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Abstract 

This study investigated the value of electrocardiographic (ECG) body-surface 

mapping during sinus rhythm for noninvasively identifying individiials at risk of 

life-threatening ventricular arrhythmias. Training and test sets were formed from 

255 subjecfs — 51 normals, 102 patients with recurrent ventricular tachycardia 

(VT) and 102 patients with myocardial infarction (MI) but no clinical arrhythmias. 

Measurements analyzed for each subject consisted of 117 QRST-integral values cal­

culated from as many ECG leads; the rationale for choosing QRST-mtegral maps 

was that they reflect the distribution of ventricular repolarization properties, any 

disparity of which might constitute an arrhythmogenic substrate. The Karhunen-

Loeve (KL) technique was applied to represent each subject's measurements by 16 

coefficients, and the Kittler and Young (KnY) method of feature selection further 

reduced the number of characteristic features to only one or two. Nondipolar content 

of QRST-integral maps, determined from higher-order KL coefficients, was signifi­

cantly lower for the normal subjects than for the patient groups, but it differenti­

ated poorly between the latter groups. A much-improved diagnostic classification 

was based upon discriminant analysis which used three selected KL features or, 

alternatively, just one KnY feature. The best classification results were achieved 

with one KnY feature derived from the two patient groups of the training set; the 

diagnostic performance (percentage of patients classified correctly) was 89% for the 

training set and 85% for the test set. The errors to be expected in classifying future 

observations were estimated by bootstrap and cross-validation methods. Further­

more, the potential clinical usefulness of all classification procedures as methods for 

noninvasively evaluating the effectiveness of drug therapy was assessed. The results 

of this study demonstrate that multiple-lead body-surface ECGs contain valuable 

information that, if properly extracted, can identify an arrhythmogenic substrate in 

the myocardium of patients at risk of malignant ventricular arrhythmias. 

i 
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Chapter 1 

Introduction 

Sudden cardiac death is a critical issue in cardiology and a huge research effort has 

been directed toward understanding the factors associated with thi.3 phenomenon. 

Ventricular arrhythmias and fibrillation have been shown to immediately precede 

sudden cardiac death and thus it is highly desirable to establish valid and clinically 

practical predictive measures for detecting patients who are at risk for developing 

these lethal arrhythmias. 

Attempts have been made to identify risk factors which predispose individuals to 

malignant arrhythmias that cause sudden cardiac death. Clinical correlates—such 

as age, smoking habits, body type, cholesterol level, presence of coronary artery 

disease and hypertension—have been evaluated by epidemiological studies. Risk 

factors have been identified by means of multivariate statistical analysis and a set of 

factors which could potentially be altered to reduce the risk of heart disease has been 

established [80,100,180]. These factors alone have limited value in predicting malig­

nant arrhythmias, but in combination with other measurements (such as those made 

available by radionuclide ventriculography and computerized electrocardiography) 

provide valuable information. 

1 
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Assessment of the electrophysiological events of cardiac activation and repolar­

ization has been intensively pursued in an attempt to extract diagnostic information. 

Two methods which are commonly used for diagnosing arrhythmias and for eval­

uating their treatment are ambulatory monitoring and programmed stimulation. 

In ambulatory monitoring, the electrocardiogram (ECG) is recorded over a long 

period of time (e.g. 24 hours) and the record is analyzed for the number of irregu­

lar beats or other abnormal features. Ambulatory monitoring has been used with 

varying degree of success as a predictor of vulnerability to malignant arrhythmias 

[23,108,198] and as a method for guiding antiarrhythmic therapy [22,130,198]. The 

underlying assumption is that ventricular ectopic activity is a marker for sustained 

arrhythmias [81,83]. The presence of ventricular premature beats in patients with 

myocardial infarction or coronary artery disease has been considered a risk factor 

for the development of malignant arrhythmias [149], but the hypothesis that there 

is a causal relationship between ectopic activity and the development of arrhyth­

mias has been recently questioned [22,36]. Programmed stimulation, in conjuction 

with endocardial mapping, has provided a method of evaluating the stability of 

the electrophysiological state of the myocardium during a controlled application of 

extrastimuli [30,123,192]. The method is invasive, and while it has been consid­

ered the gold standard for predicting vulnerability to ventricular arrhythmias, it 

is known to have associated risks, for its objective is to attempt to induce (under 

clinically controlled conditions) the state which is ultimately the one to be pre­

vented. In spite of these shortcomings, endocardial mapping and programmed stim­

ulation constitute a valuable in vivo model for studying mechanisms of arrhythmias 
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[41,50,103,194,195] and they serve as one method of predicting successful antiar­

rhythmic therapy [22,60,61,203]. 

In recent years, ventricular activation and repolarization during sinus rhythm 

has been studied in search of a possible noninvasive predictor of malignant ventric­

ular arrhythmias. This approach differs from the two discussed above in that it 

attempts to characterize (from noninvasive body-surface measurements) the under­

lying electrophysiological state of a ventricle — rather than attempting to capture 

or induce the abnormal rhythm per se. The two approaches pursued are those that 

examine the late phase of ventricular depolarization, and those that examine the pri­

mary repolarization properties of the ventricles. Alterations in both depolarization 

and repolarization properties have been associated with vulnerability to ventricular 

arrhythmias. 

Analysis of the amplitude, frequency and, more recently, spatial characteristics 

of the terminal phase of the QRS complex from standard 12-lead ECGs during 

sinus rhythm is an attempt to quantify the late-depolarization properties of the 

ventricle [36]. This noninvasive method is based on the relationship between the 

low-level, high-frequency potentials recorded on the body surface during terminal 

QRS [38,40,174,175] and the late epicardial potentials which have been shown to 

be associated with malignant ventricular arrhythmias [28,99]. (The relationship be­

tween the late epicardial potentials and the low-level body-surface potentials with 

respect to the arrhythmogenic circuit was discussed by Ideker et al. [92].) The sen­

sitivity of these techniques for detecting abnormalities in the terminal QRS complex 

has been very good; however, the specificity percentages have been generally low 
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[36,37,187]. While many statistical studies have been conducted, the need to expand 

the analysis beyond temporal and frequency analysis of the late QRS complex has 

been considered necessary from the theoretical perspective [36,39,57]. 

Primary repolarization properties of the ventricle have been assessed as a mea­

sure of the risk for ventricular arrhythmias [2,32,109,186]. Several ECG measure­

ments from the body surface have been shown to reflect ventricular repolarization 

properties, and there is a sound experimental [6,8,9] and theoretical [71,72,155] ba­

sis for relating the QRST integral (the net area of QRST inscription) derived from 

body-surface ECGs to local primary repolarization properties. Therefore, assess­

ment of QRST integrals from ECG leads should quantify disparate repolarization 

properties and provide diagnostically valuable information concerning the anatomi­

cal and electrophysiological substrate that predisposes the ventricles to arrhythmias. 

While standard 12-lead ECGs have been used to examine both late potentials [37] 

and primary repolarization properties [169], the spatial distribution of these mea­

surements, obtained by means of body-surface potential mapping (BSPM), should 

provide a comprehensive picture of all electrocardiographic information available on 

the body surface [46,59,65]. Increasing the spatial sampling of the cardiac electric 

field by recording from a large number of ECG leads improves the probability of 

detecting regional events. This is particularly important in the study of arrhythmo-

genesis, since there can be local disparities in repolarization properties which may 

not be detectable with standard methods of ECG recording [9]. Both qualitative 

and quantitative assessments of BSPMs suggest that the individuals who are at risk 

of ventricular arrhythmias have unique map characteristics [46,59,65,88,148,153]. 
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For instance, the QRST-integral maps of individuals who are at risk for arrhyth­

mias have a more complex spatial distribution in comparison with normal subjects 

[46,65]. While the ability to differentiate between individuals vulnerable to arrhyth­

mias and normal subjects is of interest, much more desirable diagnostic distinction 

is between patients with an abnormal ventricle who are not vulnerable to arrhyth­

mias and patients at risk of malignant arrhythmias. This is an important issue 

to address, since complications such as myocardial infarction are often present in 

individuals who are being assessed for vulnerability to arrhythmias. Few studies 

have dealt specifically with this problem, and there are indications that with bet­

ter quantification of the BSPMs, the QRST integral should provide diagnostically 

significant information specific to an arrhythmogenic state [9,67,152,188]. 

The aim of this study was to evaluate whether advanced stochastic analysis 

applied to BSPM data acquired during sinus rhythm would extract the distinct 

information necessary to identify patients at risk for life-threatening arrhythmias. 

The spatial distribution of the QRST-integral maps was at the focus, because of its 

association with the primary repolarization properties of the ventricle, disparity of 

which is thought to constitute an arrhythmogenic substrate. Five objectives define 

the scope for this study: 

• To reduce (without losing diagnostic information) the pattern space of the 

BSPM data acquired from a training set consisting of individuals who are 

vulnerable to ventricular arrhythmias and those who are not. 

• To identify in this reduced feature space those features that best differentiate 
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among the constituent groups of the training set. 

• To evaluate the diagnostic performance in classifying the constituents of the 

training set in the reduced feature space. 

• To estimate the expected error in diagnostic performance for classifying future 

observations, based on the features and classification space derived from the 

training-set analysis. 

• To examine the applicability of features derived from the training set in differ­

entiating patients who were vulnerable to ventricular arrhythmias in a drug-

free state from their posttreatment state (presumably some will remain vul­

nerable and others nonvulnerable, as assessed by programmed stimulation). 

The hypothesis was that there would be quantifiable differences in the features de­

rived from the QRST-integral distributions between patients vulnerable to ventricular 

arrhythmias and patients with no arrhythmias. 

The background for the methodology and experimental design used in this study 

is provided in chapter 2, which reviews the literature dealing with ventricular ar­

rhythmias, body-surface potential mapping and antiarrhythmic agents. Chapter 

3 describes the methodology employed in the present study, including methods of 

acquisition, processing and analysis (feature selection and classification) of BSPM 

data, and description of the patient population. Chapter 4 presents the results 

of classification for the training set comprising a group of patients vulnerable to 

ventricular arrhythmias, a normal control group and a group of patients with my­

ocardial infarction, but no clinical arrhythmias. Chapter 5 presents the results of 
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classification for a two-group training set, made up ot only the two patient groups 

from chapter 4. The test-set results are presented in chapter 6, with the two groups 

of the test set being an independent group of patients vulnerable to arrhythmias and 

an independent group of patients with myocardial infarctions and no arrhythmias. 

The results for the treatment group are presented in chapter 7; the treatment group 

consists of the group of patients vulnerable to ventricular arrhythmias from the 

training set, after treatment with an antiarrhythmic agent (quinidine). Chapters 

8 deals with error estimates for classification procedures and chapter 9 contains a 

general discussion of results and conclusions. 



Chapter 2 

Background and rationale 

The heart normally undergoes highly synchronized electrical processes of activa­

tion and repolarization before it begins its contractile action [19]. Macroscopically, 

myocardium behaves as a syncytium, but microscopic examination reveals that it 

is comprised of distinct myocardial cells which are connected by tight junctions 

[147,177]. The transmembrane action potential of each cell is the result of ion trans­

port across the cell membrane; the action potentials of various types of myocardial 

cells differ, but they all have a much longer repolarization phase than do those of 

other excitable cells [63]. During the prolonged repolarization, the myocardial cell is 

in an absolute refractory period, and is unable to respond to an additional stimulus; 

this property ensures that the wave of propagated activation in the heart is unidi­

rectional [63]. The normal electrophysiological matrix is maintained by a complex 

feedback system [63] and of importance to this study are the processes of ventricular 

activation and repolarization. In the ventricular myocardium, the wave of activation 

follows a distinct pattern (progressing from endocardium to epicardium and from 

apex to base), whereas the repolarization process takes place in approximately the 

opposite order [63]. 

8 
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These electrophysiological processes are reflected by distinct electrocardiographic 

patterns measured at the body surface. Therefore, the electrocardiogram (ECG) 

noninvasively provides information on cardiac electrical activity and has been valu­

able as a clinical diagnostic tool [63]. The QRS complex reflects the ventricular 

activation process and the T wave reflects ventricular repolarization process. Nor­

mally, in most ECG leads, the T wave is concordant with the R wave; this is 

explained by the fact that the order of repolarization is essentially opposite to that 

of depolarization [33,159]. Primary and secondary components of the T wave can be 

distinguished [4,5], with the former related to the intrinsic repolarization properties 

of the ventricle and the latter predetermined by the ventricular activation sequence. 

The QRST integral, calculated from digital ECG recordings, is a lumped measure 

of the intrinsic ventricular repolarization properties [6,8,10]. 

The area of interest in this study is the association between arrhythmogenic 

conditions in the ventricular myocardium and their manifestations in the body-

surface potential maps. The following section discusses this association with respect 

to ventricular arrhythmias — disturbances considered a precursor to sudden cardiac 

death. 

2.1 Ventricular arrhythmias 

Arrhythmias are the abnormal electrical events in the myocardium that are caused 

by disruptions in either impulse initiation or impulse conduction through the highly 

organized system of cardiac excitable cells [64,203]. Arrhythmogenic mechanisms 

have been extensively reviewed [44,64,73,95,97,202,203]. Reentry, automaticity and 
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triggered activity are three proposed mechanisms of ventricular arrhythmias sup­

ported by cellular studies, animal models and clinical evidence [163]. The purpose 

of this section is to provide an overview of the most relevant literature on ventricu­

lar arrhythmias, focussing on the methods used to classify patients at risk for these 

arrhythmias. 

Reentry refers to an impulse that does not die out as it would normally but 

persists to reexcite the myocardium [56]. Two conditions are necessary for this to 

occur: the presence of a unidirectional block and that the wave of excitation pro­

gresses through the pathway and back to its point of origin. Janse [95] reviewed in 

detail the basic principles and clinical aspects related to reentry as an arrhythmo­

genic mechanism. The clinical support for the concept of reentry is provided by the 

fact that the ventricular arrhythmias can be initiated and terminated with pacing, 

although it is agreed that pacing alone does not distinguish reentry from all other 

mechanisms such as triggered activity [163,194]. 

Automaticity, which has been discussed in detail by Gilmore and Zipes [73], re­

lates to the inappropriate and spontaneous depolarization caused by a pacemaker 

current produced by a normal or an abnormal pacemaker. For example, sponta­

neous discharge of the sinus node can be altered by drugs, disease and autonomic 

nervous system [73]. Clinical documentation of automaticity relates to the inability 

to initiate the arrhythmia with a premature stimulus. Gilmore and Zipes [73] cite 

evidence that parasystole and accelerator idioventricular rhythms are probably due 

to enhanced automaticity. 



11 

Triggered activity refers to the impulse being initiated in the cardiac fibers by 

a mechanism that is dependent on afterdepolarization [202]. Early afterdepolariza­

tion (EAD) occurs during repolarization; delayed afterdepolarization (DAD) occurs 

after repolarization is complete. While clinical studies have not convincingly demon­

strated EAD (the clinical manifestations of this rhythm are thought to be torsades 

de pointes and triggered activity associated with the long QT syndrome), some an­

imal studies demonstrate this mechanism [163]. DAD has been manifested in vivo 

by exercise-induced ventricular tachycardia (VT) in the absence of coronary artery 

disease [163]. Triggered activity has been well defined at the cellular level, with sup­

portive evidence provided by animal models and clinical observations [56,163,202]. 

Since a complex interaction of factors provides the dynamic equilibrium for nor­

mal ventricular processes to occur [63], the substrate for disruptions of ventricular 

rhythm may be neurological, anatomical, or physiological (the latter being associ­

ated with ionic imbalances). Studies of cardiac nerve stimulation demonstrate that 

the sympathetic nervous system contributes significantly to arrhythmogenesis (see 

review by Corr et al. [44]). Long QT syndrome (LQTS) has been considered a 

precursor to the development of lethal arrhythmias [168,169] and the role of the 

autonomic nervous system in its genesis has been extensively reviewed [205]. The 

parasympathetic nervous system also affects cardiac function; in general, these ef­

fects are inhibitory with respect to arrhythmias and vagal stimulation was shown to 

mitigate to some extent the arrhythmic sympathetic effect [56,64]. 

