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SUMMARY

The electrocardiogram is a recording of the electrical activity of
the heart. By convention, 12 separate leads are studied from which a
diagnosis is made. This process of interpretation is a skill acquired by
cardiologists over a period of years. During the past twenty-five years,
computer assisted techniques have been developed to undertake such
interpretations. It has been shown that if consecutive ECGs are
recorded on a patient within several minutes, the computer diagnoses
may differ because they are made independently of one another
although all conditions remain unchanged. This discrepancy occurs
when small changes in ECG measurements, from one recording to
another, cause threshold values within the diagnostic program to be
crossed, thereby producing conflicting diagnoses. The primary aim of
the study described in this thesis was to develop techniques which
would minimise such problems, thereby enhancing the repeatability
of the ECG program developed in the Department of Medical
Cardiology at the Royal Infirmary in Glasgow, whilst maintaining the
heuristic framework of the diagnostic logic.

From a statistical perspective, the problem of lack of repeatability
was tackled in the following ways, Firstly, a new approach to defining
upper limits of normal ECG measurements was adopted.
Conventionally, the gGlasgow Royal Infirmary program categorises
normal limits with respect to age and sex. These limits are
discontinuous in nature and can contribute to a lack of repeatability in
interpretation betweén consecutive recordings particularly when an

individual's age-category has altered between visits.
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These limits have been replaced with continuous equations which
were calculated on the basis of a sample of 1338 'normals’ using
simple linear regréssion techniques. It was thought that the use of
such equations, which change smoothly and continuously throughout
the age range, would alleviate the problem of subtle differences in
ECG readings from recording to recording producing inconsistent
diagnoses.

The second stage of the problem was to consider how to deal
with discrete thresholds between normal and abnormal, whether such
boundaries were continuous or not. Many of the diagnostic decisions
throughout the program have, untii now, been determined by
whether the observed value of a particular ECG measurement has
attained a specified discrete threshold. These decisions can be
regarded as score functions for ECG measurements which take the
value KX if the threshold is attained, and O otherwise. No account has
been taken of the proximity between the measurement and the
boundary value. This 'all or nothing' strategy has meant that an
individual whose observed ECG measurement lies very close to, but
below, a thres}hold value on one occasion and equally close to, but
above, the same threshold value on a subsequent visit may receive
two conflicting diagnoses.

A method was developed to replace these discrete thresholds
with continuous functions, which take into account the natural day-to-
day variation jocct.u‘ring in each ECG measurement, and to assign a
new smoothed diagnostic score accordingly. Using the discrete score
function as zf: basis, a smooth alternative was developed which
increased gradually from 0 to a maximum of XK. This smooth version
of the scoring function was based on the family of cumulative

distribution functions of the logistic distribution, suitably scaled to give
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the desired maximum score. In addition, the .;tegpness of the new
smoothed step was dictated by the amount of day—to-day variation in
the particular ECG measurement under consideration.

Often, more than one criterion needed to be satisfied before
appropriate action could be taken, so an algebra which would take
account of combinations of criteria was required. Some basic
mathematical rules such as the intersection rule and the union rule
were used as building blocks upon which to construct such a system.

A database of 590 ECG recordings obtained on consecutive days
from 295 patients (using no standardising procedures) was collected
in order to estimate the amount of 'normal’ day-to-day variation in the
relevant ECG variables.

Preliminary investigations were undertaken with the aid of some
simple exploratory plots of the data. These plots indicated that two
models for day-to-day variation were required, each accounting for
the fact that the amount of variation may or may not be dependent
on the magnitude of the ECG measurement of interest. In most
cases, the simpler of the two models was adequate, although in
certain situations a slightly more complex model was required.
Estimates of day-to-day variation were obtained for all the relevant
ECG variables and subsequently used in the calculation of the new
smoothed scores.

The methods were then applied to examples from three major
diagnostic sections of the program. The diagnosis of left ventricular
hypertrophy (LVH) was used to represent the section of the program
dealing with Hypertrophy, while the repeatability of the diagnosis of
Myocardial Infarction (MI) was assessed on the basis of the agreement

in the identification of inferior MI (IMI). Similarly, the diagnosis of
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inferior ST depression was used as an indicator of the repeatability of
the section of the program dealing with ST changes.

Repeatability was assessed in three ways:

1) on the basis of 660 ECGs which were recorded on two
consecutive days from 330 patients;

2) using ECGs which were recorded within the space of a
few minutes (without removing and subsequently
replacing the electrodes) from 249 patients; and

3) using an artificial method of splitting the 330 day 1
ECG tracings into 2 digital representations.

In terms of overall repeatability, it was discovered that of the 330
pairs of repeat ECGs, 266 (81%) interpretations were completely in
agreement with respect to the three previously mentioned diagnoses
when the conventional version of the program was used. The
corresponding numbers for the 249 pairs of minute-to-minute ECGs
and 330 split ECGs were 222 (89%) and 304 (92%) respectively.
Adopting the smoothing techniques in the conventional program
increased the number of pairs of ECGs which were entirely in
agreement in all three cases. Of the 330 pairs of day-to-day ECGs,
291 (88%) were in agreement, as were 236 (95%) and 315 {95%) of
the minute-to-minute and split ECGs. There have therefore been
substantial reductions in the percentages of pairs of ECGs exhibiting
discrepancies. For example, the percentage of minute-to-minute ECG
recordings producing inconsistent diagnoses has been reduced from
11% to just 5% which represents a 55% overall reduction in error.
There were similar improvements for both day-to-day and split ECG
recordings (37% and 38% overall reductions in error respectively).

When considering Type A statements relating to LVH and IMi

only (i.e. statements referring to clinical conditions which can be
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verified  via  non-electrocardiographic ~ means  such  as
echocardiography, serum enzyme levels etc.), it was demonstrated
that the conventional Glasgow program was perfectly repeatable in
295 of the 330 pairs of the day-to-day ECG recordings (89%), in
232 of the 249 pairs of ECGs which were recorded within the space
of a few minutes (93%) and in 96% of the artificially split ECGs (i.e.
317 out of 330 tracings). Implementation of the smoothing
techniques resulted in improved repeatability in all three situations.
For the day-to-day ECGs, the repeatability rose to 95% and the level
of agreement from recording to recording was 98% for both the
minute-to-minute ECGs and the artificially split ECGs, proving that
the methods developed in this thesis are of benefit, even in situations
when the level of agreement from recording to recording is
reasonably acceptable.

