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ABSTRACT

T-wave alternans (TWA) is a cardiac phenomenon related to the mech-
anisms leading to ventricular arrhythmias and sudden cardiac death (SCD).
It appears in the surface electrocardiogram (ECG) as a beat-to-beat alter-
nation in the morphology of the repolarization, and its amplitude can be
so low that it is imperceptible to the naked eye. Several signal processing
methods have been proposed to detect TWA in the ECG and to quantify
its amplitude. Most of them analyze each lead (channel) of the ECG in-
dependently, and only basic multilead strategies are adopted in commercial
TWA systems. However, the joint analysis of various ECG channels pro-
vides additional information about the spatial and temporal distribution of
cardiac phenomena, which can be exploited to improve the detection and
quantification of TWA in the ECG.

The objective of this thesis is to develop multilead schemes for TWA
analysis that improve the detection and quantification of TWA in the ECG,
and that increase the clinical value of TWA as a risk index. The work carried
out to achieve this goal is divided in three parts: design of novel multilead
schemes for TWA analysis, methodological validation of the proposed tech-
niques, and clinical validation of the multilead scheme that presents the best
performance.

The first part of the thesis introduces a general scheme for multilead
analysis of TWA. The proposed scheme is an extended version of a usual
single-lead scheme with two additional stages, signal transformation and sig-
nal reconstruction, which are included to increase the detectability of TWA
and to improve the estimation of TWA amplitude and waveform. Various
techniques are proposed for the transformation stage: principal component
analysis (PCA), periodic component analysis (πCA), independent compo-
nent analysis (ICA) and spectral ratio maximization (SRM). Techniques
πCA and ICA have been applied to TWA analysis for the first time in this
work. SRM is a new technique developed in this work which exploits the
periodicity of TWA to increase its detectability in the transformed signal.

The general multilead scheme can be combined with any single-lead
method which detects and estimates TWA in separate stages. Along the
thesis, it is combined with the Laplacian Likelihood Ratio Method for TWA
analysis, and also with the Spectral Method for comparison. Several modifi-
cations of the general scheme are also proposed for its adaptation to different
clinical settings.
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The second part of the thesis presents the methodological evaluation of
the multilead scheme based on the different transformation techniques. The
alternatives are compared in various simulation studies, in which synthetic,
semi-synthetic and real signals with known TWA are analyzed. Differences
between schemes are quantified using common performance metrics such
as probability of detection and probability of false alarm, and also using
new global measures of the bias and variance of the TWA estimation. The
improvements in the detection performance and in the accuracy of TWA
estimation over a single-lead scheme are quantified for all the multilead al-
ternatives. Results show that using the periodicity as a criterion to separate
TWA from noise is the best multilead strategy among the compared options.
Among the periodicity-based schemes, the one with the best performance
is the πCA-based multilead scheme.

The last part of the thesis demonstrates that the improvements in TWA
analysis obtained with the πCA-based scheme, together with a new strategy
for computing global TWA indices, make it possible to stratify cardiac risk
in Holter recordings without the need for visual validation. The method
presented here allows a multilead, fully-automated computation of TWA
markers of cardiac risk in ambulatory ECGs. Results from a clinical study
show that the average TWA activity over a 24-hour period provides im-
portant prognostic information in patients with chronic heart failure. Two
novel indices, AAI and AAI90, are proposed to quantify the average TWA
activity, and are found to independently predict the risk of cardiac death
and SCD.



RESUMEN Y CONCLUSIONES

Las alternancias de onda T (TWA) se definen como una alteración en
la morfología de la repolarización que se repite cada dos latidos. Este fenó-
meno cardíaco está relacionado con el riesgo de sufrir arritmias ventriculares
malignas que pueden conducir a la muerte súbita cardíaca. Actualmente, el
análisis de TWA en el electrocardiograma (ECG) se utiliza para estratificar
el riesgo de sufrir arritmias ventriculares, y decidir si un paciente puede
beneficiarse de la implantación de un desfibrilador automático implantable.

La amplitud de las TWA puede ser muy baja, del orden de los micro-
voltios, resultando indetectables a simple vista en el ECG, lo que dificulta
en gran medida su detección. Existen diferentes métodos de procesado de
la señal para detectar las TWA y estimar sus parámetros (amplitud, forma
de onda). El principal inconveniente de los métodos existentes es o bien
una alta sensibilidad a la presencia de componentes no alternantes de gran
amplitud, o bien una baja sensibilidad a las TWA de baja amplitud. Ha-
bitualmente, estos métodos se aplican a cada derivación (canal) del ECG
de manera independiente, es decir, siguiendo un esquema de análisis mono-
derivacional. Sin embargo, el análisis conjunto de varios canales del ECG
proporciona información adicional sobre la distribución espacial y tempo-
ral de los fenómenos cardiacos, que se podría aprovechar para mejorar la
detección y la cuantificación de TWA.

El objetivo de esta tesis es desarrollar estrategias de análisis multideriva-
cional que mejoren la detección y la cuantificación de TWA en el ECG, y que
aumenten el valor clínico de las TWA como índice de riesgo. El trabajo de-
sarrollado para conseguir este objetivo se divide en tres partes: propuesta de
nuevas estrategias de análisis multiderivacional para detectar y cuantificar
TWA, validación metodológica de las estrategias propuestas, y validación
clínica de la alternativa multiderivacional con mejores prestaciones.

En la primera parte de la tesis se propone un esquema general para el
análisis multiderivacional de TWA. El esquema propuesto se ha diseñado
como una versión extendida de un esquema monoderivacional habitual, al
que se le han añadido dos etapas de procesado adicionales: transformación
de la señal y reconstrucción de la señal. Con estas etapas se consigue incre-
mentar la detectabilidad de las TWA y mejorar la estimación de su amplitud
y de su forma de onda. Se proponen diferentes técnicas para la transfor-
mación de la señal: análisis de componentes principales (PCA), análisis
de componentes periódicos (πCA), análisis de componentes independientes
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(ICA) y maximización del ratio espectral (SRM). Las técnicas πCA e ICA se
han aplicado al análisis de TWA por primera vez en este trabajo. La técnica
SRM es una nueva propuesta de esta tesis que aprovecha la periodicidad de
las TWA para incrementar su detectabilidad en la señal transformada.

El esquema multiderivacional propuesto se puede combinar con cualquier
método de análisis monoderivacional que detecte y cuantifique las TWA en
etapas separadas. A lo largo de la tesis, el esquema se combina con el método
del cociente de verosimilitudes para ruido Laplaciano (LLRM), y también
con el método espectral (SM) como comparación. Además, se proponen
modificaciones del esquema multiderivacional general para adaptarlo a los
diferentes escenarios clínicos en los que se realiza análisis de TWA.

En la segunda parte de la tesis se evalúan las prestaciones del esquema
multiderivacional, comparando los resultados que se obtienen con las difer-
entes técnicas de transformación de la señal, y cuantificando la mejora
obtenida respecto a un esquema monoderivacional habitual. Para ello se
diseñan varios estudios de simulación, en los que se analizan señales sintéti-
cas, semi-sintéticas y reales donde los parámetros de las TWA (presencia,
amplitud, forma de onda) se conocen de antemano. Las diferencias entre
esquemas se cuantifican utilizando métricas habituales como la probabilidad
de detección y la probabilidad de falsa alarma, y también nuevas métricas
globales de sesgo y varianza de la estimación. Los resultados de la evalu-
ación metodológica muestran que la mejor estrategia multiderivacional entre
las alternativas comparadas es usar la periodicidad de la señal como criterio
para separar las TWA del ruido y resto de componentes no deseadas del
ECG. De las estrategias basadas en la periodicidad, la que ofrece mejores
prestaciones es la basada en πCA.