Gardner and coworkers describe an anatomical substrate for arrhythmias as­

sociated with the activation wave front propagating through and around areas of 
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viable and damaged myocardium [68,69]. Electrograms from these areas are frac­

tionated. Damage to the intricate structure of myocardial cells disrupts the smooth 

current flow, and myocardium so affected has been considered the anatomical sub­

strate for developing arrhythmias in the ventricle [92]. The results of a ring model 

study by Quan and Rudy [158] showed the importance of cellular uncoupling and 

demonstrated that propagation itself provided the necessary unidirectional block for 

reentry. Neurochemical and ionic imbalances have also been associated with electri­

cal instability of the heart and these imbalances are also considered substrates for 

arrhythmias [43,73,163,202,203]. All of these substrates have been shown to have 

an effect on the electrophysiological processes of the ventricular myocardium, but 

their presence alone may not be sufficient to accurately identify a ventricle at risk 

for arrhythmias. 

Therefore, methods based on measurable electrophysiological alterations have 

been pursued to provide information for classifying patients at risk for developing 

ventricular arrhythmias. The objective of these methods is to identify the electro­

physiological substrate associated with vulnerability to ventricular arrhythmias. Sev­

eral approaches have been explored. They include ambulatory monitoring, temporal 

and frequency-domain analysis of signal-averaged ECGs, measures of disparate ven­

tricular repolarization, and intracardiac electrophysiological studies involving pro­

grammed stimulation (EPS studies). Ambulatory monitoring and EPS studies are 

the two clinical techniques most commonly used to evaluate an individual's vulner­

ability to ventricular arrhythmias and to guide antiarrhythmic therapy [77,204]. 

Ambulatory monitoring involves recording of ECGs for long periods of time dur-
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ing patient's normal activity; these records are then analyzed and various criteria 

for determining vulnerability to ventricular arrhythmias are applied [26,101,198]. 

This approach is based on the evidence that VT and ventricular fibrillation have 

been reported as terminal rhythms preceding sudden cardiac death [23,83,149], and 

that the presence of ectopic ventricular activity is a marker for VT [77,81]. It is as­

sumed that the higher the frequency of occurrence of ectopic or complex beats, the 

higher the probability of developing ventricular arrhythmias [81]. The prognostic 

value of ambulatory monitoring for detecting vulnerability to arrhythmias and for 

evaluating the effectiveness of antiarrhythmic therapy has been extensively stud­

ied [22,23,26,75,77,108,130,200,204]. Ambulatory monitoring in conjunction with 

other measures—such as EPS, left ventricular ejection fraction and signal-averaged 

ECGs—provide better results for predicting vulnerability to arrhythmias than does 

monitoring alone [26,75,108]. The duration of the recording has been shown to be 

important, since it increases the chance of capturing the abnormal activity. It has 

been suggested that 48 hours of monitoring provides a 93% sensitivity of detect­

ing ventricular ectopy [204]. For those patients who experience frequent ventricular 

arrhythmias, ambulatory monitoring has been useful for quantifying frequency and 

severity of the ectopy; however, for some patients with suspected VT the interval 

between occurrence of events may be much larger than 48 hours and thus ambula­

tory monitoring may be of lesser value [204]. The lesults from the CAST trial do not 

provide encouraging evidence that the suppression of ectopy is directly associated 

with a decrease in risk of ventricular arrhythmias [22] and this evi 1pi,ce severely 

undermines the underlying assumptions upon which this approach was developed. 
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EPS studies use programmed stimulation in an attempt to initiate the abnormal 

ventricular rhythm under clinically controlled conditions; this approach is based on 

the premise that if the substrate for ventricular arrhythmias is present, the pacing 

and ectopic stimuli will induce the abnormal rhythm. It has been demonstrated that 

a relationship exists between the patient's clinical arrhythmia and the arrhythmia 

induced during programmed stimulation [195]. Various efficacies have been reported 

for this method [23,30,77,123,149,193,204]. The discrepancies in results reported by 

different laboratories (sensitivities of 48-95% and specificities of 44-100% [77]) occur 

largely due to differences in: (a) the clinical arrhythmia itself, (b) the underlying 

cardiac disease [97,194,204], (c) the aggressiveness of the pacing protocol, and (d) 

the definition of the end point [77,91]. The aggressiveness of the protocol relates to 

the number of extrastimuli, the number of stimulation sites, the drive-cycle length 

and the strength of stimulation current. With three extrastimuli and rapid pacing, 

an arrhythmia was induced in 95% of patients [77]. The specificity of diagnostic 

classification was 90% for two extrastimuli and decreased with increasing number 

of stimuli used [77]. Horowitz et al. [91] reported that three or fewer extrastimuli 

were required to induce VT in 80-95% of the patients with clinically documented 

VT, and that two or less stimuli were highly specific. Therefore, there is a trade-off 

between sensitivity and specificity related to aggressiveness of the protocol. 

Programmed stimulation has been used to guide therapy; the underlying as­

sumptions are that pharmacological intervention results in an alteration of the elec­

trophysiological arrhythmogenic properties of the myocardium, and that there is a 

parallel between the induced arrhythmia and the clinically documented arrhythmia 
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[91]. Evidence has been presented that supports a good prognosis for patients whose 

arrhythmia is inducible in the drug-free state but not inducible in the state affected 

by an antiarrhythmic drug [77,165]. The predictive value of programmed stimula­

tion for accurately determining reoccurrence of arrhythmia has been cited as having 

a wide variability 30-100% [77,91]. 

Programmed stimulation studies have also been used as the standard for compar­

ing the efficacy of other methods of predicting the presence of arrhythmias — such as 

ambulatory monitoring and signal-averaged ECG analysis [26,37,140,183,187]. With 

the exception of long-term follow up, programmed stimulation appears to provide 

the best level of performance among available methods for predicting vulnerability 

to ventricular arrhythmias. While improvements and standardisation of protocols 

for both ambulatory monitoring and programmed stimulation may improve the clas­

sification of patients at risk for ventricular arrhythmias [204], both methods have 

their limitations (ambulatory monitoring is based on a hypothesis which is in doubt 

and programmed stimulation relies on inducing the potentially lethal rhythm and 

has other associated risks [164,194]). These limitations and risks provide incentive 

for exploring other methods for classifying high-risk groups, based on noninvasively 

detecting abnormal electrophysiologic events. 

There is evidence that specific electrophysiologic alterations during sinus rhythm 

are associated with arrhythmogenesis and that these alterations are manifested in 

body-surface potentials. Methods that analyze body-surface ECG during sinus 

rhythm include (a) the analysis of high frequency, low-level signals at the termi­

nal phase of the QRS complex, and (b) the analysis of the T-wave or QRST-integral 
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alterations. 

The high-frequency, low-level potentials measured at the terminal portion of the 

QRS complex have been associated with fractionated electrograms recorded from 

the patchy myocardium [92,128]. These late potentials have been found in patients 

with ventricular arrhythmias during normal sinus rhythm [28,99]; thus, they have 

been associated with the anatomical substrate for ventricular arrhythmias [68,69]. 

(Some debate exists [92] regarding the significance of low-level potentials as predic­

tors of ventricular arrhythmias, since there is evidence that the sites from which 

the late potentials are recorded do not appear to be part of the reentrant circuit 

[111,148]; as well, it has been recently questioned [39] that such signals would only 

be manifested during the terminal phase of QRS complex.) However, qualitative and 

quantitative examination of the frequency components of the terminal QRS portion 

of the body-surface ECG recordings show that patients with VT have, during their 

sinus rhythm, an increased content of higher-frequency low-level signals compared 

to those without arrhythmias [38,40,49,115,173,174,175]. A wide range of sensitiv­

ity and specificity percentages have been reported when temporal and frequency 

analysis of the terminal QRS complex has been used to identify post-MI patients 

at risk for VT and to predict successful antiarrhythmic therapy [36]. Many studies 

base their diagnostic discrimination upon confidence limits, but give no measure 

of future performance [140,201]. Vatterott et al. [187] recently developed a logistic 

model based on clinical measures in conjunction with signal-averaged ECG variables 

and validated the model by cross-validation techniques (one of the very few studies 

that did so). Their cross-validated sensitivity for distinguishing MI patients without 

I 
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arrhythmia from patients that had arrhythmia inducible by programmed stimula­

tion was 91% and specificity was 59%. In general, the deficiency of the present 

procedures that employ analysis of signal-averaged ECG is their lack of specificity; 

this occurs because high-frequency components at the terminal QRS complex are 

also associated with abnormalities other than VT [38,39,74,115]. Other reasons have 

been cited for the wide variation in diagnostic performance, including the technical 

aspects of signal processing and analysis, and considerations related to the under­

lying electrophysiology [29,36,39,57,92]. Further refinements of these techniques, 

to better identify features that are more specific to arrhythmogenic conditions, are 

presently being pursued [36,39]. 

Considerable attention has been directed toward the recovery properties of the 

ventricular myocardium and its association with ventricular arrhythmias. The pri­

mary T wave, a notion introduced by Abildskov [4,5], has been associated solely 

with ventricular repolarization properties and their distribution in the ventricular 

myocardium [3,35], Dispersion of repolarization properties causes heterogeneity of 

excitability, with reentry as the most likely mechanism for arrhythmias facilitated by 

this dispersion [109]. The role of heterogeneity of ventricular repolarization proper­

ties in the genesis of ventricular arrhythmias has been discussed by Kuo et al. [109]. 

Not just the presence of nonuniform repolarization is important; the degree of dispar­

ity in local recovery times has been shown to lower ventricular fibrillation thresholds 

[82]. Therefore, methods to accurately assess ventricular repolarization properties 

are indispensible in identifying myocardium at risk for developing arrhythmias. As 

mentioned earlier, the T wave is of the same polarity as ths R wave in normal ECGs, 
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which has been explained by the order of repolarization being essentially opposite 

to that of depolarization [33,159]. Alterations of the normal T-wave morphology 

have been demonstrated by means of experimentally induced abnormalities [34]. 

Several studies have demonstrated that there is a relationship between dispersion 

of repolarization, measured as T-wave fluctuations, and vulnerability to VT and 

ventricular fibrillation [11,31,32]. Simple measures such as QT duration and var­

ious temporal measures from the 12-lead ECG have been considered reflective of 

dispersion of repolarization properties [126] — in particular those associated with 

LQTS [18,168,169]. Abildskov [1] found abnormal QT lengthening in only a few 

patients with ventricular arrhythmias. A recent study by Benhorin et al. [18] used 

simple electrocardiographic measures, aimed at quantifying repolarization charac­

teristics, in an attempt to classify patients with LQTS from normal subjects. The 

95% confidence interval for their sensitivity percentage was 81.6-100%, based on 

five predictor variables in their model. Unfortunately, this high sensitivity reflected 

the low error in classifying over 300 normal subjects, while the mean error rate for 

classifying the LQTS patients was 9.3/37 or 25%. As well, the predictive value of 

this result is lessened, since the ratio of features to subjects was 1:7 (5 variables 

and 37 subjects). These results demonstrate the limitation of methods that rely 

on simple measurements to evaluate a complex phenomenon such as heterogeneity 

of ventricular repolarization. Since the QRST integral has been shown to reflect 

the distribution of ventricular repolarization properties [6,7,8,10,129], this measure 

could be used to assess susceptibility to ventricular arrhythmias [9]. A recent study 

by Kubota et al. [107] reported very high negative correlations between QRST 
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integrals and ventricular fibrillation thresholds after MI in a canine model (these 

correlations were modified by the size of the MI). In general, there is evidence sup­

porting the value of assessing dispersion of repolarization based on measurements 

from the electrocardiographic waveforms associated with this process; however, lo­

cal alterations in these properties would not be easily assessed using conventional 

ECG leads [9]. 

The regional disparities associated with both ventricular depolarization and re­

polarization processes have been a concern in assessing the ventricle at risk for 

arrhythmias. On the surface, these regional differences in depolarization and re­

polarization can be reflected in BSPM (as will be shown in the following section). 

Studies have demonstrated that BSPMs of individuals with ventricular rhythm dis­

turbances have both qualitative and quantitative differences in comparison with 

maps of normal subjects [65,66,104,151,153]. The spatial distributions of late de­

polarization potentials (measured as the spatial distributions of BSPMs from the 

terminal QRS) appear to be much more complex in patients with ventricular ar­

rhythmias than in terminal phases of normal ventricular activation [49,59]; these 

findings were corroborated in a canine model [148]. Attempts are voing made to 

measure the spatial distribution of late depolarization potentials for dt Meeting re­

gional differences in ventricular depolarization associated with VT [36]. Further 

examination of this spatial aspect of late depolarization, in contradistinction to 

analysis limited only to selected ECG leads, may provide a more complete picture 

of the arrhythmogenic substrate which could improvf- the specificity of classification 

based on late potentials. 
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This study focussed on quantifying the spatial aspect of dispersion of ventricular 

repolarization properties associated with ventricular arrhythmias. Local inhomo-

geneities of these properties should affect spatial measurements of QRST integrals 

[9,88,129], and it has been suggested that multipolar body surface distributions of 

the QRST integral reflect heterogeneity of repolarization properties [9]. Therefore, 

the QRST-integral distributions calculated from signal-averaged BSPM data were 

interrogated for diagnostic information. The theoretical and experimental basis for 

evaluating regional repolarization properties to assess the arrhythmogenic state of 

the ventricle is sound. Lacking is the clinical evidence that these regional repo­

larization properties can be accurately quantified to identify ventricles at risk for 

arrhythmias. Many studies have been based on qualitative assessment [66] or sim­

ple quantitative measures (e.g. number of extrema) based on visual inspection of 

morphological features; these studies observed that the QRST-integral maps of VT 

patients were more complex (multipolar) than normal maps [65]. However, multi­

polar QRST-integral maps were also noted in patients with MI and no arrhythmias 

[65,129]. It turned out that it is very difficult to distinguish between MI and VT 

patients by means of a qualitative assessment of their maps [46], and discrepancies 

in results have been noted when simple quantitative measures were employed [9]. 

Recently, the problem of more objectively measuring and classifying spatial char­

acteristics reflecting dispersion of ventricular repolarization properties in BSPMs has 

been addressed. A 2-D fast Fourier transform (FFT) of the QRST-integral maps 

of normal subjects, MI patients and VT patients quantified differences between the 

groups, but the overlap between groups indicated that this method was not spe-
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cific enough for classification [153]. Higher nondipolar content, determined by an 

orthogonal-expansion approach to data reduction, was reported for QRST-integral 

maps of VT patients compared to normal subjects [9,46,151]. Again the difficulty 

was in separating the MI and VT patients, since there was a large overlap between 

the two groups for nondipolar content and the classification based on this measure 

was poor [151]. In a study of post-MI patients, nondipolar content was significantly 

higher for those patients (n.=8) who later died suddenly than it was in those who 

survived [188]. In contrast to using a single measure, such as nondipolar content, 

De Ambroggi et al. [46] also showed that individual KL features, derived from the 

QRST-integral maps, differed between LQTS patients and normals; this suggests 

that there may be specific features that contain diagnostic information. In a re­

cent study based on the KL features, an approach proposed by Kittler and Young 

[102] was used to classify normal subjects, MI patients and VT patients; the re­

sults showed that a distinct classification separating the three diagnostic groups is a 

real possibility [67,152]. Cumulatively, the results above indicate the need for more 

rigorous evaluation of the QRST-integral maps to establish the degree to which it 

can be used in the diagnosis of ventricular arrhythmias. The following section deals 

with quantitative methods for evaluating BSPMs to assess regional disparities of 

ventricular repolarization properties. 

2.2 Body-surface potential mapping 

Standard 12-lead electrocardiography uses only a small set of all measurable ECG 

leads and therefore misses some noninvasively accessible diagnostic information 
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[78,127,133,166,181]. Vectorcardiography has been shown to be inadequate in de­

scribing regional cardiac abnormalities, because its underlying assumption is that all 

cardiac sources can be lumped into a single, fixed-location dipole [166]. In contrast, 

BSPM involves the simultaneous acquisition of multiple ECG leads placed over both 

the anterior and posterior torso [47,116,166,181,182]. Measurements from the entire 

torso, with high spatial resolution in the precordial area, ensure that BSPM captures 

nearly all noninvasively-available electrocardiographic information [86,127,133,166]. 

On the other hand, there is a great deal of redundancy in the entire set of BSPM 

data [58,119,184] and thus an optimal number of leads and their optimal placement 

have been explored [58,79,17,118,120]. 

Heart-produced BSPMs are affected by the volume-conductor properties, such 

as shape and internal inhomogeneities, of the torso. The solutions to the two fun­

damental problems in electrocardiology—the forward problem [15] and the inverse 

problem [16,166]—provide the deterministic foundation for utilising BSPMs to ex­

amine regional cardiac events in vivo. The ability to utilize this noninvasive method 

to accurately describe the regional electrical events of the heart has great clinical and 

physiological significance. The question addressed in this study is whether BSPMs, 

although distorted by volume conductor characteristics, can provide directly (i.e., 

without the benefit of forward/inverse calculations) the diagnostic information for 

differentiating the electrophysiological substrate associated with an arrhythmogenic 

state from the nonarrhythmogenic state. 