The Glasgow program is long-established and has been
associated with an acceptable diagnostic accuracy. In this respect, a
study of the sensitivity and specificity of the new techniques
compared to the old showed no significant difference in a group of
84 patients with LVH diagnosed by M-mode echocardiography.

There has clearly been a significant and important increase in the
reliability of the ECG program as a result of implementing the
methods which have been developed. Therefore this thesis has
demonstrated that the use of statistically based techniques for
discriminating between normal and abnormal has enhanced the

repeatability of computer assisted reporting of electrocardiograms.
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CHAPTER ONE: ,
ELECTROCARDIOGRAPHY.

1.1 INTRODUCTION.

Electrocardiography is the term used to describe the process
which allows the electrical activity of the heart to be displayed in
graphical form. The first human electrocardiogram (ECG) was
recorded approximately one hundred years ago by Waller (1887) and
since then, advances in modern technology have enhanced the field
of electrocardiography and promoted its uses world-wide. Increasing
popularity and demand for recordings of electrocardiograms led to
research into the possible role of the digital computer as an analytic
tool and the early 1960s saw initial automated analyses for both the
3-orthogonal lead and the 12 lead ECG (Pipberger et. al. 1960,
Caceres et. al., 1962; Caceres, 1963; Stallmann et. al, 1961;

Klingeman and Pipbérger, 1967). Many benefits were anticipated,
notably:

(i) the ability of computers to deal with the rapidly
expanding demand for ECG recordings,

(ii) increased accuracy in the measurement of wave
magnitudes and durations, and

(iii)  the probable reduction of intra-observer and

inter-observer variation.
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bundle of His and the left and right bundle branches. Conduction
then spreads through the specialised tissue in the ventricles known as
'Purkinje fibres' and into cardiac muscle itself. Stimulation of the

muscle cells causes the mechanical contraction which is associated

with each heart beat.

1.3 THE FIRST ECG RECORDING

Contraction of the heart is associated with changes in polarity of
the electrical charges on the surface of the myocardial cells. In the
resting state, the cells are positively charged and when the cells are
excited they enter a state of physical activity. This state comprises the
electrical process known as depolarisation which changes the positive
charge to a negative charge. Subsequent repolarisation then returns
the cells to their resting state.

The electrical forces produced during the processes of
depolarisation and repolarisation initiate and maintain the beating of
the heart and the resulting electrical signals are transferred to the skin
through electrically conductive tissue. Thus, potential differences can
be recorded in the form of an electrocardiogram by attaching
electrodes to the body's surface. Much research which took place in
the mid-nineteenth century helped pave the way for Waller (1887)
who recorded the first known human ECG in 1887. Galvani probably
set the scene by exploring current flow in frogs with the help of his
galvanometer which was able to detect small electrical signals. This
led the way for other researchers such as Marey (1876) who
photographically recorded the electrical activity of a frog's heart using -
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Lippmann's electrometer and Burdon-Sanderson and Page (1878)
who investigated the electrical activity of the tortoise heart.

Willem Einthoven developed a much more sensitive string
galvanometer (Einthoven, 1901) which was designed with the
purpose of recording the electrical activity of the heart. The electrical
activity was detected by the quartz string in the galvanometer and the
string's movement could be recorded photographically to make a
tracing.

The ECG takes the shape of a waveform displaying characteristic
peaks and troughs. Einthoven introduced the PQRST terminology to

describe the deflections of the ECG waveform as illustrated below.

Figure 1.2 The ECG waveform

Each section of the waveform is produced by a different aspect of

the electrical activity of the heart. The components may be

summarised briefly as follows:
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P wave - atrial depolarisation

QRS complex - ventricular depolarisation
ST segment - ventricular repolarisation (phase 2)
T wave - ventricular repolarisation (phase 3)

The P wave is of a smaller magnitude than the QRS complex
since the atrial mass is less than the ventricular mass and hence
repolarisation of the atria produces a relatively small deflection which
by virtue of its timing is normally overwhelmed by the -1arger QRS
complex.

Several factors determine the magnitude and the direction of the
deflections in the ECG, the most influential being the location of the
electrodes on the body surface and the direction of the cardiac
impulses in relation to the measuring system. By convention, if the
depolarisation impulse travels towards the positive electrode an

upward deflection will be recorded and vice versa.

1.4 LEAD SYSTEMS

There are two commonly used methods of displaying the
electrical forces in the heart. Waller had first introduced a single
dipole (1889) to represent the cardiac electrical activity and
Einthoven and colleagues postulated that the mean electrical axis of
the heart could be represented by a vector (Einthoven, Fahr, de
Waart, 1913). The first attempt to form a vectorcardiogram (VCG),
i.e. a loop that traced the direction of the resultant vector throughout
the cardiac cycle, was published in an early paper by Williams (1914)

who derived the cardiac vector from Einthoven's standard bipolar limb
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leads. Through the following years, vectorcardiography evolved and
Frank (1956) developed a 'corrected orthogonal-lead system' which
essentially recorded three leads X, Y and Z measuring the component
of the resultant cardiac electrical force in three mutually perpendicular
directions. This is the most popular lead system for
vectorcardiography and is still in use in various centres today.

Bipolar leads were used by Einthoven et. al. (1913) to measure
the potential difference between two limbs at points remote from the
heart, hence the term bipolar limb lead. Electrodes were attached to

the left and right wrists and to the left ankle to make the following

connections :
Lead I Left Arm - Right Arm
Lead II Left Leg —> Right Arm

Lead III Left Leg - Left Arm

This may be represented mathematically as

I = EI. = ER
II = EF = ER
HI = EF - EL.

where E;, Ez and E; signify the potential at the left arm, right arm
and left leg, and [ is the potential in lead I etc.
It follows that, at any instant in the cardiac cycle,
[+l =1
and this is known as Einthoven's Law (Einthoven et. al, 1913). In a

practical sense this represents an important observation since it

34




effectively renders one ofl the leads redundant, allowing it to be
calculated from knowledge of the other two.

Assuming that the right arm, left arm and left leg are arranged
symmetrically around the heart and that the thorax represents a
homogeneous conductor, the limb leads denoted I, II and Il form an
equilateral triangle with the heart lying approximately at the centre.
This is known as Einthoven's triangle (Einthoven et. al., 1913).

