum of the filtered RRV data. Spectra were

subsequently averaged over non-overlapping 32-second time intervals in order to reduce

cross-terms and negative values (Cohen,1939). Negative values of the distribution which

remained were set to zero. Since averaging in time was used, no further smoothing was

applied to the spectral estimates.

The variance of the previously separated RSA component was calculated and scaled by

l/ J-64 = I/8. Since the respiratory signal nominally resides in the band 0.L5-0.4tì2 (which

is 64 frequency bins wide), this scaling equalises the contribution of the RSA and lower-

frequency components in the dissimilarity function. The scaled variance was concatenated

with the spectrum of the remainder signal and the log taken, as described in Section 4.1.1-.
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At the completion of the preprocessing, the final data were 39-element vectors, containing

the smoothed spectral density from 0-0.15 Hz (38 elements) concatenated with the scaled

variance of the RSA component (39th element).

The interval variability (RRV) and rate variability (HRV) spectral data from all subjects

were first subjected to conventional analysis. The total variability power, as well as the

powers in three spectral sub-bands [VLF (0-0.05}ir2), LF (0.06- 0.l4Hz) and HF (power

coherent with respiration)] were evaluated. These quantities were evaluated without
normalisation, as well as with two normalisation procedures coÍunonly used in HRV studies.

The visualisation was carried out on a subset of the data to ease computational demands

and to facilitate the interpretation and comparison of the various mappings. This data subset

was taken from one subject only, giving a total of 31 input vectors (7 patterns for ttlt/
propranolol, and 8 patterns each for the remaining combinations of posture and drug).

4.2.2 Results and discussion

Propranolol was effective in inhibiting the sympathetic nerve activity, with an increase in
heart period from 0.94(0.09) seconds [mean(standard deviation)] to 1,.12(0.1,4)s (p<0.01) in the

supine position. Tilt produced a decrease in heart period from 0.94(0.09)s to 0.74(0.07)s

(p<0.01).

Unnormalised results

The unnormalised total power of RRV decreased with tilt and increased with propranolol,

as expected (see Table B.1, Appendix B). In the tilted position, HRV showed a decline in total

Power with propranolol. The changes in total power distort the measures obtained from band

Powers - unnormalised RRV LF power decreased with tilt and increased with propranolol.

Normalising by total power

Normalising the spectra by the total power (excluding very low frequency components,

below 0.05 Hz) produced familiar results for posture and B-blockade: tilt caused an increase

in LF and the LF/HF ratio while HF decreased, reflecting the transition to increased

sympathetic control (Table 8.2, Appendix B). In the tilt posture, propranolol caused a decrease

in LF; a marginal decrease was also seen in LF when propranolol was administered in the

supine position. In this posture the heart is largely under parasympathetic control, and this
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changes toward sympathetic dominance when upright. Thus, the effects of propranolol were

less evident in the supine posture.

Normalising by mean heart rate squared

The total power of the non-normalised HRV spectra varied considerably when compared

to that of the RRV spectra, as expected from the discussion in Section 2.2.3.6. The difference in

the two total powers, as a fraction of the total RRV power was 1.03(1.09) (Table 8.3,

Appendix B). Under spectral normalisation by mean heart rate squared (or mean heart

interval squared for RRV) the discrepancy in total power shown by HRV and RRV was

reduced to 0.12 (0.14) . Thus, this normalisation scheme was effective in reducing the

discrepancy between HRV and RRV total power, consistent with the results of Section 2.2.3.6.

However, this normalisation scheme did not adequately account for variations in total power,

allowing changes in total power to obscure the changes in the band-power measures. Perhaps

as a consequence, fewer significant changes were seen under this normalisation - for example,

none of the VLR LF or HF measures for either RRV or HRV showed a significant change with

rilt.

Ramifications for visualisation

From these results of fixed-band analysis, normalisation by total power (excluding

components below 0.05 Hz) appeared to be the most sensitive to changes in HRV or RRV

power spectra with tilt and propranolol. This normalisation with the RRV signal was used for

the investigation of the visualisation algorithms in the next section.

4.2.2.1 Visualisation results

Principal components analysis

The projection of the data onto the first two principal components is shown in Figure 4.3.

This mapping separates the data roughly by posture according to x-axis position, but with no

clear separation of the placebo/propranolol clusters for each posture.

The first eigenvectors corresponding to the two largest eigenvalues are plotted in Figure

4.4.Tlne projection of the data onto these two vectors explairu about 73% of the total variance

in the data. In the first principal component (the projection onto which determines the x-

coordinate of points in the mapping), the RSA component (rightmost vector entry) is positive,

while the other entries are negative. Since all data elements are negative (after normalising
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Figure 4.3: Projection of the posture/propranolol data onto the first two principal
comPonents. The effects of posture are roughly separable by x-axis position.

and taking the logarithm), data with large RSA and small lower-frequency components will
tend to have a large projection onto this eigenvector. The supine data is clustered at higher x-

coordinates than the tilt data, and this matches the fixed-band observation that tilt causes a

reduction in RSA and an increase in the lower frequency components.
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Figure 4.4: Eigenvectors corresponding to the two largest eigenvalues.
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Results and discussion

The mapping does not clearly separate the propranolol data from the placebo, although

there is a tendency for the latter to be located at higher y-coordinates. The structure of the

second eigenvector in Figure 4.4 suggests that data with small RsA and very low frequency

(<0.05 Hz) and large low frequency (0.05-0.15 Hz) components will tend to have high y-

coordinates in the mapping. This is consistent with the known depression of LF activity by

propranolol.

Least-squares scaling

An unweighted Euclidean distance was used to generate the pairwise dissimilarities from

the preprocessed data. A least-squares scaling of the data with weighting w¡j = I/d*¡; (the

Sammon mapping) is shown in Figure 4.5. This is very similar to the PCA map, as might be
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Figure 4.5: Sammon mapping of the posture/propranolol data. The error for this mapping
was 0.045.

expected.: LSS with unity weighting is equivalent to PCA, and the weighting used in the

Sammon mapping variant simply tends to favour correct reconstruction of local strucfure at

the expense of global structure. The contribution from each map point to the final error is

shown in Figure 4.6, and.indicates that, with the possible exception of points 5 and 6, the map

represents the data dissirnilarities reasonably well. The two questionable points belong to the
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Chapter 4 Visualisation of heart rate variability data

supine/placebo cluster and can be found at approximate coordinates [2.0, 2.41 and 16.6,5.6]

respectively.
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Figure 4.6: The contribution of each pattern to the overall final error of the Sammon
mapping in Figure 4.5.

Like PCA, the Sammon mapping fails to clearly separate the propranolol and placebo data

in either posture.

The backward mapping technique discussed in Section 3.2 was applied to the approximate

centroids of the tilt and supine clusters, giving estimates of the input vectors x, and r,
required to give points at the tilt and supine cluster centroid locatioru. The difference between

x, and .rs rePresents the changes in the input which would be required in order to move from

the tilt to the supine cluster and is shown in Figure 4.7a.Tlis describes very similar changes

to those indicated by fixed-band analysis: supine data has larger RSA and smaller low-

frequency components than tilt data. Sirnilarly, the change in input required to move from the

upper to lower regions of the mapping are shown in Figures 4.7b and 4.7c. Again, the change

with propranolol is consistent with a decrease in LF activity.

An exponential weighting function h,, = ¿-Ld,i* *as applied in order to strongly

emphasise the local structure of the mapping (Figure 4.8). The locally-weighted mapping

shows considerable difference around the region of point 5, identified as being relatively

poorly represented in the Sammon mapping of Figure 4.5. The error contribution plot (Figure

4.9) shows that the local structure is well represented across all data points.

The mappings in Figures 4.5 and 4.8 are purely unsupervised. Prior information may be

included in the LSS in a variety of ways. A weighted Euclidean distance was used to
recompute the data dissimilarities. The weights were chosen to favour those data vector
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elements with small intra-class variance and large inter-class variance, as described in Section

3.1.1.3. Itx this case, this weighting made very little difference to the map configuration,

suggesting that the variance is insufficient to describe the inter-class relationships of the data.

A second method was then employed: a class-based "subjective dissimilarity" s,, between

each data point was calculated: sU = 0 for points i and I with the same drug/posture

combination, and ru = 5 otherwise. (The scalar 5 was chosen as the approximate mean of the

raw data dissimilarities). These subjective dissimilarities were used to modify the data

dissimilarities according to Equation 3.8, with coefficient a=0.4. The resulting Sammon

mapping is shown in Figure 4.L0. The clusters are now more clearly separated, allowing

examination of the inter-cluster structure. The effects of posture are still roughly separable by

x-axis position and in general, each cluster is a neighbour of the two clusters with which it

shares either a posture or drug attribute. Furtheç the cluster corresponding to supine posture

and propranolol is closest to the supine/placebo cluster. Since in the supine posture, the heart

is largely under vagal control, the effects of propranolol should be minimal and so these two

clusters would be expected to be the most similar. The tilt/placebo cluster is most distant
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Figure 4.9: The contribution of each pattern to the overall final error of the least-squares
scaling in Figure 4.8. The local structure is well preserved across all points.

from supine/propranolol, again as expected, since these two conditions are at the two
extremes of s¡rmpathovagal control.

The final demonstration on the LSS is that of "fusion" of HRV and mean heart rate

information. The combination of these two variables has been suggested as a better measure

of autonomic tone than HRV alone (Malik and Camm,lggg). The RR interval data was

segmented into windows which matched the time duration of each spectral data vector and
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then averaged over these time windows. The mean heart interval dala, averaged by class, is

shown in Table 4.L.

Supine
(placebo)

Tilt
(placebo)

Supine
(propranolol)

Titt
(propranolol)

o.e1 (0.03) 0.75 (0.02) 1.10 (0.03) o.e8 (0.07)

Thble 4.L: Mean (std) of heart period (RR interval) for the data subset used in the
visualisations.

The mean RR interval was included in the data vectors and the dissimilarities recomputed'

As with the inclusion of the class-label information, the cluster separation improves (Figure

4.tt).

Generative topographic mapping

The posterior-mean projection of the data onto a 20x20 grid in latent sPace is shown in

Figure 4.12. Nine uniformly-spaced Gaussian basis functions were used with moderate

spread s = 1 . The mapping was initialised using the PCA configuration and in fact the final

mapping does not differ greatLy. Backward mapping with the GTM is trivial since the
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Conclusions

transformation from latent to data space is explicitly modelled by the algorithm. Examining

changes in the input vector with respect to changes in the map location gives similar results

here to those shown with PCA and the LSS.

4.2.3 Conclusions

Section 4.2 gives a flavour of several visualisation algorithms applied to HRV data. In the

purely unsupervised case, the least-squares did little better than PCA, as did the GTM. Each

provided a mapping which logically represented the relationships between the data from a

simple physiological experiment.

Use of prior information in the LSS, in the form of class labels, improved the cluster

separation and revealed the inter-class relationships more clearly. "Fusion" of mean heart rate

and HRV information had a similar effect.

4.3 Summary

The use of graphical methods for HRV analysis is not new. The well-established'þeometric

techniques (Malik,1995) use graphical techniques to assess histograms of RR interval length.

The Poincaré plot (Kamen and Tonkin, L995) uses successive interval lengths as the

coordinates of points in two dimensional space. Both techniques rely on the human operator

to assess the resulting figure - for example, in the Poincaré plot, one may look for fan- or

comet-shaped distributions. The robustness of these methods to data outliers (Malik, L995)

stems from the inclusion of the human factor in the information processing chain (Daoudi

et a1.,1993).

The LSS and GTM can be considered as general-purpose graphical analysis methods. The

advantages of human influence are retained and the methods may be applied to data in a

variety of formats. In this section, the application of these two techniques to HRV spectral

data has been demonstrated, with excellent results. With suitable preprocessing, there is no

need to rely on fixed-band analysis of the spectral data, thus avoiding the necessity of

choosing these band limits as well as retaining sensitivity to movement of low-frequency

peaks in the spectrum.
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Chapter 4 Visualisation of heart rate variability data

These methods do not extract information which relates directly to the sympathetic and

vagal tone and the axes of the figures do not necessarily have any physiological significance.

However, this is not a significant disadvantage over conventional processing since fixed-band

analysis suffers the same limitations.

These visualisation techniques also offer the opportunity to discover which characteristics

of the input vector cause the observed structure in the mapping - for example, by "backward

mapping" points of interest in the map. In this way, the expert knowledge of the user

regarding the relevance of the input vector elements can be used to extract the physiological

relevance of the map structure.

The input data format is quite flexible and not restricted to simple spectral profiles. The

model parameters of parametric spectral estimation methods may offer an alternative means

of computing dissimilarities, as discussed in Section 4.1.2.

Fusion of data from several sources is also possible, using a weighted Euclidean distance to

control the influence of each information source on the map structure.

The ability to compare data is a valuable tool in the arsenal of the HRV analyst. Vl/hile the

definition of "normal" HRV is yet to be firmly established (Task Force, 1996), the comparison

of unknown data to a database of known examples opens up the possibility of constructing a

diagnostic aid. Visualisation techniques offer direct, visual comparison of data. Data which

becomes available after a map has been constructed may be projected by the GTM onto the

same maPPing, since this algorithm has the ability to generalise to new data. The LSS has no

such function, and in the next chapter, the use of neural networks to add this capability is

discussed.
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Chapter 5 Generalisation and prior
information

The collection of biomedical data is often a dyramic affair. As new subjects are recruited or

examined, new data becomes available and the capacity to compare this new data to an

existing database is a valuable one. In the context of biomedical data, this enables data from a

patient of unknown status to be compared with a database of known examples. The property

of generalisation - the ability to efficiently project new data onto an existing mapping - is

therefore vital.

This is easily done with visualisation techniques which, as part of the mapping Process/

provide an explicit transformation from data to feature space. The GTM and SOM are

examples of such algorithms: the LSS does not, in its original form, provide an easy way to

project novel data. Sections 5.L and 5.2 examine the implementation of the LSS in the

framework of a feedforward neural network in order to provide the capability to generalise.

The use of prior information to improve mappings has already been discussed (Sections

3.1.1.3 and 4.2.2.1). Prior information may also be incorporated into the LSS in a variety of

ways. The same is not true of the G.TM, and a simple modification to the algorithm is given in

Section 5.3 to allow the algorithm to do so. The effect of the use of prior information on

generalisation ability is also examined.

The chapter concludes with a demonstration of generalisation and the use of prior

information for the visualisation of HRV data from a study into sleep aPnoea.

5.1- Feedforward networks for least-squares
scalings

One of the major limitations of least-squares scalings is the inability to project new data.

Demartines and Hérault (1997) suggest a local optimisation of the objective function for

projecting new data. FIere, the new data point xo is pooled with the existing data and the cost
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Chapter 5 Generalisation and prior information

function re-minimised, but moving only the corresponding map point J6. However, this

strategy is not suitable if prior information has been used during map construction, since this

information will notbe known for the new data sample.

A popular approach to this problem is to employ a universal approximator to learn the

functional form of the mapping from data to feature space. This has been done using neural

networks, in the form of multilayer perceptrons (van Wezel et a1.,L997; Mao and lain,1995;
Tattersall and Limb, 1994) and radial basis function networks (Tipping,1996; Lowe and

Tipping,L995; Webb,1995; Lowe, t993). Radial basis function networks are linear with
respect to the output layer weights, which offers some computational advantages in training.

These networks are the primary focus of attention in the next few sections.

5.1.1 Training the network

Two basic strategies are available for training a network to perform a LSS.

The most obvious is to break the process into two steps: generate a mapping directly (using

appropriate optimisation techniques) and then train the network to reproduce this mapping

using conventional supervised learning. This technique has been used to reproduce

nonmetric multidimensional scalings with linear and quadratic models (Cox and Ferry, 1999).

The second strategy is to combine the construction of the map and the estimation of the

network parameters into a single step. The general form of the cost function for the LSS is

reproduced here:

E = >>hi¡(d¡¡*-d¡¡)z , (s.1)
t J<t

where dU is the distance between point J¡ and point J, in the rnap, d,,* is the dissimilarity

between data vectors x, and x, and h,, is aweighting function.

Consider the radial basis function network which gives an ouþut 9 ¡ for input x, according

to the equation:

î, = I wkst,(llx,-"oll) .

K

k=l
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Training the network

The network contains K hidden units, the kth of which is centred olr c¡r has transfer

function g¿ and has an associated output weight vector n&.

By differentiating 5.1, with respect to the network weights tt ¡ r otrê obtains:

The first term on the right hand side is identical to that in Equation 3.11 in the original LSS

formulation. The second term can be evaluated from Equation 5.2:

AE
ðno

ð¡
ðro

(5.3)

= st,(llx'-roll) . (5.4)

Thus, the network weight update equation has been formulated so that the construction of

the map and network training are performed concurrently (the second strategy mentioned

above). This technique was first suggested by Lowe (1993) and dubbed "relative

supervision".

An extensive study of such networks has been made (Tipping,1996; Lowe and

Tipping, L995; Lowe,1993); however, it is not clear from this previous work whether relative

supervision offers better network generalisation performance than do supervised (two step)

training methods. Tipping (L996) made an explicit comparison of the generalisation

performance of relative supervision with that of supervised training and concluded that

relative supervision offered superior generalisation performance. The relative supervision

algorithm was shown to be "self-regularising" - that is, the algorithm contains inherent

mechanisms which encourage a smooth network and therefore good generalisation

performance. Flowever, Tipping did not consider the effect of including regularisation

mechanisms in the supervised training methods. It is suggested here that the inclusion of

such mechanisms should yield smoother networks and therefore better generalisation

performance. This may put the generalisation performance of supervised methods on a par

with that of relative supervision.