Typically, the BSPM data have been displayed at selected time instants as isopo-

tential maps, or as isointegral maps such as the QRST-integral maps [47,90,88,116]. 
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As identifying and differentiating the diagnostic characteristics from these maps 

is difficult, qualitative approaches to assess BSPMs—sometimes aided by simple 

quantitative measures—have prevailed. The qualitative assessment is based on the 

morphological features of the contour maps that can be related to some charac­

teristic events in the heart (such as right-ventricular breakthrough). The simple 

quantitative measures include, e.g., locations of extrema and their trajectories in 

time, number of extrema in different phases of activation/repolarization, and time to 

characteristic events such as breakthroughs [59,114,136,138,154,181]; all such mea­

sures represent only an arbitrary (albeit judicious) selection from the total spatio-

temporal information provided by BSPM. There has been some debate regarding 

the increased diagnostic information provided by BSPM compared to conventional 

ECG approaches for studying certain abnormalities, such as MI [179,185]. However, 

to capture body-surface information about the regional dispersion of repolarization 

associated with arrhythmogenic substrate, BSPM approach would seem to be clearly 

superior to any ECG lead system with a small number of leads. 

Despite limitations of the interpretation based on the qualitative or semi-qualitative 

assessment, BSPM has been used successfuly to locate accessory pathways in Wolff-

Parkinson-White (WPW) syndrome [48,52,94], to classify patients with MI [136,138] 

[142,154] and coronary artery disease [78,114,117], and to identify characteristics 

associated with the LQTS [46] and ventricular arrhythmias [59,65,66,114,125]. In 

general, qualitative assessments have provided initial evidence that diagnostic infor­

mation is contained in these maps, and recent studies indicate thct better quantifica­

tion procedures are necessary for statistical comparisons. BSPM has been explored 
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as a technique for identifying patients with coronary artery disease; sensitivities of 

88% and 94% have been reported for correctly classifying these patients from normal 

subjects, by means of signal representation procedures applied to the BSPM data 

and statistical analysis [78,117]. Vondenbusch et al. [189] recorded BSPMs during 

percutaneous transluminal coronary angioplasty and reduced the data by employing 

a KL expansion; they were able to differentiate between BSPMs of patients who un­

derwent balloon-inflation angioplasty of three different coronary arteries. Although 

the sample size was small in this latter study, the results illustrate that a small 

number of properly selected features can provide distinct information for diagnos­

tic classification. Sun [178] demonstrated that spatial features derived from the 

QRST-integrals were more effective than other spatial and temporal information 

for classifying—by means of a neural network algorithm—four diagnostic groups 

(normal, ischemia, anterior MI and left bundle branch block). As discussed in the 

previous section, recent studies [9,46,67,151,152,188] suggest that improved data re­

duction procedures and the implementation of sophisticated statistical analysis, is 

a plausible approach to identifying noninvasively the BSPM features unique to VT. 

In general, the number of patients has been relatively small in the BSPM studies, 

and few have used more advanced statistical procedures for feature selection and 

classification. 

Data reduction in body-surface potential mapping 

In order to achieve a more objective selection of diagnostic features from BSPMs for 

diagnostic classification, successful data reduction is necessary. The problem is to 
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reduce the amount of BSPM data—without losing important diagnostic information. 

Data-reduction procedures reduce the original pattern space to a feature space of 

smaller dimensionality, while maintaining the important characteristics; features are 

then selected that are the best discriminators for classification purposes [12]. The 

success of the classification procedure, however, is highly dependent on the success 

of the feature-reduction procedure to reflect the salient features in the map. 

The statistical approaches evaluate common features of the signals and these 

features are represented as a set of coefficients and basis functions. The limitation 

of these statistical approaches has been primarily with data representation. Since 

the data are reduced to a series of coefficients which are not easily related back 

to the morphological features of the pattern, the results are difficult to interpret 

intuitively [178]. 

There are various methods of statistical representation available, and two ap­

proaches that have been used with BSPM data are the 2-D F F T [134,151], and 

those based on orthogonal expansion. The success of the latter techniques in BSPM 

data reduction [58,119,151,178,184] illustrates its potential value to the problem of 

feature selection and diagnostic classification. The orthogonal-expansion approaches 

include KL expansion [58,119], principal component analysis [46] and singular value 

decomposition [184]. There are similarities and differences in these three techniques 

as discussed by Gerbrands [70]; however, in the context of statistical pattern recog­

nition, all three can be used interchangeably. The KL expansion is based on the 

statistical properties of an image and has been used for data compression where the 

discrete variables are transformed into a set of uncorrected coefficients, sometimes 
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referred to as the principal components [76]. Singular value decomposition has been 

considered a reliable method for computing the coefficients for a generalized least 

squares problem based on a matrix factorization [62,146]. It has been used to reduce 

the matrix dimensionality in the presence of redundancies, but this approach is de­

terministic in nature. The similarity between the singular value decomposition and 

the two stochastic approaches—KL expansion and principal component analysis—is 

based on the relationship between the singular values and the eigenvalues of a real 

symmetric matrix [62,70]. 

The KL expansion has been considered the optimal transform for signal repre­

sentation based on a mean-squared-error criterion [70]. A complete knowledge of 

the probability structure for the input pattern is not required [12]. Although this 

transform was developed for a continuous process, the KL transform can be dis-

cretized for use in digital image processing [76] and it has been applied to BSPM 

[58,119,151,178,184]. There are several reasons why the approaches based on the 

KL expansion have been successful when applied to BSPM data. First, they are not 

based on the assumption of periodicity of the signal; the only requirement is that 

electrode placement should be consistent in order to make comparisons. Secondly, 

these methods are not sensitive to noise in the signal, in particular random noise 

that is often present in ECG signals. Lastly, the basis functions are derived from 

the da ta itself and are not predetermined as is the case with other transforms such 

as the Fourier transform. 

Several studies have applied the KL theory to BSPM data — foi both spatial and 

temporal reduction and diagnostic classification [9,46,58,78,105,151,185,188,189]. 
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For example, dimensionality reduction reported was in the order of 16:1 and 12:1, 

with the entire set of temporal and spatial BSPM data being reconstructed from 

216 coefficients and the corresponding basis functions [58,119]. Given that the orig­

inal pattern space could be over 40,000 numbers, this was a substantial reduction. 

The low reported errors indicate that the salient features were maintained after re­

duction and classification procedures can be applied, based on these representative 

features [119]. The data-reduction procedures employed in this study were based 

on the KL-expansion theory. 

Feature selection and classification 

Ranking the eigenvalues in descending order of magnitude provides a set of principal 

features that best describe the total data set. Statistical procedures for classification 

can be then applied to the significantly reduced data. There are various approaches 

for defining a classification space, including those based on physiological consid­

erations, those that are statistical in nature, and more recently neural-networks 

approach [178]. Only a few studies have addressed the diagnostic classification of 

VT applying statistical procedures to the principal features derived from the KL 

expansion of BSPM data [46,151,178], One measure referred to as the nondipolar 

content, reflecting complexity in the BSPM patterns was extracted from the coef­

ficients calculated for each KL feature based on the definition by Abildskov et al. 

[9]. The nondipolar content of a given map can be calculated [46] by computing 

the cumulative contribution of all eigenvectors beyond the third as a percentage 

of the total map content. This can be explained by the fact that the first three 
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eigenvectors are basically dipolar in nature (with only one maximum and one min­

imum), while the following ones contain more than two extrema and are said to be 

multipolar in nature. The set of coefficients y,-, which are characteristic for each 

subject from the KL transform, may be used to compute the contribution of the 

eigenvectors to the total map content. Several studies indicate that subjects who 

are vulnerable to ventricular arrhythmias have a multipolar, and thus more com­

plex, QRST-integral distributions than normal subjects; this has been substantiated 

quantitatively by significant differences in nondipolar content [9,46,151]. Overlap 

between patient groups however suggests that this single measure may not provide 

sufficient separation [151] but should be further investigated. 

For LQTS patients and normals, each feature coefficient has been compared sep­

arately by means of nonparametric methods [46]. Since the KL expansion orders the 

features based on their contribution, statistical methods for feature selection (such 

as discriminant analysis ) could be applied directly to the feature coefficients. Inves­

tigators have applied discriminant analysis procedures to the KL features derived 

from BSPMs to differentiate patient groups such as coronary artery disease [78] 

and myocardial infarction [185] from normal control subjects with low classification 

errors. In the former study, 94% accuracy was reported for separating the normal 

subjects from coronary artery disease patients who displayed normal electrocardio­

grams [78]. Essentially the discriminant analysis attempts to find the best subset 

of features for differentiating between classes [110]. This can be achieved through 

forward, backward or stepwise procedures [93]. The latter method is independent 

of order and features are added and deleted by evaluating their discriminatory po-
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tential, based on statistical criteria [93]. 

Methods based on the KL expansion itself have also been used for feature se­

lection. Since the classification procedure depends to a large extent on the quality 

of the feature selection, the optimal feature selection procedure is of crucial im­

portance. Kittler and Young [102] have discussed various techniques of diagnostic 

classification based on the KL expansion; they grouped these techniques into two 

broad categories: (1) those where feature ordering is made irrespective of the mean 

vectors of the individual classes, and (2) those where the utilization of information 

about the mean vectors is presumed to be non-optimal. Kittler and Young suggested 

a method of feature ordering that utilizes the discriminatory potential of both the 

class means and the class variances HI the application of the KL transform [102]. 

The general theory for this approach is basically a two-stage KL decomposition, 

with the result being an optimal feature space for classification purposes. Feature 

selection is carried out by constructing the covariance matrix of the input vectors 

and by subtracting the mean vector for each class from the respective class vec­

tors and normalizing this for the class variance. The resulting classification space 

is ordered—based on the differences between diagnostic groups—and encorporating 

all of the features in the analysis, rather than a small subset of features as in the dis­

criminant analysis. Initial results based on the KnY approach illustrate its potential 

value for defining a classification space based on features derived from the BSPMs, 

of patients vulnerable to arrhythmia and those not vulnerable to arrhythmia [152]. 

The limitation of this result was that a very small sample size was used, thus the 

potential for overtraining existed. 
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Neural network algorithms have been explored for feature selection and classi­

fication. This approach was applied to classifying normal subjects, patients with 

ischemic heart disease, anterior myocardial infarctions and left bundle branch block 

[178]. While the classification results appear to be quite good, the author is cau­

tious of the future applicability of the results because of the small sample size in each 

group and the problem of convergence which was not evaluated since there was no 

test set on which to validate the results. These issues are imperative to the future 

value of any classification space. In general, the less sophisticated approaches to 

feature selection and classification have apparent limitations in separating patients 

vulnerable to VT. The more sophisticated approaches, while seemingly superior, 

have not as yet been rigorously evaluated for their predictive value. 

An examination of the literature illustrates that the number of features included 

in both the reduction and the classification space vary considerably [58,119,105,151] 

[184,178,185,189]. As mentioned previously, the important issue with respect to 

reconstruction is to ensure that adequate numbers of features are used to accu­

rately represent the original pattern space [119]. In defining a classification space, 

a concern, particularly with small samples is to minimize the effect of tailoring the 

features to the training set from which they were derived. Kozmann et al. recently 

discussed this issue, suggesting that the number of features derived from body sur­

face potential maps used in the classification space should be kept to a minimum to 

ensure that the space is statistically robust and efficient [106]. Encorporating large 

numbers of features into the classification space would reduce the general applica­

bility of the space for classifying future observations [55]. In any case, results from a 
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training set alone are overly optimistic and are of limited value for predicting future 

classification [53,54,55]. Various methods for estimating the true error associated 

with a classification procedure include evaluation of the procedure on an indepen­

dent test set, cross validation, jacknife and bootstrap [53,54,551. The bootstrap and 

cross-validation have been shown to be effective estimates of the true error, in par­

ticular with small sample sizes [54]. Therefore, these methods provide an evaluation 

of the error bias in a given classification [27]. It is important to establish how well 

any set of features proposed reflect a difference between diagnostic categories rather 

than a difference between a specific group of patients. 

2.3 Antiarrhythmic agents 

In addition to studying distinct diagnostic classes, a further question addressed in 

this study related to assessing the myocardium that has a presumably altered ar­

rhythmogenic state. Antiarrhythmic agents have facilitated the clinical study of 

arrhythmias, as they offer a controlled, easily altered treatment approach which has 

enhanced our understanding of arrhythmogenic mechanisms [30,98]. Many antiar­

rhythmic agents have been introduced [191,199]; they can be classified based on 

their predominant electrophysiological effects [172,197]. While modifications exist, 

the basic classifications are Class I, II, III, and IV, with a description of the differ­

ences and examples for each class presented in Table 2.1. The electrophysiological 

effects of the various drugs are not consistent across cells in the heart and Table 

2.2 provides an overview of some of these effects for selected antiarrhythmic drugs 

[84,143,156,191,199], illustrating that functions of SA nodal, AV nodal, ventricular, 
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Table 2.1: Classification of antiarrhythmic agents 

Class I Class II Class III Class IV 
Membrane 
stabilizers 

Sympathetic 
blockers 

Repolarization 
prolongation 

Ca+ + channel 
blockers 

Procainamide 
Quinidine 
Mexilentine 
Lidocaine 
Disopyr amide 
Phenytoin 
Tocainide 
Flecainide 
Encainide 
Propafenone 

Propranolol 
Bevantolol 
Atenolol 
Timolol 
Oxprenolol 
Alprenolol 
Nadolol 
Metoprolol 
Labetolol 

Amiodarone 
Sotalol 
Bretylium 
Melperone 
Sematilide 

Verapamil 
Tiapamil 
Nifedipine 
Gallopamil 
Bepridil 

atrial and Purkinje cells may be altered differently with the same drug [98]. Also, 

drugs from the same class may have different effects on the same cardiac fiber and 

function, resulting in a large variation of effects on the total cardiac activation and 

repolarization process. These variations indicate that accurate assessment of the 

arrhythmogenic substrate would assist with evaluating the effectiveness of antiar­

rhythmic treatment. This is of particular interest since the proarrhythmic effects 

for class I antiarrhythmic agents, reported recently by investigators involved in the 

CAST trial [20,21,22] and the cessation of the use of flecainide and encainide in this 

trial [150], emphasize the need for accurate evaluation of therapy. 

Are the antiarrhythmic agents actually altering the electrophysiological substrate 

for arrhythmias and can these alterations be accurately assessed? There are several 

difficulties with comparing the many efficacy studies and one has been the different 

operational definitions used to define efficacy of treatment [191]. The most common 
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Table 2.2: Electrophysiological effects of common antiarrhythmic agents 

Agent 
Quinidine 
Procainamide 
Propranolol 
Sotalol 
Amiodarone 

APD 

t 
t 
- 1 
t 
r 

"max 

i 
i 
" I 
— 

1 

Automaticity 

I 
i 
- 1 
— 

I 

A-H 

i , - T 
- T 
- r 
T 
T 

H-V 
T 
T 
-

— 

T 

ERP-AVN 

u 
- T 
- r 
T 
T 

ERP-V 
T 
T 
— 

T 
T 

APD = action potential duration, umax = maximum velocity of upstroke, A-H = 
A-H interval, H-V = H-V interval, ERP-AVN = effective refractory period AV node, 
ERP-V = effective refractory period ventricle, f = increase, j = decrease,— — no 
change 

methods for evaluating therapy are EPS and ambulatory monitoring; both methods 

have their limitations [22]. The association between suppression of ectopic activity 

and risk of VT has been recently questioned and while EPS has its drawbacks, its 

prognostic value for those that had their arrhythmia induced in a drug-free state and 

not induced in the drug state was relatively accurate [22]. More recently, analysis 

of late depolarization from signal-averaged ECGs [36] and assessment of BSPMs 

have been explored as method of evaluating effectiveness of antiarrhythmic therapy 

[132,131]. Initial results for both of these noninvasive methods indicate that they 

may be of value. Therefore, if noninvasive approaches are to be valuable they must 

be able to assess the electrophysiological effects of antiarrhythmic therapy by related 

changes in the surface potentials measured from ECG leads and detect a change (if 

one occurs) in the arrhythmogenic substrate. Since there was such a large variation 

in effects, even for agents within the same class, this study was limited to examining 

one agent, quinidine. 