Figure 1.3 Einthoven's triangle

Investigation of the inhomogeneity of the thorax led Burger and
an associate to redefine this triangle and to construct a scalene
triangle - Burger's triangle - of which Einthoven's triangle is a special
case (Burger and van Milaan, 1946).

1908 saw the  commercialisation of  Einthoven's
electrocardiograph by the Cambridge Instrument Company
(Macfarlane, 1989a) and its potential value was rapidly recognised by

the rest of Europe and the United States.
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Continuing research and collaboration resulted in Wilson's
central terminal (Wilson et al, 1934). Electrodes were attached to the
right arm, left arm and left leg as before and these were then
averaged to form the reference or central terminal. This allowed an

‘exploring electrode’ to be used to record potential variation at each

of the limbs as follows:

VR = Eg - Ewer
VL = E_ - Ewer
VF = EF - Ewc’r
1
Ewer = S(ER+EL+EF)

where Eg, E; and E; are as before, Eyr denotes the potential at the
central terminal which is relatively constant and VR, VL and VF
denote the potentials measured at each of the limbs (Macfarlane,
1989b). Since the recorded potentiél effectively reflected potential
variation at a single point because Ey.r is essentially constant, these
leads were termed unipolar limb leads. When recorded in this way,
the deflections were inconveﬁiently small. However, slight
modifications made by Goldberger (1942) to Wilson's central terminal
produced augmented unipolar limb leads - denoted aVR, aVL and
aVF - which essentially increase the voltages recorded by the unipolar

limb leads by 50%, i.e.

aVR = SR
2

aVL = 2
2

aVF = %VF

{It can be shown that, at any instant, aVR + aVL+ aVF = 0).
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Wilson's central terminal allowed a further six leads which
recorded potential variation at single points on the chest to be
introduced. These leads were called unipolar chest leads for obvious
reasons and were initially denoted V1, V2, V3, V4, V5 and VE.
Leads V1 to V5 were derived from electrodes placed at designated
areas on the chest and lead VE was positio'ned at the tip of the
ensiform process (Kossmann and Johnston, 1935). Later, a
committee of the American Heart Association published
recommendations which were agreed upon by the Cardiac Society of
Great Britain and Ireland on the positioning of six precordial leads
V1, V2, V3, V4, V5 and V6 (Committee of the American Heart
Association, 1938).

The combination of I, II, Ill, aVR, aVL, aVF, V1, V2, V3, V4,
V5 and V6 forms the conventional 12-lead ECG which is the
standard method for recording electrocardiograms virtually world-
wide.

A version of the waveform described previously is found in each
of the 12 leads and the resulting ECG may therefore contain a vast
amount of information. The ECG is usually interpreted in conjunction

with any historical and clinical data which may be available.

1.5 DIGITAL COMPUTERS

Electrocardiography has become one of the most popular clinical
tests in hospital practice and the subsequent demand has resulted in
research into the possible role of the digital computer as an analytic
tool not only for obtaining and manipulating the ECG, but also for

interpretative purposes (Macfarlane, 1974). Research into automated
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analysis of both the 12 lead and the 3-orthogonal lead ECG began in
the late 1950s and rapid progress was being made by the early
1960s (Pipberger et. al, 1960, Caceres et. al., 1962, Caceres, 1963;
Stallman et. al. 1961; Klingeman and Pipberger, 1967). These
advances provided a stimulus for several other research groups
(Bonner et. al., 1972; Macfarlane, Lorimer and Lawrie, 1971) and by
the early 1970s automated methods being used by several teams
yielded results which were in reasonable agreement with
interpretations made by physicians. Such methods were implemented
with the proviso that each automated ECG report be checked by
medical staff before distribution. However, concern as to the

repeatability of automated methods meant that further research was

required.

1.6 DIAGNOSTIC PROGRAMS

Since the inception of automated electrocardiogfaphy two
distinct methods for interpretation have been followed, each
appealing to separate groups of researchers and benefiting from
further developments. These methods are the statistical and the
deterministic approaches to ECG classification, each having its own

advantages and disadvantages.

Statistical classification methods are largely based on
multivariate analysis and the early work in this particular area was
done by Cady, Kimura and others (Cady et. al., 1961; Kimura,
Mibukura and Miura, 1963). Pipberger has for long been a strong

advocate of such techniques on the basis that they are more stable
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and more accurate than their deterministic counterparts (e.g.
Klingeman and Pipberger, 1967). Initial work was done to distinguish
between two populations (Eddleman and Pipberger, 1971; Goldman
and Pipberger, 1969). Eddlemann’ used linear discriminant-function
analysis with 15 ECG variables to diagnose correctly 88% of an
independent test set of autopsy cases of myocardial infarcts. Goldman
and Pipberger {(1969) applied statistical techniques to a group of
patients with conduction defects.

Comfield et. al. (1973) used the established methodology in the
multi-group situation which considered seven possible diagnostic
categories, namely normal, anterior myocardial infarction, posterior
myocardial infarction, lateral myocardial infarction, left ventricular
hypertrophy, right ventricular hypertrophy and pulmonary

emphysema.

A Bayesian approach was adopted whereby the posterior

probability P(ilx) of an individual with ECG vector x belonging to

diagnostic class i is calculated on the basis of the prior probability g,

of belonging to that class, i.e.

P(fl:_'ﬁ) = _gi_(_)__t_l_ll&__

> Fla g,
j=1 .
where
m = the number of possible diagnostic categories
fxli) = the conditional probability of x , given patient

belongs to i .

More recently, the use of logistic classification models has also

been assessed (Willems et. al., 1986).
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Deterministic methods were initially established by Caceres
(Caceres, 1963). Such methods are built largely on experience and
expertise which has been accumulating over many years, resulting in
a logical path of decision rules which imitate the role of the
cardiologist.

The development of both deterministic and statistical methods
requires a substantial amount of data from different populations since
it is known that ECG parameters vary according to age, sex and race.
For example, Pipberger's AVA program which has been based on a
male and war-veteran population is unlikely to perform in the same
way on a group of young women.