Section 5.2 compares the generalisation performance of the relative supervision algorithm

with that of supervised methods, with particular attention to the regularisation mechanisms

in both approaches. The principles behind regularisation and good generalisation are
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Chapter 5 Generalisation and prior information

reviewed briefly in the following section and then examined in the context of the least-

squares scaling in Section 5.2.2

5.2 Regularisation

The link between smooth transformations and good generalisation can be illustrated with
a simple example. Say we wish to train a network to model the function y = .f (*) , given a set

of noisy training observations shown by the circles in Figure 5.L. The figure also shows three

interyolations of the data, representing a highly smooth, moderately smooth and highly

unsmooth network transfer function. The term "network smoothness" is often used to
describe the smoothness of the network transfer function. Decreasing smoothness offers an

increased flexibility in the network, so training set error will also decrease - the unsmooth

network fits the training samples closely.
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Figure 5.1: T?aining data (circles), with a highly smooth (dotted), smooth (solid) and highly
unsmooth (dashed) fitted curve.

However, when used to project new data - essentially interpolating between training data

points - both the highly smooth and unsmooth networks will often perform poorly. Finding

the correct level of smoothness is a difficult problem which depends heavily on the nature of

the data.

The complexity of the network structure plays an important role in ensuring that the

network transformation is smooth. A small number of hidden units in the network will
restrict the complexity of the transformation and is thus a form of smoothing. Employing

wide bases in RBF networks has an equivalent effect, since this causes the responses of the

units to become correlated and the effective number of units is reduced. Choosing more or
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Assessing regularisation

narrower bases reduces the smoothness of the network. Encouraging a smooth network

transformation through choice of network structure is known as structural stabilisation.

It is also possible to include additional mechanisms in the network training which prevent

overfitting. The training of feedforward neural networks is commonly carried out in a least-

squares framework and a term may be added to the network cost function which penalises

unsmooth transformations:

(s.s)

Flere, Çl is the penalty term, the scalar v controls the extent to which the penalty term

contributes to the error function, and E is the usual squared-error term. The effect of the

penalty term is to trade model fit (error) for smoothness.

The penalty term Ç) may take the form of weight decay (or ridge regression):

E = E+vO.re8

H

Q*,t = I llrnllt,
k= I

operating on the premise that large weights results in unsmooth networks. One may also

penalise the network curvature directly (Bishop, 1993), using:

(5.6)

(5.7)o, = >>>
nm,

Regularisation may also take the form of training with noise or early stopping (to prevent

the network settling exactly on the training data) or other variants. A more detailed treatment

may be found in Bishop (1995).

5.2.1 Assessing regularisation

Determining the optimal level of smoothness of the network - and therefore the optimal

level of regularisation - is a difficult, data-dependent problem. The network training error

offers no useful information in this regard since it is minimised by an overfitted network. A

function which penalises both training error and model complexity may be of some use, but

requires knowledge of the weighting to apply to the two sources of penalty.
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Chapter 5 Generalisation and prior information

The most common method of determining the optimal regularisation is through the use of
a test set. The performance of the network is evaluated on a set of data, separate from that
used for training, and the regularisation chosen to maximise performance on this test set. A
large test set should be used in order to accurately assess the network performance - if data is

in limited supply, then cross-valiclation may be used. A smaller subset of data is withheld for

testing, but the training process is repeated for several different choices of test subset and the

results averaged.

The criterion used to assess network performance may take various forms. The objective

function of a mapping (evaluated on the test set) is a natural choice. If no such function exists

(as for the SOM) but class-labelled data are available, then classification could be used as the

criterion of test set performance. The justification for using classification to measure

visualisation performance has been presented in Section 3.1.

5.2.2 Regularisation in least-squares scaling networks

Regularisation must be incorporated into all networks in order to provide good

generalisation performance. The intent of this section is to compare the generalisation

performance of the relative supervision algorithm with the generalisation performance of
supervised training techniques.

The overriding source of regularisation in the relative supervision algorithm is structural
stabilisation, determined by the number and width of basis function units in the network. A
demonstration of this is given on the iris data set. This is well known data, used widely in the

pattern classification literature as a benchmark. The data comprises four measurements made

on three different types of irises, with 50 examples of each type of iris. A network was trained

using relative supervision, with as many basis functions as training data. The final values of
the error function (Equation 5.L) for the training and test sets (also known as training stress

and test stress) are shown with varying basis width in Figure 5.2.

The gradual rise in training stress with narrowing bases (increasing o ) is likely to be due

to the decrease in smoothness of the network causing the mapping to become trapped in local

minima (see Section 5.2.2.2). Accompanying this graceful degradation of training stress is an

alarming rise in test stress, indicating that the network generalises poorly with narrow bases.

As the basis widths become narrow the correlation among the basis function units decreases

and the smoothness of the network is reduced.
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Figure 5.2: Training and test stress with narrowing basis functions in the relative
supervision algorithm. As the width of the Gaussian basis functions is reduced (increased

o ) the test stress (and thus generalisation error) rises sharply. This illustrates the role of
structural stabilisation in the regularisation of the network.

The relative supervision algorithm also makes use of another, less obvious, regularisation

mechanism: translation of solutions.

5.2.2.1 Regularisation by translation

The cost function (Equation 5.1) for a least-squares scaling is clearly unaffected by an

arbitrary rotation or translation of the mapping. Tipping (1996) showed that the relative

supervision algorithm tends to favour solutions with small network weights and suggested

that the small network weights were achieved by exploiting the rotation- and translation-

invariant nature of the least-squares cost function. Consider an RBF network which has been

trained to produce a multidimensional scaling. The norm of the RBF weight matrix can easily

be shown to be invariant to rotations of the output mapping. However, translating the

solution does affect the norm of the weight matrix (Tipping, 1996,reproduced in Appendix C)

and so it is possible to reduce the magnitude of the network weights through translation of

the solution. Reducing the magnitude of the network weights while keeping the widths of the
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Chapter 5 Generalisation and prior information

basis functions fixed has the effect of increasing the smoothness of the network

transformation.

The translation of solutions in order to reduce network weights is an unorthodox concept

and is unique to networks which perform least-squares scalings. Of particular note is the fact

that translation does not penalise the fit of the network to the training data. In this sense,

translation differs significantly from conventional regularisation techniques. Thus far,

regularisation by translation has only been found as an inherent mechanism of the relative

supervision algorithm. One may then ask if it is possible to employ translation of the

solutions as a form of regularisation in supervised training.

Tipping (1996) showed that it is possible to determine analytically the translation of a

given mapping which will minimise the norm of the weight matrix for a given rotation of that

mapping. Flowever, Tipping claimed that the globally minimum value of the weight matrix

norm is dependent on the map rotation, and not possible to determine analytically. Tipping

argued that an explicit search of map rotations would be needed in order to find the network

weight matrix with the smallest norm. Such a search would be a difficult, nonlinear

optimisation problem and may well be practically infeasible.

In fact, the minimum value of the norm of the weight matrix does not depend on the

rotation of the mapping. Since translation may be applied to each dimension of the ouþut
mapping in turn, it is convenient to analyse the effects of translation on each column of the

weight matrix (corresponding to the output in each dimension) separately. While it is quite

true that the minimum possible value for the norm of each column of the weight matrix

depends on the rotation of the solution [this was shown by Tipping (1996)], the minimum

value of the norm of the weight matrix as awhole is invariant to rotation, and depends only on

the translation of the solution. This is shown in Appendix C.

In principle then, it is possible to incorporate translation of solutions in a supervised LSS

network training scheme. It is not necessary to search rotations of the mapping in order to

minimise the weights in the network and the optimal translation of the mapping may be

determined analytically using Equation C.7, Appendix C. This translation should be applied

at the completion of the regular training procedure. Note that this result only applies to

networks which are linear with respect to the weights and so a similar trick with a multilayer

perceptron would be difficult to implement.
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Regularisation in least-squares scaling networks

Example 1

The use of regularisation-by-translation with a supervised training method was evaluated

experimentally, using the posture/propranolol data from Section 4.2. Data from all subjects

was used in order to provide sufficient training examples for the network. For simplicity, the

problem was reduced to a two-class problem, pooling the drug data and concentrating on the

changes with posture.

The generalisation performance of the relative supervision algorithm was compared to a

network trained using a supervised method, but incorporating translation of the solution as

described above. Identical networks (number and width of basis functions) were used for

both training methods.

For the supervised training, the two-dimensional mapping Y was first generated

independently of the network, using the pinning algorithm (Demartines and Hérault, 1997).

A radial basis function network was constructed, using as many basis functions as training

examples. Quite wide bases (o = I x 10-3 ) were used to impose structural stabilisation and

thus ensure network smoothness.

For a radial basis function network with K basis functions {qr...qr}, the network

Jacobian is given by:

J=

g1(xt) e2@) ... 9r(¡
s1@) e2@) ... 9r(x (s.8)

g1 (x") e2(r") ... g¡(r

The pseudoinverse J+ of the network Jacobian was used to compute the network weights

needed to produce the desired output Y:

W=J+Y (5.e)

The translation of the solution Y required to minimise the network weights was then

calculated using Equation C.7, and the weight matrix adjusted accordingly.

The relative supervision algorithm was used to train a network with the same number and

width of basis functions.
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Chapter 5 Generalisation and prior information

The smoothness of each network was assessed on the basis of the curvature of the network

transfer function, using Equation 5.7. The generalisation performance of the two methods was

evaluated on the basis of the test stress and also the classification score. These were computed

using a test set comprising L70 samples each of supine and tilt data and averaged over 50

runs. Results are shown in Table 5.L.

Training
method

Weight
matrix
norm

Curvature
Training

stress

7-nearest-
neighbour

classification

Bayes'
likelihood

ratio
classification

Test
stress

Relative
supervision

Supervised
training

1..3x7022

(z.oxt021)

4.7x1027

(2.6xt021)

5.2x108

(2.5x108)

1.9x108

(1.3x108)

0.067
(0.0088)

0.1.1

(0.015)

0.098
(o.o1s)

0.13
(0.013)

0.59
(0.04e)

0.61.
(0.055)

0.60
(0.036)

0.6r
(0.0s7)

Table 5.1: Comparison of networks trained with relative supervision and with supervised
algorithms, using the posture/propranolol data set. Values are mean(std). The network

trained in a supervised manner had less curvature, but higher stress.

The results show that the magnitude of the network weights and the network curvature

were smaller for the supervised training method. The absolute value of the weight matrix

norms was very large: this is a consequence of using very wide basis functions. The results

also show that the training and test stress values were significantly better for the relative

supervision algorithm, indicating a better representation of the relationships between the

input data. The classification performance (assessed using both a nearest-neighbours and

Bayes' likelihood rule classifier) was the same for both.

Two possible explanations may be forwarded to explain the larger stress for the supervised

method compared to that obtained with relative supervision. The first explanation stems from

the network smoothness, since both the network weights and curvature were lower in the

supervised method than with relative supervision. The supervised network may have been

insufficiently flexible and therefore unable to attain a good map configuration. The second

possible explanation is that the pinning method used to construct the target map for the

supervised training may simply not have reached as deep a minimum of the stress function as

did relative supervision.

Examination of the stress scores for the target maps (before network fitting) revealed that

the latter explanation was indeed true. The pinning algorithm simply generated target maps
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Regularisation in least-squares scaling networks

with larger stress values than did relative supervision. Flowever, this does not explain why

the supervised method yielded smoother networks than relative supervision. Both methods

used the same number and width of basis functions, so the difference in smoothness was not

due to structural complexity.

A further investigation was made. Each of the network weight matrices given by the

relative supervision training method was translated explicitly using Equation C.7. In each

case, this translation resulted in a reduction of the norm of the weight matrix, with an average

reduction of about 10%.

So, while relative supervision may employ translation in order to minimise the network

weights, it does not necessarily exploit this mechanism fully. A reduction in the network

weights was obtained by applying the translation equation at the completion of relative

supervision training.

Example 2

A similar comparison of relative supervision and the fully supervised training method was

carried out to ensure that the results of the first example were not simply a peculiarity of the

data. In this second comparison, the iris data set was used. Twenty five examples of each of

the three types of iris were used for training and the remainder for testing. The results are

shown in Table 5.2.

Training
method

Weight
matrix
norm

Curvature
Training

stress

5-nearest-
neighbour

classification

Test
stress

Relative
supervision

Supervised
training

3.2x'1.02r

(6.5xr021)

2.0x1.021

(z.zxto21)

3.9x1016

(8.4x1016)

2.6x1016

(+.8x1016)

0.0045
(0.0007)

0.054
(0.024)

0.0070
(o.oo18)

0.056
(0.024)

0.96
(o.02o)

0.95
(0.022)

Table 5.2: Comparison of networks trained with relative supervision and with supervised
algorithms, using the iris data set. Values are mean(std). Stress values were quite different,

although classification performance was about the same for both.

With this data, the relative supervision again achieved lower values for both the training

and test stress than did the supervised method. The size of the weights and the curvature of

the networks was about the same. Both achieved test stress values which were comParable to
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the training values, suggesting that generalisation was good in both cases. It is interesting to

note that the classification performance (using the S-nearest-neighbours classifier) was similar

for both, despite the fact that relative supervision had a much lower test stress. Since the iris

data has well separated clusters, there are large distances which tend to dominate the stress

measure. The higher stress measure for the supervised procedure was probably indicative of

errors in the large inter-cluster distances. Since such errors have little effect on the

interpretability of the resulting mapr there was little difference in the resulting classification

performance.

5.2.2.2 Mup construction

The previous section has explored the regularisation involved in the relative supervision

algorithm. The results indicate that the generalisation performance which can be obtained

using supervised training methods is comparable to that from the relative supervision

algorithm. Ffowever, the process of generating the mapping has not yet been addressed.

With the relative supervision algorithm, map construction is performed concurrently with
network training. In the purely supervised approach to training, hâp construction is a

separate step which must be carried out prior to the training of the network. It is here that

relative supervision holds an undeniable advantage over supervised methods. The surface of

the error function is fraught with local minima and presents a difficult optimisation problem.

The smoothness imposed by network regularisation in the relative supervision algorithm

reduces the effects of local minima in the stress cost function, aiding the construction of the

map (Tipping,I996). In a two-step procedure, network regularisation cannot help in this

manner since map construction occurs independently of network training. Additionally, if
conventional regularisation mechanisms such as weight decay or early stopping are used

with supervised training, the fit of the network to the training data will be further penalised.

For this reason, the training stress in Tables 5.L and 5.2 are higher for the supervised network.

In contrast, regularisation by translation does not penalise the fit of the network to the

training data. However, it has already been noted that structural stabilisation (through the use

of wide bases) contributes to the regularisation of the relative supervision algorithm. A
consequence of using wide bases is that the network Jacobian may become ill-conditioned,

which can cause the training of the network to effectively cease before reaching a minimum
(Tipping, 1996). Thus, relative supervision does not necessarily attain the global minimum of

the stress function, but the smoothness imposed by the network aids the construction of the
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Regularisation in least-squares scaling networks

map and generally achieves a lower training stress than does map construction by direct

means.

The pinning algorithm (Demartines and Héraul¡ 1997) is probably the most appropriate

tool if the map is to be constructed independently of network training. The algorithm is quite

fast (O (N) ) and allows temporary increases in the error function, offering some hope of

escaping local minima. The change in error at time I is given by:

^E 
(') - -ü (Ð,à 

[llo,"u¡¡, 
* 

oà,,N 
¡Eo)r N iEi)f, (s.10)

where i is the index of the "pinned" pattern. The error will increase if the second term takes a

sufficiently negative value. As rnight be expected, in practice the algorithm is somewhat

sensitive to the choice of step size cr. Too small a step size does not allow the algorithm to

jr-p out of local minima, but too large a step size makes it difficult for the algorithm to settle

into any minimum at all.

5.2.2.3 Other considerations

The computational cost is an important consideration for the practical application of any

algorithm.

Each iteration of the relative supervision algorithm requires the computation of

N (N - l) /2 deivatives, an unattractive scaling behaviour if large data sets are involved (N

is the number of input patterns).

In this regard, the supervised (two-step) method is potentially more appealing, as a fast

method of generating the mapping may be used (such as pinning). The cost of supervised

training must then be considered, which will vary depending on the regularisation

mechanism chosen.

For the relative supervision algorithm, Tipping (1996) recorunends the choice of a large

number of wide bases. This is a simple strategy for ensuring network smoothness, but one

which maybe unnecessarily wasteful of computational resources, particularly with large data

sets. Smaller networks may be achieved without loss of performance, by careful choice of

basis function centres and widths.
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A method coûunon of achieving this in supervised RBF network training is to perform

some manner of cluster analysis, such as k-means clustering (Moody and Darken,1989), in
order to find a small set of hidden units which provide a good representation of the

distribution of the input data. However, since visualisation is essentially a clustering

procedure itsell this seems a somewhat circuitous approach.

Another method is that of orthogonal least squares (Chen eta1.,1991,; Chen eta1.,1989).

Here, basis functions are added iteratively from a pool of candidate units, choosing the unit
which gives the best improvement in network error at each iteration. The procedure is

terminated when a desired level of network performance (assessedby, Íor example, cross-

validation) is achieved. This method is not applicable to the relative supervision algorithm

since it requires the target training points in order to assess the improvement in network error

offered by each candidate basis function.

From a practical viewpoint, the use of the relative supervision algorithm is quite

straightforward (using, for example, the "shadow-targets" implementation (Tipping and

Lowe, 1997) and offers good generalisation performance. However, the algorithm can become

cumbersome with large data sets. Supervised methods offer greater flexibility and the

potential for smaller networks, but require an increased attention to practical details. The

construction of the mapping can be particularly difficult.