Quinidine is currently being used as a treatment for altering, in a relatively con-
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trolled manner, the vulnerability state of individuals at risk for VT. Quinidine is 

a Class I drug; Class I drugs typically prolong action potential duration and are 

referred to as membrane-stabilizing drugs for reducing arrhythmias [96,124,197]. 

In-depth reviews of the pharmacokinetics, electrophysiological effects and clinical 

efficacy of quinidine as an antiarrhythmic agent have been presented elsewhere 

[84,190,191,199]. The ionic mechanisms of quinidine's action, which have been deter­

mined from single-cell and multicell studies [45,167], include inhibition of fast sodium 

current (INO.), delayed rectifier current (IX,IK), pacemaker current (2/,/*,), slow in­

ward current ( JSJ)> and steady-state "window sodium current." As indicated in Table 

2.2, quinidine typically prolongs the action potential duration and increases the ef­

fective refractory period of the ventricular myocardium [51,84,143,167,191]. While 

i there have been varied efficacies reported for its ability to reduce VT, there is evi-

i dence supporting its effectiveness for certain mechanisms and cellular environments 

' [24,25,85,96,113,156,191]; in particular, it has been considered an effective drug for 

t 

i treating sustained ventricular arrhythmias, especially reentry rhythms [84,170,191] 

I In general, studies showed that quinidine therapy reduced the frequency of VT and 
! 
i 
* fibrillation [24,25,42,96,170,130,200]. However, there is a considerable amount of 

» evidence that it also has arrhythmogenic effects [45,160,161,162,170]. 
i 

\ The effects of quinidine have been altered with changes in stimulation rates and 

j 
! in potassium (K + ) and magnesium (Mg + + ) levels [45,143,161]. These alterations 

! 
; have been supported clinically with reported proarrhythmic effects of quinidine in 
l 

the presence of hypokalemia and bradycardia, with the result often being a torsades 

de pointes rhythm [45,137,162], The proarrhythmic effects reported in some studies 
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affected only a small percentage of patients [137], but electrolyte imbalance such 

as changes in potassium and magnesium concentrations have been shown to alter 

the effectiveness of this agent [45]. Therefore electrolyte imbalance is an important 

factor to assess in the clinical setting. 

Studies of both the normal and abnormal myocardium demonstrate relatively 

consistent ECG changes with quinidine therapy. On the surface ECG, quinidine 

caused a dose-related response, increasing QRS and Q-Tc intervals [84,112,190]. 

From Table 2.2 the increase in QRS duration reflects the decrease in vmax; the 

increase in Q-T interval can be related to the increase in ventricular refractory period 

duration. The magnitude of these effects varies, based on several factors, including 

concentration levels, frequency of pacing, and time- and voltage-dependent factors 

[13,14,139]. The directions of the effects, however, appear to be relatively consistent, 

although there is evidence of a differential effect of quinidine on action potential 

duration in the endocardium and epicardium [13]. In addition to ECG alterations, 

differences have been noted in QRST-integral map variables between pretreatment 

and posttreatment maps of the patients who were treated with quinidine [131,132]. 

These differences were evaluated based on relatively simple quantitative measures, 

and no consistent changes were observed in map characteristics before and after 

treatment. Whether features from these maps can be quantified to assess objectively 

a change in arrhythmogenic state must be further explored. 

In summary, the literature reviewed in this section provides the rationale for 

conducting this study. The study focusses on evaluating the QRST-integral BSPMs 

for diagnosis of an arrhythmogenic state. There is a sound theoretical basis for 
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pursuing this approach; however, there is limited empirical statistical evidence sup­

porting the theory that the arrhythmogenic substrate (dispersion of repolarization) 

can be accurately quantified and used for diagnostic classification. 



Chapter 3 

Methodology 

3.1 Subjects 

Three sets of BSPM data were compiled: a training set, a test set and a treatment 

set. The training set was used to derive BSPM features suitable for diagnostic 

classification of patients vulnerable to ventricular arrhythmias. The applicability 

of the feature-selection and classification procedures was tested on an independent 

test set (in addition, the training set and test set were combined to evaluate the 

expected error for future diagnostic classification). The treatment set consisted of 

the posttreatment BSPM data of the training-set subjects who were vulnerable to 

ventricular arrhythmias before treatment; the latter group was used to explore the 

usefulness of training-set features in assessing effectiveness of antiarrhythmic drug 

therapy. 

Training-set groups 

The entire training set consisted of 153 subjects: 51 patients vulnerable to ven­

tricular arrhythmias (VTtrain group); 51 normal subjects (NC group); and 51 pa­

tients with myocardial infarction and no arrhythmias (MItrain group). Specific de-

37 
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mographic data and diagnoses for all training-set subjects are in Appendix A. 

Subjects who comprised the VT t rain group were selected from the patient pop­

ulation treated in the Cardiac Unit at the Foothills Hospital in Calgary, Alberta 

between January 1983 and January 1989. This population included males and fe­

males over the age of 15 years, who were diagnosed as suffering from VT. Patients 

were excluded from the study if there was a reversible cause of the VT, such as elec­

trolyte imbalance, proarrhythmic drug therapy, or a recent MI (< 2 weeks). Each 

subject was informed of the procedures of the study, in accordance with the estab­

lished ethical guidelines approved by the Conjoint Medical Ethics Committee of the 

Foothills Hospital and the University of Calgary. Patients were randomly assigned 

to different antiarrhythmic therapies. Those patients (n = 74) who were assigned to 

be treated with quinidine as their first antiarrhythmic drug were considered for the 

VT t r ain group, but only patients with pretreatment and posttreatment BSPM data 

of acceptable quality were selected. The final VT t rain group consisted of 51 patients 

(i.e., 70% of the total quinidine group), 47 males and 4 females, of an age range 

25-79 years and a mean age of 59.6 ± 12.2 years. All patients underwent thorough 

clinical examination, to establish functional angina class, dyspnea functional class 

and dominant-, secondary- and tertiary-heart-disease class; left ventricular ejection 

fraction (LVEF) was determined at rest by radionuclide ventriculography and the 

electrophysiological studies (EPS) were performed. All of the above procedures were 

part of the routine investigation. 

Of importance to this study were the results of EPS, which were used to support 

the VT diagnosis and to determine the effectiveness of the antiarrhythmic therapy 
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(for the posttreatment evaluation). The programmed stimulation protocol used in 

EPS studies has been described in detail elsewhere [130]. Briefly, 3 extrastimuli at 3 

pacing-cycle lengths of 600, 500 and 400 ms, at rates of 100, 120 and 150 beats per 

minute, were used. The end point of the programmed stimulation protocol used in 

EPS studies was an inducible monomorphic VT (5 consecutive VPDs at a rate > 120 

beats/min), not necessarily sustained. VT was defined as sustained if it persisted 

for 30 s or more, or if it required termination because of hemodynamic collapse. All 

patients were free of any antiarrhythmic agent at the time of the initial EPS. Cycle 

lengths and durations of the induced arrhythmia were measured. According to the 

results for the duration of the VT induced by the EPS, 84% of the members of the 

VTtrain group had a sustained VT, while the remaining 16% had a nonsustained 

VT. Patients were monitored by an ambulatory device for at least 24 hours during 

their drug-free state and the records were analyzed (if 18 hours of usable data were 

recorded) to determine the frequency and duration of abnormal sequences. The 

results of ambulatory monitoring were used to establish parameters associated with 

spontaneous ventricular arrhythmias, such as number of premature beats and runs 

of premature beats. The baseline BSPM data were acquired during normal sinus 

rhythm in a drug-free state. Detailed clinical characteristics for all patients of the 

VTtrain group are presented in Appendix C. 

The NC group and MItrain group were selected from a population that underwent 

BSPM recording at the Victoria General Hospital in Halifax. An attempt was 

made to match the VTtram group as closely as possible for age and gender. The 

main concern was that these subjects had no clinical evidence of arrhythmias and 
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that they had quality BSPM data recorded during sinus rhythm. Subjects who 

were selected for the NC group (n = 51; mean age = 45.9 ± 8.5 years), 47 males 

and 4 females, had no evidence of heart disease on history, 12-lead ECG, physical 

examination and echocardiographic examination. Patients in the MI t raiu group (n = 

51; mean age = 57.2 ± 11.1), 45 males and 6 females, all had suffered an MI (with 

the majority > 2 weeks earlier) and were, based on clinical assessment, without 

arrhythmias. The diagnostic classification for each patient in the MItrain group is in 

Appendix A (Table A.3); in summary, 55% of patients had an anterior MI and 45% 

had an inferior MI. 

Test-set groups 

The test set consisted of 51 patients with recurrent ventricular tachycardia (VT test 

group) and 51 patients with MI without arrhythmia (MItest group). Specific demo­

graphic data and diagnoses for all test-set subjects are in Appendix B. Again an 

at tempt was made to match patients based on their age and gender, but the main 

concern was that the VT test group consisted of patients who were vulnerable to ven­

tricular arrhythmias, based on clinical information, and the MItest group consisted 

of patients who had no clinical arrhythmias. 

The VTtest group (n = 51; mean age = 58.5 ± 14.9), 47 males and 4 females, 

was selected from the Cardiac Unit at the Foothills Hospital in Calgary, using the 

same inclusion criteria as for the VT train group. The difference was that VT tcst 

group was not restricted to one drug therapy, which was in this case irrelevant 

since no posttreatment evaluation was performed on BSPM data of these patients. 
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Diagnoses for all members of the VTtest group are in Appendix B (Table B.l) . 

Briefly, of 51 patients in VT test group, 57% had sustained VT induced by EPS; for 

the remaining 43%, VT diagnosis rested either on evidence of nonsustained VT (or 

SVT in 3 patients) induced by EPS, or on documented episodes of VT obtained 

during electrocardiographic evaluation. 

The MItest group (n = 51; mean age = 54.7 ± 8.9), 47 males and 4 females, 

was selected from the patients who underwent BSPM recording in Victoria General 

Hospital in Halifax, using the same criteria as for the patients of MItrain group. 

Diagnoses for all members of the MItest group are in Appendix B (Table B.2); in 

summary, 27% of the patients had anterior MI, 59% had an inferior MI, 4% had 

both anterior and inferior MI, and the remaining 10% had an unspecified MI. 

Posttreatment group 

An antiarrhythmic agent, quinidine, was administered to the patients who belonged 

to the VTtrain group—in the appropriate doses for the patient's age and body mass— 

and then the EPS studies were repeated. On the basis of the posttreatment EPS 

studies, the 51 patients of the VTtrain group were divided into two subgroups. The 

PET subgroup (n=14) consisted of those patients for whom quinidine was the pre­

dicted effective therapy (since the VT could not be induced after treatment by 

programmed stimulation). The nPET subgroup (n=37) consisted of those patients 

who remained susceptible to ventricular arrhythmias (since the VT remained in­

ducible by programmed stimulation even after treatment). The criterion for deter­

mining predicted effective therapy (PET) was that no more than 4 VPDs occur in 
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response to the programmed stimulation protocol. The posttreatment BSPM data 

were acquired within 24 to 48 hours of the EPS study; these recordings, like the 

pretreatment data, were collected during normal sinus rhythm. 

Summary statistics for age, left ventricular ejection fraction, quinidine blood 

levels and VT cycle lengths induced in the drug-free state for each subgroup of 

the VTtrain group are in Appendix C. Comparisons between groups on several of 

the above clinical characteristics were performed (the results are also in Appendix 

C). There were no statistically significant differences (p > 0.05) between groups for 

the quantitative measures. A chi square analysis revealed statistically significant 

differences (p < 0.05) between the PET and nPET groups for three qualitative as­

sessments; the PETs had a lower percentage of patients with ischemic heart disease, 

near miss sudden cardiac death as the presenting symptom and sustained VT in­

duced by programmed stimulation (pretreatment). The factor that differentiated 

between the two subgroups was their response to programmed stimulation following 

treatment, which reflected the predicted effectiveness of the quinidine therapy. 

3.2 Body-surface potential mapping 

Data acquisition and preprocessing 

Body-surface potentials were recorded from 117 torso leads and 3 limb leads, using 

the procedures and instrumentation developed in this laboratory [87,122,171]. The 

electrode placement is illustrated in Figure 3.1. The electrical potential differences 

were measured with respect to a Wilson's Central Terminal. The data were col­

lected for 15 s during normal sinus rhythm, with subjects in a supine position. The 
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Figure 3.1: Electrode placement on the torso for the 120 body-surface leads. The 
right and left margins correspond to the right mid-axillary line and the middle cor­
responds to the left mid-axillary line; each • corresponds to one of the six precordial 
leads. 

analog signals were filtered (bandpass from 0.025 to 125 Hz), digitized at a sampling 

rate of 500 samples/s/channel, transfered to a PDP-11/24 computer, and stored on 

magnetic tape. Further data processing was performed on the VAX-11/780 com­

puter (Digital Equipment Corp., Maynard, MA) and a Stellar GSIOOO computer 

(Stardent Computer Inc, Concord, MA). 

The raw-data plots were visually examined to determine the signal quality. The 

inspection was done by plotting 3 seconds of raw data. In addition, the entire 15-s 

recording was plotted for two leads. For randomly selected files, all 120 leads were 

plotted as a quality control. The raw data were then signal-averaged, using a T-

P baseline; signal averaging was shown to be effective for reducing noise in ECG 
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signals [87]. The averaged data were plotted as scalar ECG plots for all 120 leads 

and those plots were visually inspected to identify bad leads and to verify the onsets 

and offsets for the QRS complex and T wave. The averaged data for the VTtiai„ 

group (pretreatment data and posttreatment data), NC group, MItrain group, VTtest 

group and MItest group were stored on a designated study tape (MT222). 

In order to obtain the complete set of 117 body-surface potential values for each 

subject, including those with bad leads, three-dimensional interpolation of body-

surface potentials was performed. A description of the interpolation procedure is 

in Appendix D. The interpolation was performed on the designated bad leads for 

all data files in this study, and the results were stored as 352 values for each time 

instant (corresponding to potential values at 352 nodes of the three-dimensional 

torso model [121]). This allowed retrieval of the complete set of 117 potentials for 

any subject and any time instant. 

The QRST integrals were calculated for each subject, and for each of the 117 

leads, by simple summation of sampled potentials: 

/ QRST, = £ ™ T P W (3.1) 

where / QRSTt is the QRST integral in //Vs for lead i; V is the potential measured 

in fiV for lead i; nsamp is the number of discrete samples from Ron to TOII; St is the 

sampling interval in seconds (St — 0.002 s) [89,135]. Isocontour maps for the QRST 

integrals (isointegral maps) were plotted and the set of 117 QRST-integral values 

per subject was used as the input for the data-reduction procedures. 
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Data reduction 

The objective of the data-reduction procedures was to reduce the training-set pat­

tern space to a feature space of smaller dimensionality, while maintaining the im­

portant diagnostic information in the measured data. Features that were the best 

discriminators for classification purposes were then selected by statistical methods 

from this reduced space [12]. The KL expansion has been considered the optimal 

transform for signal representation based on a mean-squared-error criterion [70], 

and since accurate representation of the original measured data was important, the 

approach adopted in this study was based on the KL expansion. 

The KL transform was originally developed as the expansion of the stochastic 

process £(£) in the time-domain, into a complete set of uncorrelated deterministic 

functions i/}t(t). (For a complete description of the transform refer to Gerbrands 

[70].) The KL transform can be discretized for use in digital image processing [76]; 

this discretized KL transform has been applied to BSPM data by several investiga­

tors [58,119,151,178,184]. 

In this study, the discretized KL transform was applied in the following manner 

to reduce the pattern space of the QRST-integral maps of the training set into a 

feature space. The processsed BSPM data set consists of m channels and n discrete 

realizations of the random process. The number of body-surface ECG measurements 

at Dalhousie University and at the University of Calgary is 117 (i.e., m = 117). The 

vector x was defined as the random vector xj , dimensioned 117 X 1, representing the 
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potential distribution for subject i. Thus, we have n vectors xj, 

[X] = [ x i , x 2 , . . . , x a ] , (3.2) 

where [X] was a 117 x n data matrix, and n was the number of subjects in the 

sample (since the QRST integral was used). Applying the KL expansion theory 

to determine the linear combination of orthonormal basis functions to minimize a 

mean square error criterion was as follows. 

The unbiased estimate of the covariance matrix for both the KL expansion and 

principal component analysis is the sample covariance matrix [Sc] of the columns of 

[X] (see [70]). 