Small changes in measurements may alter diagnostic statements
in deterministic programs since these techniques use measurements
sequentially. Thus statistical techniques have been claimed by some
to be more robust when compared with their deterministic
counterparts. For example, Walston, Harley and Pipberger (1974)
demonstrated that multivariate stafistical techniques correctly
identified mitral stenosis in 74% of the patients whom they studied,
compared to 44% when a deterministic approach was used. Similar,
though not so striking, results were provided by Brohet et. al. (1984)
who obtained a correct classification rate of 85% for interpreting
paediatric ECGs using a statistical program compared to 79% when a
deterministic approach was used. In the late nineteen seventies,
Willems (1977) demonstrated the higher accuracy of statistical
programs by presenting results showing that the overall performance
of the multivariate AVA program was 77.6% compared to 68.9% for
version 7603 of the decision-logic based TNO system when
attempting to diagnose myocardial infarction. Later, a program based

on logistic classification models was shown to be more accurate than
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the AVA program and the HP78 program, with overall performances
being 80.3%, 72.8% and 63.3% respectively when diagnosing a
variety of abnormalities (Willems et. al, 1986).

However, since multivariate techniques are typically based on the
assumption that the primary diagnostic categories are mutually
exclusive, the training set required to develop a statistical program
with the ability to distinguish combinations of disease is likely to
exceed the number of well-documented cases since each combination
must be considered as a separate category (van Bemmel et. al.,
1971). It is also apparent that the use of prior probabilities in
statistical programs can influence the results. Indeed, the overall
accuracy of the AVA program was decreased by 20% when prior
probabilities were set equal for all possible categories (Pipberger et.
al. 1975).

Deterministic methods appeal more to the end-user (i.e. the
cardiologist) than statistical methods because they are more readily
understood. Diagnostic criteria may also be selected on the basis of a
knowledge of well-established electrophysiological processes.
Deterministic methods are also reasonably flexible so that alterations
to existing criteria can be implemented, and newf diagnostic
categories are easily added (Bailey and Horton, 1977; Kors and van
Bemmel, 1990). Recently it has been demonstrated that, when
cardiologist opinion is the gold standard deterministic methods have a
higher accuracy than statistical techniques. However, when compared
with the 'truth’ (based on independent clinical evidence), statistical
programs are more accurate (Willems et. al., 1991). '

Fuzzy set theory has also been used in an attempt to i'nterpret the

ECG (Smets et. al, 1977, Degani and Bortolan, 1986). However,
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this approach has not been widely used by clinicians and is therefore

difficult to assess.

1.7 THE CSE DIAGNOSTIC STUDY

As the number of commercially available interpretative ECG
systems increased, so did the need for the development of evaluation
methods which would serve to assess the diagnostié performances of
the various ECG programs. Thus an international project was
founded - the CSE Diagnostic Study - which aimed to establish
common standards in quantitative -electrocardiography. It was
anticipated that, along with the assessment of diagnostic
performance, exchange of information, improved co-operation
between investigators, development of quantitative test procedures
and improvements in measurement precision would also be achieved
(van Bemmel, 1986).

The first stage of the CSE project was to develop standards for
ECG measurements by evaluating measurement variability with
respect to a reference based on results provided by referees. The
second stage, the diagnostic study, aimed to assess the diagnostic
performance of commonly used ECG interpretative programs by
comparing their interpretations with those provided by cardiologists
and with the 'truth' which was established on the basis of ECG-
independent evidence such as catheterization, ech:ocardiography and
physical examinations (Willems et. al, 1991). _

A pilot study was agreed upon comprising 250 well-documented
ECG recordings (obtained in Glasgow and Dublin) which belonged to .

one of seven groups - normal, left ventricular hypertrophy, right
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veniricular  hypertrophy, biventricular hypertrophy, anterior
myocardial infarction, inferior myocardial infarction and combined
infarction. Twelve different computer programs analysed the
recordings - nine using the standard 12-lead ECG and three using the
VCG. The recordings were also analysed independently by a panel of
six cardiologists. The pilot study demonstrated several problems due
to the different approaches used by the various programs (e.g.
deterministic programs, statistical programs and programs based on
fuzzy logic) and to the different terminology used by the centres. As a
result, common CSE codes were introduced and each cenire was
required to apply a mapping scheme to produce the relevant code
from the diagnostic statement. The performances of the diagnostic
algorithms were compared using a statistical method outlined by
Bailey et. al. (1988). Numerous preliminary results have been
published (Willems et. al.,, 1987) but should be interpreted with
caution given that they are based on a limited amount of data
(Willems, 1988).

The final database consisted of 1220 well-documented and
clinically validated ECGs representing the seven diagnostic categories
previously mentioned. Individual program and cardiologist results
were compared with the 'truth’ and each program was also compared
with the combined interpretations of eight cardiologists. Results have
been published (Willems et. al., 1991) in conjunction with other
releva:nt information which concludes that the CSE Diagnostic Study
has been a valuable exercise and that improvements can still be made

to furéher the field of computerised electrocardiography.
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1.8 THE GLASGOW PROGRAM

Since developments made throughout this thesis will be based
around the structure of the Glasgow Program it is of relevance to
describe the Glasgow approach briefly. Full details have been
published elsewhere (Macfarlane et. al., 1990), while there will be an
_expanded discussion on relevant diagnostic criteria in subsequent
chapters of this thesis.

The current 12-lead ECG program originated in 1977 after
several years of developing and applying techniques for analysis of
the 3-orthogonal lead ECG. The reason for this change was that mini
computers became faster in the late nineteen seventies and the
availability of microprocessors meant that multiple leads could be
recorded simultaneously. Macfarlane et. al. ({1980) developed a hybrid
system around that time which allowed information from the 3-lead
and the 12-lead ECGs to be combined.