En la última parte de la tesis se comprueba que las mejoras en el análisis
de TWA que se obtienen con el esquema multiderivacional basado en πCA,
junto con una nueva estrategia para calcular índices de TWA globales, ha-
cen posible la estratificación del riesgo cardiaco en registros ambulatorios
(Holter). El método multiderivacional propuesto en esta tesis permite calcu-
lar de manera totalmente automática nuevos marcadores de riesgo cardiaco
en registros ambulatorios. Los resultados de un estudio clínico muestran
que la actividad media de las TWA en un periodo de 24 horas proporciona
información pronóstica en pacientes con insuficiencia cardiaca crónica. En
concreto, se ha encontrado que dos de los índices propuestos en esta tesis
para cuantificar la actividad media de las TWA, AAI y AAI90, son predic-
tores independientes del riesgo de muerte cardiaca y muerte súbita cardiaca.
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Chapter 1

Introduction

1.1 Motivation of the thesis

Cardiovascular diseases (CVD) are the major cause of death in adults and
the elderly in the majority of the developed countries and in many devel-
oping countries. According to the last report of the American Heart Asso-
ciation [Roger et al., 2011], more than 82 million people (>1 in 3) have a
cardiovascular disease in the United States (US). Mortality data show that
CVD as the underlying cause of death accounted for 33.6% of all deaths in
2007, or 1 of every 3 deaths in the US. According to the Spanish National
Statistics Institute (www.ine.es), 36.6% of all deaths in 2008 were caused by
CVD in the European Union, and 31.7% in Spain (4273 deaths in Aragón),
being the major cause of death in both cases.

A great part of these deaths occur suddenly, shortly after the onset of the
first symptoms, and are related to malignant ventricular arrhythmias that
lead to a heart attack. This kind of outcome is known as sudden cardiac
death (SCD). According to the World Health Organization, the incidence of
SCD in developed areas varies from 20 to 160 cases per 100,000 inhabitants
each year among men aged 35 to 64 years. In the US, the annual incidence
varies between 300,000 and 400,000 cases. In Spain, the incidence is 40
cases per 100,000 inhabitants each year, which represents 10 - 30% from all
deaths by natural causes [Marrugat et al., 1999]. These statistics justify
any effort in reducing the incidence of CVD by improving the prevention,
diagnosis and treatment of these diseases.

Implantable cardioverter defibrillators (ICD) are the most effective way
of preventing SCD. However, the implantation of an ICD is an invasive pro-
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cedure with associated risks and a high cost—according to the clinical study
MADIT-II [Bloomfield et al., 2004, Armoundas et al., 2005], it is necessary
to implant an ICD to 18 patients to save one life—so it is only applied to
patients at high risk of suffering ventricular arrhythmias. A reliable way
of assessing this risk is to perform an electrophysiologic (EP) study, which
evaluates if arrhythmias can be induced in the heart by stimulating the my-
ocardium in a controlled manner with an electrode placed inside a catheter.
The EP study is also an invasive procedure, so it cannot be used as a gen-
eral screening test. Therefore, it is necessary to determine non-invasive
risk markers that identify patients at a higher risk of suffering malignant
arrhythmias, so that invasive diagnostic tests and treatments can be selec-
tively applied only to those patients who will benefit the most, saving risks
for the patients and also health-care costs.

Various non-invasive indices have been proposed to predict the risk of
arrhythmias. Most of them are based either on the analysis of echocardio-
graphic images (for example, ejection fraction), or on the analysis of elec-
trocardiographic signals (presence of ectopic beats in ambulatory records,
QRS duration, QT dispersion, heart rate variability, etc.) [Kusmirek and
Gold, 2007, Kreuz et al., 2008]. The main limitation of existing indices is
their low specificity and predictive value [Priori et al., 2003]. One of the
most promising non-invasive indices is T-wave alternans (TWA) [Rosen-
baum et al., 1994, Narayan, 2006]. Its prognostic value is being intensively
studied, and significant evidence of the relation between TWA and the sus-
ceptibility to ventricular fibrillation has been found in recent years [Costan-
tini et al., 2009, Chow et al., 2007, Armoundas et al., 2002]. This thesis
presents new advances in the analysis of TWA in the electrocardiogram
with the objective to increase the clinical value of TWA tests.

1.2 Background

The material and figures in this section are taken from [Zaret et al., 1992,
Guyton and Hall, 2006, Sörnmo and Laguna, 2005, Clifford et al., 2006],
to which the reader is referred for a more detailed overview of the topics
covered here.
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1.2.1 The electrocardiogram

An electrocardiogram (ECG) describes the electrical activity of the heart.
The heart is comprised of muscle (myocardium) that contracts rhythmically
and drives the circulation of blood throughout the body. Before every nor-
mal heart beat, or systole, a wave of electrical current passes through the
entire heart, which triggers myocardial contraction. The electrical current
spreads over the structure of the heart in a coordinated pattern which leads
to an effective, coordinated systole. This results in a measurable change
in potential difference on the body surface of the subject. The resultant
amplified signal is known as an electrocardiogram.

The anatomy of the heart is divided into two “mirrored” sides, left and
right, which support different circulatory systems but which pump in a syn-
chronized, rhythmic manner. Each side of the heart consists of two cham-
bers: the atrium, were the blood enters, and the ventricle, where the blood
is forced into further circulation. The direction of blood flow is controlled
by four different valves which are located between the atria and the ven-
tricles (atrio-ventricular valves) and between the ventricles and the arteries
(pulmonary and aortic valves). The structure of the heart, and the course
of blood flow through the heart chambers and heart valves is depicted in
figure 1.1.

Each cardiac cycle is composed of two phases, activation and recovery,
which are referred to in electrical terms as depolarization and repolarization,
and in mechanical terms as contraction and relaxation. The initialization of
a cardiac cycle occurs in the sinoatrial (SA) node, a mass of pacemaker cells
with the ability to spontaneously fire an electrical impulse. The electrical
impulse then propagates through the different parts of the electrical conduc-
tive system of the heart: the internodal pathways that conduct the impulse
from the sinus node to the atrio-ventricular (A-V) node; the A-V node, in
which the impulse from the atria is delayed before passing into the ventri-
cles; the A-V bundle, which conducts the impulse from the atria into the
ventricles; and the left and right bundle branches of Purkinje fibers, which
conduct the cardiac impulse to all parts of the ventricles (see figure 1.2).
While the ventricles are being electrically activated, the atria recover their
initial state (atrial repolarization). Finally, the cardiac cycle ends when the
ventricles recover their resting electrical state (ventricular repolarization).

The normal electrocardiogram (see figure 1.3) is composed of a P wave,
a QRS complex, and a T wave. The QRS complex is often, but not always,
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Structure of the heart, and course of blood flow through the heart
chambers and heart valves.