[Sc] = - ^ £ (xi - mx)(xi - mx)' (3-3) 

1 n 

or 

[Sc] = - 1 ^ {[X] - [X]} {[X] - [X}}1, (3.4) 

where [Sc] is the sample covariance matrix, m x is a column vector of the means 

obtained from a vector summation of xj, and [X] is an m X n matrix in which the 

columns are equal to mx ; m is equal to 117 for the spatial reduction. Calculation of 

the sample covariance matrix [Sc] for matrix [X] from equation 3.4 was performed 

by the FORTRAN program PCA.f. 

The KL transform of the vectors Xj defined as, 

yi = m'xi (3.5) 
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produces a vector of coefficients, y,, for each subject. The matrix [T] was calculated 

from an eigenvalue and eigenvector analysis of [Sc] 

[Sc] = [T][A][Tr. (3.6) 

This was done by the FORTRAN program EIGEN.f, which incorporated the NAG 

library routine F02ABF (The Numerical Algorithms Group Ltd.) to calculate the 

eigenvalues and eigenvectors of a real symmetric matrix using Householder's reduc­

tion and the QL algorithm. [A] is the diagonal matrix of eigenvalues, A,-, ordered 

in descending order of magnitude to minimize the mean-squared error. [T] is the 

matrix, dimension 117 x 117, of orthonormal eigenvectors <&j. The expansion can 

be truncated to k terms, where k < n. The vector x can be reconstructed using 

equation 

xi = [Tr]yi(r) (3.7) 

where X; is the reconstructed vector of body-surface potentials for subject i, [TT] 

is the reduced transform matrix of dimension 117 x k, and yi(r\ is the reduced 

coefficient vector of dimension k for subject i. If the number of basis vectors k is 

less than n, then data reduction is achieved. The required number of basis vectors 

k depends on the total information contained in them. An estimate of the error of 

truncation by k basis functions can be obtained from the average error ê  [58,119], 

e, = {(trace[Sc] - £ AO/117]1/2. (3.8) 
i=i 

This can be expressed as a percentage by considering the signal voltage associated 
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with the average error, 

k 100 
%ir0Ce[SJ = ( E A j ) x 7 - ^ I , (3.D) 

where trace[Sc] is the trace of the sample covariance matrix; eigenvalues, A;, are 

in descending order of magnitude. The percent trace was used to determine the 

number of eigenvectors required for reconstruction of the BSPMs. The k eigenvec­

tors representing the principal patterns were plotted as eigenmaps using the same 

display convention as that used for the measured BSPM data. The reduction and 

reconstruction were done by the FORTRAN program RECON.f. 

The measured, reconstructed and difference maps (x; — xj) for each subject were 

plotted and visually inspected for major discrepancies. The root-mean-squarcd error 

was calculated for each map as: 

/ \ p l l 7 I _ * | 2 \ 2 

Crms — (3.10) 
117 J 

where erms is the root-mean-square error. The relative error was also calculated for 

each map by, 

y i i 7 i Y , _ i , 12 

^ t - = l x i 

The peak error was defined as the maximum absolute difference between a measured 

and a reconstructed value at any lead for each map. 

Vak = ™<M | Xi — Xj | . (3.12) 

Means and standard deviations were calculated for each of the error measures for the 

constituent groups of the training set, test set and posttreatment set. Worst-case 

errors were identified for each error measure for each group. 



49 

In summary, the KL expansion was used to reduce the training-set pattern space 

into a feature space. This feature space was assessed to determine whether the salient 

features were maintained from the measured data which would then justify applying 

stochastic methods to define a classification space based on these features. 

Feature selection 

The next step was to identify a subset of features that contain the necessary di­

agnostic information for classifying the constituent groups. Three approaches to 

feature selection from this reduced KL space were used. First, the nondipolar con­

tent of the QRST-integral maps was evaluated as a single measure reflecting the 

complexity in the BSPM patterns; this measure can be calculated as suggested by 

Abildskov et al. [9]. The nondipolar content of a given map can be calculated [46] 

by computing the cumulative contribution of all eigenvectors beyond the third as a 

percentage of the total map content. This definition is based on the fact that the 

first three eigenvectors are basically dipolar in nature (with only one maximum and 

one minimum), while the following ones contain more than two extrema and are 

said to be multipolar in nature. The set of coefficients yj which are characteristic 

for each subject from the KL transform, may be used to compute the contribution 

of the eigenvectors to the total map content as 

%NDPC = ~ ^ f x 100, (3.13) 
Lj=i Xij 

where %NDPC denotes the percentage non-dipolar content and J2)=i xlj denotes 

the total energy in the signal. 

Thus, the 117 measured values were represented by only one feature of the map, 
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percent nondipolar content. Statistical tests were used to determine whether sig­

nificant differences existed between the constituent groups for this variable; the 

significance level was 0.05. When more than two groups were being compared, 

an analysis of variance model was used and if a significant difference was found, 

multiple range pairwise comparisons were done. When only two groups were being 

compared, independent t-tests were calculated. For the pretreatment and posttreat­

ment comparisons, dependent t-tests were performed. These tests were done using 

the SYSTAT statistical package [196]. (If statistically significant differences were 

found between the groups for this measure, a discriminant analysis using the SAS 

routine D I S C R I M would be performed [93].) 

The second approach utilized all k features derived from the eigenvector analy­

sis. Since the KL expansion orders the features based on their contribution to the 

pattern space, they are not necessarily in the best order for the discriminant anal­

ysis. A step-wise discriminant analysis procedure, applied directly to the feature 

coefficients, was used to determine which features provided the best discrimination 

between the groups. This was done by using the SAS routine S T E P D I S C [93]. 

In this analysis, subjects were divided into groups based on their clinical diagnosis 

and the analysis was used to find the subset of features that best characterizes the 

differences between groups [93]. Features were entered into the model and removed, 

based on their discriminatory power as measured by Wilks lambda and the F ap­

proximation [93]. The KL feature coefficients were entered as input; even though 

they are not physiological variables themselves, they represent the BSPM patterns 

with an acceptable degree of accuracy. 
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Given that the sample size was 51 subjects per group, only a subset of three KL 

features was chosen. Thus, the ratio of number of features to number of subjects 

was relatively conservative (1:17), to minimize the possibility of tailoring the clas­

sification space to the training set. The three features were then used as the input 

for the discriminant analysis routine DISCRIM. 

The final approach to feature selection was based on the application of the KL 

transform that uses an alternative method of feature ordering suggested by Kittler 

and Young [102]. This method utilizes the discriminatory potential of both the 

class means and the class variances. The general theory for this approach is a 

two-stage KL decomposition, which optimizes the feature space for classification 

purposes. Feature selection is carried out by constructing the covariance matrix of 

the input vectors by subtracting the mean vector for each class from the respective 

class vectors and performing a series of KL decompositions. 

The Kittler and Young (KnY) transform procedure was applied to the k weighting-

coefficient vectors y, derived from the eigenvector analysis for each subject. It was 

in essence a two-stage KL decomposition of the ^-dimensional vector yi(r)) denoting 

values of KL weighting coefficients for each subject's QRST-integral map. Each 

vector may belong to any one of the 3 (or 2) possible diagnostic classes u, which 

were predetermined from clinical evaluation of subjects. Each class was centralized 

by subtracting the mean of the coefficient vectors mw for that class. The sample 

covariance matrix for each class, [Scw], was constructed as 

[Sc] = E{{Tl - mw)(yi - m u f } . (3.14) 
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For the n classes of equal size, the sample covariance matrix [CKHY]
 n*ay be expressed 

as 

[CK„Y] = E -[Soul (3.15) 
u / = l 

where the probability of occurence of each class is 1/??.. The eigenvalues A and matrix 

of eigenvectors [R], arranged in decreasing order of eigenvalue magnitude, were 

computed for the covariance matrix [CKHY]- The eigenvalues A of [CRUY] represent 

only the transformed class variances, as the class means have been removed. The 

feature vector c was constructed using 

c* = yl[R]. (3.16) 

The second part of the transform normalized the variances by doing a simple linear 

transformation of the feature vector c into a new feature vector g by 

g' = y W ] , (3-17) 

where [Q] is a diagonal matrix, with the elements of the diagonal given as 

sqrt(\k) 

i.e., this transformation weights each feature in inverse proportion to its standard 

deviation. The mean vector of each class was now defined as 

kj = m\[B\[Q]. (3.19) 

and the covariance matrix [SCUJ] defined as 

W = £{(»-k , - ) (g . - -k f )
£ }. (3.20) 
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is the identity matrix. Applying the KL expansion to the transformed vectors g re­

sulted in a new basis set [B]. The transformation of the vector g by the eigenvectors 

[B] yields a set of uncorrelated coordinate coefficients f, such that 

= y<[P], t 3" 1 ) 

where [P] = [R][Q][B], and [B] was the system of eigenvectors of the covariance 

matrix of g arranged in the decreasing order of eigenvalue magnitude. The matrix 

[Cg] is defined as; 

[C,] = E l / n i 3 { g g f } . (3.22) 
w = l 

The FORTRAN program KnY.f was used to calculate the covariance matrices and 

perform the eigenvalue and eigenvector analysis described above for the KnY trans­

formation. Kittler and Young showed that the final feature vector f is ordered with 

respect to the discriminatory potential assumed to be optimal with respect to the 

class means and the class variance set to unity by the normalization process. Thus, 

the selection of I features according to the descending order of their total variances 

will provide a ^-component feature vector where the first I (I < k) feature coeffi­

cients have good classification potential. Kittler and Young showed that once the 

features were ordered using this two-stage KL expansion, a discriminant function 

analysis was the better method of ciassisfication compared to the nearest neighbour 

and nearest mean approaches [102]. The SAS routine STEPDISC [93] was used to 

determine which features, from this KnY feature space, provided the best discrim­

ination between the groups. Again, this analysis was limited to three features (to 

maintain a conservative ratio of features to the number of subjects), and these were 
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then used as input to the discriminant analysis routine D I S C R I M . 

3.3 Classification based on discriminant analysis 

After the features were selected that discriminated best between groups, a set of 

linear discriminant functions was calculated that minimized the squared differences 

between groups [110]. These functions were evaluated for classification purposes, 

with the assumption that the initial classification was correct. The SAS routine 

D I S C R I M [93] evaluated the general linear equation, 

dfiw = CI0LJ + a lw • zu + a2w • z2i 4-..., (3.23) 

where df{w is the discriminant function for subject i, evaluated for each class u>; aQ 

is the constant for class cu; a\, a2 ... are the discriminant coefficients for the features 

chosen from the S T E P D I S C analysis for class w; zu, z2{ ... are the weighting coef­

ficient from either the KL expansion (yu, y2i ••• ) or the KnY transform (fa, f2{ ... 

) for subject i, for features 1, 2, ... from the S T E P D I S C analysis. This equation 

would have only one term for the nondipolar content. The rule for classifying sub­

ject i was based on the value of their linear discriminant function for each group. 

Subjects were classified into the group corresponding to the largest c//;w. 

Three variables were calculated to assess the classification results: sensitivity 

(SE), predictive value (PV) and diagnostic performance (DP). Sensitivity was 

defined as 

SE = ^ x 100, (3.24) 

where SE is sensitivity in percent; nca/w is the number of subjects classified into 
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group u> that were from group u>; n ^ is the number of subjects actually in group 

a>. Sensitivity expressed the number of correct classifications for each group. The 

predictive value (PV) quantified the ability to classify only those subjects that truly 

belong to a group into that group and was expressed as 

PV = ^ ^ x 100, (3.25) 
" c / w 

where PV is predictive value in percent; nc/u is the total number of subjects classified 

into group u. Diagnostic performance was a single measure based on sensitivities 

for all constituent groups, denned as 

DP = -J2SEt, (3.26) 

where DP is the diagnostic performance for the classification that involves g groups 

and SE{ is sensitivity for group i. The above three measures were only applied 

to the classification results for the training set and the independent test set. The 

results pertaining to the treatment group were only evaluated to determine whether 

the posttreatment classification differed from the pretreatment classification. 

Error estimation 

The question of how well the discriminant functions will perform for classifying 

future observations has to be addressed, in order to assess the value of the selected 

features and discriminant functions [110]. The apparent error from the training set 

(defined as eapp = 100% — DP) provides an overly optimistic estimate of the true 

error for future classification [54,55]. Four methods for estimating the expected or 

true error (defined as e t rue = eapp + e^as) associated with the classification spaces 

were employed. 
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First, the classification space derived from the training set was applied to clas­

sify an independent test set and the difference between the training set and test 

set provided one estimate of the error bias [55]. In addition to the estimated errors 

calculated from the test sets, three other error estimates were calculated by methods 

that did not require an independent test set, but instead utilized all available data 

[54,53,55]. The bootstrap without replacement (random half sampling) [53], ran­

domized bootstrap with replacement [54] and cross-validation [54] were employed. 

In order to employ these stochastic techniques to estimate the true errors, the 

entire data set (training set + test set) was combined. The classification space 

for the KL feature space and KnY feature space were defined and evaluated for the 

entire set of data. The stepwise discriminant analysis procedure defined the features 

and their order in the subsets. 

The bootstrap method without replacement randomly assigned patient maps to 

a training set (n = 102) and the remaining 102 maps constituted the test set. The 

discriminant functions derived from a training set were applied to the correspond­

ing test set for each randomization and the classification was based on the linear 

discriminant functions: applied to the new test set. Using the same rules as in sec­

tion 3.3, this was repeated 1000 times. The average classification performance and 

variance estimates were calculated for the 1000 trials. 

The bootstrap method with replacement randomly assigned maps to training 

sets comprised of 204 maps [54]. The average number of maps in the designated 

bootstrap test sets were approximately 37% of the entire sample. Again, 1000 

randomizations were performed and average performance and variance estimates 
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for classifying the bootstrap training and test sets were calculated from the data. 

Lastly, a method of cross-validation was employed as described by Efron [54,53,55]. 

All maps but one were designated as the training set from which the discriminant 

functions were derived and the classification space was applied to the remaining test 

map. This procedure was repeated in a systematic fashion until all maps were ex­

cluded once. The variance estimates for this data were calculated using a binomial 

distribution. 

The error estimates calculated as described above provided estimates of the true 

error of the classification space derived in this study. This approach was also used 

to evaluate the appropriateness of the number of KL features included in the step­

wise discriminant analysis and the KnY transformation. The three error estimates 

were employed to calculate the expected classification errors associated with the 

classification space—which was derived from k features in either the discriminant 

analysis of the KL feature space or in defining the KnY feature space. This analysis 

was aimed at evaluating the effects of increased numbers of features on tailoring the 

discriminant functions to the training set. If the error bias between the training set 

and the test set was very large, or the training-set error decreased while the test-set 

error increased, this would provide evidence of overtraining or tailoring. 

Because of the large number of repetitions involved in these analyses, it was too 

cumbersome to call the SAS routine D I S C R I M . Therefore, FORTRAN routines 

were written to perform the sampling procedures for each method of estimating the 

true error; they also calculated the linear discriminant functions for classification 

purposes. 



Chapter 4 

Classification of the three-group 
training set 

This chapter deals with three-group classification of the training set consisting of 51 

patients with recurrent ventricular tachycardia (VTtrain group), 51 normal subjects 

(NC group), and 51 patients with myocardial infarction but no history of clinical 

arrhythmias (MItram group). These groups are described in detail in section 3.1 and 

in Appendix A. This chapter is developed in an order consistent with the objectives 

stated in chapter 1. 

Firstly, the pattern space comprised of the ECG measurements of all members 

of the training set was reduced to a much smaller feature space and the errors asso­

ciated with this data reduction were assessed. The measurements consisted of 117 

values of the QRST integral, obtained for each subject from 117 ECG leads, which 

were recorded simultaneously by a digital acquisition system. The QRST integral 

was chosen because it is known to reflect the primary repolarization properties of 

the ventricle, as established in chapter 2. A data reduction was accomplished by an 

eigenvector analysis of the sample covariance matrix, based on the KL expansion 

theory (see section 3.2). The ability of the feature space derived from this analysis 

58 
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to represent accurately the original pattern space was evaluated by an error analysis 

of the reconstructed QRST-integral values for each map. 

Secondly, in the feature space, three different approaches were used to determine 

whether there were statistically significant differences among the constituent groups 

that could be exploited in diagnostic classification. The first approach used an anal­

ysis of variance (ANOVA) to determine whether there were significant differences 

in nondipolar content among the three groups. The second approach used 16 KL 

features derived from all members of the training set in a stepwise discriminant anal­

ysis. The third approach required a transformation of the 16 feature coefficients by 

KnY transformation, to optimize the discriminating content before the discriminanf. 

analysis. 