ECGs are recorded either by a locally designed and built
electrocardiograph (Watts and Shoat, 1987) or a MINGOREC 4
" (Siemens-Elema), both acquiring ECG leads simultaneously and
digitising them at 500 samples per second for input to a central
computer. The Glasgow program is now implemented on a
MICROVAX computer which uses the operating system ULTRIX-32
- and broadband links allow the direct transfer of the ECGs from the
. locally designed recording carts to the computer. The advent of
_ microprocessor technology in the 1970s means that this central ECG
system is now more accessible to clinics, health centres and smaller
hospitals since the ECG data can also be transferred from newer

electrocardiographs via modems and telephone lines.
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The interpretative section of the program is deterministic in
nature and considers all usual cardiac abnormalities. There are, for
example, sections dealing with Conduction Defects, Ventricular
Hypertrophy, Myocardial Infarction and ST-T abnormalities. The
deterministic approach has been adopted largely on the basis of the
disadvantages of the statistical approach previously described.
Statistical programs are typically based on the assumption that the
primary diagnostic categories are mutually exclusive and often this is
not the case. Indeed, from over 30,000 ECGs which are recorded in
Glasgow Royal Infirmary each year, there may be innumerable
combinations of diagnostic statements. The training set for a
statistical program which will allow identification of many
combinations of cardiac abnormality is impractical since vast amounts
of data representing each category will be required in addition to data
representing each subdivision of the population (sex, age, race).
Furthermore, manipulation of prior probabilities can often lead to
misleading diagnostic results. Finally, clinical information may be used
more easily in deterministic programs and the output from such

programs is more acceptable to clinicians.

1.9 SERIAL CHANGES

It is important to be able to examine the serial changes in an
ECG over time since this will allow monitoring of the progression of a
particular disease.

Methods for detecting serial changes in the 3-orthogonal lead
ECG have been investigated and several different methods of

comparing ECGs assessed (Macfarlane, Cawood and Lawrie, 1975).
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Selected measurements pertaining to the detection of sequential
changes in myocardial injury were stored and criteria produced. The
analysis of day-to-day and bea_t—to—beat variation in a group of normal
serial ECGs (Cawood et. al.,, 1974) provided knowledge of the
amount of variability which could be constfued as 'normal' and the
criteria for the detection of sequential changes were thus established.
Currently, in the Glasgow program, three ECGs are compared
for an individual in any given year (Macfarlane, 1989c). The primary
record is the first recording and the other two are those most recent
prior to the current ECG. Where ECGs are compared with earlier

recordings there will be some indication of whether there have been

significant changes or not.

1.10 DAY-TO-DAY VARIATION

Day-to-day variation of the ECG has been investigated by several
groups. Cawood et. al. (1974) reported differences in QRS complex
and ST-T segment data from day to day and from beat to beat which
were then used as a guide for the detection of abnormal changes
from one recording to the next using the Glasgow program. Willems
and colleagues (Willems, Poblete and Pipberger, 1972) demonstrated
significant repeat variation in many measurements which was
subsequently reduced, but not eliminated, when electrode positions
were marked with a coloured skin dye. The reproducibility of the IBM
ECG program was examined (Tuinstra, 1986) and significant
variation in diagnostic statements discovered. Machado et. al. (1991)
investigated the repeatability of a commercial version of the Glasgow

program by comparing consecutive ECGs which were obtained




without replacing the electrodes. Of the 405 pairs of ECGs which
were considered, type A statements (i.e. statements referring to
conditions which can be verified via non-electrocardiographic sources
such as echocardiography and physical examination}) were
reproduced in 93% of cases. This reproducibility is superior to that
obtained by human readers.

In 1974, Bailey and his associates suggested a method of testing
the reproducibility in ECG program performance which was
independent of the clinical accuracy of the program (Bailey et. al.,
1974). Instead of using two consecutive recordings from each
patient, two digital representations from the same tracing were
obtained. Initially the analogue data sets were collected at 1000
samples per second from which two data sets were extracted
representing the same analogue data only this time digitised at 500
samples per second and separated in time by one msec. The
performance of four programs was assessed and results reported.
The IBM (1971) program was superior both to version D of the PHS
program and to the Mayo Clinic program of 1986 exhibiting identical
diagnostic statements in 76% of tracings compared to 43.3% and
60% for the PHS(D) and Mayo Clinic programs which were available
at that time. Analogue filtering had the effect of increasing the
percentages of identical statements to 79.7% and 49.8% for the IBM
and PHS(D) programs respectively. The fourth program which was
examined in this way was version 3.4 of Pipberger's automatic
vectorcardiographic analysis (AVA) program (Bailey, Horton and
Iscoitz, 1976). Identical readings were observed in 82.4% of 217
filtered ECGs.

Lack of repeatability remains a cause for concern and there may

be many contributory sources of such variation. Crucial to the
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reproducibility of any diagnostic program is the reproducibility of the
ECG (Tuinstra, 1986) and noise and measurement errors may mean
that deterministic programs may be more susceptible to repeat
variation than their statistical counterparts (Willems, 1977). Bailey
and his associates stressed the importance of reproducibility testing of
ECG interpretative systems (Bailey et. al, 1976) and this remains a
fundamental issue when assessing and evaluating diagnostic
programs.

In the following chapter the possible sources of day-to-day
variation will be considered whilst the subsequent two chapters will
attempt to estimate the normal amount of day-to-day variability
associated with ECG measurements. It is anticipated that once
accurate and reliable estimates of normal variation have been
provided for relevant ECG parameters, the extent to which a
particular criterion allows for this variability may be assessed. To
improve on this, smoothing techniques will be described in this thesis
and applied to the deterministic program which is currently being

used in Glasgow with the primary aim of improving repeatability.
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CHAPTER TWO:
DIFFERENCES IN ECG WAVEFORMS.

2.1 INTRODUCTION.

Despite the many advantages gained ' through automated
interpretation of the electrocardiogram, there remains cause for
concern about the lack of repeatability of such techniques. By
adopting a computerised approach to the analysis of ECGs, certain
sources of errors have been minimised or indeed eliminated. For
example, human error is removed and accuracy in wave
measurements increased (Macfarlane and Lawrie, 1974). However, it
can happen that on two consecutive clinic visits two conflicting ECG
diagnoses may occur when there has been no clinically significant
change in the pattern of the ECG waveform. The reasons for this are
plentiful.

Before considering possible causes of repeat variation it is
perhaps of value to mention several factors which can influence the

appearance of the ECG from one individual to another.

2.2 DIFFERENCES IN ECG APPEARANCES.

Many ECG measurements have been found to vary with sex, race
and age. Several other variables have also beén found to correlate

with ECG parameters but in the main, once these three important
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Figure 2.3 Mean SV2 amplitude vs. Age
(based on 719 males and 584 females)

Sex and race are used as categorical variables in deterministic
programs. This means that they are separated into categories for
diagnostic decision making, normally consisting of a small number of
classes (i.e. two for sex and two for race when considering Caucasian
and Chinese only). Age, however, is a continuous variable which until
now has been categorised into several mutually exclusive groups by
all deterministic programs, e.g. |

18-29, 30-39, 40-49, 50+

Upper limits of normality for ECG variables are usually
constructed for each age group, stratified by sex and race, resulting
in several distinct categories into one of which a particular individual
will belong.