Figure 1.1: Structure of the heart, and course of blood flow through the
heart chambers and heart valves. Reproduced from [Guyton and Hall, 2006].

three separate waves: the Q wave, the R wave, and the S wave. The P
wave is caused by electrical potentials generated when the atria depolarize
before atrial contraction begins. The QRS complex is caused by potentials
generated when the ventricles depolarize before contraction, that is, as the
depolarization wave spreads through the ventricles. The T wave is caused
by potentials generated as the ventricles recover from the state of depolar-
ization. This process normally occurs in the ventricular muscle from 0.25 to
0.35 seconds after depolarization, and the T wave is known as a repolariza-
tion wave. The interval between the end of the QRS complex (known as the
J point) and the end of the T wave is known as ST-T complex, and reflects
the repolarization activity of the ventricles. The phenomenon studied in
this thesis, TWA, occurs in this last part of the cycle.
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Figure 1.2: Sinus node, and the Purkinje system of the heart, showing also
the A-V node, atrial internodal pathways, and ventricular bundle branches.
Reproduced from [Guyton and Hall, 2006].

Lead systems

The electrical activity of the heart is measured on the body surface by at-
taching a set of electrodes to the skin. For an ECG recording, the difference
in voltage between a pair of electrodes is referred to as a lead. The ECG is
typically recorded with a multiple lead configuration which includes unipo-
lar or bipolar leads, or both. A so-called unipolar lead reflects the voltage
variation of a single electrode and is measured in relation to a reference elec-
trode (commonly called the central terminal) whose voltage remains almost
constant throughout the cardiac cycle. A bipolar lead reflects the voltage
difference between two electrodes.

Each lead represents a different electrical axis onto which the electrical
activity of the heart is projected. Therefore, each lead can be considered
to represent a different spatial perspective of the heart’s electrical activity.
If leads are appropriately placed in a multilead ECG, the ensemble of the
different waveforms provides a robust understanding of the electrical activ-
ity throughout the heart, allowing the clinician to determine pathologies
through spatial correlation of events on specific leads.

A variety of lead configurations are used in clinical practice, from a
standard 12-lead setup to a simple hospital two or 3-lead configuration,
or just a single lead. The choice of a particular lead system is guided
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Figure 1.3: Normal electrocardiogram. Reproduced from [Guyton and Hall,
2006].

by the type of clinical information desired and by various clinical issues
and practical considerations. The two lead systems that receive the most
attention are the standard 12-lead ECG and the orthogonal lead system.

The standard 12-lead ECG is the most widely used lead system in clinical
routine and is defined by a combination of three different lead configura-
tions: the bipolar limb leads, the augmented unipolar limb leads, and the
unipolar precordial leads. The three bipolar limb leads are denoted I, II
and III and are obtained by measuring the voltage difference between the
left arm, right arm, and left leg. These three electrode positions can be
viewed as the corners of a triangle (“Einthoven’s triangle”) with the heart
at its center (see figure 1.4). The augmented unipolar leads (aVF, aVL and
aVR) use the same electrodes as the bipolar limb leads but are defined as
the voltage differences between one corner of the triangle and the average of
the remaining two corners. The six precordial leads, by convention labeled
V1,...,V6, are unipolar leads positioned on the front and the left side of the
chest, and related to a central terminal which is defined as the average of
the voltages measured on the right and left arms and the left leg (figure
1.5).

An orthogonal lead system reflects the electrical activity in three per-
pendicular directions, X, Y and Z. The most widely used orthogonal lead
system, known as the Frank lead system after its inventor [Frank, 1956], is
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Conventional arrangement of electrodes for recording the stan-
dard electrocardiographic leads. Einthoven’s triangle is superim-
posed on the chest.

Figure 1.4: Conventional arrangement of electrodes for recording the stan-
dard electrocardiographic leads. Einthoven’s triangle is superimposed on
the chest. Reproduced from [Guyton and Hall, 2006].

obtained as linear combinations of seven electrodes positioned on the chest,
back, neck, and left foot. The resulting leads X, Y and Z view the heart
from the left side, from below, and from the front.

It is important to realize that the polarity and morphology of individual
ECG waves are strongly dependent on where the electrodes are placed on
the body. For some positions, a wave may actually be completely absent
because the electrical wavefront in the heart is propagating perpendicularly
to the vector defined by the lead. Furthermore, the amplitude of the wave
depends on the distance between the heart and the electrode.

ECG monitoring

Since its invention, the usage of the ECG as a clinical tool has become
greatly diversified. Two common ways of monitoring the ECG for TWA
studies are the stress test and the ambulatory recording.

A stress test, or exercise test, is a method of investigating the ability of
the heart to cope with physical work, and is usually performed with a bicycle
or a running treadmill. Exercise starts at a low workload, and the load is
increased progressively. During the exercise, the standard 12-lead ECG is
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Figure 1.5: Connections of the body for recording precordial leads. LA, left
arm; RA, right arm. Reproduced from [Guyton and Hall, 2006].

recorded an monitored on a screen. The stress test is terminated when the
patient reaches a predefined maximum heart rate, experiences fatigue or
symptoms like chest pain and shortness of breath, or when abnormal ECG
changes appear. The overall response to exercise is assessed in terms of
maximum workload, maximum heart rate, ECG changes, blood pressure
and respiratory rate.

Ambulatory ECG monitoring, also called Holter monitoring, is used to
identify patients with transient symptoms that are indicative of arrhyth-
mias, or patients at high risk of sudden death after infarction. Also, it is
used to assess the reaction of patients to treatment with antiarrhythmic
drugs. During 24 hours or more of normal daily activities, the patient car-
ries a recording device that stores the ECG. A 3-lead configuration is often
used because the 12-lead configuration is less practical in these recording
conditions. Once the patient has returned the device to the hospital, the
recorded ECG is analyzed by a physician.
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1.2.2 Cardiovascular diseases

Three major cardiovascular diseases associated to SCD are coronary artery
disease, cardiac arrhythmias, and heart failure.

Coronary artery disease

Coronary artery disease (CAD), coronary heart disease, and ischemic heart
disease are various names given to a condition in which the coronary
arteries—those that feed the heart muscle itself—are narrowed. As a re-
sult, the supply of blood to the heart muscle is decreased. This deficiency
in oxygen is called ischemia. The narrowing is almost invariably due to
atherosclerosis, the buildup of fatty plaques on the inner walls of the arter-
ies.

In the absence of symptoms, CAD may be diagnosed as a result of
positive findings during an exercise stress test (possibly including a nuclear
imaging study), or it may be documented by a coronary angiogram. The
most common and serious complications of CAD are myocardial infarction
(MI) and SCD. A MI occurs when there is a marked decrease in the oxygen
supply to an area of the heart muscle, and the damaged tissue dies. Other
complications of CAD may include various heart rhythm disturbances and
heart failure.

Cardiac arrhythmias

Cardiac arrhythmias occur when the heart’s electrical system does not func-
tion properly. An arrhythmia can be anything from an extra beat in the
atria to dangerous ventricular tachycardias.

A tachycardia is an abnormally fast rate, which can be originated in the
atria (supraventricular tachycardia) of in the ventricles (ventricular tachy-
cardia). In both instances, an extra or early beat may trigger the rapid
rhythms. Although the sinus node develops as the specialized site of im-
pulse production, all cardiac muscle cells retain the capacity to become
pacemaker cells. Normally, the pacemaking activity of the sinus node sup-
presses impulse production by other cells, but if conductance to some part
of the heart muscle is blocked, or if the heart is overstimulated, islands of
cells may express their latent impulse-production ability. This may lead to
the division of the cardiac impulse along multiple pathways, resulting in a
chaos of uncoordinated electrical impulses. Such situation is called fibrilla-
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tion. Ventricular fibrillation is potentially fatal, because the heart ceases to
pump blood effectively, and death can occur within few minutes.