4.1 Eigenvector analysis of QRST-integral maps 

The pattern space for the three-group training set was represented by a matrix [X], 

dimensioned 117x153, which contained 117 QRST-integral values for each member 

of the training set. The sample covariance matrix [Sc] and its eigenvalues and eigen­

vectors were then calculated for [X]. The percent trace was calculated to estimate 

the error of reconstruction; for the 16 highest eigenvalues it was 99% (Fig. 4.1). The 

16 corresponding eigenvectors were plotted as eigenmaps (Fig. 4.2). The percent 

contribution of eigenvectors beyond 9 was very small; however, 16 eigenvectors were 

chosen to ensure that complex features that may contain diagnostic information 

were included. 
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Figure 4.1: Percent trace vs. eigenvectors derived from the three-group training set 

Table 4.1: Reconstruction errors for the three-group training set 

rms error [/zVs] 

relative error [%] 

peak error [/uVs] 

mean 
SD 

mean 
SD 

mean 
SD 

Training set 
(n=153) 

3.25 
0.93 
2.47 
4.64 

11.42 
4.87 

VTtrain 
(n=51) 

3.42 
0.90 
4.16 
5.71 

10.96 
3.78 

NC 
(n=51) 

3.01 
0.87 
0.57 
0.48 

10.78 
5.81 

MItrain 
(n=51) 

3.31 
0.99 
2.67 
5.10 

12.51 
4.71 



61 

Figure 4.2: Eigenvectors derived from the three-group training set. Eigenvectors are 
plotted as spatial maps on the torso and arranged in descending order of the magni­
tude of their contribution. The plotting convention is the same as for the measured 
maps, i.e., the map's left and right margins correspond to the right mid-axillary 
line, with the left side of the map corresponding to the anterior torso and the right 
side to the posterior torso. 
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The weighting coefficients yt were then calculated for each of the 16 eigenvectors 

and for each subject, so as to account for the measured QRST-integral values. The 

16 weighting coefficients for each subject and the eigenvectors derived from the entire 

training set were then used to reconstruct the QRST-integral maps for each subject. 

These reconstructed maps were qualitatively examined, to detect possible differences 

in spatial patterns as compared to the measured maps, and three error measures were 

calculated to quantify differences between the measured and reconstructed maps: a 

root-mean-squared error (rms error), relative error and peak error. A summary of 

the errors for the total three-group training set and for each of the three constituent 

groups is in Table 4.1. 

The worst-case rms error was 6.6 fiYs, the worst-case relative error was 34.4%, 

and the worst-case peak error was 41.2 /itVs. The measured and reconstructed maps 

for the worst cases are in Fig. 4,3. While the rms error and the peak error were 

consistent across the three groups, tl i relative error was much smaller for the NC 

group than for both MItrain and VTtrain groups, and was the largest for the VTtraj„ 

group. 

4.2 Nondipolar content of QRST-integral maps 

The QRST-integral maps were qualitatively different in VTtrain, NC and MItrain 

groups; this is evident in Fig. 4.4. The QRST-integral maps of subjects who be­

longed to NC group had a consistently smooth spatial pattern with one maximum 

and one minimum, whereas patients belonging to both VTtrain and MItrain groups 

showed more variability in their distributions and had multiple extrema. The first at-
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measured: reconstructed: difference: 

Figure 4.3: Worst-case reconstruction errors for the three-group training set. 
The reconstruction was based on 16 weighting coefficients and corresponding eigen­
vectors. In the left column are measured maps, middle column are the reconstructed 
maps and right column the difference maps, a) Worst-case rms error (erms = 6.6 
jiVs, erei = 11.0%, epeak = 24.7 /xVs). b) Worst-case relative error (e™. = 3.3 ^Vs, 
erei = 34.4%, epeak = 13.7 /j,Vs). c) Worst-case peak error (e1Trls = 5.6 /J,VS, erei = 
1.2%, epeak = 41.2 ^Vs). The plotting convention is similar to that used in Fig. 4.2. 
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tempt to quantify the difference in spatial patterns employed the nondipolar-content 

measure as the feature representing the map. The nondipolar content was calcu­

lated for each subject in the training set. A one-way ANOVA on this data revealed 

a significant difference at the p < 0.05 level, and Duncan multiple-range test showed 

that the mean (±SD) nondipolar content of the NC group (6.31 ± 5.61) differed sig­

nificantly (p < 0.05) from those of the VTtrain group (13.10 ± 9.57) and the MItram 

group (12.83 ± 10.37). However, there was no significant difference between the 

VTtrain and MItrain groups, and, because of the high degree of overlap between these 

two groups (Fig. 4.5), a classification procedure based on the nondipolar-content 

measure was not attempted. 

4.3 Discriminant analysis employing KL features 

To identify features that would separate the three constituent groups of the train­

ing set, a stepwise discriminant analysis was performed. The disciiminant analysis 

described in this section used as input data the 16 weighting coefficients associated 

with the 16 eigenvectors of the KL expansion. Three coefficients (1/1,1/2 and y.\) 

were identified by the stepwise analysis as having the best discriminating abilities 

in separating the three groups of the training set. The spatial KL patterns corre­

sponding to these weighting coefficients are depicted as maps 1, 2 and 4 in Fig. 4.2; 

two of these three spatial patterns are dipolar by definition. Results of the classifi­

cation that employed the discriminant functions derived for the three KL features 

2/1,2/2 and 2/4, are summarized in Table 4.2. These results can be better judged from 

Table 4.3; 84% of subjects in the NC group were correctly classified, while only 
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Figure 4.4: Examples of QRST-integral maps for the three-group training set. 
Randomly selected examples of QRST-integral maps for individuals in each of the 
three constituent groups (VTtrain, NC and MItrain)- The plotting convention is the 
same as in Fig. 4.2. 
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Figure 4.5: Nondipolar content for the three-group training set. The inner box 
corresponds to the 50% confidence limits and the outer box to the 95% confidence 
limits. Mean for each group is indicated by the horizontal line. 
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Table 4.2: Classification of the three-group training set: discriminant analysis based 
on KL features j/i , y2 and y4 derived from this set 

Group 

VTfain 0 = 5 1 ) 
NC (n=51) 

MItrain 0 = 5 1 ) 
Total 0 = 1 5 3 ) 

Priors 

Category 

VT 
36 
0 
18 
54 

.333 

NC 
0 

43 
7 

50 

.333 

MI 
15 
8 

26 
49 

.333 

Table 4.3: Sensitivity, predictive value and diagnostic performance of classification 
based on KL features 1/1,2/2 and y4 derived from the three-group training set 

Group 

VTtrain 0 = 5 1 ) 
NC 0 = 5 1 ) 

MItrain («=5 l ) 

Sensitivity [%] 

71 
84 
51 

Predictive Value [%] 

67 
86 
53 

DP = 69%; K = .53 

51% of patients in the MItrain group were correctly classified. The overall diagnostic 

performance for this classification was 69%; i.e., this approach allowed correct clas­

sification of 69% of subjects who belonged to the training set. As in the analysis 

based on the nondipolar content (section 4.2), the most difficult task proved to be 

separating the VTtrain and MItrain groups. 

4.4 Discriminant analysis employing KnY features 

In an attempt to pack more diagnostic information into fewer features, the KnY 

transformation was performed on the 16 weighting coefficients associated with the 
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Table 4.4: Classification of the three-group training set: discriminant analysis based 
on KnY features f\ and f2 derived from this set 

Group 
VTtrain 0=51) 

NC 0=51) 
MItrain 0=51) 
Total (72=153) 

Priors 

Category 
VT 
44 
2 
10 
56 

.333 

NC 
0 

42 
5 

47 

.333 

MI 
7 
7 

36 
50 

.333 

16 KL features derived from the three-group training set. This transformation 

yielded 16 new features (KnY features), each of which was a linear combination of 

the 16 weighting coefficients yt- from the KL space. It followed from the stepwise 

discriminant analysis of this transformed data that the bulk of the discriminating 

information was contained in only two KnY coefficients, f\ and f2. The results of 

classification of the 153-subject training set, based on this analysis, are in Table 

4.4. Sensitivities were 86%, 82%, and 71% for the VTtrain, NC and MItrai„ groups, 

respectively, as shown in Table 4.5; thus, the sensitivity for the VTtrain and MItrain 

groups was improved compared to the one achieved in the KL feature space (Section 

4.3). The two KnY coefficients for each subject were plotted in two-dimensional 

space as shown in Fig. 4.6, illustrating the improved separation of the three groups 

in this feature space. Overall diagnostic performance achieved by this approach was 

80%, as shown in Table 4.5; i.e., 80% of all subjects in the training set were correctly 

classified. 
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tram 

Figure 4.6- KnY coefficients fx and f2 derived from ^he three-group training set. 
Coefficient /i is on the abscissa and f2 on the ordinate; the inner ellipses correspond 
to the 50% confidence intervals and the outer ellipses to the 95% confidence intervals; 
• represents one VTtram patient; • represents one NC subject; A represents one 
MItram pat ien t . 



70 

Table 4.5: Sensitivity, predictive value and diagnostic performance of classification 
based on KnY features /i and f2 derived from the three-group training set 

Group 

VTtrain 0=51) 
NC (n=51) 

MItrain 0=51) ' 

Sensitivity [%] 

86 
82 
71 

Predictive Value [%] 

79 
89 
72 

DP = 80%; K = .70 

4.5 Summary and discussion 

The results presented in this chapter demonstrate that reduction of the pattern 

space, consisting of electrocardiographic QRST-integral measurements, into 16 KL 

features can be achieved with relatively low average reconstruction errors. This was 

shown for the training set of 153 subjects. Even when the reconstruction errors 

were high, qualitative assessment of the maps showed that the overall patterns were 

maintained on reconstruction. The statistical analysis based on nondipolar content 

(quantitatively evaluated as a signal energy of all KL coefficients beyond y<\, relative 

to the total signal energy) demonstrated that this measure offered little discrim­

inating value for separating the VTtrain and MItrain groups, although it separated 

both of these groups well from the NC group. The discriminant analysis based on 

the three KL features yi,y2 and y\, selected out of 16 KL features derived from the 

three-group training set, was again most effective in identifying the NC subjects, 

while the VTtrain and MItrajn groups were not easily separated. The KnY transform 

of the 16 KL weighting coefficients derived from the training set yielded two new 

features, f\ and f2, which represented the majority of the diagnostic information. 
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Analysis based on these new KnY features improved overall diagnostic performance 

of classification from 69% to 80%. The highest sensitivity (86%) was achieved for the 

VTtrain group, while the NC group still retained the highest predictive value (89%). 

It is worth noting that no subjects from the VTtrain group, and only 5 subjects 

from the MItrain g r°up, were classified as NC subjects; this was reflected in the high 

predictive value for the NC group. Therefore, the KnY transform—applied to the 

weighting coefficients derived from the eigenvector analysis of the sample covariance 

matrix based on the QRST-integral measurements from the body surface—was the 

most effective approach for discriminating among training-set groups. 

The results presented in this chapter show that the major classification errors 

were associated with separating the VTtrain and MItrain groups from each other, not 

in separating the VTUain and MItram groups from NC group. 



Chapter 5 

Classification of the two-group 
training set 

It follows from the results of the previous chapter that inclusion of the NC group 

produced a discriminant function that distinguished well between normal individuals 

and patients but that separated VT and MI patients poorly. Therefore, the strategy 

adopted in the analysis presented in this chapter was to derive the set of 16 KL 

features solely from the sample of VT and MI patients. The two-group training set 

consisted of 51 patients with recurrent ventricular tachycardia (VTtrain group) and 

51 patients with myocardial infarction but no history of clinical arrhythmias (MItrain 

group). These groups are described in detail in section 3.1 and in Appendix A. The 

objectives of this new classification strategy were identical to those stated for the 

three-group analysis, and the results are presented in the same order. 

5.1 Eigenvector analysis of QRST-integral maps 

The pattern space for the two-group training set was a matrix [X], dimensioned 

117x102, which contained 117 QRST-integral values for the 102 patients. The sam­

ple covariance matrix [Sc] and its eigenvalues and eigenvectors were then calculated 
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Figure 5.1: Percent trace vs. eigenvectors derived from the two-group training set 

for [X]. The percent trace for the 16 eigenvalues in descending order was 99%, as 

illustrated in Fig. 5.1. The corresponding eigenvectors were plotted as spatial maps 

(Fig. 5.2). 

The 16 eigenvectors and the measured QRST-integral values from the 102 files 

were used to calculate 16 weighting coefficients y,- for each subject. The 16 weighting 

coefficients and 16 eigenvectors were then used to reconstruct QRST-integral maps 

for each subject. The mean and standard deviation for the three error measures 

associated with this reconstruction are presented in Table 5.1. The mean rms error 

and the mean peak error were similar in both constituent groups, while the VTtrain 

group had a slightly higher relative error compared to the MItrain group. The mean 

and standard deviation for all three error measures were lower for this reconstruc-

1 ' 1 1 i 1 1 1 1 1 1 1 i : ! 1 
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Figure 5.2: Eigenvectors derived from the two-group training set. 
Eigenvectors are plotted as spatial maps on the torso; the maps are arranged in 
descending order of the magnitude of their contribution; the plotting convention is 
the same as in Fig. 4.2. 
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measured: reconstructed: difference: 

Figure 5.3: Worst-case reconstruction errors for the two-group training set. 
The reconstruction is based on 16 weighting coefficients and corresponding eigenvec­
tors. In the left column are measured maps, the middle column are reconstructed 
maps and the right column are difference maps, a) Worst-case rms error (erms = 6.5 
/.(Vs, erci = 10.6%, epeak = 21.3 JUVS). b) Worst-case relative error (erms = 3.2 /iVs, 
erei = 33.4%, epeak = 13.S f.iVs). c) Worst-case peak error (erms = 4.2 /iVs, erei = 
5.1%, epeak = 22.6 (iVs). 
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Table 5.1: Reconstruction errors for the two-group training set 

rms error [fiVs] 

relative error [%] 

peak error [fiYs] 

mean 
SD 

mean 
SD 

mean 
SD 

Training set 
(n=l02) 

3.20 
0.80 
3.26 
5.29 

10.70 
3.77 

VTirain 

(n=5l) 
3.22 
0.70 
3.95 
5.56 

10.21 
3.23 

MItrain 
(n=51) 

3.17 
0.S9 
2.57 
4.97 

11.18 
4.22 

tion than were the errors that arose for the VT^;,, and MItram groups when the 

eigenvectors were derived from the three-group training set (see Table 4.1). The 

measured and reconstructed QRST-integral maps for the worst cases arc shown in 

Fig. 5.3. Even in these maps representing the worst cases, the main patterns are 

preserved. 

5.2 Nondipolar content of QRST-integral maps 

The mean (±SD) nondipolar content of the VTtrain group was 13.13 (±9.69) %, and 

that of the MItrain group was 12.92 (±10.19) %. An independent t-test revealed 

no significant difference between the nondipolar content of the VTtrain and MItrain 

groups at the p< 0.05 level (Fig. 5.4); thus, there was no improvement compared to 

the result achieved for the three-group training set. Because of the high degree of 

overlap in nondipolar content, no discriminant analysis was attempted on this data. 
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Figure 5.4: Nondipolar content for the two-group training set. 

The inner box corresponds to the 50% confidence interval and the outer box to the 
95% confidence interval; the mean for each group is indicated by the horizontal line. 
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Table 5.2: Classification of the two-group training set: discriminant analysis based 
on KL features y6,y2 and y^ derived from this set 

Group 

VTtrain (n=51) 
MItrain (f»=51) 
Total (n=102) 

Priors 

Category 
VT 
45 
16 
61 

.50 

MI 
6 

35 
41 

.50 

Table 5.3: Sensitivity, predictive value and diagnostic performance of classification 
based on KL features y6,y2 and VA derived from the two-group training set 

VTtrai„ (n=51) 
MItrain (n=5l) 

Sensitivity [%] 

88 
69 

Predictive Value [%] 

74 
85 

DP = 78%; K = .57 

5.3 Discriminant analysis employing KL features 

The stepwise discriminant analysis based on the 16 weighting coefficients for the two-

group training set revealed that the three KL features with greatest discriminating 

capabilities between the VTtrain and MItrain groups corresponded to—in order of their 

discriminating power—the sixth, the second and the fourth eigenvector (ye,1J2 and 

y^) displayed in Fig. 5.2. Thus, two of these features were by definition nondipolar. 