5.2.3 Multilayer perceptron

The discussion in Section 5.2.2 liras focused exclusively on radial basis function network

implementations. In a multilayer perceptron implementation, the network is trained using a

variant of the backpropagation algorithm, presenting pairs of input patterns at a time. The

rotation and translation required to minimise the network weights would be extremely

difficult to find, since the network is not linear with respect to the weights. Regularisation is

achieved through structural stabilisation (Mao and Jain, 1995). Smaller networks reduce the

complexity of the network transfer function, offering improved generalisation as compared

with highly complex networks. The choice of network size is "an important yet difficult

problem" (Mao and Jain,1995), since a too-small network will give an overly smooth transfer

function and will not adequately capture the essence of the data.
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Regularisation and the generative topographic mapping

5.2.4 Regularisation and the generative topographic
mapPing

In contrast to the least-squares scaling, generalisation is an integral part of the GTM

algorithm. The GTM defines a parametric transformation from latent (low-dimensional) space

to data space, and a set of regularly-spaced grid points in latent space. Each grid point is

transformed to give the centre of a distribution in data space, and training consists of

adjusting the parameters of the transformation to fit the sum of these distributions to the

training data. For the visualisation of a new point in data space, Bayes' theorem is used to

invert the transformation and find the corresponding distribution in latent space. This

posterior distribution can be condensed into its mean or mode for convenient, simultaneous

visualisation of a number of data points.

The parametric transformation mentioned above is defined by a set of basis functions @

and a weight matrix W , and the topographic nature of the GTM is ensured by choosing a

small number of relatively wide bases, in order to provide a smooth, continuous

transformation from latent to data space.

The regularisation of the GTM is provided principally through the choice of basis

functions, although a weight-decay term may be included during training if desired (Bishop

etal.,1998b). The choice of basis functions and regularisation coefficient may be made

through trial and error, although a recent extension of the GTM algorithm offers a method of

controlling the smoothness in a more elegant manner through Bayesian formalism (Bishop

et a1.,1998a).

5.2.5 Conclusions

Radial basis function networks are a popular means of adding the capability of

generalisation to the least-squares scaling algorithm. Training the networks may be done

concurrently with the map constructiory or in a separate step. The former approach is known

as relative supervision. This is generally easy to use and offers good generalisation

performance, but the computational demands can become prohibitive for large data sets.

These demands arise from the map construction itsell which requires the evaluation of

N (N- 1) /2 deivatives at each iteration of the algorithm (N is the number of input patterns).

Separating the steps of map construction and network training offers the possibility of using a

more efficient technique for the map construction.
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In Section 5.2, the generalisation performance of the two training methods was compared.

Regularisation in the relative supervision algorithm is provided by structural stabilisation

and, to some extent, translation of solutions. Translation is a novel regularisation mechanism

which reduces the magnitude of the network weights but which, unlike conventional

regularisation, does not penalise the fit of the network to the training data.

The possibility of incorporating regularisation-by-translation into supervised training

methods has previously been raised (Tipping, 1996). The translation which is required to

achieve a minimum value of the weight matrix norm (for a particular map rotation) may be

found analytically. FIowever, it was previously thought (Tipping, 1996) that the minimum

value of the weight matrix norm was dependent on the rotation of the solution. Thus, if one

wished to incorporate translation as a mechanism of regularisation into a supervised method,

a search of map rotations would be needed in order to find the minimum weight matrix

norm. This would be a computationally expensive search procedure, and so regularisation by
translation was considered an impractical approach.

In Section 5.2.2.1it was shown that the globally minimum value of the weight matrix norm

is not dependent on the rotation of the solution. It is therefore feasible to incorporate this form

of regularisation into networks which are trained in a supervised manner. It was also shown

that relative supervision does not necessarily make full use of the translation mechanism, and

that a reduction in network weight amplitudes may be obtained by explicitly applying

translation after relative supervision training.

It was concluded in Section 5.2.2.1, that, provided appropriate regularisation is

incorporated into each approach, supervised training methods can be expected to offer

comparable generalisation performance to relative supervision.

However, the construction of least-squares scalings through conventional optimisation is a

difficult task. Combining the steps of map construction and network training (as with relative

supervision) eases this task significantly, since the network smoothness reduces the chance of

becoming trapped in suboptimal minima in the map cost function. The trade-off is the scaling

behaviour of the algorithm with the number of input data, which can become prohibitive.

Separating the two steps offers the possibility of using a faster method of constructing the

map (such as pinning).
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5.3 Prior information

The concept of incorporating prior knowledge during map construction was introduced in

Section 3.L.1,.3. This prior knowledge is assumed to be known only for the training data and

commonly takes the form of class labels. The incorporation of this information generally

serves to clarify or enhance clusters which are not well resolved in a purely unsupervised

mapping.

Poor cluster separation in the map may be due to several factors: the most obvious is that

the data is simpty non-separable, consisting of overlapping clusters in data space.

Alternatively, the data may be inherently of dimension larger than two, and unable to be

represented adequately in a two-dimensional mapping, or it may be two-dimensional, but

exist on a nonlinear manifold in higher dimensional space which cannot be adequately

"unfolded" by the basic unsupervised scaling algorithm.

The incorporation of class information during map construction can help to unravel

strongly folded data, producing a more useful mapping. An example is given on a mapping

of two rings, interlinked in three-dimensional space as depicted in Figure 5.3a. A typical

unsupervised Sammon mapping (Figure 5.3b) does not untangle the two rings, and the rings

are distorted as a result. The inter-point distance reconstruction plot is shown in Figure 5.3c.

The same data is mapped using an element of supervision, accomplished by replacing the

data dissimilarities d,j* hEquation 5.1, with ôu:

ô,,:. = (1 -a) d,r* + d,s,,, (5.11)

where cr is a scalar controlling the degree of supervisiory and

,s {
0 for data points i and j belonging to the same ring (class)

1 otherwise
(5.12)

u

The mapping with cr = 0.5 (Figure 5.3d) shows clear separation of the rings, although

some distortion remains. The intelpoint distances reconstruction plot (Figure 5.3e) indicates

that local structure is better represented in the partially supervised mapping.

In this example, the data occupy distinct volumes in three dimensional space with no

cluster overlap. It is the intricate nature of the cluster arrangement which prevents the
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Figure 5.3: (a) Two interlinked rings; (b) Unsupervised Sammon mapping and (c) the
associated interpoint distances reconstruction plot; (d) Partially supervised Sammon

mapping (cr = 0.5 ) and (e) the interpoint distances reconstruction plot.

unsupervised algorithm from separating the two clusters in the mapping. The interlinked

dimensions, and thus can be considered have an "inherent dimensionalíty" greater than two.

The use of prior information is one method of forcing the mapping into a preferred
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orientation (one which is more meaningful to the observer, even though it may be a

numerically inferior solution by the unsupervised rule).

Prior information regarding the data may also take the form of knowledge of the scale at

which interesting structure exists in the data. This information may be incorporated through

the use of an alternative weighting function h,, in the cost function (Equation 5.1). Most

commonly, weightings which emphasise local structure in the mapping are used. Demartines

and Hérault (1997) advocate the use of a weighting function which is a non-increasing

function of the distance in map space d, such as the simple step function:

,,, = {to
if dij<7t

otherwise

(a)

(s.13)

A mapping of the interlinked rings using this weighting is shown in Figure 5.4.

Demartines and Hérault claim that this weighting function is the "only one to unfold strongly

folded da!a". Since the weighting is a function of the ouþut distances, the solution is

recursive. This can make the map construction considerably more difficult.
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Figure 5.4: (a) An unsupervised least-squares scaling of the two interlinked rings, using a

modified weighting function; (b) The interpoint distances reconstruction plot. Local

structure (distance less than ì" ) is preserved well in the mapping. Reproduced from
Demartines and }J.êravlf, L997.

An alternative weighting strategy, dubbed "consequential region scaling" (Lee,1999),

emphasises moderate distances since these are most likely to connect points on the boundary

of the same cluster.
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5.3.L Prior information and the generative topographic
maPPing

The generative topographic mapping (GTM) algorithm (Bishop etø1.,1998a; Bishop

et a1.,1998b) relies on prior information in the selection of the number of latent grid units, the

number and width of basis functions, and the regularisation coefficient. However, the basic

formulation of the algorithm does not offer any mechanism for incorporating class-label

knowledge. A modification to the original algorithm is given below, in which such

information may be included by assigning a class "preference" to each grid unit a priori.

s.3.1.1 The modified algorithm

Assumewehavetwoclassesof data,withaclasslabel cne {O,1} foreachvectorr, inthe
training data. The prior information takes the form of a scalar 0 < y, < I for each grid unit l. If
a particular unit i is chosen to prefer data with class label c = 0, this is incorporated by

assigning yj = 0. Units ft withno particular class preference are assigned Tt, = 0.5; units /

chosen to prefer class 1 are assigned ^{t = I . Intermediate values may be used.

The distribution of data x, given component i, weights 17 and variance l/þ is the same

as in the original formulation of the GTM:

p(xli,W,þ) = {þ/ (2n)}D/2e
- {Þllm,- xll2tzy

(s.14)

The class-conditional distribution in data space is given by sumrning over all components:

p (xlc,W,Êl = > P Qlc)p (xli,W,þ), (5.15)

l= I

where the priors P (ilc) reflect the prior "preferences"

P (ilc) = (t/D 
11 -. - y,l . (5.16)

In the case of equal priors (I = 0.5, Vi ), this reverts to the standard GTM formulation. The

priors need not be constant throughout the algorithm and could initially be chosen to be equal

to ensure global ordering, before evolving with time to reflect the class-label information.
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The joint likelihood is given by:

p (x,clI'l¡,Ê) = P (clW,þ) P (xlc,W,þ) ,

and

with:

P(clW,þ) = N,/N. (s.18)

The parameters 17 and p are estimated by maximising the expected log-likelihood

(L (w,þ)) = los flp (* n,' nl w,P) ,

(s.17)

(5.1e)

(5.20)

(s.21)

n=1

which, under the usual assumption of independent data, becomes:

(¿(W,p)) = I to*o (xn,cnlW,þ)

n=l

In keeping with the original formulation of the GTM algorithm, this likelihood is

maximised using the expectation-maximisation (EM) algorithm. At each iteration of the

algorithm, the expected log-likelihood is evaluated using available parameter estimates and

then new parameters W n"* and Þn", are chosen to maximise this expectation.

The expected log-likelihood (Equation 5.20) may be differentiated with respect to W and

set to zero, giving:.

NI

n=li=l

r-,n-y, *p(-B wa@,) -r,')
Rn

i lr - ,^-T¡¡".n(-!¡w a @)-",il,)
j=r

evaluated at each iteration using the available estimates of 17 and p.

PplnS

ta
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Similarly, differentiating (L (ly,p)) with respect to I/þ leads to the update equation:

The complete derivation of these equations is given in Appendix D. These update

equations are in fact identical to those of the standard GTM algorithm, with the exception of

the definition of R,,.

Once the parameters 17 and B have been estimated, new data may be visualised by
computing:

NI

*= NDI L,o^,ll*,,*Q(u,) -',ll''

p (ilx,w,þ) = 
P (tliv.'Ð P-J')

p (x)

(5.23)

(s.24)

(s.25)

with

P(i) = I"t'l p(ilc)
C

c=l

5.3.1.2 Demonstration

The standard generative topographic mapping applied to the interlinked rings gives the

mappings in Figures 5.5a and 5.5b, for strong and weak regularisation respectively. The

smoothness imposed by the strong regularisation does not allow the rings to become

separated. For this particular example, the unsupervised GTM algorithm actually produces

quite sensible and useful mappings.

Figures 5.5c and 5.5d show the GTM with prior information incorporated into the

mapping. The units i on the left half of the grid were allocated to the ring shown with green

circles (T, = t ), the units j on the right half of the grid to the ring shown with red squares

(T, = 0). With weak regularisation (Figure 5.5c), the points become well-separated by class,

but with severe distortion (particularly for the green ring). Moderate regularisation (Figure

5.5d) reduces both the distortion and the cluster separation.

This simple example not only serves to demonstrate the modification to the algorithm, but
also shows its principal weakness: the inclusion of the prior information is done in a such a
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Figure 5.5: (a) Equal priors (standard GTM), strong weight-decay regularisation (v = 0'1) ;

(b)equalpriors,weakregularisation (v = 1x 10-6);(c)priors ^{¡= I forunits i ontheleft

half of the grid, yj = 0 for units j on the right half of the grid, and weak regularisation

(v = 1x 10-6);(d)priorsasfor(c)andstrongerregularisation (v = 5x 10-a).

way as to encoura ge a specifíc output configuration (in this case, one cluster on each side of the

grid). This suggests that the desired cluster arrangement is known in advance. For complex

data sets (particularly with multþle classes), it may be difficult to pose a suitable prior

distribution. One also runs the risk of creating an artefactual cluster arrangement which does

not reflect the true topography of the data.

An altemative method of incorporating prior information into the GTM, and an avenue for

further study, is to include a penalty term in the likelihood equation which encourages cluster

separation. This penalty term could be formulated as a function of map distances,

encouraging large inter-class distances and small intra-class distances, in a similar manner to

the method of incorporating prior information into the least-squares scaling.

5.3.2 Prior information and generalisation

Poor cluster separation in the mapping may be indicative of data which simply overlaps in

data space. Incorporating class information in this case will result in an artefactual separation
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of the clusters and any network trained to produce such a mapping will generalise poorly
since, by necessity, the training must overfit in the region of the cluster overlap.

Interesting data from real-world situations is likely to be drawn from a nonlinear manifold

and also likely to show true cluster overlap. Inco¡poration of prior information may help to

untangle the manifold and so an improvement in generalisation performance may occur with
moderate influence from prior information. With insufficient regularisation, one would
expect to see a decline in generalisation perforrnance with strong influence from prior
information, since the network would begin to overfit the training data in the region of the

cluster overlap. If the smoothing effect of regularisation were too strong there may be no

increase in generalisation at all, since the incorporation of prior information is likely to
require a decrease in network smoothness, particularþ near cluster boundaries (Figure 5.6).

Map space

Data space

Small change
Large ctrange

Figure 5.6: In order to enhance cluster separation in feature space, the mapping must be
less smooth near the cluster boundaries: a small change in data space locatioñ gives a

relatively large change in the feature location.

Finding the optimal level of prior influence is a difficult problem which depends heavily

on the nature of both the data and the prior information. The purely unsupervised mapping

should naturally lead to a fairly smooth network since points which are sirnilar in data space

willbe close to each other in the mapping. A purely supervised mapping is likely to require a

less smooth transformation. The hybrid mapping, incorporating elements of both, allows a

gradual trade-off of smoothness for map interpretability. Thus, the inclusion of prior
information is linked with the network regularisation and both are probably most

convenientþ determined on the basis of validation set performance.
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Conclusions

5.3.3 Conclusions

The incorporation of prior knowledge during map construction is one method of

improving the separation of clusters in the least-squares scaling. A similar effect may be

obtained with the GTM, using the algorithm modification suggested above. These techniques

are of use in untangling data on a nonlinear manifold. Care must be taken not to create

artefactual cluster separations if good generalisation performance is desired.

5.4 Case study 2: Sleep apnoea

This section uses data from a sleep apnoea study (Hilton eta1.,1998) to demonstrate

generalisation of mappings in a biomedical context, using both the least-squares scaling and

the generative topographic mapping. The use of class-label information during map

construction is also demonstrated on the least-squares scaling.

5.4.1 The sleep apnoea/hypopnoea syndrome

The sleep apnoea/hypopnoea syndrome (SAHS) is respiratory disorder which occurs

during sleep. Apnoea describes the complete cessation of airflow during sleep, while

hypopnoea is a reduction in airflow by 50% or more. \¡Vhile infrequent apnoea episodes are

quite common in normal subjects, recurrent episodes are abnormal. The traditional definition

of sleep apnoea is five or more episodes of blocked airflow in an hour, each lasting ten

seconds or longer (Parkes, 1985). Sleep apnoea may be central or obstructive in origin: central

apnoea stems from a problem with the central respiratory drive and is characterised by a lack

of respiratory movement. Obstructive apnoea is the most common form of apnoea and is

caused by closure of the upper airway. The chest and diaphragm move with changes in

intrathoracic pressure induced by respiratory effort, but there is no airflow at the nose or

mouth. Obstructive apnoea is particularly prevalent amongst males, the obese and older

individuals, and may be linked with other disorders: systemic hypertension has been

reported in up to 50% of apnoea sufferers (Fletchea 1995).

Each episode of apnoea is terminated by an arousal, often accompanied (in the case of

obstructive apnoea) with a loud snort as the airway is cleared. Sleep is fragmented by these

frequent arousals, so patients often display daytime drowsiness, difficulty in concentrating

and headaches. In severe cases, patients may develop cardiovascular complications such as
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right sided congestive heart failure. Sleep apnoea has also been identified as a contributor to

cot death (Hudgel, 1986; McCafÍree,1986; Gordon et a\.,1984).

Sleep apnoea may be reliably detected by polysomnography in a specialised sleep

laboratory. Typically, polysomnography involves the recording of EEG

(electroencephalogram - electrical activity of the brain), EMG (electromyogram - electrical

activity of the chin muscle) and EOG (electrooculogram - movement of the eye) to aid in

identification and staging of sleep, breathing pattern (flow or temperature sensors at the nose

and mouth), snoring intensity (microphone), ventilatory effort (by oesophageal balloon or by

strain gauge around chest), ECG and arterial oxygen saturation (by an oximeter placed on the

ear or finger). Such an arcay of sensors requires significant setup time, incurs high cost of

disposables, and requires maintenance throughout the night to ensure that all the sensors are

properly positioned. The cost of polysomnography has been estimated at f'126 per study

(Bradley eta1.,1995). There is strong interest in more convenient screening procedures for

sleep apnoea.

"The laboratory time and expense involved in performing

polysomnography has prompted investigators to search for less demanding

methods of detecting apnea that will allow screening of large populations

for epidemiologic dàta." (Fletcher, 1986, p. 6)

Oximetry is currently a widely accepted alternative to polysomnography for apnoea

screening. The interruption in breathing caused by apnoea also causes a decrease in the

arterial oxygen saturation and in turn the oxyhaemoglobin saturation (SaO) (Hudgel,1986).