The above categorisation of age may cause problems if, between
consecutive recordings, an age threshold has been crossed. Different
upper: limits of normality apply to the magnitude of the S wave in
lead V2 for adult males under 30 years than for those aged between
30 and 40 so that if a particular individual's SV2 measurement has

not changed from one clinic visit to the next but his 30th birthday
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has occurred in the interim, it is possible that his ECG may be
considered as normal on one occasion and abnormal on the next.
This is one contributory factor to the problem of repeat variation and
arises as a result of the discontinuous nature of many boundaries.

It is clearly unlikely that an individual's ECG waveform will be
completely identical from one recording to the next. There will
typically be small, clinically insignificant changes in wave amplitudes
and durations. Regardless of how minute such changes may be,
conflicting computer diagnoses can occur if discrete boundaries are
crossed and this phenomenon, combined with the age-related

discontinuities, forms the crux of the problem of repeat variation.

2.3 DAY-TO-DAY VARIATION.

Variation in the PQRST amplitudes and durations can potentially
lead to a lack of repeatability in computer diagnoses from one ECG
recording to another and this naturally givés cause for concern.
Knowledge of the causes of day-to-day variation allows an
experienced cardiologist to report no significant change between
consecutive recordings although a method by which such variation
may be quantified would prove appealing. On the other hand,
cardiologists are not infallible. The CSE diagnostic study found that
the median repeatability of cardiclogists when given the same ECG
on two separate occasibns was 81.8% (Willems et. al., 1991).

Lewis recognised that many different ECG patterns could be
observed in a groupi of healthy individuals although he largely

assumed that the ECG for any given individual remained constant

{Lewis and Gilder, 1912).
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Simonson first addressed the question of day-to-day variation
and emphasised the need for knowledge of such variation in order
that serial electrocardiography be carried out (Simonson, Brozek and
Keys, 1949). He suggested that eating a meal between recordings
may alter the ECG significantly and provided measures of the amount
of variation exhibited between eleven consecutive recordings taken
over a period of two months on twelve normal young men.

Graybiel and colleagues demonstrated the effects of inhalation of
tobacco smoke on the ECG (Graybiel, Starr and White, 1938).
Drinking iced water between recordings has also been shown to alter
ECG appearances (Sears and Manning, 1958).

Electrode placement is another cause of repeat variation since
varying distances between the electrode and the heart will result in
different ECG potentials and durations being recorded. It is therefore
important that due care and attention is given to the placing of the
electrodes when ECGs are being recorded.

Day-to-day variability can be reduced by the order of 25% when
electrode positions are marked between recordings. Willems et. al
(1972) demonstrated such a reduction when comparing 3-orthogonal
lead electrocardioérams which were recorded on individuals whose
electrode positions were marked with a coloured skin marker and on
those whose electrode positions were unmarked. Although repeat
variation was reduced to a certain extent with such an approach, it
was not eliminated.

Cawood et. al. (1974) provided estimates of day-to-day and beat-
to-beat variation in normal 3-orthogonal lead ECGs and, given that
the electrode positions were not marked, the variation proved quite
substantial. Although such estimates rﬁay be reduced when electrode

positions are marked, this is generally impractical in a busy hospital
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and there still remains sufficient concern as to the other factors

contributing to repeat variation.

2.4 SUMMARY.

The sources of variation in ECG appearances which have been

described can be divided into two categories -

a) ‘between-individual' variation and

b) 'within-individual' variation.

‘Between-individual' variation will arise due to the fact that many
ECG variables have been observed to vary with sex, race and age.
Many ECG-analysis programs can deal with the former type of
variation by stratifying by age, sex and race although using age as a
discrete variable can give rise to a lack of repeatability.

'Within-individual' variation is more difficult to quantify since
there are many different sources. Chapter 4 will attempt to provide,
for each ECG variable of interest, an estimate of the day-to-day
variation which will contain, as far as possible, all contributory
factors. These estimates will then, in turn, be used in conjunction
with a modification to the deterministic process currently in use in
Glasgow (which will be outlined in a subsequent chapter) with a view

to improving the repeatability of diagnoses.
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CHAPTER THREE:

SOURCES OF REPEAT VARIABILITY
IN THE ECG:

Age-categorised 'normal ranges'.

3.1 INTRODUCTION.

In the previous chapter attention was given to the fact that upper
limits of normal for selected ECG variables are stratified by age, sex
and race. The reason for this is that many ECG measurements differ
across sub-groups of the population and it would be inadvisable to
make use of the same criteria for young male Caucasians as are used
for older female Chinese.

Having been stratified by race and sex, many limits are usually
categorised by age and the problems arising from such a procedure
have already been discussed. While these limits will remain stratified
by race and sex, it is appealing to make use of the continuous nature

of age in providing smoothed age-related upper limits of normality

where appropriate.

3.2 BACKGROUND TO SAMPLE SELECTION.

The establishment of normal limits is made on the basis of a
sample of assumed healthy individuals. Initially the target population
(i.e. the population of interest) must be identified and from this, the
study sample chosen. It is important that the study sample is

representative of the target population since any inferences based on
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categories since many women opt to léave employment at this stage
in order to start a family (Macfarlane, 1989d).

Any form of extrapolation from this sample must be questionable
since the sample of individuals obtained is not entirely representative
of the population in general. In particular, the subgroups specifically
thought to be 'at risk', typically the older groups, are not as well
represented as the younger subgroups. Therefore any inferences
which may be made about such groups should be interpreted with
caution although, hopefully, the smoothed age-related upper limits of
normality that are produced from this data will not be biased, merely

better estimated for the younger ages and for males.

3.3 THE CURRENT SITUATION:

3.3.1 Basic Assumptions.

When considering a large number of observations of a variable of
interest on a continuous scale, it is often the case that the resulting
frequency distribution demonstrates a spread of values, the majority
being in the middle. In the situation where the spread is relatively
even about the central value, it is common to assume that the
underlying 'population’ of the variable will be well approximated by a
Normal distribution. This assumption of normality is very important
since many statistical techniques are based on this premise. Under.
this assumption, the normal range, which is commonly taken to be:
described by the middle 95% of values, can be obtained by calculating':
the mean and the standard deviation of the sample. Thus the 95%

range can be defined as roughly
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percentile range is used in many electrocardiographic studies instead
of the standard 95% range and there is no special reason for opting

to exclude 2% of values rather than 2.5% other than the preservation

of continuity.