Table 5.2 summarizes the results of the classification based on the discriminant 

functions which employed features y6,y2 and y^; Table 5.3 shows that 88% of the 

VT patients and 69% of the MI patients were correctly classified, which resulted in 

the diagnostic performance of 78%. Thus, 78% of all patients were correctly classified 
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by this method based on three KL coefficients derived from the two-group training 

set. These performance figures represent a marked improvement over corresponding 

figures achieved by the same approach based on features yi, y2 and yA of the three-

group classification. 

5.4 Discriminant analysis employing KnY features 

The KnY transform was applied to the 16 weighting coefficients associated with the 

16 KL patterns derived from the two-group training set. This produced 16 KnY 

features that were each a linear combination of the 16 KL weighting coefficients. 

The stepwise discriminant analysis revealed that virtually all diagnostic information 

discriminating between the VT t r ain and MItrain groups was contained in one KnY 

feature associated with coefficient f\. Results of the classification of the 102-patient 

training set, by discriminant analysis based on one KnY coefficient, arc presented 

in Tables 5.4 and 5.5: 92% of the VT patients and 86% of the \"ll patients were 

correctly classified. The diagnostic performance of this analysis was 89%. The KnY 

coefficient for each subject of both VTtrain and MItrain groups is plotted in Fig. 5.5, 

with group means and confidence intervals. OveraL1 this approach led to correct 

classification of 89% of patients from the entire two-group training set. 

5.5 Summary and discussion 

The errors associated with the reconstruction of the QRST-integral maps from the 16 

eigenvectors derived from the two-group training set, were lower than corresponding 

r 
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Figure 5.5: KnY coefficient f\ derived from the two-group training set. 
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Table 5.4: Classification of the two-group training set: discriminant analysis based 
on KnY feature / i derived from this set 

Group 

VTtrain (n=5 l ) 
MItrain (n=51) 
Total (n=102) 

Priors 

Category 
VT 
47 
7 
54 

.50 

MI 
4 

44 
48 

.50 

Table 5.5: Sensitivity, predictive value and diagnostic performance of classification 
based on one KnY feature / i derived from the two-group training set 

Sensitivity [%] 

VTtrain (n=51) 92 
MItrain (n=51) 86 

Predictive Value [%] 

87 
92 

DP = 89%; K = .78 

errors for the VTtrain and MItrain groups in the reconstruction from the 16 eigenvec­

tors derived from the three-group training set. Thus, excluding the NC group and 

using the two-group eigenvectors appears to have reduced the variability in the data 

set. The results of the nondipolar-content analysis were disappointing—showing 

that this measure was not capable of separating VTtrain and MItrain groups. 

Discriminant analysis of the 16 weighting coefficients, derived from the two-

group training set, resulted in the classification that identified 78% of all patients 

correctly, compared to 61% for the classification based on the eigenvectors from the 

three-group training set. It is interesting to note that the order of the KL features 

with the greatest discriminating abilities differed between the three-group and two' 

group classification. In the latter case, a more complex spatial pattern (feature 6) 

i "i 
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contains the largest amount of diagnostic information, followed by features 2 and 

4. This contrasts with the three-group analysis, in which features 1, 2 and 4 were 

selected, in that order, as the best discriminators. 

The KnY transform of the 16 weighting coefficients produced a single feature, 

which contained most of the diagnostic information discriminating between the 

VTtrain and MItrain groups. The discriminant analysis in the KnY feature space 

provided the best results—with 89% of all patients being correctly classified (only 

4 VT patients and 7 MI patients were classified incorrectly). These results were a 

substantial improvement over the same analysis applied to the three-group training 

set, in which only 78% of the patients were correctly classified (7 VT patients and 15 

MI patients were classified incorrectly). The high diagnostic performance achieved 

by this analysis provides clear evidence that important diagnostic information can 

be derived from the electrocardiographic QRST-integral distribution, noninvasively 

measurable on the body surface. At the same time, it is obvious—from the compar­

ison with the results of the simple nondipolar-coatent analysis—that this valuable 

diagnostic information has to be extracted by the reduction of feature space and by 

the careful selection of features. 



Chapter 6 

Classification of an independent 
test set 

The next issue, addressed in this chapter, was the ability of the features derived 

from the training set to classify an independent group of test-set subjects. The test 

set was analyzed by using the features and discriminant functions derived from both 

the three-group and the two-group training sets. The test set comprised indepen­

dent sets of 51 patients with recurrent ventricular tachycardia (VTtest group) and 

51 patients with myocardial infarction but with no history of arrhythmias (MItest 

group); these groups were described in detail in section 3.1. Since the nondipolar-

content results obtained for the training set showed that this measure had limited 

potential for differentiating between the VTtrain and MItrain groups, nondipolar con­

tent was not analyzed for the test set. Therefore, the results consist only of (1) 

a reconstruction-error assessment, (2) the discriminant analysis in the KL feature 

space, and (3) the discriminant analysis in the KnY feature space. 

Before the discriminant analysis of the test-set data was performed, plots of the 

QRST-integral maps were examined; examples of these maps from each of the two 

constituent groups of the test set are plotted in Fig. 6.1. This figure illustrates the 

83 
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Table 6.1: Reconstruction errors for the test set: based on eigenvectors from the 
three-group training set 

rms error [//Vs] 

relative error [%] 

peak error [/iVs] 

• 

mean 
SD 

mean 
SD 

mean 
SD 

Test set 
(n=102) 

3.50 
1.31 
2.41 
2.44 

12.33 
5.50 

VTtest 
(n=51) 

3.34 
1.30 
3.03 
2.58 

12.14 
5.64 

MItest 
(n=51) 

3.66 
1.30 
1.79 
2.14 

12.53 
5.41 

complexity cf the maps from the VTtest and MItest groups, which was also evident 

from the maps of the VTtrain and MItrajn groups of the training set (see Fig. 4.4). 

6.1 Analysis based on features from the three-
group training set 

The 117 measured QRST-integral values for each patient of the test set, and 

the 16 eigenvectors from the three-group training set (see section 4.1) were used 

to calculate the weighting coefficients y,- for each eigenvector and for each test-set 

subject. The 16 weighting coefficients for each test-set subject and the eigenvectors 

from the three-group training set were then used to reconstruct the QRST-integral 

maps for each test-set subject. These reconstructed maps were visually examined to 

detect possible differences in patterns compared to the measured values. A summary 

of the three error measures for the total test set and the two constituent groups is 

in Table 6.1. The errors for the VTtest and MItest groups were comparable to the 

results obtained for the three-group training set (Table 4.1). The worst-case rms 

error was 8.5 ^tVs, the worst-case relative error was 11.2%, and the worst-case peak 



85 

VT test MI test 

Figure 6.1: Examples of QRST-integral maps for the two-group test set. 
The display convention is the same as in Fig. 4.2. 

I 
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error was 31.7 /fVs. The measured and reconstructed maps for the worst cases are 

shown in Fig. 6.2. In general, the reconstructed maps were qualitatively similar to 

the measured maps. 

Discriminant analysis employing KL features 

The discriminant functions derived for the three-group training set—which were 

based on the three KL features j/i, y2 and y\ corresponding to spatial patterns 

shown as maps 1, 2 and 4 in Fig. 4.2—were applied to the corresponding three 

weighting coefficients evaluated for each subject of the test set. The results of this 

classification are summarized ii? Tables 6.2 and 6.3. Only 42% of the patients in 

the test set were classified correctly. Many patients (41%) who belonged to MItest 

group were classified as NC subjects, but on the other hand, only 4% of patients 

who belonged to VT test group were classified as NC subjects. The poor result of this 

classification was not unexpected, since the classifier for the three-group training set 

only identified 61% of the VT and MI patients correctly (cf. results in section 4.3). 

What was surprising was the amount of drop in diagnostic performance, which was 

reflected in the large error bias (19%) between the training and test set. These 

results indicate a poor ability of this classifier, based on the three KL features 

and discriminant functions derived from the three-group training set, to perform 

satisfactorily on an independent patient population. 
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measured: reconstructed: difference: 

Figure 6.2: Worst-case reconstruction errors for the two-group test set: based on 
eigenvectors derived from the three-group training set. 
Measured, reconstructed and difference maps are arranged in three columns; rows 
contain maps for: a) Worst-case rms error (erms = 8.5 /xVs, erei = 4.7%, epeak = 27.7 
//Vs). b) Worst-case relative error (em* = 4.3 ^JVS, erei = 11.2%, epeak = 12.5 fxYs). 
c) Worst-case peak error (erms = 6.5 /iVs, erei = 1.2%, epeak = 31.7 //Vs). 

m 
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Table 6.2: Classification of the test set: discriminant analysis based on KL features 
yx, y2 and y4 derived from the three-group training set 

Group 
VTteSl (n=51) 
Mlt^ (n=51) 
Total (n=102) 

Priors 

Category 

VT 
26 
13 
39 
.33 

NC 
2 

21 
23 
.33 

MI 
23 
17 
40 
.33 

Table 6.3: Sensitivity, predictive value and diagnostic performance of the test-set 
classification based on KL features y\, yi and y4 derived from the three-group train­
ing set 

VTt^t (n=51) 
M ^ t (n=51) 

Sensitivity [%] 

51 
33 

Predictive Value [%] 

67 
43 

DP = 42% 
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Discriminant analysis employing KnY features 

The discriminant analysis of the KnY coefficients derived from the three-group train­

ing set produced two features / i and f2 which contained most of the discriminating 

information for separating the training-set groups. Therefore, the 16 coefficients 

yi from the test set were first transformed, using the KnY feature space derived 

from the three-group training set. and then the discriminant functions based on 

KnY features / i and f2 were applied to this transformed data. The results of the 

classification based on this analysis show that (see Tables 6.4 and 6.5) only 63% 

of the patients from the test set were classified correctly, compared to 78% of the 

patients from the training set. A 15% error bias between the training and test sets 

indicates that the KnY features derived for the three-group training set did not 

contain enough discriminating diagnostic information that could be extrapolated to 

independent groups. Fig. 6.3 is a plot of the two KnY coefficients for each subject 

in the test set; the ellipses from the three-group training set (Fig. 4.6) arc redrawn 

in this figure. These results demonstrate that the discriminant analysis based on 

the KnY feature space, while improved from the one in the KL feature space, still 

provided poor sensitivity and PV for the MItest group. 

Since the results of classification for the test set based on the features derived 

from the three-group training set were so poor, no further analysis of these data 

was performed. These features did not seem to contain diagnostic information that 

would be capable of separating a test set of patients vulnerable to arrhythmia from 

f 
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Table 6.4: Classification of the test set: discriminant analysis based on KnY features 
fx and f2 derived from the three-group training set 

Group 
VT^t (n=51) 
MItest (n=51) 
Total (n=102) 

Priors 

Category 

VT 
39 
6 
45 
.33 

NC 
2 

20 
22 
.33 

MI 
10 
25 
35 
.33 

Table 6.5: Sensitivity, predictive value and diagnostic performance of the test-set 
classification based on KnY features f\ and f2 derived from the three-group training 
set 

VTtest (n=51) 
M W (n=51) 

Sensitivity [%] 

76 
49 

Predictive Value [%] 

87 
71 

DP = 63% 
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Figure 6.3: Two-group test set in feature space of KnY coefficients f\ and f2 derived 
from the three-group training set. 
The inner ellipses correspond to the 50% confidence intervals and the outer ellipses 
correspond to the 95% confidence intervals; Q represents patient who belongs to 
VTtest group; x represents patient who belongs to MItest group. 
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Table 6.6: Reconstruction errors for the test set: based on 16 eigenvectors derived 
from the two-group training set 

rms error [//Vs] 

relative error [%] 

peal' error [/xVs] 

mean 
SD 

mean 
SD 

mean 
SD 

Test set 
(n=102) 

3.65 
1.36 
2.54 
2.44 

12.38 
5.36 

VTtest 
(n=51) 

3.44 
1.33 
3.15 
2.54 

12.10 
5.38 

MItest 
(n=51) 

3.86 
1.36 
1.93 
2.20 

12.67 
5.39 

those who are not vulnerable to arrhythmia. Therefore, these features would have 

little value in classifying future observations. 

6.2 Analysis based on features from the two-group 
training set 

The 16 eigenvectors calculated for the two-group training set (section 5.1) were 

used to calculate weighting coefficients yt for each subject in the test set. The 

reconstruction errors for the QRST-integral maps of the test set are summarized in 

Table 6.6. The mean errors are slightly higher than the errors for the two-group 

training set (cf. Table 5.1) and for the corresponding reconstruction for the test 

set based on the eigenvectors derived from the three-group training set (cf. Table 

6.1). Fig. 6.4 shows the worst-case differences between the measured maps and the 

reconstructed maps. As in previous observations, the main patterns were preserved 

after reconstruction based on 16 features. 
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measured: reconstructed: difference: 

Figure 6.4: Worst-case reconstruction errors for the two-group test set: based on 
eigenvectors derived from the two-group training set. 
Measured, reconstructed and difference maps are arranged in three columns; rows 
contain maps for: a) Worst-case rms error (erms = 8.5 fiYs, erei = 4.7%, epeak = 28.1 
fxYs) b) Worst-case relative error ( e ^ = 5.7 //Vs, erei = 10.5%, epeak = 17.5 fiYs) 
and c) Worst-case peak error (erms = 4.8 f/Vs, erei = 3.9%, epeak = 26.8 fiYs). 
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Table 6.7: Classification of the test set: discriminant analysis based on KL features 
ye, y2 and y* derived from the two-group training set 

Group 
VTtest ("=51) 
MItest (n=51) 
Total (n=102) 

Priors 

Category 

VT 
40 
14 
54 
.50 

MI 
11 
37 
48 
.50 

Discriminant analysis employing KL features 

The three features from the two-group training set with the best discriminating ca­

pabilities correspond to maps 6, 2 and 4 in Fig. 5.2; the linear discriminant functions 

derived from these features were applied to the test set. The results of classification 

for the test set are in Tables 6.7 and 6.8. Overall, 75% of the patients from the test 

set were correctly classified, compared to 78% from the training set; in both cases, 

the same three KL features were used (Section 5.3). This represents a 3% error bias 

between the apparent error of classification from the training set and the error from 

the test set. Of interest is the fact that while, as expected, the sensitivity for the 

VTtest group dropped in comparison with the VTt rain group, the sensitivity of the 

MItest group actually improved in comparison with the MItrain group (from 69% to 

73%). 



95 

Table 6.8: Sensitivity, predictive value and diagnostic performance of the test-set 
classification based on KL features y6, y2 and y4 derived from the two-group training 
set 

VTtest (n=51) 
M ^ t (n=51) 

Sensitivity [%] 

78 
73 

Predictive Value [%] 

74 
77 

DP = 75%; K = .51 

Discriminant analysis employing KnY features 

The KnY features derived from the two-group training set were applied to the 16 

weighting coefficients y,- of the test set, as derived from the KL features from the 

two-group training set. The discriminant functions derived for the one KnY feature 

/ i from the two-group training set were then applied to the test set. The results of 

the classification based on the linear discriminant analysis are presented in Tables 

6.9 and 6.10. There were 87 subjects (85%) in the test set who were classified 

correctly, compared to 89% classified correctly for the training set by using the 

same approach (cf. Section 5.4); this is a 4% error bias. The KnY coefficients 

for the two training-set groups and the two test-set groups are plotted in Fig. 6.5. 

These results demonstrate that the diagnostic performance achieved in separating 

the VTtrain a n d MItrain groups was well mairtained for the VT test and MItest groups. 