Oximetry is an inexpensive, noninvasive method and typically shows excellent specificity

(fraction of normal subjects diagnosed correctly) but often poor sensitivity (fraction of apnoea

subjects diagnosed correctly) (Ryan eta1.,1995; Douglas eta1.,1992). Hypopnoeic episodes

which cause arousal from sleep but not significant oxygen desaturation will not be detected

through oximetry (Ryan et a1.,1995). Many subjects who have undergone oximetry are

therefore further investigated with polysomnography (Hilton et ø1.,1998).

During all types of apnoea, the heart rate has been observed to slow (bradycardia), with
the extent of slowing strongly related to the decrease in oxyhaemoglobin saturation (Zwillich

et al.,1982). Arousal is accompanied by sympathetic stimulation and an increase in heart rate

(tachycardia) (Leuenberger eta1.,1995). This cyclic change in the heart rate associated with
aPnoea has long been recognised and has been used as the core of various screening methods

106



Methods

(Keyl et a1.,1997; Tilkian et ø1.,1978). This pattern is not specific to sleep apnoea

(Hudgel, L986) and so in isolation, a given brady-tachycardia cycle is not specific indicator of

SAHS. However, repeated occurrences throughout the night is a strong indicator of sleep

apnoea (Hilton et ø1.,1999).

The respiratory component of HRV may also offer useful information for apnoea

screening. During central apnoea, there is a loss of respiratory drive as well as respiratory

effort, and so no RSA component would be expected in the HRV signal. During obstructive

apnoea, the neural signals controlling respiration remain intact, as does respiratory effort, and

the RSA component of HRV will persist.

5.4.2 Methods

Polysomnography and Holter monitoring were performed on 40 male subjects, with a

mean (standard deviation) age of 40(10). Each polysomnography record was scored blinded

by a technician for apnoeas and hypopnoeas. Heart rate data was taken from a LS-minute

segment during light sleep for each subject.

Spectra were estimated using a time-frequency representation with binomial kernel

(Williams,1996) and then averaged over non-overlapping 32 second segments. Segments

known to contain an episode of apnoea were identified and collated and an equal number of

control data were added, chosen at random from the control subjects. The resulting data set

contained L08 averaged spectral densities, with spectra from normal sleep and from episodes

of apnoea each numbering 54 samples.

A typical apnoea spectral density is shown in Figure 5.2 with the very low frequency

activity clearly visible. An example of the spectral density of the HRV signal during normal

sleep is shown in Figure 5.8.

The preprocessing of the data was similar to that used in Section 4.2.The respiratory sinus

arrhythmia was isolated by taking the mean of each spectrum from 0.15-0.4 Hz. The

remainder (0-0.15 Hz band) of each spectrum was smoothed using a windowed averaging

function. Each final 39-dimensional data vector comprised 38 elements containing the

smoothed spectral envelope from 0-0.15 Hz, and one element containing the RSA component.

This last element was scaled by the square root of the number of frequency bins in the band

0.15-0.4 Hz, in order to maintain the contribution of the RSA to dissimilarity measures.
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Figure 5.7: Typical spectrum associated with an episode of sleep apnoea. The very low
frequency peak is caused by the brady-tachycardia cycle of the heart during apnoea.
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Figure 5.8: Example spectrum of the HRV signal during normal sleep. The respiratory
comPonent is clearly visible at about O.2Hz, along with lower-frequency components.

5.4.3 Results and discussion

The LSS and GTM were used to visualise the structural relationships in this data set.
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5.4.3.L Visualisation

The generative topographic mapping

The posterior-mean distribution of the data onto a 20x20 grid is shown in Figure 5.9. The
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Figure 5.9: Generative topographic mapping of the non-noûnalised data on a 20x20 grid.

data were smoothed lightly in frequency (averaged across a sliding window of width 0.03H2,

which was7 frequency bins) but not normalised.

The map shows two clusters, with the control and apnoea data roughly separable by the

rising diagonal (bottom left to top right). Figure 5.1.0 uses colour to indicate the distribution of

the map points with respect to various characteristics of the input data: VLF power (taken as

the mean of the PSD in the band 0-0.08 Hz), RSA power, the centre frequency of the spectrum

in the band 0-0.1,5 Hz, and the 3dB bandwidth of the spectrum about this centre frequency.

Figure 5.l,L shows the distribution of the map points with respect to subject age, body mass

index (ratio of weight to the square of height), neck circumference and oximetry score

corresponding to each map point. Body mass index and neck circumference offer information

regarding the obesity of the subject, and the oximetry (SaO) index offers a comparison with

the results of oximetry, the most popular low-cost alternative to fulIpolysomnography.
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Figure 5.10: The distribution of the GTM points (for non-normalised data) with respect to
log VLF power (vlf),log RSA power (rsa), centroid of PSD in band 0-0.15 Hz (cfr) and

bandwidth about centroid (fbw).

As expected, the distribution with respect to VLF power shows a clear ordering of the data,

with VLF power increasing with x-coordinate (correlation coefficient 0.97).In fact, the VLF

power is almost sufficient to discrirninate apnoea and control subjects: with the exception of a

pocket of control subjects in the top right hand corner of the mappin& the subjects which

display a (1og) VLF power of greater than about -3 are SAHS subjects. Those control subjects

which display a similarly large VLF component are all aged 35 or less (see the distribution

with respect to age, Figure 5.10). It is known that total HRV power declines with age (Lipsitz

eta1.,1990; O'Brien etø1.,1986) and so these control points show large VLF components by
virtue of age rather than as an indicator of apnoea. The centroid of the PSD in the band 0-0.1,5

Hz is also higher for these subjects (about 0.08 Hz) than for apnoea subjects (about 0.05 Hz).

The distribution with respect to RSA power shows a weak radial ordering (lowest values

in the lower left hand quadrant of the map). The centroid of the PSD in the band 0-0.L5 Hz

also showed a strong ordering with respect to map position.
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Figure 5.11: The distribution of the GTM points (for non-normalised data) with respect to
age, body mass index (bmi), neck circumference (nck) and oximetry score (sao).

The distributions in Figure 5.LL offer an appreciation of the map structure with respect to

variables not included in the input data. The distribution with respect to age does not show

strong ordering but there is a tendency for similar ages to cluster together. Since no

normalisation has been applied, this probably reflects the decline of total HRV power with

a8e.

The BMI for control data shows a rough increase from the top right of the cluster to the

bottom left. Higher values of BMI would suggest a decrease in physical fibress, which is

accompanied by a decline in parasympathetic control with respect to fitter subjects. The

ordering with respect to BMI is roughly opposite to that with respect to RSA, which is a

marker of parasympathetic activity. No clear pattern with BMI is evident for the SAHS data.

Figure 5.11. also shows the distribution with respect to the SaO2 index. By definition,

control subiects have low SaO2; the SAHS points show groupings of similar SaO2 values, but

the arrangement of these groupings does not show any shiking Pattern.
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Normalised data

The data was then normalised with respect to the total power in each spectrum (excluding

components below 0.05 Hz). The GTM projection is shown in Figure 5.L2, again with

clustering of control and SAHS points, but with apparently more overlap between clusters

than was the case without normalisation. Several SAHS points are now surrounded by

control points.
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Figure 5.12: Generative topographic mapping of the apnoea data on a20x20 grid. The data
was normalised with respect to the total power (excluding VLF components).

The distribution with respect to VLF power (Figure 5.13) again correlates very strongly

with x-coordinate. The structure with respect to RSA was much clearer than with no

normalisation. The projection of each map point onto the falling (top left to bottom right)

diagonal correlated with the RSA power (see the distribution with respect to RSA power in
Figure 5.13). The normalisation reduced the effects of changes in the total power, allowing the

RSA component an increased contribution to the structu¡e of the mapping.

The centroid frequency and bandwidth showed a strong ordering with respect to the map

points: SAHS subjects with wide, low-frequency components were mapped to the top of the
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cluster, and points at the bottom were characterised by narrow components at higher slightly

frequencies.

The map also showed more interesting sü:ucture with respect to age, particularly for the

SAHS points. Apnoea data were located on the right hand side of the map, at increasing y-

coordinate with age. Total HRV is reduced with age, but the decline of (absolute) RSA with

age is less than of non-respiratory components (Simpson and Wicks, 1988). Normalised RSA

thus increases with age - following the pattem of the map.

The distribution of points with respect to BMI shows no obvious pattern for the SAHS

data. Control subjects with high BMI tended to be located near the adjoining region of the two

clusters.
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The "mismapped" SAHS points (those apparentþ located in the control cluster) appear to

fit the general pattems o1 age, VLF and RSA. Howeveq the distribution with respect to the

SaO2 index (Figure 5.14) offers some clue to the reason for their location: all points on the left
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Figure 5.14: The distribution of the GTM points (for normalised data) with respect to age,
body mass index (bmi), neck circumference (nck) and oximetry score (sao).

hand side of the map (including true controls, as well as these mismapped points) have low

SaO2 values. Oximetry is known to miss hypopnoeas and apnoeas which do not cause

significant desaturation of the arterial oxyhaemoglobin since this is the sole information used

by oximetry.

The extent of bradycardia during apnoea and hypopnoea is strongly related to the degree

of oxyhaemoglobin desaturation (Zwillich etal.,l982). Since these subjects did not show

significant desaturation, the VLF component is correspondingly smaller. In addition, two of

the mismapped points were from a subject who displayed a high number of hypopnoeas and

relatively low number of apnoeas (clearly visible in Figure 5.14). During hypopnoea, the

airflow is reduced but not completely blocked, giving a larger RSA than during apnoea. The
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remaining mismapped SAIIS points are from subjects with low body mass index and fit

subjects will also show a more pronoulced RSA component. Thus, the increased RSA (due to

the normalisation) and the smaller VLF component (due to the decreased degree of

desaturation) for each of these subjects causes them to be mapped amongst control points.

A simple classification scheme was used to objectively assess the cluster separation of the

mappings with and without normalisation. Each mapping was trained on the complete data

set and then each point in the mapping classified by voting k-nearest neighbours and Bayes

Iikelihood rule classifiers. Note that this procedure does not assess generalisation properties

since the classifiers were constructed and then applied to the same data. Low classification

scores in this test simply indicate a high degree of overlap between the control and apnoea

clusters in a mapping. The cluster-separation scores are tabulated in Table 5.3, and confirm

the subjective observation that non-normalised data shows better cluster separation than

normalised data.

Classifier 7-nearest-neighbour

Specificity Sensitivity

Bayes' likelihood ratio

Specificity Sensitivity

Non-normalised
data

Normalised
data

0.8L

0.89

0.9L 0.87

0.83

0.87

0.830.81

Table 5.3: Cluster separation for the GTM mappings of the normalised and non-normalised
data, assessed by training set classification. The overlap between the control and SAHS

clusters increases with normalisation.

The Sammon mapping

The form of the Sammon mapping was very similar to that of the GTM, for both

normalised and non-normalised data. The Sammon mapping of the non-norrnalised data is

shown in Figure 5.L5, with additional information plots in Figures 5.16 and 5.17. The cluster

separation is presented in Table 5.4; and again, is very similar to that seen in the GTM.
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Classifier 7-nearest-neighbour

Specificity Sensitivity

Bayes' likelihood ratio

Specificity Sensitivity

Non-normalised
data

Normalised
data

0.82(0.04) 0.8e(0.03) 0.86(0.03) 0.87(0.05)

0.e1(0.001) 0.80(0.007) 0.81(0.006) 0.82(0.003)

Table 5.4: Mean(std) cluster separation for the Sammon mappings of the normalised and
non-normalised data, assessed by training set classification and averaged over 50 runs. As
was the case with the GTM, the overlap between the control and SAHS clusters increases

with normalisation.
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Chapter 5 Generalisation and prior information

5.4.3.2 Interactive visualisation

Lrteractivity has been identified in Section 3.L as a very desirable attribute for data

visualisation algorithms. A common device for interaction is the manual selection of points of

interest by the user. The mapping is then adjusted to give the best representation of these

particular points.

Figure 5.18 shows such an interaction with the Sammon mapping. The points within the

box in Figure 5.18a were selected, and the error function (Equation 5.L) re-miniÍúsed with
respect only to the selected points. The resulting mapping (Figure 5.18b) shows the local

structure in this region of interest more accurately.
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Figure 5.18: Interactive visualisation using the Sammon mapping: (a) zoomed view of
Figure 5.L5. The error function was re-minimised, considering only those points enclosed

in the box; (b) the resulting mapping.

5.4.3.3 Generalisation

The general forms of the mappings of the data have been established in Section 5.4.3.1. T?re

generalisation properties of the various maps are now explored.

The GTM was run again, with one sample withheld from the training data. The GTM was

trained as usual and then the retained point was projected onto the mapping. l.his "test"

position in the map was recorded and the procedure repeated, withholding each data point in
tum. The GTM starts from an approximate principal components projection of the data each

since a different data point was withheld from a relatively small data set each time. If the

number of available data patterns was very large, then the removal of one point would have

had negligible effect on the statistics of the set). The GTM is deterministic and so the test
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position of each point should be close to the training position (the position in the mapping for

that point, when the training data comprised the entire set).

The mapping of the collated "test" points is shown in Figure 5.1,9, with lines used to

indicate the displacement of each point from its training position. The majority of the points

are displaced little from their training positions and those points which are displaced

significantþ are generally on the edges of the grid. The overall picture of the data set

conveyed by the mapping is similar to that of the map shown in Figure 5.9, and so it is fair to

surmise that the GTM generalises well in this case. Sirnilarly good performance was obtained

with the other combinations of mapping algorithm and normalisation regime.
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was withheld from the training set in turry and projected as a test point. The lines indicate

the displacement of this "test" position from the original position of the point.

To gain a more objective assessment of the generalisation properties of the mappings,

classification of the test samples was also used. A test set comprising 1,0 randomly chosen

samples each of control and SAHS data were excluded from the training data. Two simple

classifiers were used: the voting k-nearest neighbours and Bayes' likelihood ratio. Here, we

are not looking for high classification rates, but rather test set classification which is

comparable to training set classification. Comparable test and training set classification

indicates that the test points are being projected in approximately the same manner as the

training points - and thus is a marker of good generalisation.

0 06
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Chapter 5 Generalisation and prior information

The classification scores on the test set are shown in Table 5.5 for the GTlvf and Table 5.6 for

the Sammon mapping. Only one test set classification result was significantþ different from

the training set value (nearest-neighbour specificity in the Sammon mapping with normalised

data - the classification was higher for the test set than the training set). Generalisation is thus

excellent for both the GTM and the Sammon mapping, with both normalisation schemes.

7-nearest-neighbour

Specificity Sensitivity

Bayes' likelihood ratio

Specificity Sensitivity

Non-normalised
data

Normalised
data

0.80(0.14) 0.8e(0.0e) 0.8e(0.11) 0.87(0.10)

0.8e(0.0e) 0.81(0.12) 0.83(0.11) 0.82(0.12)

Table 5.5: Mean(std) GTM test set classification scores. The mean classification in each case
was not significantly different from the training set classifïcation (assessed using t-test

with p <0.02), indicating good generalisation.

7-nearest-neighbour

Specificity Sensitivity

Bayes' likelihood ratio

Specificity Sensitivity

Non-normalised
data

Normalised
data

0.83(0.12) 0.8e(0.12) 0.87(0.11) 0.85(0.13)

0.e5(0.07). 0.80(0.13) 0.84(0.10) 0.82(0.13)

Thble 5.6: Mean (std) Sammon mapping test set classification scores. Only one result
(marked *) was significantly different from the training set classification (assessed using a

t-test and p <0.02), indicating good generalisation.

As shown in Section 5.2.2, translation of least-squares solutions may be used to reduce the

size of the network weights. Table 5.7lists the weight matrix nortn and the network curvature

with and without translation. Under normalisatioru both the network weights and the

curvature showed a decrease with translation (Table 5.7). However, classification did not

improve significantþ with translation (results not shown). Translation does not alter the fit of
the network to the training data and so does not reduce cluster overlap any more so than does

the basic relative supervision. The curvature and weight-norm measures reflect the

smoothness of the network as a whole, and not necessarily the smoothness of the

transformation in the region of the cluster overlap.
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Results and discussion

With no normalisation of the data, there was no significant change in the network weights,

curvature or classification performance with translation.

Training method

Weight matrix norm

Normalised *o1.-
normal1seO

Curvature

Normalised Non-
normalised

Relative supervision

Relative
supervision with

explicit translation

Supervised training

9.5x'1.022

(5.6x1023)

5.8x101e

(ø.sx101e)

9.4x1023

(2.8xt024)

9.5xI023

(3.6xt024)

5.3x10s

(1.5x106)

1.4x1014

(8.2x1014)

4.7x!}ro
(7.+x1010)

1.4x'1.06

(1.4x106)

3.5x101s

(t.oxto16)

3.3x101s

(t.zxtO16)

'J..2x106

(9.8x10s)

1.0x105

(4.3x105)

Table 5.7: Mean(std) network weights and curvature with different training methods.
Results were averaged over 50 runs.

The training of the network may also be done in a purely supervised manner. For

simplicity, relative supervision was used to construct a map and this configuration was then

used as the desired output configuration for the supervised training of a second network.

Forward selection and simple weight decay were used to provide regularisation. A range of

basis functions with moderate to narrow widths were used in the pool of available units

during forward selection. Training was terminated when a minimum in the generalised cross-

validation error was reached. Re-estimation of the weight-decay parameter was also used

(Oru,1997; Orc,1995).

Both the size of the network weights and the network curvature dropped dramatically

with the supervised training (Table 5.7), a consequence of the use of moderate-width bases

(rather than the very wide bases used with relative supervision). The classification results,

however, were no better than those obtained from the relative-supervision-trained networks

(Table 5.8).