Heart failure

Heart failure occurs when the heart is not pumping effectively enough to
meet the body’s needs for oxygen-rich blood, either during exercise or at
rest. The term congestive heart failure is often synonymous with heart
failure but also refers to the state in which decreased heart function is
accompanied by a buildup of body fluid in the lungs and elsewhere. When
the condition develops over long periods, it is also called chronic heart failure
(CHF). A number of different problems can cause heart failure: ischemic
heart disease, a heart attack resulting in acute damage and then scarring of
heart muscle tissue, chronic high blood pressure, major cardiac arrhythmias,
diseased heart valves, and congenital heart diseases (which are faults in the
anatomy of the heart that are present at birth).

1.2.3 T-wave alternans

T-wave alternans (TWA) is a beat-to-beat alternation in the morphology
of the ST segment and the T wave (the ST-T complex, see figure 1.6).
TWA has been recognized and linked to arrhythmogenesis for more than
a century, dating from the pioneering observations of Hering in 1909 [Her-
ing, 1909]. It was considered as a rare finding until nonvisible (microvolt
level) TWA were discovered and first described by Adam in 1981 [Adam
et al., 1981]. TWA has been reported under diverse clinical conditions in
association with the risk of suffering life-threatening arrhythmias, includ-
ing acute myocardial ischemia and infarction, heart failure, Printzmetal’s
angina, and congenital diseases including Brugada syndrome and long QT
syndrome (LQTS) [Narayan, 2006].

TWA is considered to reflect temporal [Pastore et al., 1999] or spatial
[Chinushi et al., 1998] heterogeneity of ventricular repolarization. The clin-
ical utility of TWA as an index of SCD risk has been evaluated in numerous
studies [Gehi et al., 2005], including patients with dilated cardiomyopathy
[Ferrari and Sanzo, 2008], long QT syndrome [Hassan and Kaufman, 2005],
ischemic cardiopathy [Bloomfield et al., 2004, Costantini et al., 2009], pre-
vious myocardium infarction [Ikeda et al., 2002, Stein et al., 2008], other
cardiopathies [Salerno-Uriarte et al., 2007, Grimm et al., 2003], general pop-
ulation [Nieminen et al., 2007] and healthy subjects [Gibelli et al., 2008].
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Figure 1.6: (a) ECG signal with TWA. (b) Superposition of two consecutive
beats. (c) Alternans waveform: difference between odd and even beats.

Since TWA is usually non-visible to the naked eye, a number of signal
processing techniques have been proposed to detect and quantify TWA in
the ECG [Martínez and Olmos, 2005]. The application of the two commer-
cially available techniques, namely the Spectral and the Modified Moving
Average Methods, to different patient populations has generated an exten-
sive literature of clinical studies, involving more than 12,000 patients [Gehi
et al., 2005]. A review of the literature on TWA analysis methods is pre-
sented in chapter 2.

1.3 Objectives and outline of the thesis

Existing TWA analysis methods are usually applied to each lead of the ECG
independently, that is, they follow a single-lead analysis scheme. However,
ECG signals with multiple leads, or multilead signals, present some spatial
and temporal redundancy, as well as complementary information. All this
information can be exploited to find the combination of leads that allows
for the best possible TWA analysis in a particular recording setting. This is
the main objective of the thesis: to develop a multilead analysis scheme
that improves the detection and quantification of TWA in the ECG, and
that increases the clinical value of TWA as a risk index.

To achieve this goal, several multilead schemes are proposed. The im-
provement in the detection and estimation of TWA that can be achieved
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with these schemes is fully evaluated by means of simulation studies and
application to real ECG datasets. After selecting the multilead approach
that presents the best performance, new TWA indices are proposed to quan-
tify TWA in ambulatory records. Finally, the prognostic utility of the new
indices is evaluated with a clinical study.

The content of the thesis is organized as follows:

• Chapter 2: this chapter contains a review of the literature on TWA
analysis methods. The problem of detecting and quantifying TWA in
the ECG is presented, and the main methods that have been proposed
to solve it are described. Different ways of evaluating TWA methods
are then discussed, establishing the main differences between method-
ological and clinical validation.

• Chapter 3: this chapter contains the common materials and meth-
ods that are used throughout the rest of the thesis. It begins with
a description of the single-lead scheme that represents the starting
point of this thesis. Then, a general multilead scheme is proposed
as a reference framework for the different techniques developed in the
thesis, and each alternative is presented. The proposed alternatives for
multilead analysis are based on principal component analysis (PCA),
periodic component analysis (πCA), and other blind source separa-
tion (BSS) techniques. The chapter ends with a brief description of
the ECG datasets that are used for the evaluation of the methods.

• Chapter 4: this chapter describes the methodological evaluation of
the multilead scheme based on PCA. The performance of this scheme
is compared to the usual single-lead approach in terms of TWA detec-
tion rate and accuracy of TWA estimation. The clinical utility of the
proposed PCA scheme is demonstrated with its application to a stress
test ECGs dataset. The content of this chapter has been published
in:

– V. Monasterio, P. Laguna, J. P. Martínez. “Multilead Analysis
of T Wave Alternans in the ECG using Principal Component
Analysis”. IEEE Transactions on Biomedical Engineering, vol.56,
no.7, pp.1880-1890; 2009.

– V. Monasterio, P. Laguna, J. P. Martínez. “Multilead estimation
of T-wave alternans in the ECG using principal component anal-
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ysis”. 16th European Signal Processing Conference (EUSIPCO
2008). Lausanne (Switzerland). CD. August 2008.

– V. Monasterio, J. P. Martínez. “Multilead T-Wave Alternans
Quantification Based on Spatial Filtering and the Laplacian Like-
lihood Ratio Method.” Computers in Cardiology 2008, pp. 601-
604. Bologna (Italy). September 2008.

– V. Monasterio, J. P. Martínez. “A multilead approach to T-wave
alternans detection combining principal component analysis and
the Laplacian likelihood ratio method”. Computers in Cardiology
2007, pp. 5-8. Durham (NC, USA). September 2007.

• Chapter 5: this chapter describes the methodological evaluation of
the multilead scheme based on πCA. The πCA scheme is compared to
the single-lead scheme, the PCA scheme, and to other BSS techniques
in terms of TWA detection rate and accuracy of TWA estimation.
Like in chapter 4, the clinical utility of the scheme is demonstrated
with its application to a stress test ECGs dataset. The content of this
chapter has been published in:

– V. Monasterio, G. D. Clifford, P. Laguna, J. P. Martínez. “A
Multilead Scheme based on Periodic Component Analysis for T
Wave Alternans Analysis in the ECG”. Annals of Biomedical En-
gineering, Vol. 38, No. 8, pp. 2532-2541; 2010.

– V. Monasterio, J. P. Martínez. “Analysis of T-wave Alternans
in Stress Tests with Periodic Component Analysis”. Proceedings
of the 37th International Congress on Electrocardiology, pp.12.
Lund (Sweden). June 2010.

– V. Monasterio, G. D. Clifford, J. P. Martínez. “Comparison of
Source Separation Techniques for Multilead T-Wave Alternans
Detection in the ECG”. Proceedings of the 32nd Annual Interna-
tional Conference of the IEEE EMBS, pp. 5367-5370. Buenos
Aires (Argentina). August 2010.