While the VT test sensitivity decreased as expected in comparison with sensitivity 

achieved for the VTtrain group, the MItest sensitivity remained the same as the MItrain 

sensitivity. The sensitivity and PV were similar for both VTtest and MItest groups. 
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Figure 6.5: Two-group test set and two-group training set in feature space of KnY 
coefficient fi derived from the two-group training set. 
The inner box corresponds to the 50% confidence interval and the outer box to the 
95% confidence interval; the mean is indicated by the horizontal bar. 
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Table 6.9: Classification of the test set: discriminant analysis based on KnY feature 
/ i derived from the two-group training set 

Group 

VTtest (n=51) 
MItest (n=51) 
Total (n=102) 

Priors 

Category 
VT 
43 
7 

50 
.50 

MI 
8 

44 
52 
.50 

Table 6.10: Sensitivity, predictive value and diagnostic performance of the test-set 
classification based on KnY feature f\ derived from the two-group training set 

VTt^t (n=51) 
MItest (n=51) 

Sensitivity [%] 

84 
86 

Predictive Value [%] 

86 
85 

DP = 85%; K = .71 

6.3 Summary and discussion 

In summary, the errors for reconstructing the QRST-integral maps for the indepen­

dent test set, by means of the eigenvectors derived from both the three-group and 

two-group training sets were comparable to the reconstuction errors for the training 

sets. The main patterns were maintained upon reconstruction. The classification 

results for the test set, based on the eigenvectors derived from the three-group train­

ing set, were poor. Both the discriminant analysis based on the three KL features 

and the discriminant analysis based on the two KnY features derived from the three-

group training set, yielded low diagnostic performance in classifying the VTtcst and 

MItest groups. In contrast, the diagnostic performance of the test-set classification 
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based on the features derived from the two-group training set was maintained in 

comparison with that for the training set. The best result was achieved for the 

discriminant analysis based on the KnY feature space. The test-set result of 85% 

correctly classified patients was comparable to the training-set result of 89% of pa­

tients classified correctly. These results provide evidence that important diagnostic 

information for discriminating patients vulnerable to ventricular arrhythmias from 

those not vulnerable was contained in their QRST-integral maps. Features derived 

from a training set were capable of classifying independent groups of patients with 

a low error associated with the classification. The diagnostic performance achieved 

in classifying test-set patients provides one assessment of the expected error in per­

formance for classifying future observations based on the features derived from the 

training set. 



Chapter 7 

Classification of the post treatment 
VT group 

The next issue addressed was whether the features derived from the training set 

were sensitive to changes in arrhythmogenic state resulting from antiarrhythmic 

treatment. This chapter focussed on evaluating whether the differences in posttreat­

ment QRST-integral maps corroborated the results of programmed stimulation in 

the clinical assessment of the arrhythmogenic state. The features derived from the 

three-group and two-group training sets were applied in the analysis of the post-

treatment QRST-integral maps of patients with recurrent ventricular tachycardia 

who were included in the training set (VTtrain group). These 51 VT patients, whose 

clinical characteristics are described in section 3.1 and in Appendices A and C, were 

divided into a predicted effective therapy (PET) subgroup and a non-predicted ef­

fective therapy (nPET) subgroup, depending on the results of posttreatment EPS. 

The objective of this analysis was to explore the applicability of the features derived 

from the three-group and two-group training sets in assessing the outcome of treat­

ment (see objectives in chapter 1). The specific aim was to examine whether the 

classification of posttreatment QRST-integral maps would differ from their pretreat-

99 
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Table 7.1: Reconstruction errors for the posttreatment VT group: based on eigen­
vectors derived from the three-group training set 

rms error [fiYs] 

relative error [%] 

peak error [fiYs] 

mean 
SD 

mean 
SD 

mean 
SD 

PET+nPET 
(n=51) 

4.34 
1.89 
7.93 
8.10 

14.31 
7.61 

PET 
(n=14) 

4.53 
2.05 
6.91 
6.59 

16.42 
11.05 

nPET 
(n=37) 

4.27 
1.86 
8.32 
8.65 

13.51 
5.82 

ment classification, and if it did, which maps would remain classified as belonging 

to VT category and which would move to non-VT category (NC or MI). 

The first step of this analysis was to reconstruct the posttreatment QRST-

integral maps in the feature space derived from the three-group and two-group 

training sets and to evaluate the errors associated with each of these reconstruc­

tions. Subsequently, the capability of each feature space to serve as a basis for 

diagnostic classification was evaluated. The results are presented in the same order 

as in the previous chapters. 

7.1 Analysis based on features from the three-
group training set 

The 16 eigenvectors derived from the three-group training set and the QRST-

integral maps of the posttreatment VT group were used to calculate the 16 weighting 

coefficients y,- for each subject. The posttreatment maps were reconstructed by using 

these weighting coefficients and the errors between the original and reconstructed 

maps were quantified. The root-mean-squared errors, relative errors and peak errors 
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are summarized in Table 7.1. The mean rms error and peak error for the nPET 

subgroup were smaller than for the PET subgroup, whereas the relative error for 

the PET subgroup was smaller than for the nPET subgroup. The errors for the 

entire posttreatment group were, as expected, larger than the corresponding errors 

for the pretreatment data of patients belonging to VTtrain group (cf. Table 4.1). 

Fig. 7.1 shows the worst cases (in terms of quantitative error measures) for the 

reconstruction of posttreatment group's QRST-integral maps from the three-group-

training-set eigenvectors. In general, the main spatial patterns were maintained 

following reconstruction, but the reconstructed maps were smoother as a result of 

truncation of KL expansion. 

Nondipolar content of QRST-integral maps 

There were notable qualitative differences between the pretreatment and posttreat­

ment QRST-integral maps for some of the patients belonging to VTtrain group. 

Fig. 7.2 shows the pretreatment and posttreatment maps for six randomly selected 

cases. (The larger reconstruction errors presented in the previous section are in­

dicative of this difference as well.) A preliminary report showed that there were no 

differences in the number of extrema between the PET and nPET subgroups be­

fore treatment, indicating similar multipolarity indices between these two subgroups 

[131]. In the nPET subgroup, a significant difference (p < 0.05) was found between 

the number of extrema before and after treatment (with the posttreatment num­

ber being higher [131]). In the PET subgroup, there was no significant difference 

between the number of extrema before and after treatment. 
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measured: reconstructed: difference: 

Figure 7.1: Worst-case reconstruction errors for the posttreatment VT group. 
16 weighting coefficients and 16 eigenvectors derived from the three-group training 
set were used in reconstruction. In the left column are measured maps, in the 
middle column are reconstructed maps and the right column are difference maps, 
a) Worst-case rms error (erms = 12.3 fiYs, erei = 4.4%, epeak = 36.0 fiYs). b) Worst-
case relative error (erms = 3.5 ^Vs, erei = 47.8%, epeak = 10.3 fiYs). c) Worst-case 
peak error (erms = 9.4 fiYs, erei = 6.2%, epeak = 51.0 fiYs). 
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Figure 7.2: Examples of pretreatment and posttreatment QRST-integral maps for 
the VT group. 
The upper three rows are from the PET subgroup and the lower three rows are from 
the nPET subgroup. In the left column are the pretreatment maps, in the middle 
column are the posttreatment maps and in the right column are the difference maps. 
The same display convention as in Fig. 4.2 is used. 
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Figure 7.3: Nondipolar content of pretreatment and posttreatment, QRST-integral 
maps for the VTtrain group. 
Based on eigenvectors derived from three-group training set. The inner box corre­
sponds to the 50% confidence limits and the outer box to the 95% confidence limits; 
mean for each group is indicated by the horizontal line; PRE = pretreatment values; 
POST = posttreatment values. 
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Figure 7.4: Nondipolar content of pretreatment and posttreatment QRST-integral 
maps for PET and nPET subgroups. 
Based on eigenvectors from three-group training set. Box-plot convention is the 
same as in Fig. 7.3. 
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Quantification of these differences was at tempted by applying features derived 

from the training-set to the posttreatment maps, to determine if differences existed 

in maps recorded before and after treatment, or between posttreatment maps for 

the P E T and n P E T subgroups. The mean (±SD) nondipolar content for the total 

posttreatment group and for its subgroups was calculated. Box plots of the pre­

treatment and posttreatment states for the VTtrain group, and the pretreatment 

and posttreatment states for the P E T and n P E T subgroups are in Figures 7.3 and 

7.4. While the total posttreatment mean (15.36 ± 15.16 %) and the posttreatment 

mean for the n P E T subgroup (16.31 ± 16.63 %) were higher than the mean for 

the P E T subgroup (12.84 ± 10.39 %) , an independent t-test showed no statistically 

significant (p > 0.05) differences between the P E T and n P E T subgroups for this 

measure. Dependent t-tests on the differences between the pretreatment and the 

posttreatment values for the total group, the P E T subgroup and the n P E T subgroup 

showed no statistically significant differences at the 0.05 level of significance. 

Discriminant analysis employing KL features 

The discriminant functions based on the three KL features from the three-group 

training set were applied to the posttreatment coefficients yt- of the P E T and n P E T 

subgroups. The results of this analysis are summarized in Table 7.2. These results 

were evaluated based on whether subjects were classified into a group vulnerable to 

arrhythmia (VT) or a group nonvulnerable to arrhythmia (NC or MI). It was found 

that 71% of the P E T and 73% of the n P E T patients were classified into the VT 

group. Of the entire posttreatment group, 73% remained classified as vulnerable to 
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Tabk; 7.2: Classification for the posttreatment VT group: discriminant analysis 
based on KL features yi,y2 and y4 derived from the three-group training set 

Group 
PET (n=14) 

nPET (n=37) 

Total (n=51) 

Priors 

cases 
% 

cases 
% 

cases 
% 

Category 
VT 

10 
71 
27 
73 
37 
73 

.33 

NC 
0 
0 
1 
3 
1 
2 

.33 

MI 
4 

29 
9 

24 
13 
25 

.33 

VT; therefore, 27% of the entire posttreatment group were classified as nonvulncra-

ble to VT. This result was similar to the classification of this group before treatment 

(VT^ain group), when 71% of patients were correctly classified into VT category (cf. 

Table 4.3). 

Discriminant analysis employing KnY features 

The discriminant functions based on the two KnY features /i and f2 from the three-

group training set were applied to the coefficients derived for the QRST-integral 

maps of the posttreatment VT group. Two patients in the PET subgroup were 

classified in the MI group and six patients in the nPET subgroup were classified in 

the MI group. Fig. 7.5 demonstrates the overlap between PET and nPET subgroups; 

it shows that a large proportion of the posttreatment values lies within the 95% 

confidence interval of the pretreatment values of the VTtrain group. 
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Figure 7.5: Posttreatment VT group in feature space of KnY coefficients f\ and f2 

derived from the three-group training set. 
Coefficient f\ is on the abscissa and f2 on the ordinate; the inner ellipses correspond 
to the 50% confidence intervals and the outer ellipses to the 95% confidence intervals 
(cf. Fig. 4.6); 0 represents patient who belongs to PET subgroup; x represents 
patient who belongs to nPET subgroup. 
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Table 7.3: Reconstruction errors for the posttreatment VT group: based on eigen­
vectors derived from the two-group training set 

rms error [fiYs] 

relative error [%] 

pdak error [fiYs] 

mean 
SD 

mean 
SD 

mean 
SD 

PET+nPET 
(n=51) 

4.37 
1.83 
7.97 
8.05 

14.22 
7.68 

PET 
(n=14) 

4.54 
2.00 
6.86 
6.41 

16.09 
10.86 

nPET 
(n=37) 

4.31 
1.79 
8.39 
8.64 

13.52 
6.13 

7.2 Analysis based on features from the two-group 
training set 

The QRST-integral maps for the posttreatment group and the 16 eigenvectors de­

rived from the two-group training set were used to calculate weighting coefficients yt-

for each subject in the PET and nPET posttreatment subgroups. These weighting 

coefficients for each subject in the posttreatment VT group, and the 16 eigenvectors 

from the training-set analysis, were used to reconstruct the QRST-integral maps. 

Summary statistics for three error measures of this reconstruction are in Table 7.3. 

The mean rms error, relative error and peak error were all higher than the errors 

for the VTtrain group (cf. Table 5.1). The rms error and relative error were slightly 

higher for this reconstruction than for the reconstruction of the same maps in the 

feature space derived from the three-group training set (cf. Table 7.1). The peak 

error was slightly lower for the two-group eigenvector reconstruction than for the 

three-group reconstruction. The worst cases, in terms of reconstruction errors, are 

shown in Fig. 7.6. 
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Nondipolar content of QRST-integral maps 

The mean (±SD) nondipolar content was calculated, based on eigenvectors derived 

from the two-group training set, far the entire posttreatment VT group (15.16 ± 

15.64 %) and for the PET (12.35 ± 10.63 %) and nPET (16.23 ± 17.17 %) sub­

groups. An independent t-test revealed no significant (p > 0.05) difference for this 

variable between the PET and nPET subgroups. As well, dependent t-tests between 

pretreatment and posttreatment measures did not show significant differences, at 

the 0.05 level of significance, for the entire VTtrain group or the PET and nPET 

subgroups. The overlap between subgroups for the nondipolar-content measure is 

apparent in the box plots for the pretreatment and posttreatment maps of the entire 

VTt^n group (Fig. 7.7) and the PET and nPET subgroups (Fig. 7.8). 

Discriminant analysis employing KL features 

The discriminant functions for the three features ye, yi and y4 derived from the two-

group training set, were applied to the coefficients yt- from the QRST-integral maps 

of the posttreatment VT group. The results of the discriminant analysis of weighting 

coefficients for the posttreatment VT group are in Table 7.4. These results show 

that 84% of all QRST-integral maps for posttreatment VT group were classified into 

the VT category; this is a similar result to the one obtained for the classification of 

pretreatment maps for the VTtrain group (cf. Table 5.4). 
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measured: reconstructed: difference: 

Figure 7.6: Worst-case reconstruction errors for the posttreatment VT group. 
Based on 16 weighting coefficients and 16 eigenvectors derived from the two-group 
training set. In the left column are measured maps, in the middle column are 
reconstructed and the right column are difference maps, a) Worst-case rms error 
(erms = 11.7 fiYs, erei = 4.0%, epeak = 37.9 ^Vs); b) Worst-case relative error ( e ^ 
= 3.6 fiYs, erei = 49.1%, epeak = 11.2 fiYs); c) Worst-case peak error (e,™ = 9.4 
fiYs, erei = 6.2%, epeak = 51.2 fiYs). 
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Figure 7.7: Nondipolar content for pretreatment and posttreatment VT group. 
Based on eigenvectors derived from the two-group training set. Box-plot convention 
is the same as in Fig. 7.3. 
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Figure 7.8: Nondipolar content for pretreatment and posttreatment PET and nPET 
subgroups. 
Based on eigenvectors derived from the two-group training set. Box-plot convention 
is the same as in Fig. 7.3. 
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Table 7.4: Classification of the posttreatment VT group: discriminant analysis based 
on KL features y6,y2 and y4 derived from the two-group training set 

Group 
PET (n=U) 

nPET (n=37) 

Total (n=51) 

Priors 

cases 
% 

cases 
% 

cases 
% 

Category 

VT 
11 
79 
32 
86 
43 
84 

.50 

MI 
3 

21 
5 

14 
8 

16 

.50 

Discriminant analysis employing KnY features 

The discriminant functions derived for the KnY feature f\ derived from the two-

group training set were appHed to the coefficients of the posttreatment VT group. 

The results of classification are summarized in Table 7.5; 9 of 14 P E T patients and 

32 of 37 n P E T patients were classified into the VT category. Therefore, 80% of the 

posttreatment maps were classified as belonging to the VT category. The percentage 

of P E T patients classified as vulnerable to VT was lower than the percentage of 

nPET patients: 64% versus 86%. Plots of the KnY coefficient fx for the P E T 

and n P E T subgroups are in Fig. 7.9. The mean of both posttreatment groups 

was slightly lower than the pretreatment mean for the VT train group. Examination 

of the direction of change in the KnY coefficient (posttreatment state relative to 

pretreatment state) showed that 71% (n=10) of the P E T coefficients moved toward 

the MI group, whereas 29% (n=4) went in the opposite direction. This difference in 

percentages was not Somatically significant (p = 0.11). Fifty nine percent (ra=20) 
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Table 7.5: Classification of the posttreatment VT group: discriminant analysis based 
on KnY feature / x derived from the two-group training set 

Group 
PET 

nPET 

Total 

Priors 

cases 
% 

cases 
% 

cases 
% 

Category 

VT 
9 

64 
32 
86 
41 
80 

.50 

MI 
5 

36 
5 

14 
10 
20 

.50 

of the nPET subgroup had a change in their KnY coefficients toward the MI group 

and 41% (n=17) moved in the opposite direction. The probability for this latter 

result was p = 0.25, and thus this difference was also not significant. Fig. 7.10 shows 

the direction of change between pretreatment and posttreatment KnY coefficients 

for the P E T and nPET subgroups. 

7.3 Summary and discussion 

The reconstruction errors for the posttreatment maps were higher in comparison 

with errors for the pretreatment maps of the same patients; this was the case for both 

the reconstruction based on eigenvectors from the three-group and two-group train­

ing sets. The nondipolar-content measure could not differentiate between the P E T 

and nPET posttreatment data — although there was a trend for higher nondipolar 

content in the nPET posttreatment subgroup. There was a large variability asso­

ciated with the nondipolar content for the posttreatment data. The results of the 