5.4.3.4 Prior information

The effect of prior information was investigated for the Sammon mapping. Equation 5.L1

was used to modify the data dissimilarities, using class labels as the prior information.
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Chapter 5 Generalisation and prior information

7-nearest-neighbour

Specificity Sensitivity

Bayes' likelihood ratio

Specificity Sensitivity

Non-normalised
data

Normalised
data

0.85(0.13) 0.e0(0.10) 0.8s(0.11) 0.88(0.08)

0.e2(0.0e) 0.82(0.11) 0.81(0.13) 0.35(0.10)

Table 5.8: Mean(std) classification scores with supervised network training. The lower
curvature of the network (see Table 5.7) compared to training with relative supervision did

not yield better classification performance.

Increasing values of the parameter cr reflect an increasing level of influence of the class labels

on the mapping.

Under data normalisation, both the cluster separation and the curvafure of the network

rise with increasing supervisorial coefficient cr (Figure 5.20). The unsupervised (cr=O)

configuration is not particularly well separated by class, and the class-label information

serves to force the clusters to become more clearly separated. The network must become less

smooth in order to achieve the necessary transformation, and so the curvature rises. The

classification does not improve with the influence of class information, and in fact decreases

with strong class influence (Figure 5.21).
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Figure 5.20: (a) Cluster separation (assessed by training set nearest-neighbour
classification) and (b) network curvature for increasing class-label influence cr and

normalised data.
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The behaviour of the unnormalised mapping with class-label information is more

interesting. With no normalisatiory the cluster separation again improves with a as expected/

but the curvature shows an initial, marked decrease for small cr (Figure 5.22). The

classification þoth specificity and sensitivity) also rises, peaking at cr =0.3 (Figure 5.23). For

further increases in o, the curvature remains relatively constant, but the classification

(particularly the sensitivity) degrades before settling to a relatively constant value.
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Figure 5.22: (al Cluster separation (assessed by training set nearest-neighbour

classification) and (b) network curvature for increasing class-label influence cr and non-
normalised data.

Consider for a moment the effect of non-zero cr on the data dissimilarities. The

incorporation of class-label information serves to increase small dissimilarities between data

of different classes. Large dissirnilarities between different-class data and all dissimilarities
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Figure 5.23: Nearest neighbour (test set) classification for increasing class-label influence cr

and non-normalised data.

between same-class data are reduced with non-zero o(,. Hence, the cluster separation increases

with a and at the same time the contributions of the larger dissimilarities to the error

function are reduced. This decrease in the importance of large dissimilarities (of which there

will be a relatively small number) allows the more nurnerous small and moderate

dissimilarities to be better represented - with a corresponding decrease in curvature. The

increase in cluster separation gives the increased classification scores.

For large values of û,, the cluster separation can become artificially Large,leading to an

increase in the curvature of the network (in this region of the map) and poor generalisation. In

this case, howeve{, the map construction is constrained by the network regularisation, thus

reducing the severity of this effect. Nevertheless, there is a decrease in the classification with
cr > 0.3 for this reason.

The Sammon mapping configuration with cr =0.3 is shown in Figure 5.24, with the usual

plots of additional information in Figures 5.25 and5.26.

I
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Figure 5.24: Sammon mapping of non-normalised data, using prior class-label knowledge
and o( = 0.3. The use of prior information reduces the cluster overlap, as compared with

Figure 5.15.
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normalisation and class-label information with cr = 0.3.

5.4.4 Conclusions

The least-squares scaling and the generative topographic mapping have been applied to

data from a study of sleep apnoea. These techniques have all ed the interactive exploration

of the data set and the identification of physiologically significant characteristics of the data.

The GTM and LSS were very similar in structure. Regardless of whether or not the data

were norrnalised, the ordering of the points in the maps was strongly related to the VLF

Power in the HRV spectra. The brady-tachycardia cycle associated with sleep apnoea is

known to cause this VLF activity. The results of Section 5.4 show that similar VLF activity may

VLF component tends to be located at higher frequencies in young control subjects when

compared to subjects during apnoea.
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Summary

If the data are normalised, the RSA component of the HRV spectrum has an increased

influence on the form of the mapping. In this case, SAHS subjects can be mistaken as normal,

particularly with fit SAHS subjects or during hypopnoea. Although not investigated in this

study, the normalised form of the data may be useful in discriminating central and

obstructive apnoea.

The LSS has the advantage over the GTM of flexibility in the cost function and a

convenient means of incorporating prior (class label) information. The generalisation

performance of a network trained to perform a least-squares scaling of non-normalised data

was shown to improve when a moderate level of class-label influence was incorporated

during map construction.

5.5 Summary

This chapter has investigated the use of neural networks to add generalisation capability to

the least-squares scaling. Training may be carried out in conjunction with map construction,

or as separate steps. The generalisation performance of networks is much the same for both

training approaches, provided appropriate regularisation is incorporated during network

training. For relative supervision, translation of solutions is an inherent regularisation

mechanism, although it is not necessarily exploited fully by the algorithm. It is not difficult to

employ this form of regularisation during supervised training, but it is applicable only to

networks which utilise the least-squares scaling cost function.

Relative supervision makes the task of constructing the map considerably easier than is the

case with direct optimisation methods, since the network smoothness helps avoid local

minima in the map error surface. The parameterised nature of this approach also reduces the

number of variables which need to be adjusted, when compared to methods which operate on

the data directly.

The least-squares scaling also offers a convenient mechanism for including prior

information during map construction. This can help to untangle data on a nonlinear manifold

and improve visualisation performance.

The application of these techniques to data from a sleep apnoea study also demonstrated

the value of incorporating information from a variety of sources. The subject age and body
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mass index, in particular, have direct relevance to the diagnosis and understanding of sleep

aPnoea. In principle, the use of visualisation techniques for information fusion is simple: all

relevant variables can be collated into one composite input vector and applied to the

visualisation algorithm as before. Unfortunately, this is difficult to do efficiently, since the

contribution from each variable to the dissimilarity function must be weighted appropriately.

The cost functions of the least-squares scaling and generative topographic mapping are

concerned simply with fitting the map or model to the data, and do not offer any means of

finding an appropriate weighting.

The next chapter considers the use of classification techniques as a more appropriate tool

for information fusion. The construction of classifiers is governed by the goal of maximising

classification performance on the training data, usually subject to some regularisation

constraints in order to ensure a smooth model. The weighting of the input variables is an

efficient, inherent part of the classifier training.
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¡

In this chapter, the fusion of heart rate variability with information from other signals and

sources is investigated. We assume that for each subject, we have information from several

different sources and we wish to find a useful way to combine that information. This is a

typical scenario in condition monitoring, where data from a variety of sensors is combined

and an overall decision on the state of the subject is made (Navabi et ø1.,1991). This could be

done by concatenating all information into a single feature vector for each subject, with an

appropriate weighting on each information source, and then applying a visualisation

algorithm (van Gils et ø1., \997). Unfortunately, visualisation algorithms are concerned simply

with constructing a two-dimensional representation of the data and do not offer a convenient

means of finding appropriate weightings.

Many classification techniques operate by first defining a model of the data distributions

and then fitting the model parameters so as to maxirnise classification accuracy on a set of

training data. The contribution of each information source to the final decision function is

determined by the classifier. Classification techniques thus offer a convenient means of

performing information fusion. The notion of a "useful combination" of information in this

case may be considered to be a combination which gives reliable classification performance.

A few studies have employed classification as a means of combining heart rate variability

with other information (Vainamo eta1.,1996; Voss etal.,L996; Yarnold etn1.,1994; Harper

etal.,!987). Several have used the linear discriminant analysis classifier (Yarnold etø1.,1994;

Harper eta1.,1987), as have other classification studies using heart rate or heart rate

variability data (Felgueiras eta1.,1998; Curcie and Craelius,l997). Linear discriminant

analysis makes the assumption that the data from each class may be described using a normal

distribution. In order to ensure acceptable generalisation and therefore test set classification

performance, all classification algorithms incorporate some measure of regularisation. The

simple model structure of the linear discriminant classifier imposes structural stabilisation

and is thus the source of regularisation in this classifier. However, the model structure in this
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Chapter 6 Information fusion and classification

case may be a simplistic approximation to the true distributions and can lead to an over-

smoothed classifier and poor performance.

There are many classifiers which use more general models for the data distributions, such

as mixture model classifiers. In this family of classifiers, mixtures of simple distributions are

used to build models of more complex distributions. This offers more appropriate modelling

of non-normal distributions while retaining computational tractability.

In this chapter, the use of mixture model and linear discriminant analysis classification

techniques are investigated for the task of combining heart rate variability with other

information.

6.1 The shared mixture classifier

We assume that we have a training set of N feature vectors {xn},n = 1...N, and a

corresponding list of class labels {c n} , c e { 1, 2, ..., C} . For classification, we wish to be able

to predict the class of an unknown feature vector, based on the information provided by the

training set data. In order to approach the problem statistically, we construct a model for the

class-conditional probability density function of the data p (xlc,@) . A Gaussian

approximation to this density function is given by:

p (xlc,@) = (Zn) -Ntzln,l-rrzexp {-l @ - m,)' B, {t - m") }, (6.1)

where @ denotes the model parameters: in this case B, (the inverse of the covariance matrix

of the distribution), and m, (the mean of the distribution).

In practice, this may give a poor approximation to the true density, as the data may be

skewed or multimodal. In this case, a mixture of K such densities may be used to more

accurately model the density:

p(xlc,@) = I Pglc,@)p (xlk,@) .

K

k=l
(6.2)

Flere, P(klc,@) is the prior probability that component k was responsible for data from

class c. This approximation by mixtures of simple densities is known as the mixture model
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approach (Mclachlan and Basford, 1988). The representation given above is correctly known

as the shared mixture model, since the components k = 1 ...K are shared amongst all classes.

Non-shared mixture models are also possible, but the shared representation is

computationally more efficient (Bishop, 1995, p.180) and thought to perform better on sparse

data (Jarrad,1998).

Classification may be done by computing the class posterior distribution:

K

) r 1',t¡o)p (xlk,@)

p (clx,@) =
k=l
CK

i=tk=r

and then classifying according to the estimated class ô

(6.3)

(6.4)ô = arr^t*o (clx,@)

This is known as the shared mixture classifier (SMC). The well-known linear discriminant

analysis (LDA) classifier is essentially a non-shared mixture classifier, with one Gaussian

component per class.

In practice, the model parameters O are unknown and must be estimated from the data. In

the maximum likelihood approach, we wish to find the most likely set of parameters, given

the sets of features X = {r} and class labels C = {c} . This may be done by maximising the

parameter posterior density p (@lX,C) :

p (@lx,c) =
p (X,Cl@) p (@)

(6.5)
p (X,Cl@) p (o) do

J

Commonly, p (O) is unknown and replaced by a constant, so we may equivalently

maximise the joint log-likelihood function:

K

L = tosp(X,Cl@) = I tot \r{r,,t1@)p(xnlcnk,O) .

n=l k=l
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Chapter 6 Information fusion and classification

The optimal value of @ is typically estimated using the expectation-maximisation (EM)

(Dempster et a1.,1977) or gradient-ascent (Bow,1984) algorithms.

The mixture-model representation is almost identical to the mixture-of-Gaussians used in

the generative topographic mapping. There are two principal differences: firstly, the GTM

does not consider the class information since it strives to produce a representation of the data

rather than a classification. Secondly, the means of the Gaussian components are adjusted

indirectly in the GTM, through changes to the weight matrix.

The number of Gaussian components in the shared mixture classifier governs the

smoothness of the classification boundary and is the dominant form of regularisation. One

may also explicitly encourage diagonal covariance matrices and thus more spherical

Gaussians, giving a smoother estimate of the density surface.

6.2 Heart rate variability and mean heart rate

In this section, the fusion of heart rate variability information with mean heart rate is

explored. The combination of HRV and mean heart rate information has been suggested as a

method of improving the practical utility of heart rate analysis, compared to the use of HRV

information alone (Malik and Camm,1993; Chess et a1.,1975).

The individual reproducibility of mean heart rate is good, but inter-subject variability can

be large (Huikuri et a1.,1990; Appel et ø1.,1989). The group reproducibility of HRV tends to be

better than for mean heart rate, particularly in cardiac disease (Kautzner et a\.,1995; Bigger Jr

et a1.,1992a; van Hoogenhuyze et ø1.,1991).

Mean heart rate is an indicator of average autonomic activity and therefore tone, but is not

a reliable indicator on its own (Malik and Camm, 1993). For low to moderate levels of

autonomic activity, it is commonly assumed that HRV is proportional to tone

(Akselrod, 1995). Thus, both mean heart rate and HRV are indicators of autonomic tone. The

information provided by HRV analysis can be skewed by a variety of mechanisms, including

measurement error in the beat times, spectral estimation errors due to transient signals or

non-white noise and inappropriate normalisation regimes. Additionally, as autonomic tone

saturates, the modulation depth and thus HRV values drop, even though tone is increasing.

These sources of error are different to those which affect the mean heart rate signal.
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The correlation between mean heart and HRV has been studied in a variety of contexts

(Coumel etø1.,1995; Murakawa etal.,\993). Examining the two signals together allows

uncorrelated noise in the two to be averaged out and may therefore provide improved

information regarding autonornic tone. The two signals have been studied in conjunction in

the monitoring of foetal state (Stevens et ø1.,1,988; Chess et a1.,1975).

6.2.1 Changes with posture and propranolol

The data set collected for the study of the effects of posture and propranolol on HRV first

introduced in Section 4.2, was again used. Samples from all six subjects were used, so as to

include inter-subject variations into the data.

The generative topographic mapping was used to extract two latent variables from the

spectral data, as was done in Section 4.L.3. The classification performance using linear

discriminant analysis and shared mixture classifiers was evaluated, using the latent variables

alone and also in combination with mean heart rate information. All variables were

demeaned and scaled to unity variance prior to classification.

6.2.1.r Results with posture

The change from supine to upright posture (under placebo) is accompanied by an increase

in sympathetic tone and withdrawal of vagal tone. This was shown with a mean beat interval

across all subjects of 0.93(0.10)s while supine and 0.74(0.07)s during tilt.

Linear discriminant analysis was used to classify samples as either supine or uprighç

using 10 randomly selected samples of each for testing and the remainder for classifier

construction. The fraction of samples correctly classified, using only mean heart interval

information and averaged across 20 runs, was approximately 0.75 (Table 6.1). Using the latent

variable information extracted from the HRV spectra by the GTM, the LDA test set

classification averaged 0.69. Combining the two sources of information yielded a correct

classification fraction of 0.83.

The SMC, using L0 shared clusters and trained using the EM algorithm, yielded

considerably more accurate classification than LDA, with mean correct classification of 0.86

using mean heart interval alone, 0.83 using HRV information alone, and 0.93 for the two

together (Table 6.2).
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Mean heart interval
information only

HRV information
only

Both mean heart
interval and HRV

information

Supine

Tilt

Train

0.76(0.03)

0.75(0.01)

Têst

0.80(0.10)

0.6e(0.13)

Train

0.58(0.05)

0.82(0.03)

Test

0.55(0.16)

0.82(0.14)

Train

0.76(0.03)

0.e1(0.02)

Tèst

0.75(0.12)

0.e1(0.10)

rabre 6''' Mean('-ul,lå:ff1"'i,ïï,t;;;"'"iï,i,'ií,i]ffi,'fîïäï:%'lü:inear discriminant

Mean heart interval
information only

HRV information
only

Both mean heart
interval and HRV

information

Supine

Tilt

Train

0.e8(0.04)

0.72(0.02)

Tþst

0.e6(0.08)

0.75(0.r2)

Train

0.85(0.03)

0.80(0.04)

Têst

0.81(0.10)

0.84(0.10)

Train

0.e7(0.0L)

0.e5(0.03)

Tþst

0.e3(0.08)

0.92(0.06)

Table 6.2: Mean(std) fraction of samples correctly classified, using the shared mixture
classifier on the supine/tilt data, with placebo only.

The reason for the better performance of the SMC over LDA can be illustrated by

considering the estimated probability density ftnctions of the two classifiers. Figure 6.1a

I'
a
¡a

aa t
I¡

¡
a

a
¡

lr
a

a

ol a

¡a
a
l¡

a
I a a

a

a
a

a a

a

a
o

a
a

a a aa

a
a
a
I

a
a
a
I

a

a

o2

44

a
a

ttr
¡a

a

a
aa

ao

a

a
a

a
aa

a

a a

0ó 08

44 a
ra ¡ a

a

a

a
a

a

o
a

a
a

o2

¡

a

rl.r.
a ta'

a
a
a

!a ...
a aa aa

aaa
a

{8 -06 -04 o

(a)
o2 06 08 {6 -06 -04

(b)

Figure 6.1: Classification of the GTM output. (a) Contours of equal probability for the
linear discriminant analysis classifier; (b) contours for a non-shared mixture classifier. The
blue contours in each case correspond to supine data (green circles), the red contours to tilt

data (magenta squares).
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Changes with posture and propranolol

shows contours of equal probability for the LDA classifier, superimposed on the GTM latent

variable data. Clearly, the single-Gaussian model for each class distribution is a coarse

approximation. The contours of equal probability for a mixture of 9 Gaussians is shown in

Figure 6.1b, using a non-shared representation for clarity. The flexibility of the mixture model

approach offers better modelling of non-normal distributions.

For both the LDA and SMC classifiers, classification using both HRV and mean heart

interval information exceeded that achieved using either in isolation.

6.2.-1,.2 Results with propranolol

Propranolol blocks the effects of sympathetic activity on the SA node, effectively causing

the sympathetic tone to be reduced or abolished. Mean(std) heart interval was 0.93(0.07) with

placebo and L.L0(0.15) with propranolol, in the supine position. In the supine position, the

HRV spectrum principally offers information regarding the parasympathetic modulation of

heart rate. Thus, HRV is not particularly sensitive to propranolol in the supine position, as

seen in Section 4.2 on data from a single subject. The discrimination between heart rate after

administration of placebo or propranolol, using the LDA and SMC classifiers was

investigated.