3.3.2 Discrete Upper Limits.

Upper limits of 'healthiness' for many parameters of interest have
been constructed on the basis of the 96% range of the data
(Macfarlane, 1989¢} and an example of how this limit varies over age

and sex for the R wave amplitude in lead V5 can be seen in Figure

3.3.

5000

RV5 4006+

Y
3000+

2000

10007

~ Age in years

Figure 3.3 Discrete Upper limits of 'healthiness' for
the R wave amplitude in lead V5 (Males)

As mentioned briefly in the previous chapter, small measurement

changes as well as age changes in the neighbourhood of threshold
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values are a potential source of lack of repeatability and it is therefore
of interest to replace such discrete upper limits of normal with limits

which change continuously and smoothly with age.

3.4 SMOOTHING OUT DISCRETE LIMITS:

The use of linear regression.

As an initial step in our main aim of predicting the upper limit of
'healthiness' for a particular ECG variable x, we specify a model to
describe the dependence of x on age ¢ . The simplest possible model
is a linear regression where the conditional expected value of x
depends linearly on ¢ and the variability about such a linear
relationship is constant. As in the previous section, the assumption of
normality (in this case for the conditional distribution about the
expected value) is questionable, so suitable transformations were
investigated.

As an example, normality of the conditional distribution of the R
wave amplitude in lead V5, given the age, will be assessed.

An initial plot of the amplitude against the age (for males
only) indicates that the variance is not constant (see Figure 3.4) since

there does seem to be a larger spread of RV5 values for the younger

ages.
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Figure 3.4
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Plot of RV5 Amplitude vs Age in months (Males)

After applying standard linear regression techniques it is possible

to plot the residual values against the fitted values (see Figure 3.5) to

assess the adequacy of the linear model.

Residual

Figure 3.5
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Fitted Value(uV)

Plot of the fitted value vs. residual
for the raw RV5 Amplitude.

The difference between the true measurement x, and the fitted

value for the ith observation %, defines the ith residual r, and

essentially measures the vertical deviation of measurements from the
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fitted line which is defined by the estimated siope ).‘AS and intercept &
(Kalbfleisch, 1979). Thus
=X -(6¢ + Bt,.).
where ¢, is the explanatory variable for individual i .
If the model is satisfactory, a plot of the residuals », against the
fitted values, o?+,fitj should demonstrate points lying in a band of
constant width about zero exhibiting no patterns or trends. The

wedge-shaped nature of Figure 3.5 suggests that there is evidence of
increasing variance.

Furthermore, the expected value (ev,) of the i thobservation in a

sample of N from a N(0,1) distribution is approximated by
ey, = (D’l{(3i-—l)/(3N+1)}
where @' is the inverse Normal cdf.

If our sample had been taken from a Normal distribution, then the
plot of observed residuals against these expected values from an
N(0,1) distribution would be linear. A normal probability plot (see
Figure 3.6) exhibits obvious curvature indicating that the conditional

variability is not adequately described by the normality assumption.

Expected %7
Normal 3 .
Value IR
2 ot
1 |
O p—
-1 7
2 = A
.3 -~
-4 T T T T T 1
-3000 -2000 -1000 V] 1000 2000 3000

Residual
Figure 3.6 Normal probability plot of the residuals
for the raw RV5 Amplitude.
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The evidence of non-constant variance leads us to investigate
whether a square root or a logarithmic transformation might be more
appropriate to allow us to assume a linear model for the transformed

variable.

A plot of the square root of the amplitude of the R wave in lead

V5 vs. age for male Caucasians can be seen in Figure 3.7.

70
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Figure 3.7 Plot of \{RVS Amplitude vs. Age (Males)

There is possibly a slight suggestion of decreasing variance, but
not to the extent that it exists for the raw data.

The residual plot for the transformed data has been provided in
Figure 3.8. This demonstrates that the residuals lie in a horizontal
band of constant width about zero with no apparent trend.
Furthermore, a normal probability plot of the residuals (Figure 3.9)

illustrates that the assumption of normality has been satisfied.
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where x,=a+f;+¢, , € ~ N,0°) and x,x; are independent
(for i = j).

The usual least squares estimates were obtained for the unknown
parameters «, 3, 0 and the upper 98 percentile of the distribution

(since we are effectively excluding 2% of values from the upper end

of the range) can therefore be estimated as:

8os(t) =6c+[3t+t(n—2;0.02)J&2[1+—1—+££—§-Q—] (3.1)

n 4

where S, = i(r,. -7)* .

i=1

Upper limits of 'healthiness' were calculated on the basis of the
1338 ECGs which were recorded from healthy adults from Glasgow
(see 3.2).

Equation 3.1 can be approximated by
2os () =6+ Pr+t(n~2;0.02)&
since for our large samples n and S, dominate and the terms
!

— and
n

- 0.

14

For the \\RV5 data, the parameter estimates for males and

females are as follows:

&, B, &, | &+t(n;~2;0.02)5,
Males | 47.25 | ~0.01089 | 6.3 59.77
Females | 37.40 | —0.00273 | 5.23 47.65
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Thus, the equations describing the upper limits of normal for the
square root of the R wave amplitude in lead V5 for males and

females are approximately

VRV5=(59.77-0.01089x Age)uV for males (3.2)
VRV5=(47.65-0.00273x Age)uV for females (3.3

Figure 3.10 shows the close similarities between the exact and

the approximate upper 98 percentile limits for males.

VRV5

o Exact (Males)

...

ol \ Approximate

[} 29 400 600 (] fom 1200 100 a0 1800 2000

Age in months

Figure 3.10 Exact and Approximate upper 98 percentile
limits for \\RV5 (Males)

Inferences can now be nﬁade about the upper limit of normal for
VRV5, and hence RV5 simply by squaring the right hand sides of

Equations 3.2 and 3.3, for different ages assuming that future
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measurements are independent realisations from the same model (i.e.
the same population) and that the sample used to produce the

equations is representative of a 'healthy' population.

3.5 SMOOTHING OUT DISCRETE LIMITS:

An alternative approach - Nonparametric

Regression.