– V. Monasterio, J. P. Martínez. “Comparison of two eigenvalue
decomposition techniques to detect T Wave Alternans in the
ECG”. World Congress on Medical Physics and Biomedical Engi-
neering, IFMBE Proceedings 25/IV, pp.631-634. Munich (Ger-
many). September 2009.
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• Chapter 6: this chapter describes the adaptation of the πCA scheme
for the analysis of ambulatory ECGs, and presents new indices to
quantify TWA in long-term ECG recordings. A clinical study demon-
strates that these indices are independent predictors of sudden cardiac
death in patients with chronic heart failure. A manuscript with the
content of this chapter has been submitted and is currently under
review:

– V. Monasterio, I. Cygankiewicz, P. Laguna, J. P. Martínez. “Av-
erage T-wave alternans activity in ambulatory records predicts
cardiac death in patients with chronic heart failure”. Under re-
view.

• Chapter 7: the final chapter contains the conclusions and possible
extensions of the thesis.



Chapter 2

Review of TWA analysis
methods

2.1 Introduction

Over the last decades, evaluation of TWA has evolved from visual inspection
of the ECG to the use of computerized methods for detection and quantifi-
cation of nonvisible TWA in the microvolt range. This chapter offers an
overview of the most widely used methods for TWA analysis, as well as
several recently proposed techniques.

Measuring TWA embedded in noise is a difficult task because the am-
plitude of TWA can be lower than the noise level, specially in noisy signals
such as stress test ECGs. Existing methods for TWA analysis perform two
basic procedures: deciding about the presence or absence of TWA in the
signal (detection), and quantifying TWA parameters such as its magnitude
(estimation). Not every method performs both procedures; some techniques
detect TWA without estimating its magnitude, while other techniques con-
sider TWA as a continuously present phenomenon whose magnitude can be
estimated at every point of an ECG. Such differences are further discussed
in section 2.2, where TWA techniques of both types are described.

After measuring TWA parameters in the ECG, clinical indices are com-
puted to identify patients with “abnormal” TWA activity. In addition to
TWA presence and/or magnitude, other variables are evaluated in clinical
TWA tests, such as the heart rate at which TWA appears, the duration
of TWA episodes, the number of leads in which TWA amplitude surpasses
a predefined threshold, and others. Therefore, a clear distinction can be

15
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made between the performance of a given TWA analysis method (in terms
of detection power and accuracy of TWA estimation), and the utility of the
obtained TWA measurements for clinical testing (for example, in terms of
risk predictive power of the clinical TWA test). We will refer to the per-
formance evaluation of TWA techniques as methodological evaluation, and
to the evaluation of the clinical utility of TWA measurements as clinical
evaluation. The distinction between methodological and clinical evaluation
is further discussed in section 2.3.

2.2 Methods for TWA analysis

Since Adam and coworkers discovered microvolt TWA in the ECG [Adam
et al., 1981], numerous techniques have been proposed to automatically
analyze TWA in ECG signals. In 2005, Martínez and Olmos published
a review of more than ten TWA analysis methods [Martínez and Olmos,
2005], and proposed a common framework to describe the methodological
principles of TWA analysis. They proposed a general analysis structure
including three main processes: signal preprocessing, TWA detection, and
estimation of the TWA waveform and/or amplitude.

The preprocessing stage prepares the ECG signal for posterior stages,
and includes operations such as baseline cancellation, beats detection, noise
filtering, or data reduction to accelerate further processing. In the detec-
tion stage, it is decided whether there is TWA in the signal or not, and in
the estimation stage the amplitude and/or the waveform of TWA is esti-
mated. Depending on the specific method, detection and estimation can be
performed simultaneously or consecutively, or one of them may be omitted.
From here on, we will use the term analysis to denote both detection and
estimation as a whole.

The rest of the section is devoted to describe the methods which are
most widely used either in clinical practice or in research studies, as well
as several new methods proposed in recent years. The two methods which
are commercially available are the Spectral Method (SM) and the Modified
Moving Average Method (MMAM).

2.2.1 Spectral Method

The spectral method (SM) was proposed in 1988 by Smith and coworkers
[Smith et al., 1988]. The SM first aligns the ECG beats, and then generates
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beat-to-beat series with the amplitudes of corresponding points in consec-
utive ST-T complexes. After that, the beat-to-beat series of amplitude
fluctuations are subjected to spectral analysis using the Fast Fourier Trans-
form. Because the resulting spectrum is based on measurements taken once
per beat, its frequencies are in units of cycles per beat (cpb). The frequency
that corresponds to an oscillation occurring on every other beat is 0.5 cpb,
and is referred to as the alternans frequency. The alternans power (in µV)
is defined as the difference between the power at the alternans frequency
and the power at an adjacent frequency band, which is taken as a reference
for noise measurement. Detection is performed by means of a significance
measure called the TWA Ratio (TWAR), which is calculated as the ratio
of alternans power divided by the standard deviation of the noise in the
reference frequency band. TWA is considered to be present if TWAR ≥ 3.

The New England Journal of Medicine 
Downloaded from nejm.org on March 19, 2011. For personal use only. No other uses without permission. 

 Copyright © 1994 Massachusetts Medical Society. All rights reserved. 

Figure 2.1: Example of spectral analysis of an ECG with TWA, performed
with 128 consecutive beats. Reproduced from [Rosenbaum et al., 1994].

In 1994, the same group presented the adaptation of the original SM to
the analysis of human ECGs [Rosenbaum et al., 1994], which was later in-
cluded in commercial equipments such as CH2000 c© and Heartwave c© (Cam-
bridge Heart Inc, Bedford, MA). The SM is the most widely used method for
analyzing exercise-induced TWA in clinical stress tests [Gehi et al., 2005].

2.2.2 Modified Moving Average Method

The Modified Moving Average Method (MMAM) was proposed by Nearing
and Verrier in 2002 [Nearing and Verrier, 2002]. The analysis is performed in
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the temporal domain. A stream of beats is divided into odd and even bins,
and the morphology of the beats in each bin is averaged over a few beats
successively to create a moving average complex. A limiting nonlinearity
is applied to the innovation of every new beat in the running average to
avoid the effect of impulsive artifacts. TWA magnitude is computed as
the maximum difference in amplitude between the odd-beat and even-beat
average ST-T complexes. The MMAM does not include a detection stage,
but analyzes TWA as a continuous variable along the complete ECG.

112 � A.N.E. � January 2005 � Vol. 10, No. 1 � Verrier, et al. � Evidence and Methodological Guidelines

Figure 1. Examples of significant T-wave alternans dur-
ing ischemic events in three representative patients from
the ASIS trial. The ECGs were obtained from the V5 leads.
(Reproduced with permission from Futura from Ref. 47.)

risk groups of cardiac patients,25 where its appear-
ance is more common than is generally appreci-
ated. We consistently observed visible ST-segment
alternans during myocardial ischemia in ten ran-
domly selected ambulatory patients with stable
CAD who were enrolled in the Angina and Silent
Ischemia (ASIS) study47 (Fig. 1). For each patient,
one ischemic episode of ≥2 mm ST-segment depres-
sion lasting ≥3 minute following a 1-hour period
of relatively stable ST-segment baseline was ana-
lyzed. Complex demodulation was used to measure
TWA, which was found to triple in size during is-
chemic episodes, while heart rates rose by an av-
erage of only 33 beats/min. Although we found a
temporal association between myocardial ischemia
and TWA, the magnitude of ST-segment depres-
sion did not correlate with the magnitude of the
ischemia-induced rise in TWA, indicating that these
parameters measure differing electrophysiological
phenomena.