The LDA classification score was much the same using mean heart interval, HRV and both

together, each giving about 0.7 correct classification (Table 6.3). For the SMC, mean heart

interval information yielded a correct classification of 0.84, which dropped to 0.62 when HRV

information was used and rose again to 0.86 with both information sources included (Table

6.4).

Mean heart interval
information only

HRV information
only

Both mean heart
interval and HRV

information

Placebo

Propranolol

Table 6.3: Mean(std) fraction of samples correctly classified, using the linear discriminant
classifier on the placebo/propranolol data, in the supine position.

Train

0.68(0.01)

0.67(0.01)

Test

0.70(0.1.4)

0.67(0.13)

Train

0.56(0.03)

0.81(0.03)

Test

0.62(0.11)

0.73(0.10)

Train

o.6s(0.03)

0.78(0.02)

Test

0.71(0.13)

0.70(0.18)
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Mean heart interval
information only

HRV information
only

Both mean heart
interval and HRV

information

Placebo

Propranolol

Train

1.0(0.00)

0.62(0.02)

Test

1.0(0.00)

0.68(0.17)

Train

0.6e(0.0s)

0.73(0.04)

Test

0.68(0.16)

0.56(0.17)

Train

0.8e(0.02)

o.e2(0.02)

Test

0.88(0.11)

0.83(0.12)

Table 6.4: Mean(std) fraction of samples correctly classified, using the shared mixture
classifier on the placebo/propranolol data, in the supine position.

The use of mean heart interval information in conjunction with HRV did improve the

discrimination between placebo and propranolol when compared to HRV alone. However,

the classification performance was no better than that seen using only mean heart interval

information.

6.2.2 Conclusions

This section has demonstrated the concurrent use of mean heart interval and heart rate

variability information in classification. In the tasks of discriminating between heart rate

records from subjects in the supine and tilted positions, and before and after the

administration of propranolol, the use of mean heart interval information and HRV

ouþerformed the use of HRV information in isolation.

The data investigated here did not display the saturation behaviour which occurs with

extreme sympathetic or vagal stimulation. In that scenario, HRV values drop as the nerve

tone begins to saturate, but the mean heart rate continues to drop (in the case of vagal

stimulation) or rise (with sympathetic stimulation). A specific model of this behaviour may

need to be adopted for the concurrent processing of HRV and mean heart rate information in

this case.

6.3 Other diagnostic information

Mean heart rate information is not the only candidate for improving the performance of

HRV analysis. In most practical situations, additional clinical information is readily available -
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Application to sleep apnoea

from other sensors or imaging devices, from the patient history, or even simple personal

details such as patient age.

A well-established application of this type which involves HRV is that of risk stratification

following myocardial infarction. A variety of predictors of mortality following infarction are

knowry including depressed HRV (Wolf et ø1.,L978). On its own, HRV has a positive

predictive value (defined as the number of true positives, divided by the combined number of

true and false positives) of around 0.4. When combined with other indicators, such as

information regarding left ventricular ejection fraction and ventricular premature complexes,

the predictive value rises to 0.5 (Bigger lr et ø1.,L992b). Similarly, in a study of infant sleep/

wake state employing linear discriminant analysis, HRV measures alone offered a correction

classification of 0.82, which rose to 0.85 when respiratory measures were also included

(Harper et ø1.,1987).

6.3.L Application to sleep apnoea

It is known that age, obesity and gender have a direct correlation with risk of apnoea, with

oldeç overweight males showing the most susceptibility. There may therefore be benefit in

including such information during classification of HRV during apnoea.

The LDA and SMC classifiers were applied to the apnoea data set from Section 5.4. A

radial basis function implementation of the least-squares scaling was used to extract features

from the HRV spectral data.

An unsupervised scaling was used (o = 0 in Equation 5.11). Classification was first

performed using HRV information only, and then repeated, using HRV information in

conjunction with subject age and body mass index (all subjects were male). Previously, it was

noted that the use of visualisation techniques as feature extractors for classification may

require more than two ouþut variables in order to achieve reliable classification. Accordingly,

classification results using up to L0 latent variables were evaluated. The classification results

of the LDA and SMC classifiers are plotted in Figure 6.2.

The addition of BMI and age information (Figure 6.2b) did not produce an increase in the

classification performance compared to HRV alone (Figure 6.2a). The reason for this stems

from the demographic nature of the patient base used in the study: age and BMI were in fact
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Figure 6.2: Test set performance of the SMC and LDA classifiers operating on (a) least-
squares scaling output only, for 2-10 output dimensions; (b) least-squares scaling output,
subject age and body mass index. Performance peaks at about 4 latent dimensions in each

case, and the addition of age and BMI information does not improve the classification.

very similar for controls (49(9.5) artd 30(4.2)) and apnoea subjects (46(9.6) and 32(7.0))

Therefore, this information did not add extra discriminatory power to the classifiers.

The performance of both classifiers increased with the number of latent variables, peaking

at around 0.92 with 4 variables, before decaying again. It can also be seen that the simple LDA

classifier offered comparable performance to the more computationally demanding SMC

(using 4 shared clusters in this case), in contrast to the results of Section 6.2.1.. Apparently, a

simple normal distribution was sufficient to describe the class probability densities in this

case. This is probably due in part to the use of the LSS rather than the GTM: the ouþut of the

GTM is confined to a discrete, square grid, giving distributions which are generally not well

approximated by single-Gaussian models. No such restriction is present in the LSS, and here,

the data were reasonably well modelled by LDA.

The use of class-label information with this data was previously found to yietd better

cluster separation in the map (Section 5.4). The classification performances of LDA and the

SMC, based on a partially-supervised least-squares scaling (cr = 0.3 ), are shown in Figure

6.3.

The inclusion of a moderate level of class-label influence again improved the cluster

separation. This lifted classification performance (using 2 latent variables) by approximately

SYo to about 0.92, for both the SMC and LDA. For both classifiers, the performance with 2
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Figure 6.3: Test set performance of the SMC and LDA classifiers operating on (a) least-
squares scaling output only, for 2-10 output dimensions, and with prior class-label

knowledge incorporated into the mapping (cr = 0.3 ); (b) as for (a), but with the addition of
subject age and body mass index information. Performance does not improve with

increasing number of latent variables, nor with the addition of age and BMI information.

latent variables and class-label influence was about equivalent to the performance with 4

latent variables and no class-label influence (compare Figure 6.3a lor two latent variables with

Figure 6.2a lor four latent variables). Thus, the inclusion of class-label information in this case

serves to make the information extracted from the HRV spectra more concise. With the

inclusion of class-label information the number of latent variables was reduced from 4 to 2

without sacrificing classification performance.

For cr=0.3, classification perforrnance did not improve with more numerous latent

variables. Two features in this case were sufficient. Again, the inclusion of age and BMI

information did not improve the classification results.

6.3.2 Heart rate variability and oximetry data

A widely accepted altemative to futl polysomnogaphy for apnoea screening is oximetry.

Oximetry shows excellent specificity, but potentially low sensitivity, as short apnoeas or

hypopnoeas whickr do not cause significant arterial oxygen desaturation may not be detected.

The threshold of significant desaturation is comrnonly set at 4o/". The sensitivity may be

improved by lowering the threshold, to say 2o/", but with a corresponding increase in the false

alarm rate and thus a drop in specificity.
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It is thought that the use of HRV in conjunction with oximetry may help in this regard

(Hilton eta1.,1998; Barschdorff etø1.,7994). The high false alarm rate of lowered-threshold

oximetry could be reduced while retaining high sensitivi$,by validating each event against

HRV (Figurc 6.4).

e
Þ

Figure 6.4: Typical traces of oximetry and heart rate.

Ideally, the oximetry data should be in the form of time-series data, which allows both the

exact time of each desafuration event as well as the level of desaturation to be used. Flowever,

the only oximetry data available from this study was in summary form. This coruisted of the

number of recorded desaturation events during the L5-minute light sleep segmenÇ with the

desaturation threshold set at 4o/".

6.3.2.1 Classification results

The shared mixture classifier with 4 shared clusters was used. Based on the oximetry data

alone, the specificity and sensitivity were 0.98(0.04) and 0.85(0.09).

An unsupervised (c = 0 ) least-squares scaling using 2 latent variables was applied to the

0.87(0.10) and the sensitivity rose marginally to 0.87(0.13). Increasing the number of latent

variables to four improved the classification, giving a specificity of 0.99(0.03) and sensitivity

of 0.86(0.11). The inclusion of class-label information during map construction (o = 0.3 ) did
not provide any further improvement in perforrn¿rnce.
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Conclusions

Thus, with 4 latent variables, classification on the combination of HRV and oximetry data

showed a high specificity. The low sensitivity figure (0.86) would be improved through the

use of lower-threshold oximetry data. Additionally, the oximetry information used here was

in the form of time-averaged summaries by subject. A simultaneous event in both signals (a

brady-tachycardia cycle at the same time as a desaturation event) would be a strong indicator

of apnoea. If the times of the events in the two signals are available, this would allow

comparison of simultaneous events in the two signals.

6.3.3 Conclusions

For the classification of HRV spectra from apnoea subjects, the addition of age and body

mass index information did not improve classification performance. While these are known to

be significant risk factors for apnoea, these variables were not significantly different in the

control and apnoea subjects in the study. It is likely that this would also be the case for

practical screening of apnoea, since subjects who progress to an apnoea screening test are

likely to be predominantly older, overweight males. The increased likelihood of apnoea in

these subjects is taken into consideration by the practitioner when making the

reconunendation for the screening. Including this information again during the classification

stage may not be beneficial.

In contrast, the combination of HRV and oximetry information promises reliable detection

of apnoea events. The oximetry data available from this study was not available in an

appropriate format for proper fusion with HRV information. Nevertheless, the initial results

are encouraging.

6.4 Summary

In this chapter, classification techniques have been used to combine heart rate variability

with other signal information. The combination of HRV and mean heart rate was shown to

provide better discrimination of heart rate data by posture and drug treatment than was

possible through the use of HRV information alone. The combination of HRV information

with oximetry data for the detection of sleep apnoea was also investigated, but a complete

treatment was not possible due to limitations on the availability of data.
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Chapter 6 Information fusion and classification

This chapter has shown that it is possible to use visualisation algorithms as general-

PurPose feature extractors. These features can be subsequently passed to classification

algorithms. In Chapter 3, it was argued that limiting the number of features to two is most

convenient for visualisation purposes. However, if the features are to be passed to a

classification algorithm, more than two features may be required for reliable classification.

This was shown in Section 6.3.1.

It was also shown that the inclusion of class-label information into the mapping may

improve classification performance (Section 6.3.1,), since such information can improve the

cluster separation in the mapping.
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There was a point to this story, but it has temporarily escaped the chronicler's mind.

- Douglas Adams

This thesis has addressed some pressing issues in the field of heart rate variability analysis.

A sumrnary of the main contributions of this work and suggestions for the direction of future

research are given in this chapter.

7.L Recapitulation

The analysis of heart rate variability data in the spectral domain is conventionally

performed by considering the power contained within fixed sub-bands of the frequency

spectrum. The physiological interpretation of these fixed-band powers can be difficult. While

the high frequency band, synchronous with respiration, is widely accepted to be mediated

solely by the parasympathetic branch of the autonomic nervous system, no such consensus

has been reached for the lower frequency components. Further, the band powers reflect the

depth of modulation of autonomic tone, rather than tone itself. The choice of the frequency

limits of the bands can also be difficult.

7.L.T Data visualisation

The deficiencies of the fixed-band approach to heart rate variability analysis have provided

the motivation for this work, in which visualisation techniques have been used for the

processing of heart rate variability spectral data. The algorithms of choice throughout this

thesis have been the least-squares scaling, which is a form of multidimensional scaling, and

the generative topographic mapping. These algorithms provide a graphical description of the

relationships between data, allowing visual interpretation and exploration of the data. A brief

review of these algorithms may be found in Chapter 3.

The least-squares scaling and the generative topographic mapping can be used to analyse

spectral heart rate variability data without the need to define fixed bands of interest, and they
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are also sensitive to changes in the location of the low-frequency peak in the spectrum

(Section 4.1). The expert knowledge of the user can be exploited to determine the

physiological significance of the elements within the input data vectors (Section 3.2).

7.1.2 Generalisation

The property of generalisation was identified as being of great value for visualisation. This

property allows the efficient projection of new data, offering a means of comparing unknown

data samples against a known database. The generative topographic mapping is naturally

amenable to generalisation but the least-squares scaling has no mechanism for this. The use of

neural networks is a popular means of adding this capability to the least-squares scaling. For

radial basis function networks, which are linear in the weights, it has previously been shown

that transformation of the solution may be used to minimise the norm of the weight matrix

and is thus a form of regularisation. This regularisation mechanism is unique to the rotation-

and translation-invariant cost function of the least-squares scaling. The translation required to

achieve a minimum of the weight matrix norm can be calculated analytically, and it was

shown in Section 5.2.2.1, that the minimum value possible is independent of any rotation of

the solution. This mechanism may therefore be incorporated efficiently into a supervised

training algorithm of radial basis function networks for least-squares scaling.

7.1.3 Prior information

Visualisation r-nay be carried out solely on the basis of the data dissimilarities, or, if
knowledge of the data (such as class labels) is available prior to map construction, then this

information may be incorporated into the least-squares scaling. This can improve the user's

perception of the daLa, by encouraging separation of class clusters in the mapping, or by

forcing the map into a more informative orientation. A simple modification to the generative

topographic mapping algorithm was given in Section 5.3.1, allowing sirnilar use of prior

information.

7.L.4 Classification

Visualisation techniques may also be employed as the front end of an information fusion

and classification system. The fusion of heart rate variability information with information

from other sources is one method of improving the reliability of heart rate variability analysis.
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Classification algorithms offer a convenient framework in which this fusion may be

accomplished.

For visualisation purposes, we wish to extract two latent variables in order to be able to

easily construct a visual display. It was shown in Section 6.3.L that if the visualisation

algorithm is to be used as the feature extraction part of a classification system, then more than

two latent variables may be required. Class-label influence during map construction can also

improve the classification performance of the overall system.

The fusion of mean heart rate and heart rate variability information was shown (Section

6.2) to be of benefit in discriminating data by posture and propranolol, in both cases

ouþerforming the classification on the basis of heart rate variability information alone. The

combination of HRV information with other variables for the detection of sleep apnoea was

also investigated in Section 6.3. The combination of HRV with age and body mass index

information proved to do no better than the use of HRV alone. Flowever, the combination of

HRV and oximetry data was more promising, and warrants further investigation. In a similar

vein, the combination of time- and frequency-domain features from the HRV signal was also

shown to be beneficial in the classification of hypertensive subjects (Appendix E).

7.1..4.1 A note on classifiers

Linear discrirninant analysis is a simple classification technique which is popular for the

classification of biomedical data. In Section 6.2 1t was shown that linear discriminant analysis

can perform poorly on data which is clearly non-normal. This is hardly a surprising result,

but is one which is worth noting given the proliferation of linear discriminant analysis in the

literature. A classifier which is better able to model non-normal distributions (such as the

shared mixture classifier, described in Section 6.1) may provide superior classification

performance over linear discriminant analysis with non-normal data.

7.2 Contributions of this thesis

This thesis makes the following contributions to the fields of heart rate variability analysis

and neural networks:

. a concise review of HRV processing techniques (Chapter 2);
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o a concise review of multidimensional scaling, the generative topographic mapping and

the self-organising map (Chapter 3);

o the use of visualisation techniques (in particular the least-squares scaling and the

generative topographic mapping) for the analysis of heart rate variability data (Chapter

4). This is a new approach to the investigation of heart rate variability data, and the

major contribution of this thesis. An appropriate preprocessing procedure for spectral

data was given in Section 4.1. Demonstrations of visualisation were given on data from

studies into the effects of posture and propranolol (Section 4.2) and sleep apnoea

(Section 5.4);

o for the training of radial basis function networks, the generalisation performance of the

relative supervision algorithm was compared with that of two-step (supervised)

training methods. This comparison extends previous work (Tipping, 1996)by including

regularisation mechanisms into the supervised training methods (Section 5.2);

o it was shown that the translation of solutions is a viable method of regularisation for the

supervised training of radial basis function networks for least-squares scalings (Section

5.2). Previously, it was thought that the global minimum of the network weight

magnitudes was a function of both the translation and the rotation of the map, and that

minimising the network weights would involve a difficult nonlinear optirnisation. FIere

it has been shown that it is not necessary to search rotations of the solution in order to

find the global minimum of the network weight magnitudes (Appendix C). The use of

translation as a mechanism of regularisation is in fact very simple to implement;

. a modification was made to the original generative topographic mapping algorithm to

allow prior information to influence the mapping (Section 5.3.L). The use of prior

information can improve the interpretability of the resulting mapping;

o linear discriminant analysis and the shared mixture classifier were used to combine

heart rate variability with mean heart rate information (Section 6.2). The fusion of these

two information sources was shown to provide better discrimination of heart rate data

than the use of heart rate variability alone;

o heart rate variability was combined with oximetry data for the detection of sleep

apnoea (Section 6.3.2);
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. it was shown that normalisation of rate and interval spectra by the square of mean heart

rate and mean heart interval reduces the discrepancy in results from the two signals

(Appendix A); and

. a demonstration of the classification of heart rate variability was given in subjects with

mild hypertension (Appendix E).

7.3 Implications for heart rate variability analysis

Visualisation techniques are an excellent tool for the investigation of HRV data. The

relationships between data are made graphically apparent, and the characteristics of the data

responsible for these patterns may be identified. \¡Vhile expert knowledge may be

incorporated into the algorithm design (for example, in the choice of dissimilarity function),

detailed modelling of domain knowledge is unnecessary, saving a great deal of complexity in

the algorithm design and computational requirements.