If, even after transformation, we are still not satisfied with the
linearity assumption for the conditional expected value in our model
then a nonparametric regression model which imposes no linear
structure can be fitted. However, the assumptions of conditional
normality and non-constant variance in this case are not dropped.

Again, let x; and ¢, denote the ECG variable of interest and age
respectively for the i th individual in our data set and assume that
inferences about the relationship between x, and ¢, are to be made
(for i=1,...,n). We aim to find a smooth function f which represents
the upper limit of 'healthiness' for our data. Using a nonparametric
approach we can write

E(x|t)=£(z) and Var(x|t,)=0"
where x; and x; are independent (for i# ;) and the only basic
requirement of f is that it is 'smooth’ (Silverman, 1985).

One immediate Aand intuitive approach to estimating f is to

minimise the sum of squares function:-

i.e. -
over all i(X, —f(l‘,- ))2

possible f =
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where X, are observations taken at points ¢, (i =1,...,n).

This expression may, however, achieve the value zero when f is
allowed to interpolate the data in the situation where there are no
replicated values of ¢. Clearly this is undesirable and in order to
obtain a more realistic estimate of the function f, a 'roughness
penalty' incorporating a smoothing parameter § can be introduced.
The smoothing parameter essentially determines the width of the
window covering the observations which are currently being used to
determine the smoothed curve at any particular choice of ¢. The
more observations contained in the window, the smoother the plot.

The sum of squares function is penalised in the following way:

n

¥ (X —f(t,.))2 +5Jf"'(t)2dt

i=

b
7”2

where § dictates the amount of smoothing to be used, .[ s a

convenient form of 'roughness penalty’ (Silverman, 1986) and [a,5 ]
is the range of the explanatory variable ¢ .
' Effectively, as § -0, f interpolates the data and as § — oo,
HOES
For our particular set of data where x is the square root of the R
amplitude in lead V5 and ¢ is the age, Figure 3.11 shows upper 98-

" percentile curves which have been based on nonparametric

~ regression methods and have been produced for two different values

- of §.
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Figure 3.18 Plot of the fitted value vs. residual for QRS

Duration in lead V5
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Figure 3.19 Normal probability plot of the residuals for QRS
Duration in lead V5

3.7 SUMMARY.

For many ECG variables, notably the amplitudes of the

waveforms, it was found that by taking square roots a simple linear




model to relate the transformed ECG variable to age was adequate. In
the case of wave durations, no transformations were required. Thus
continuous upper limits of 'healthiness' using age as the explanatory
variable were easily achieved. These limits can help to minimise the
lack of consistency between recordings due to their smooth behaviour
throughout the age range and help to form the basis of a more

repeatable approach to ECG interpretation.
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CHAPTER FOUR:

SOURCES OF REPEAT VARIABILITY
IN THE ECG:

Day-to-day variation.

4.1 INTRODUCTION.

Lack of consistency between diagnoses based on successive ECG
recordings can arise as a result of many sources of variation. Day-to-
day variation which has been mentioned briefly in Chapter 2 can
result in conflicting diagnoses if small ECG measurement changes
cause the thresholds which distinguish 'healthy' from 'unhealthy' to be
crossed between consecutive recordings. This repeat variation may be
the direct result of many contributory factors which have been
described previously. However, it would be unrealistic and impractical

to attempt to collect data on all such sources of variability since a

‘model incorporating separate estimates of variation due to respiratory

stage, the effect of smoking, level of anxiety of the patient etc. would
be too complicated to be of any practical use. A much simpler option

is to concentrate on estimating overall day-to-day variation which will

include factors such as electrode positioning, recording technique and

anxiety level of the patient from one day to the next in a single

estimate.

Here, we will consider how to model day-to-day variation and
describe methods for the estimation of the amount of variability

which exists from one recording to the next in our particular set of
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data comprising replicate ECGs which were recorded at least 24

hours apart.

4.2 THE DATA USED TO ESTIMATE DAY-TO-
DAY VARIATION.

To obtain estimates of the day-to-day variability (o) for a

particular measurement of an ECG variable x, an adequately sized
database of ECG recordings representing a variety of cardiac
pathologies is required. Furthermore, the patients must be regarded
as being 'ECG-stable’, i.e. recordings are to be taken from such
individuals whose clinical condition is such that there is no medical
reason for their ECGs to change from one day to the next.

ECGs were recorded at least 24 hours apart from non-acute
cardiac patients admitted to Glasgow Royal Infirmary between August
1988 and December 1991. To represent real day-to-day variation,
no standardising procedures were used, i.e. electrode positions were
not marked nor were there any conditions placed on the recording
technicians (i.e. the technician recording the ECG on day 2 need not
necessarily be the same as the one who recorded the initial ECG). In
this way, an estimate of day-to-day variability included components of
variability due to recording

technique, electrode positioning,

respiratory phase, posture and anxiety level.

No. | Mean Age | Min. Age | Max.Age
Male | 234 56 23 80
Female | 61 58 29 76

Table 4.1

Mean, maximum and minimum ages of the

295 patients used to construct estimates of
day-to-day variation
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There is a predominance of males in this database as can be
clearly seen in Table 4.1. This is attributable to the fact that it is
mainly men who are admitted to the University Department of
Medical Cardiclogy at Glasgow Roval Infirmary suffering from non-

acute cardiac conditions, predominantly ischeemic heart disease.

4.3 INITIAL INVESTIGATION OF THE DAY-TO-
DAY VARIABILITY.

It is unlikely that an observed value of a day 1 ECG measurement
will always be identical to the observed value of the day 2 reading of
the same variable. We would like to be able to estimate the amount of
variation between such readings in a normal population. It is
reasonable to assume that the day-to-day variation may depend on
the magnitude of the measurement being considered with large values
being associated with greater day-to-day variability than small values.

To investigate how the day-to-day variability behaved in terms of
any dependence on the magnitude of a particular ECG variable, some
simple plots were considered. The initial step was to take differences
of the day 1 and day 2 readings in order to remove any patient effect
leaving the differences reflecting only measurement error. Plotting the
day 1 measurement of a particular variable against the difference
between day 1 and day 2 provided an initial impression of whether
there was any relationship between variability and magnitude present.
In some cases, the difference in the measurements between

recordings was constant over the entire range of the day 1 readings

(see Figure 4.1).
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