METHODOLOGICAL ISSUES IN
AMBULATORY ECG-BASED TWA

ANALYSIS

TWA analysis by the FFT spectral analyti-
cal method requires data stationarity, which is
achieved by elevating and stabilizing heart rate at
a predetermined level by atrial pacing or exercise.
This process and the attendant increase in move-
ment artifact during exercise protocols introduce
the potential for indeterminant tests, which occur
in 20–40% of cases due to the inability of cardiac

patients to exercise to the target heart rate due to
medications or disease.23,48 These limitations also
render the FFT method essentially incompatible
with the basic premise of AECG monitoring, which
involves obtaining AECG recordings from patients
engaged in daily activities, with variable heart rates
and attendant motion artifact.

Modified moving average analysis is a non-
spectral technique that was developed to allow
TWA measurement in freely moving individuals.49

Briefly, a stream of beats is divided into odd and
even bins and the morphology of the beats in each
bin is averaged over a few beats successively to cre-
ate a moving average complex. TWA is computed
as the maximum difference in amplitude between
the odd-beat and the even-beat average complexes
from the J point to the end of the T wave (Fig. 2).

Figure 2. Flow chart of the major components of the
MMA method illustrated with AECG data from a post-
MI patient enrolled in the ATRAMI study who had an
arrhythmic event during follow-up. The odd ECG beats
in the sequence are assigned to Group A and the even
ECG beats to Group B. MMA computed beats of types A
and B are updated continuously. The alternans estimate
is determined as the maximum absolute difference be-
tween A and B computed beats within the ST segment
and T-wave region. (Reproduced with permission from
Blackwell Publishing from Ref. 50.)

Figure 2.2: Flowchart of the major components of the MMA method. Re-
produced from [Nearing and Verrier, 2002].

The MMAM is mostly used for TWA analysis in ambulatory records
[Verrier et al., 2005a, Stein et al., 2008]. Also, it has recently been applied
to stress test ECGs, although evidence of the prognostic value of MMAM
results in such settings is still weaker than in the SM case [de Vilhena Garcia,
2008]. The MMAM is included in commercial equipments such as CASE-
8000 c© (GE Marquette Inc., Milwaukee, Wisconsin).
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Besides SM and MMAM, several methods proposed in the late 1990’s
and early 2000’s continue to be used in research. Among them we can find
the Correlation Method (CM), the Intrabeat Average Method (IBAM), and
the Laplacian Likelihood Ratio Method (LLRM).

2.2.3 Correlation Method

The Correlation Method (CM) is a time-domain approach proposed by
Burattini and coworkers in 1997 [Burattini et al., 1997, 1999]. With this
method, consecutive T waves are aligned with a cross-correlation technique,
and the median T wave is computed for its use as a template. An alternans
correlation index (ACI) is then computed for each T wave by computing
its cross-correlation with the template. TWA is detected by looking for an
alternating pattern of ACI values (see figure 2.3). A fixed threshold must be
exceeded by the alternating ACI series for TWA to be considered significant.

The CM has been used to study TWA in CAD and LQTS patients
[Burattini et al., 1998], and has been included in comparative studies of
TWA methodologies [Janusek et al., 2007, Burattini et al., 2010a].
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Figure 2.3: Oscillations in the alternans correlation index (ACI) computed
by the CM in the presence of TWA. Reproduced from [Burattini et al.,
1999].

2.2.4 Intrabeat Average Method

The Intrabeat Average Method (IBAM) [Shusterman and Goldberg, 2004]
applies intra-beat averaging to compute the mean T wave amplitude in each
beat. TWA is then calculated by serial subtraction of these mean T-wave
amplitudes for all consecutive cardiac complexes in a 5-minute ECG seg-
ment. The IBAM has been used to study the temporal relation between
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TWA and the spontaneous initiation of ventricular tachyarrhythmias [Shus-
terman et al., 2006] and the association of ICD shocks with increases of
repolarization instability [Lampert et al., 2007].

2.2.5 Laplacian Likelihood Ratio Method

In 2002, Martínez and Olmos presented a new approach to TWA detec-
tion [Martínez and Olmos, 2002], the Laplacian Likelihood Ratio Method
(LLRM), based on the signal processing theory for estimation and detec-
tion [Kay, 1993, 1998]. Given a signal model including alternans and noise
terms, the maximum likelihood estimator (MLE) and the generalized likeli-
hood ratio test (GLRT) can be derived for TWA estimation and detection,
respectively. This method assumes a Laplacian distribution for physiologi-
cal noise, since extreme noise values are likely to appear in real ECGs, and
therefore a normal distribution would not describe the noise in a realistic
manner. In this way, the LLRM computes the MLE and the GLRT for a
Laplacian noise model to perform both estimation and detection of TWA.
In [Martínez and Olmos, 2003], the model was extended to account for non-
stationary noise. The LLRM has been used to quantify and characterize
TWA in patients undergoing coronary angioplasty [Martínez et al., 2006].

2.2.6 Recent Methods

Research on TWA techniques has experimented noticeable advances in the
last years, and several techniques have been published in parallel to the
development of this thesis. This section describes the most relevant re-
cent techniques, distinguishing between TWA analysis methods (those who
perform both detection and estimation), TWA detection methods, TWA
estimation methods, and improvements over existing methods.

Among the recent TWA analysis methods, we can find different ap-
proaches. Some methods follow the approach of the LLRM, assuming a
model for the signal and deriving the GLRT and the MLE for TWA de-
tection and estimation, respectively. In 2007, Meste and coworkers [Meste
et al., 2007] proposed a signal model that assumed Laplacian noise (like the
LLRM), but also included the factors of amplitude modulation and base-
line wander. In 2009, Helfenbein and coworkers presented a method which
computed the GLRT after projecting the input signal onto a set of basis
functions [Helfenbein et al., 2009].
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A different approach is adopted by a second group of methods. The
assumption of a particular statistical distribution for noise has been consid-
ered a limitation by some authors, and alternative non-parametric methods
have been proposed. In 2008, Rojo-Álvarez and coworkers developed a non-
parametric method which first used PCA to obtain a set of orthogonal leads,
then created odd and even T wave templates with an amplitude matched fil-
ter, and finally applied a nonparametric paired bootstrap test to obtain the
relative magnitude of TWA and its significance difference with respect to
the noise level [Rojo-Álvarez et al., 2008]. Another example is the work by
Nemati and coworkers [Nemati et al., 2010], who proposed a nonparametric
significance test based on surrogate data analysis to perform TWA detec-
tion, in combination with an estimation stage based on simple averaging
of even and odd beats. This approach was tested on clinical data [Nemati
et al., 2011] and was shown to improve the differentiation of patient groups.

Various methods have been proposed to only detect or estimate TWA.
Bortolan and Christov presented a detection method based on single-lead
PCA transformation and significance testing with a nonparametric rank
test [Bortolan and Christov, 2008]. This method was tested on ambulatory
recordings from Brugada syndrome patients, but no significant differences
were found in TWA results between patient populations [Bortolan et al.,
2009]. Two recent estimation methods are the adaptive-match-filter method
(AMFM) [Burattini and Burattini, 2008], which has been tested on patients
with CAD [Burattini et al., 2009b, 2010b], and a technique based on the
dominant T-wave paradigm [Mainardi and Sassi, 2011].