One of the poorly-addressed problems from the clinical perspective of heart rate variability

processing is the definition of "normal" heart rate variability (Task Force, t996). The concept

of normal heart rate variability is evolving as our understanding of the field grows. No rigid

definition of normal heart rate variability has been proposed in the time- or frequency-

domain, although continuing developments in nonlinear processing may offer a suitable

characterisation of the signal in this regard (Felgueiras et ø1.,1998; Mammoliti et ø1.,1998;

Pompe et a1.,1998; Signorini et ø1.,1998).

Visualisation offers a different approach to the definition and characterisation of normal

data, through the comparison of data samples. A data sample of unknown origin may be

projected onto a map, allowing comparison of that sample with a range of other samples.

These samples may be from a range of normal and diseased subjects. The similarity of the

unknown sample to this range of examples may be easily assessed. Thus, in the visualisation-

based approach, there is no need to explicitly characterise "normaI" data, nor data which is

typical of a particular disease.
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7.4 Implications for future work

7.4.1 Visualisation of heart rate variability data

The visualisation algorithms of Chapter 3 are not restricted to the exploration of spectral

data. With the definition of an appropriate dissimilarity ftrnction, these algorithms may be

applied to data of any type.

The visualisation of data from nonlinear and chaotic HRV analysis techniques is one area

of application which warrants investigation. Another potential avenue for application is the

visualisation of the results of system modelling (Section 2.2.4.2). The fitting of a model to a

particular set of physiological data is typically achieved by adjusting a large number of

parameters. The parameter values corresponding to different sets of data may be compared,

but the large number of parameters makes this a difficult task. Visualisation techniques could

be used to investigate the relationships between a number of sets of parameters, and this also

warrants investigation.

7.4.2 Other aspects of heart rate variability processing

The most attractive aspect of heart rate variability is the inexpensive, non-invasive nature

of the data acquisition process. This advantage is offset to some extent by the limitations of

existing processing methods. Improved methods of heart rate variability analysis, which will
allow application to a wider range of haemodynamic conditions, are therefore of prime

research interest.

The analysis of transient signals is an area of strong research interest. Linear models are

insufficient to capture the dynamic behaviour of the cardiovascular control systems, and so

nonlinear models are increasing in popularity. One such area of application, which has not

been addressed in this thesis, is nonlinear filtering methods for the extraction of the

respiratory component from heart rate variability. The extraction of the respiratory sinus

arrhythmia component from the HRV signal by noise-cancellation filtering is well established.

Adaptive linear filters are intended for use on stationary or slowly-varying data, and for

application to transient signals, nonlinear filters may offer superior performance. An early

study into the use of nonlinear finite impulse response filters for respiratory noise

cancellation concluded that the large amount of data required for estimation of the filter

148



Other aspects of heart rate variability processing

parameters rendered this approach impractical (Varanini etø1.,1994). The number of filter

parameters and thus the required volume of training data may be reduced by utilising infinite

impulse response filters, although parameter estimation is more complex. Efficient

implementations of nonlinear finite- and infinite-impulse response filters are possible using

radial basis function neural networks (Bitlings and Fung, 1995), and these may offer some

improvements in the processing of transient cardiovascular signals.

7.4.2.1 As a probe of autonomic tone

The significance of changes in the centre frequency of the low-frequency peak are not well

understood but, as discussed in Section 2.5, may offer valuable information regarding

autonomic tone. Modelling and physiological validation of this possibility is a promising and

worthwhile area of future research.

Another approach to improving heart rate variability analysis as a probe of autonomic

tone involves the combination with mean heart rate information. This was addressed in

Section 6.2 using classification; one may also approach the problem from a modelling

perspective.

Assume for the moment that we are considering vagal control of the heart rate. For low to

moderate levels of vagal activity, it seems reasonable to assume that the amplitude of the

respiratory sinus arrhythmia in the heart rate variability signal is proportional to vagal tone

(Akselrod, 1995), and indeed this relationship is the reason for the popularity of heart rate

variability analysis as a probe of autonomic function. However, when vagal activity is high,

the tone becomes saturated and the respiratory sinus arrhythmia amplitude decreases,

introducing an ambiguity. The combination of mean heart rate and heart rate variability

information in this situation may benefit from an explicit model of this saturation behaviour

(Figure 7.1).

Figure 7.1 shows that as vagal tone increases, the high-frequency peak in the HRV

spectrum increases in amplitude. This occurs until tone begins to saturate, at which point the

HF peak amplitude drops. This introduces an ambiguity: two different levels of tone produce

the same HRV component amplitude. It may be possible to resolve this ambiguity with the

use of mean heart rate information, since mean heart rate (in the absence of other influences)

is a decreasing function of vagal tone. The difficulty in such an approach lies in the fitting of

the model, since the characteristics of the curve in Figure T.Lwlll vary considerably from
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Figure 7.1: Schematic depiction of the relationship between tone and heart rate variability.

subject to subject. Calibration and fitting of the model may require careful design of the

experimental protocol - for example, using progressive tilt from supine to upright, followed

by exercise, in order to progressively stimulate the sympathetic control of the heart.

7.4.2.2 Clinical applications of heart rate variability analysis

Sleep apnoea

Polysomnography is a comprehensive screening tool for sleep apnoea; however, the cost

makes it impractical for widespread screening. Heart rate variability and oximetry have both

been proposed as low cost alternatives to polysomnography,but neither offers an acceptable

level of reliability.

The combination of HRV with oximetry promises improved apnoea detection when

compared to the use of either information source alone. This is a very exciting area of
application, and the full potential of HRV analysis in the field of sleep apnoea is yet to be

reached. This application of heart rate variability analysis has been touched on during this

thesis, but has not been rigorously investigated.

Hypertension

The application of HRV analysis to the detection of hypertension also shows promise. It is
possible that, through HRV, one can detect hypertension during its early stages by monitoring

changes in the behaviour of the autonomic nervous system. FIowever, the progression from

mild to developed hypertension is poorly understood, so much work is needed before the

prediction of this progression could be made reliably.
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With no normalisation, the total power of the heart rate variability and heart period

variability signals (derived from the same raw beat-time data) can differ considerably.

Normalisation by total power obviously reduces this discrepancy. Here, it is shown that

normalisation by mean heart rate and mean interval length has a similar effect.

Assume the beat to beat interval signal i (t) shows a simple sinusoidal variation:

i(t) = p¡+Acostrlf . (A.1)

The instantaneous heart rate may then be written:

r(t) = t/ (i(t)) . (A.2)

The average total power in the interval variability signal i' (t) - i (t) - i (r) is simply

(A.3)

whereas for the heart rate variability r' (t) = r (t) - r (l) and the average total power is given

by (Castiglioni, L995):

P
1 - (A/¡t,)2

(A.4)
(1 - (A/¡t,)2)3

Appendix A Normalisation of heart rate
and heart period

Pr, is obviously quite differentfrøP,, and so with no normalisation, the results from HRV

analysis may vary considerably depending on whether rate or interval variability is

examined.

The rate and interval variability signals may be normalised by heart rate and heart period

squared (Davidson et ø1.,1997; Akselrod et a1.,1985; Akselrod et a\.,1981):

r, = l,+2,

tL?
r
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i"(r) = 
i(t) -i(t) ,andl

i (t)

r" (t) = 
r(t) -r(t)

r (t)

Mean heart rate r (t) is given by (Castiglioni, L995)

tt, = (p?-A\-tt2

The total average power in the normalised interval variability signal is now

,, =:(f,)'

(A.s)

(A.6)

(^.7)

(A.8)

(A.e)

(A.10)

(A.11)

The total average power in the normalised heart rate variability signal may be calculated in

a similar marìner to that used to determine the (unnormalised) total average power:

,,,, = 
g^fon" 

ln, (t)12 dt,

= ffifr"^ (,(,) -F)2dt

1

p;
1 - (A/lt¡)2

lL? (t - (A/¡t,)2)3

which simplifies to

P t- (A/¡t",)2- (t- (A/pr¡)2) (A.12)

Now, the total average power of the heart rate variability signal matches more closely the

total average power of the interval variability signal. Figure A.1a shows the discrepancy in

total power between rate and interval variability signals: up to 55dB with strong modulation

and fast beat rate. With normalisation by mean beat rate and interval length (Figure A.Lb),

there is little discrepancy between normalised rate variability power and normalised interval

variability power. For strongly modulated signals (A = 0.45, mean heart interval r-Gt = 0.5 )

the two average powers differ by about 5 dB.

r
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Figure 4.1: Total average ponrer of the heart rate signal, as a fraction of the total average

power in the heart period signal. (a) No normalisation used, and weak (A = 0.05 ) and

strong (A = O.45 ) modulation; (b) Heart rate and heart period signals normalised by mean
heart rate and mean heart period, respectively.

A comparison of results obtained using no normalisation, normalisation by total power,

and normalisation by mean rate and interval is given in Section 4.2.2.

A=0.05
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App"ndix B Case study L results

This appendix contains the tables of results of the conventional band-power analysis of the

spectral data discussed in Section 4.2.Differences were evaluated using a one-way analysis of

variance. Significant differences are marked: *: significantly different from (supine, placebo)

value (p < 0.01 ); *: significantly different from (tilt, placebo) value (p < 0.01 ); v: significantly

different from (supine, propranolol) value (p < 0.01 ).

Measure
Supine
Placebo
(n=111)

Tilt
Placebo
(n=10L)

Supine
Propranolol

(n=109)

Tilt
Propranolol

(n=121)

RRV total power

RRV VLF power

RRV LF power

RRV HF power

RRV LFIHF ratio

3.32(2.28)

0.s3(0.46)

0.62(0.56)

1.3e(0.86)

0.4e(0.38)

1.75(1.86).

0.28(0.23).

0.33(0.24).

0.90(1,.46)*

1.36(1.30).

5.97(3.90)*

0.62(0.5e)

r.24(L.26)*

1_.93(1.37)*

1..19(2.03)

L.97(1.50)*v

0.44(0.44)*r

0.40(0.38)*"

0.83(0.96)*v

0.96(1..07).

HRV total power

HRV VLF power

HRV LF power

HRV HF power

HRV LFIHF ratio

4.11.(2.2e)

0.75(0.64)

0.78(0.64)

1,.72(0.87)

0.4e(0.38)

4.e4(4.16)

0.e4(0.e7)

1.09(0.94),-

2.25(3.L8)

L.41(1..27)*

4.1.6(2.82)

0.50(0.54).

0.81(0.82)

1.s8(1.15)

0.97(1..48)*

3.65(3.æ)*

a.96(r.07)a

0.76(0.88)*

1.38(1.83)

L.19(1.84).

Table 8.1.: Mean(std) fixed-band measures of heart interval variability (RRV) and heart rate
variability (HRV) power spectra, with no normalisation.
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Measure
Supine
Placebo
(n=111)

Tilt
Placebo
(n=101)

Supine
Propranolol

(n=109)

Tilt
Propranolol

(n=121)

RRV total power

RRV VLF power

RRV LF power

RRV HF power

RRV LFIHF ratio

1.31(0.26)

0.23(0.16)

0.23(0.10)

0.se(0.21)

0.4e(0.38)

1.45(0.33).

0.36(0.26).

0.40(0.19).

0.48(0.24)*

1.36(1.30).

1.19(0.14),,

0.14(0.11)*

0.21(0.0e)

0.51(0.2e)

1.19(2.03).

1.53(0.3Ð*v

0.41(0.30)*v

0.33(0.L6)**"

0.54(0.23)

0.96(1..07).

HRV total power

HRV VLF power

HRV LF power

HRV HF power

HRV LFIHF ratio

1.28(0.20)

0.23(0.16)

0.23(0.10)

0.s8(0.18)

0.4e(0.38)

1.40(0.28).

0.37(0.28).

0.38(0.18)*

0.44(0.23)*

1.41(1.27)*

1..17(0.12)*

0.15(0.11)*

0.20(0.0e)

0.s2(0.27)

0.97(1..48)*

1.49(0.35)*"

0.45(0.35)*t

0.32(0.15)**"

0.49(0.23)*

1.19(L.84)*

Table 8.2: Mean(std) fixed-band measures of heart interval variability (RRV) and heart rate
variability (HRV) power spectra, normalised by total power (excluding components below

0.05H2)

Measure
Supine
Placebo
(n=111)

Tilt
Placebo
(n=101)

Supine
Propranolol

(n=109)

Tilt
Propranolol

(n=121)

RRV total power

RRV VLF power

RRV LF power

RRV HF power

RRV LFIHF ratio

3.78(2.55)

0.62(0.52)

0.71(0.6s)

1.57(0.87)

0.4e(0.38)

2.e8(2.82)

0.s1(0.40)

0.61(0.45)

1.45(2.18)

1.36(1.30)*

5.05(3.51)*

0.s3(0.4e)

1.05(1.09),,

1,.7r(1.25)

1..19(2.03).

2.66(2.17)*r

0.se(0.s6)

0.s4(0.55)"

1..12(t.42)+r

0.96(1..07)*

HRV total power

HRV VLF power

HRV LF power

HRV HF power

HRV LFIHF ratio

3.68(2.22)

0.66(0.57)

0.6e(0.58)

1.ss(0.88)

0.4e(0.38)

2.e0(2.65)

0.53(0.s2)

0.60(0.4e)

1..40(2.74)

1..41.(1..27)*

4.95(3.28)*

0.s8(0.67)

0.97(0.97).

1..76(1..17)

0.97(1..48)*

2.65(2.0Ð*r

0.70(0.76)

0.53(0.s1)'

1..02(L.24)*r

1.19(1.84)*

Table 8.3: Mean(std) fixed-band measures of heart interval variability (RRV) and heart rate
variability (HRV) power spectra, normalised by mean heart interval squared and mean

heart rate squared, respectively.
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Appendix C Rotation and translation of
least-squares scalings

The least-squares scaling cost function is invariant to rotation and translation of the output

mapping. However, the norm of the weight matrix of a radial basis function network (trained

to produce a least-squares scaling) will vary with translation of the mapping. Here, it is
shown that the translation required to minimise the weight matrix norm may be found

analytically.

For a radial basis function network with K basis functions {qr...qr}, the network

Jacobian is given by:

J_

g1 (x,) 92(r1) ...e¡(xt)
er (¡z) e2(¿) ... ey@r)

e1 (x") e2@) ... 9¡(x")

For network weights lY, the network output is given by:

Y = JW, (c.1)

and so for a network trained using simple supervised learning,

W = J+Y, (c.2)

where ,J+ is the pseudo-inverse of the |acobian.

A rotated solution Y is given by Y = YR, where R is an orthogonal rotation matrix, and

the corresponding weight matrix fu = I*YR. The norm of this weight matrix is:

(7.1)

trtíViVrl = tr[J+YRRrYr Q\r]

= ¡¡[J+yyr g+¡r]

= tr[WWrl

757
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Appendix C Rotation and translation of least-squares scalings

Thus, rotation of the solution does not affect the norm of the weight matrix.

Consider one dimension of the solution y, and the corresponding column of the weight

matrix rl.Translationof thesolutioninthisdimensionyields y' = y +ftl,where k is ascalar

and 1 is a N x 1 vector of ones. The weights are adjusted accordingly:

w' = J+ (y+kl)

= J*! + k.I+l

= w+kj (c.4)

where i = J*1.

Then the norm of this weight vector is

w'rw' = (w + kj)r (w + kj)

= wrw + k2jrj + 2kwrj (c.s)

which clearly varies with translation.

To find the translation which minimises w'rw' , we differentiate:

ft{r',*') = zkiri + 2wri ,

and set this to zero, giving:

(c.6)

(c.7)

The preceding expressions were originally derived by Tipping (1996). The required

translation is dependent on w, and thus will vary depending on the orientation (rotation) of

the initial solution.

The minimum achievable value norm of the weight matrix as a whole, however, is shown

below to be invariant to rotation.

Consider a solution given by Y = /IY. This is rotated using the rotation matrix:
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n = ["o'e sine-l 
,

f-sinO cos0l

giving the "rotated weights":

(c.8)

W=WR= (c.e)

This solution is then translated to minimise the sum-of-squared weights, giving the weight

matrix fu. take each column of the weight matrix iy itt tr.,ttt'

Ir,, "ore-wrrsin0 
w,, sin0 + lv,r"ore-l

frr, "o,e - 
w,sin0 w, sino * ,r,"o,ol

ww

w

_i'Tj,t j'j'

[ (wllcos0-w,rsin0)il + ... + (worcosO-worsin0)jo]

J'J

= [ { (wrrcos0-w,rsin9) -j rar} ... { (wrrcos0-worsin9) -j¡,a})r (c.10)

where

[ (wrrcos0-w,rsinO)jr + ... + (worcosO-worsinO)io]
(c.11)al=

J'J

Similarly,

fr', = [ { (w'sin0 + w,rcosO) -ip2} ... {(**tsin0 + worcos0) -ioa2})r (C.12)

and

[ (w 
'sin0 

+ w,rcos0)i, + ... + (wo, sin0 + w orcos0) j o] (c.13)a2
J'J

The sum-squared value of all elements in the rotated and translated weight matrix is then

i' = 1frr',,)2+...+ (ív'¡)2+ (fr'p)2+...+ (fr'¡)2

= ( (wrrcos0-w,rsin0) -j,a,)2 + ... + ((wttcosO-worsin9) - joar)2

+ ( (wrrsin0+w,rcos0) -ip)2+ ...+ ((wrtsinO+worcos0) -ioar)2
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We expand and simplify the first and third terms shown above:

S' = w?t+wl,+ (i,ar)2+ Çra)2+2wpi1 (a,sin0-arcos0)

- 2w ¡i 1(a, cos 0 + a, sin 0) + second and fourth terms

(c.15)

Now consider the original solution weights Ì7, translated without rotation to give ÍY"

Through a similar procedure to the above, the sum-squarcd wcights may be written:

S" = (lryr t-irb)2 + ... + (w*t-jkb)2 + (wzt-jþ)2 + ... + (wor-i¡b)2

= w?t + w2r, + (j þ )z + (i tbr)2-2w ,ri ,b r-2w ,rj ,b,
+ second and fourth terms

where

and

, (c.1.6)

(c.17)

(c.18)

It is easily shown that:

bt = atcosO+ arsin9, (c.1e)

b2 = azcosO-a, sin0, and (c.20)

al+a| = b?+b? (c.21)

Substituting and comparing terms in C.15 and C.L6 reveals the two sum-squared weight

expressions to be equal. Thus, an arbitrary rotation of a solution does not change the

minimum weight norm which may be achieved by subsequent translation. The required

translation may be found analytically using C.7.
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Appendix D The modified generative
topographic mapping

This appendix gives the derivation of the expectation-maximisation equations for the re-

formulated generative topographic mapping algorithm presented in Section 5.3.L.L. This

reformulation of the algorithm allows prior information to be incorporated into the mapping.

The full expression for the joint likelihood (L (ly,P) ) is given by:

<L (w,þ)> =
å.'[ü

I
we (u,) - ', ')l , (D.1)L^)'''*'?El t - ',-r,(

i=l

which, for notational convenience, we write as:

(L(w,þ)¡ = ) togo (D.2)

B({IYo(u)-xn}Qr(u¡))

n=l

Differentiating with respect to the weights I7 gives:

a

òw

NN/.
(L(w,þ)> = t å 

'# >#rlt-,n-r,l(L^)'''".n(-!¡¡wo <u,t -,^ll2)\
n=l i=l

= -Ë å þ É t' - cn-r,l(k)'''..n(-!¡¡'.(ø,) -'.fl2) x
n=l i= I

I

N Ilt-c,-y,lexp llwo (ø,) -*,ll' ¡WA @) -xn\ Qr (u¡)

(-ålr. @,) -x^ll2)

p

2 )
= -p> =l

n=1 I lt - cn-r,lexp
j=r

This may be written:
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Appendix D The modified generative topographic mapping

L*rt( lv,p) ) = -Þ Ë É R ni {we (u ,) - x,} er (u ,) , (D.4)

(D.5)

(D.6)

(D.7)

(D.e)

n = li = |

where

j=r

Thus, the new weights at each iteration are given by the solution of:

NI

n=li=l

Similarly, we may differentiate with respect to the variance 1,/B

a

ð (t/þ)
NN/^

(¿(w,p)) = > å'# >#rlt - cn-r,l(h)'''"^p(-#il we (u,)-',il,)Ì
n=l l=l

where we have used l, = l/þ for clarity. Evaluating this derivative, we obtain:

N

(L(w,þ)) = >
n=1

_1 5
ONI É lt - '^-rl(^L^)"'' "*n(-.r!^llwo 

(u,)-',il') 'j= I

{-?x*fi¡w*(u,) -x,ll2}

(D.8)

Substituting R,, (Equation D.5) gives:

and setting this derivative to zero gives the update equation:

#mrt(w,Ê)) = Ë f*,,{-ry *Ç¡*, (u,) -x,ll2},
n = li = I

¡/l

* = #>r2¡,,11*,",Q (u ¡) - *,ll''
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Appendix E Classification of heart rate
variability in normal and hyp"rtensive

subjects

This appendix describes a preliminary study in which simple classification algorithms

were applied to HRV data from normal and mildly hypertensive subjects. The methods used

in this study do not follow closely the work in the remainder of the thesis and so it has been

relegated to an appendix. Nevertheless, this work demonstrates the potential of HRV analysis

for the detection of early hypertension. This study was published in: Raymond, 8., Taverner,

D., Nandagopal, D., and Mazumda1 I. $997). Classification of heart rate variability in

patients with mild hypertension. Australasiøn Physical €t Engineering Sciences in Medicine,

20(4):207--213.

E.L Methods

A brief description of hypertension and of the relevance of HRV may be found in Section

2.3.2.

E.L.L Patient population and experimental protocol

Data was originally collected for an investigation into the effects of angiotensin converting

enzyme (ACE) inhibition on autonomic function (Nunan etal.,L994). Hypertensives were

chosen on the basis of mild to moderate primary hypertension without significant left

ventricular hypertrophy (based on ECG voltage criteria) or significant renal discharge

dysfunction (based on creatinine clearance calculated from plasma creatinine concentration).

All hypertensive subjects were receiving therapy: ACE inhibitors, beta-adrenoceptor

antagonists þeta blockers) or calcium channel antagonists. Normotensive controls were

recruited on the basis of no history or treatment of hypertension, and a normal blood Pressure

on at least two occasions while on no treatment.

Each subject underwent on one occasion a variety of tests commonly used to evaluate

autonornic function, including 3 minutes of isometric handgrip at 30% of maximum

voluntary contraction. An electrocardiogram was recorded throughout the procedure.
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The subject base comprised 20 normotensive subjects and29 hypertensive subjects. A two

minute sample of resting heart rate data was collected after 5 minutes rest when subjects were

fasting, and had abstained from caffeine and cigarettes for at least 12 hours. A record of heart

rate during handgrip was also taken for each subject, using the latter 2 minutes of the 3
minute handgrip test. The handgrip test was effective at stimulating sympathetic reflexes as

measured by a mean systolic blood pressure rise of 22 + 4 (SEM) mmHg from resting after 3

minutes.

8.1.2 Data preprocessing

The heart rate record was interpolated using cubic spline interpolation and resampled at
'l'0}I2. To avoid aliasing, the resampled signal was low-pass filtered using an 8th order

Chebychev filter with cutoff frequency of 0.4 Hz and decimated by 10, to give a uniform

sampling rate of 1Hz. The time series was then demeaned and detrended by removing the

best straight-line fit from the data.

Ectopic beats were avoided wherever possible when selecting data segments for analysis.

Data segments with more than two ectopic beats were not used; isolated ectopic beats were

removed using linear interpolation where necessary.

The frequency spectrum of the HRV signal was generated using an autoregressive (AR)

model, with coefficients determined using the Yule-Walker method. A model order of 10 was

chosen, slightly higher than that indicated using the Akaike information criterion (AIC) for

model order selection. The AIC tends to underestimate model order for a noisy or non-AR

Process (Kay, 1,988, pp.234-240). For simplicity, fixed frequency bands were used to extract the

low and high frequency components. The LF band was chosen as 0.04 to 0.L4 Hz, and the HF

band as 0.1,4 to 0.32 Hz. Figure E.L shows a typical resting HRV signal and its power

spectrum. The LF and HF bands are shaded.

8.1.3 Feature selection

Features were extracted from the HRV signal for subsequent classification. A number of

candidate features were identified and combined into feature vectors. The effectiveness of

each feature vector was then evaluated by considering its performance with various

classifiers.
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Figure 8.L: (a) HRV signal and (b) estimated power spectrum of subject at rest. The LF and
HF bands have been shaded.

The spectral components of the HRV signal reflect the modulation of the heart rate by the

autonomic nervous system and hence are altered by a change in autonomic function such as is

associated with hypertension. Indeed, an increased LF component and decreased HF

component have been observed in the HRV spectra of hypertensive subjects (Malliani

et al., L99Ib). Clearly, the spectral components are important features of the HRV signal and so

made up the majority of the candidate features. Two methods of quantifying the spectral

content of the predefined LF and HF frequency bands were used. The area under the power

spectral density (PSD) curve in a band gives a measure of the power contained within that

band. The root-mean-square (RMS) measure of the PSD within each band was also

considered, where the RMS value was computed by taking the square root of the mean of the

square of the PSD components within that band. This measure tends to accentuate peaks in

the PSD. The area measures were normalised by dividing by the total area of the spectrum;

while the RMS value of the spectrum was used to normalise the RMS measures. Figure E.2

shows the HRV and (unnormalised) power spectrum of a subject during isometric handgrip.

The LF and HF areas have been shaded and the RMS values are indicated by the solid

horizontal lines across each band.
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Figure E.2: (a) HRV signal and (b) estimated spectrum of subject during handgrip. The
horizontal lines indicate the RMS value of the LF and HF bands (see text).

Time domain measures of the heart rate variation, such as variance, have been employed

in other HRV applications (Kautzner et a1.,1995). Some corrunon time domain measures have

been included in the features here; see Table E.1 for a complete list of features used.

Features were then combined into feature vectors to be passed to the classification stage.

Vectors of up to 6 features were used; an extensive but not exhaustive search of the possible

combinations of features was made. Vectors consisting of time-domain features, frequency-

domain features and a combination of both were investigated.

Two classes of data were defined: subjects diagnosed as normotensive, denoted Cn, and

subjects diagnosed as hypertensive, denoted Co,witk. each subject described by a featurc

vector, .ri.

8.1.4 Classifiers

A simple probabilistic classifier was one of the classifiers used in the study. Assuming the

class probability density functions can each be adequately described by a Gaussian function, a

0.1

766



Classifiers

Feature
label

SDrest

SDhg

pNNSOrest

pNNS0hg

rMSSDrest

rMSSDhg

LFrest

LFhg

HFrest

HFhg

rmsLFrest

rmsLFhg

rmsHFrest

rmsHFhg

ARrest

ARhg

Description

Standard deviation of resting HRV signal

Standard deviation of handgrip HRV signal

Ratio of R-R intervals which differ from previous interval by >50 ms,
resting heart tachogram

Same, but for handgrip tachogram

RMS value of the difference between adjacent RR intervals in resting
tachogram

Same, but for handgrip tachogram

Power contained in LF band of resting HRV spectrum, as a fraction of the
total power in the signal

Fractional power contained in LF band of resting HRV spectrum

Fractional power contained in HF band of resting HRV spectrum

Fractional power contained in HF band of handgrip HRV spectrum

RMS value of resting HRV spectrum in LF band, normalised by the overall
RMS value of the HRV spectrum

Same, but for handgrip HRV signal

RMS value of resting HRV spectrum in HF band, normalised by the overall
RMS value of the HRV spectrum

Same, but for handgrip HRV signal

AR parameters of resting HRV signal

AR parameters of handgrip HRV signal

Table E.L: Description of diagnostic features for HRV signal.

discriminant function which gives minimum probability of error may be written

(Fukunaga, L990):

g(¡) = (x-m¡)'xo'{*-mù- (x- m)rK;t @-m,). t(l+j) -""(ffi)
(E.1)

where the class-wise means of the feature data are denoted by *n and mn, and the

covariancesby Ko and Kn.
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The training data was used to estimate the means and covariances above. The classifier

was then tested on the test data; an unknown subject described by a feature vector .ra was

classified as normotensive if g (.r,) > 0 .

The second classifier used was the voting k-nearest neighbours classifier. The k vectors in

the training set closest to some unknown vector .r¿, were found using either the Euclidean or

city-block distance measure. The unknown vector was then classified as belonging to the class

which made up the majority of these neighbouring vectors. Odd numbers of neighbours k

were investigated, up to k = 11 . Leave-one-out cross validation was used to evaluate

classification performance.

8.2 Results and discussion

8.2.1. Comparison with previous work

The trends of the data set were first compared to published results. An unpaired t-test was

used to evaluate between-group differences.

The LF comPonent in the normotensive group (NT) at rest was greater than that of

hypertensive (HT) subjects ( p < 0.001 ), and the HF component for the NT group was less

than that of the HT group (p < 0.01 ). These results are consistent with previously reported

effects of drug therapy on the HRV spectrum. In particular, p-sympathetic blockade has been

shown to reduce the LF and increase the HF component of the HRV spectrum (Tuininga

etn1.,1994; Pagani eta1.,1986), while ACE-inhibitors increase parasympathetic action in

patients with chronic heart failure, and calcium antagonists may reduce the LF component in

post-myocardial infarction patients (Tuininga et a1.,1994). A study of hypertensive subjects

receiving no drug therapy (Malliani et a1.,7991b) found an increased LF and decreased HF

component in resting hypertensive subjects, in agreement with the finding of increased

sympathetic and reduced vagal tone in early hypertension. In the current study, the effects of

the drug treatment in resting hypertensive subjects would appear to outweigh the changes in

autonomic function due to hypertension.

In response to isometric handgrip, the HT group showed a larger increase in LF (p < 0.005 )

and decrease in HF (p < 0.001 ) component compared to the NT group. Published results

1.68



Comparison with previous work

(McAllister 1r,1979) indicate that the pressor effects of handgrip in patients with hypertension

may be the same or greater than those in normal subjects. The response to handgrip is less

likely to have been affected by the antihypertensive drugs: ramipril (an ACE inhibitor) has

been shown to have no effect on the maximum change in mean blood pressure or heart rate,

or on the change in plasma NE concentration (Sugimoto et ø1.,L989).

These results indicate that classification results based on features relating to the resting

measures of the HRV signal are likely to have been affected by the antihypertensive drugs,

and so must be treated with some caution. Features corresponding to handgrip, or changes in

response to handgrip are less likely to have been affected by the drug therapy of the

hypertensive subjects.

Figures E.L and E.2 show the HRV signal and PSD of the same hypertensive subject at rest

and during handgrip, respectively. The increased LF and decreased HF components with

handgrip can be seen.

The ratio of the LF to HF components of the HRV spectrum has been cited as a marker of

sympathovagal balance (Pagani et aL,1986). Figure E.3 shows a plot of LFrest/HFrest against

LFhg/HFhg for the two subject groups. On this plot, the normal and hypertensive points are

almost linearly separable.
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8.2.2 Classification results

The Bayes and nearest neighbour classifiers were applied to each feature vector extracted

from the data. The best performance of each classifier is listed in Table 8.2, with separate

results for the two different distance measures for the nearest neighbour classifier. The

number of neighbours k in these cases is also listed. A false positive result is a normal subject

classified as hypertensive; a false negative is a hypertensive subject classified as

normotensive. The best classification result of 90% correct classifications was achieved using

the nearest neighbour classifier, with the Euclidean distance metric, k=1, and a feature vector

containing the change in the RMS LF value with handgrip (rmslFrest-rmslFhg) along with
the standard deviation of the resting HRV signal, SDrest. The best result for the Bayes

classifier oÍ 84% was obtained with three different feature vectors.

The better distance metric for the nearest neighbour classifier was the Euclidean distance,

providing both the single best classification result and the highest number of classifications of

at least 807o correct, with a total of 24 (for k=1,3,5,7).The city block metric produced 20 such

results. The mean classification rate (over all feature vectors tested) was 68"/" for both the

Euclidean and city block distances. For the Bayes classifier, the average correct classification

rate was also 68%.

The performance of the nearest-neighbour classifiers increased with increasing k up to a

value of k = 7 , wit]¡. further increases in k producing deteriorating results. Figure E.4 shows a

plot of mean correct classifications against ft. As the number of neighbours increases beyond

7, the classifier becomes over-smoothed and performance deteriorates.

Feature vectors composed only of time-domain features proved ineffective for

classification purposes, with an average result of 56% correct classification. FIowever, many of

the best feature vectors contained both frequency-domain and time-domain features,

indicating that while time-domain features alone may not provide sufficient information, the

information they provide complements that of the frequency-domain features.

For the Bayes classifier, 9 feature vectors produced 80% or better classification; each of

these 9 vectors included either a term quantifying a change invoked by handgrip (".g.LFrest-

LFhg) or the same feature in both the rest and handgrip context. For the nearest neighbour

classifiers, a total of 51 combinations of feature vector, k and distance metric produced a result

of 85% or better; either the change in the LF /HF ratio or the change in the LF or HF
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Figure E.4: Mean classifier performance (over all feature vectors) for increasing k.

component with handgrip appeared in 42 of these. These results suggest that the resPonse of

the cardiovascular system to handgrip is altered in a consistent manner by the presence of

hypertension. If the results pertaining to area and RMS measures are considered separately,

the RMS values constitute 4 of the 9 vectors associated with the Bayes classifier, and 40 of the

42 feature vectors associated with the nearest neighbour classifiers. The remaining vectors use

area measures to quantify the LF and HF components. For the nearest-neighbour classifier,

the RMS measures of the LF and HF bands of the HRV power spectrum are a better feature

than the area measures. For the Bayes classifier, the two types of measurement gave much the

same level of discrimination.

During the study, it was noted that the results were quite sensitive to the choice of LF and

HF band limits.

E.3 Conclusions

The work presented in this section shows promise for the detection of the autonomic

disturbance which accompanies and precedes the hypertensive state. Simple classifiers were

investigated, and correct classification performance of up to 90"/" was obtained using these
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Classifier

Bayes

k-nearest neighbour,
Euclidean distance

metric
(k=1)

k-nearest neighbour, city
block distance metric

(k=1)

Elements of feature
vector

LFrest-LFhg

LFrest/HFrest, LFhg/
HFhg, rMSSDrcst-

rMSSDhg

rmslFrest/
rmsHFrest, rmslFhg/
rmsHFhg, rMSSDrest/

rMSSDhg

rmsLFrest-rmsLFhg,
SDrest

rmsLFrest-rmsLFhg,
SDrest

False
positives

(max.
20)

J

False
negatives

(max.
2e)

5

3

Correct
classific
-ations

(%)

90

44

5J

32

84

84

84

(k=1) rmsLFrest-rmsLFhg,
SDhg

rmsHFrest-rmsHFhg,
SDrest, SDhg

rmsLFrest-rmsLFhg,
rmsHFrest-rmsHFhg

(k=3)

(k=7)

Iable 8.2: Best classification results by classifier type.

techniques. The hypertensive subjects used in the study were all taking antihypertensive

drugs and these may have affected the findings presented here. These or similar techniques

applied to untreated subjects with only marginally elevated blood pressure may assist the

prediction of which subjects are destined to develop sustained hypertension.

88

88

88

88

J

2

2

3

3

4

4
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