The last group of recent advances comprises new techniques proposed
to improve existing TWA methods. In 2007, Cuesta-Frau and cowork-
ers proposed a preprocessing stage for the MMAM which used a dynamic
time warping technique to improve the alignment of T waves [Cuesta-Frau
et al., 2007]. Another example is the work by Blanco-Velasco and coworkers
[Blanco-Velasco et al., 2010], in which the technique of empirical mode de-
composition was applied to remove noise and artifacts from the ECG signal
before using the SM for TWA analysis.

Most of the methods cited in this section analyze each lead of the ECG
independently from the others. The few methods which do not follow a
purely single-lead scheme perform TWA analysis on a set of combined leads,
computed either by using a fixed transformation [Bortolan and Christov,
2008], or by applying PCA [Rojo-Álvarez et al., 2008], or singular value de-
composition (SVD) [Mainardi and Sassi, 2011]. In those cases, the multilead
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transformation is either chosen to diagonalize the initial leads set (thus al-
lowing a vectorcardiographic interpretation of the results), or chosen so that
the energy of the T wave is mostly projected in a subset of leads. However,
none of these multilead transformations are specifically designed to improve
the detectability of TWA in the ECG.

2.3 Validation of methods

When referring to evaluation of TWA methods, we can distinguish between
methodological evaluation (that is, the quantification of the detection power
and the estimation accuracy of the method) and clinical evaluation (which
quantifies the utility of TWA measurements as clinical indices to identify
patients with different pathologies, or as cardiac risk markers). It is desirable
to evaluate the method’s performance before using it to extract clinical
conclusions, so, ideally, clinical studies with a new TWA method should be
preceded by a methodological evaluation study.

2.3.1 Methodological evaluation

The main problem of methodological evaluation is the absence of a gold
standard for TWA analysis. The existence of TWA evaluation databases
annotated by human experts would be desirable, but a big difficulty resides
in the fact that TWA is often not visible due to its low amplitude. As there
are is a lack of evaluation databases, a usual approach for validating TWA
methods is the use of simulated signals, where TWA parameters (presence,
amplitude, waveform, etc.) are known a priori. A review of simulation
studies published before 2005 can be found in [Martínez and Olmos, 2005].

In simulation studies, evaluation datasets are created by adding known
TWA to ECG signals. In most cases, ECG signals are synthetically gen-
erated. To generate synthetic signals, the background ECG can be built
as the repetition of a single noiseless beat, usually extracted from a real
ECG [Burattini et al., 2009a, Blanco-Velasco et al., 2010], or can be cre-
ated using a mathematical model that may include effects such as variations
in heart rate, or respiration effects [Cuesta-Frau et al., 2007, 2009, Clifford
et al., 2010]. Noise is then added to the background ECG. This noise can be
computer-generated with a given statistical distribution (such as Gaussian
or Laplacian [Janusek et al., 2007]) or can be physiological noise recorded
in real ECGs [Blanco-Velasco et al., 2010, Nemati et al., 2010].
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A drawback of synthetic ECGs is their lack of physiological variability.
Using real ECG recordings as background ECGs, with their own noise and
physiological variability, is a more realistic alternative [Boix et al., 2009,
Blanco-Velasco et al., 2010, Ghoraani et al., 2011], but the difficulty in this
case is to find real ECGs where the absence of TWA can be assured.

TWA is usually simulated using a mathematical model, such as a Gaus-
sian curve [Meste et al., 2007], a sinusoidal wave [Boix et al., 2009], or a
Hamming window [Cuesta-Frau et al., 2009]. The TWA waveform, that is,
the distribution of the TWA amplitude along the ST-T complex, can be
symmetric with respect to the maximum of the T wave, or can be asym-
metrically distributed [Burattini et al., 2009a]. Various nonstationary effects
can also be simulated, such as TWA phase reversals, or spikes in the ampli-
tude of the T wave simulating motion artifacts [Shusterman and Goldberg,
2004].

Simulation studies are the most common way of assessing the perfor-
mance of TWA methods. A different alternative is to use a comparative
approach, in which results from different methods are correlated with each
other [Moody, 2008]. This procedure allows to test if a new method achieves
a performance similar to a previously validated one, but there is no way to
extract conclusions about the discordances between methods.

2.3.2 Clinical evaluation

The ultimate goal of TWA testing is to identify those patients at a higher
risk of suffering cardiac arrest. After measuring TWA in the ECG, clinical
indices are extracted from the results of TWA analysis, and the cardiac risk
of the patient is assessed according to these indices using a specific set of
rules. Common clinical indices are the presence or absence of TWA, the
duration of TWA episodes, the amplitude of TWA, and the heart rate at
which TWA appears. The set of rules is different for each TWA analysis
method [Narayan, 2006, de Vilhena Garcia, 2008]. Therefore, after a new
TWA analysis method is methodologically validated, a set of clinical indices
and rules that allows the risk stratification of patients needs to be derived.
We will refer to this process as clinical evaluation.

A first step toward a complete clinical evaluation is the application of
the TWA analysis method to specific populations of patients, either to de-
scribe the characteristics of TWA in those populations, or to distinguish
between groups of patients and/or healthy subjects. Only a few recent
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Figure 3. Schematic diagram showing the most used three-category classi-
fication schemes in TWA testing with the SM technology. Most two-category
schemes are based on grouping together positive and indeterminate tests in
an “abnormal” cluster, though some may group only those indeterminate tests
with specific indeterminacy causes. See text for information. Abbreviations
used: MaxHR = maximum heart rate achieved in the test; MaxNegHR: maxi-
mum heart rate in the test with clearly no TWA. It is calculated backward, from
the maximum heart rate to the basal heart rate.

difference between even-beat and odd-beat recur-
sive (continuously updated) templates.70

Intrabeat Average

Intrabeat Average (IBA) concepts and features
are much the same as those presented in the MMA
approach. Its hallmark is the splitting of the ST-T
complex in three time intervals (T-onset to T-peak—
that includes ST segment; T-peak to T-end; T-onset
to T-end) and the computation of distinct TWA val-
ues for each one of them.71–73

Adaptability to Clinical Settings
and Protocols

The selection of a TWA analysis algorithm for
clinical (routine and research) purposes cannot rely
solely on sensitivity, specificity, or predictive val-
ues found in the scientific literature on the subject.
That is because none of the most used methods had
its application reported in all the relevant clinical
settings. SM—the most prolific method—has been
reported in the majority of studies on TWA in all
clinical populations involved in TWA screening so

Figure 2.4: Schematic diagram showing the most used classification schemes
in SM-TWA testing. Abbreviations used: MaxHR = maximum heart rate
achieved in the stress test; MaxNegHR = maximum heart rate achieved
with clearly no TWA. Reproduced from [de Vilhena Garcia, 2008].



2.3. EVALUATION OF METHODS 25

TWA methods have reached this stage. In 2006, Martínez and coworkers
used the LLRM to describe the time-course and the spatial distribution of
TWA in CAD patients undergoing coronary angioplasty [Martínez et al.,
2006]. Shusterman and coworkers studied the temporal relations between
TWA and the spontaneous initiation of ventricular tachyarrhythmias in a
CAD population [Shusterman et al., 2006] with the IBAM. Burattini and
coworkers applied the AMFM to CAD patients and healthy subjects, and
identified thresholds for TWA measures that identified 13% of CAD patients
[Burattini et al., 2009b] and 24% of CAD patients [Burattini et al., 2010a].
Most recently, Nemati and coworkers applied their method [Nemati et al.,
2010] to differentiate populations of healthy subjects, CHF patients, sleep
apnea patients, and subjects who suffered SCD [Nemati et al., 2011].

To date, only the SM and the MMAM have been completely validated
for different patient populations. The ability of the SM-TWA test to predict
cardiac death, SCD, ventricular arrhythmias an ICD shocks has been eval-
uated in numerous studies [Gehi et al., 2005, Hohnloser et al., 2009]. These
studies comprised a wide range of subject populations, including ischemic
and non-ischemic congestive heart failure, post-MI patients, athletes, and
healthy subjects. The SM is usually applied to stress tests ECGs, and com-
plex sets of rules are applied to decide if the TWA test results should be
considered abnormal (classified as positive), and therefore indicative of high
cardiac risk (see figure 2.4). A complete description of the interpretation
and classification of SM-TWA tests can be found in [Bloomfield et al., 2002]
and [Richter et al., 2005].

The predictivity of MMAM-TWA for cardiovascular mortality and SCD
has also been evaluated in various studies, enrolling more than 12000 pa-
tients from different populations [Nieminen and Verrier, 2010]. The MMAM
is the preferred option for ambulatory ECGs, but the rules to decide whether
a test is abnormal or not are still subject to intense research, and a consen-
sus has not been established yet in the scientific community [Amit et al.,
2009, Bansal and Berger, 2010].
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Chapter 3

Common materials and
methods

3.1 Introduction

This chapter contains a unified description of the methods and materials
used throughout the thesis. It starts with the description of the basic single-
lead analysis scheme that is usually followed by TWA methods, and details
two of those methods: the LLR and the SM. Then, the chapter presents
the general multilead scheme proposed in this thesis, and discusses several
options to adapt the scheme to different analysis scenarios. The chapter
ends with a description of the ECG datasets used to validate the methods.

3.2 Basic scheme for single-lead analysis

According to the framework proposed by Martínez and Olmos [Martínez
and Olmos, 2005], TWA analysis methods can be described using a general
scheme, such as the one in figure 3.1, consisting of three main processes:
signal preprocessing, TWA detection, and estimation of TWA magnitude
and/or waveform. The preprocessing stage prepares the raw ECG signal
for TWA analysis, and then the stages of detection and estimation operate
individually on each ECG lead. These stages are described next.

27
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ECG
…

preprocessing lead-by-lead
TWA detection OR

ˆ

TWA / no TWA

…
ˆLa

1a
lead-by-lead

TWA estimation

Figure 3.1: Basic single-lead scheme for TWA analysis

3.2.1 Preprocessing of the ECG signal

The objective of the preprocessing is to minimize the contamination by
noise and artifacts in the signal, and to prepare it for posterior stages.
Much research has been conducted on this topic, as preprocessing is an
essential step in any ECG processing system. An overview on preprocessing
procedures can be found in [Sörnmo and Laguna, 2005]. The description
below is restricted to the procedures applied in this work.

The first step is to determine the instants of occurrence of heart beats.
This is done by detecting the QRS complexes in the signal, because the
QRS is the part of the beat that concentrates most of the energy. The
fiducial points, or reference points of the QRS complexes, are found with
two different techniques in this work. The first technique is based in the
wavelet decomposition of the ECG signal, and works on a single-lead basis
[Martínez et al., 2004]. This technique was applied to the synthetic and
semi-synthetic datasets described in sections 4.2.1, 5.2.1, 5.2.2 and 5.2.4.
The second technique, called ARISTOTLE [Moody and Mark, 1982], is a
multilead QRS detector that provides annotations of abnormal beats. It
is used for ECGs recorded during stress testing or daily activity, described
in sections 3.5.3 and 3.5.6 respectively, because in such signals noise and
artifacts may appear intermittently in different leads, and therefore the use
of a multilead QRS detector is preferable.

The second step is to cancel the baseline wander. The baseline wander
is an external, low-frequency activity in the ECG which may interfere with
the signal analysis, and may result from a variety of noise sources including
respiration, body movements, and poor electrode contact. A cancellation
technique based on cubic-splines interpolation is used in this work [Sörnmo,
1993], which consists of subtracting an estimation of the baseline wander
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from the ECG signal. The estimation is obtained by fitting a polynomial
to representative samples (‘knots’) of the ECG, which are chosen at the PQ
interval of successive beats.

The ECG signal is then low-pass filtered to eliminate the noise outside
the TWA frequency band, and downsampled to reduce redundancy in the
resulting low-pass signal. The frequency content of TWA is located below
15 Hz, so the signal can be filtered and downsampled to a resulting sampling
frequency of Fs > 30 Hz without losing information. In this work, signals
with original sampling frequencies of 1000 Hz and 500 Hz are downsampled
by factors of 32 and 16 respectively, resulting in Fs = 31.25 Hz, and signals
originally sampled at 200 Hz are downsampled by a factor of 6, resulting in
Fs = 33.33 Hz.

Finally, an interval of 350 ms (or the closest value corresponding to a
integer number of samples) corresponding to the ST-T complex is selected
in each beat. The initial point of the interval is typically defined between
60 and 80 ms after the QRS fiducial point. This distance can be a constant
if the heart rhythm is stable in the signal, or variable if the heart rhythm
presents large variations. The specific choice is reported for each study in
the corresponding methods section.

3.2.2 Detection and estimation of TWA

After the preprocessing stage, a TWA detector is applied to each lead of
the ECG, and then the magnitude of TWA is estimated. Two single-lead
methods are considered for these steps. The first one is the LLRM, which
was developed in the BIO-GTC research group and has been validated both
with simulation studies and with clinical datasets for the study of acute
ischemia [Martínez et al., 2006]. The second one is the SM, which is widely
used in clinical practice [Smith et al., 1988].

With both methods, the signal is analyzed using a sliding window of K
beats. For every fragment of K beats, each lead is independently analyzed
to decide if TWA is present or not, and if TWA is detected, its amplitude
is estimated in that lead. The final detection is positive if TWA is detected
at least in one lead. The rate at which detections and amplitude estimates
are computed is determined by the shift step of the sliding window, denoted
by δ and measured in beats. As discussed in [Martínez and Olmos, 2005],
short windows (low K) allow better tracking of abrupt TWA changes and
transient episodes than long windows (high K), whereas longer windows
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produce a greater smoothing on the beat-to-beat series under analysis, which
reduces the noise in the detection statistics and amplitude estimators. In
this thesis, values of K ranging from 16 to 128 are considered, depending
on the noise characteristics of signals. The influence of the sliding step δ

was also discussed in [Martínez and Olmos, 2005]; a value of δ equal to one
beat allows a beat-to-beat sampling of the TWA evolution, whereas greater
values such as δ = K/2 or δ = K provide less correlated measures, which can
be useful for the statistical characterization of the methods’ performance.
The way LLRM and SM operate is summarized next.

Laplacian Likelihood Ratio method

The LLRM computes beat-to-beat the maximum likelihood estimation
(MLE) of the TWA under the assumption of Laplacian noise, and applies a
generalized likelihood ratio test (GLRT) to decide whether TWA is present
or not.

Let K be the number of beats under analysis, N the number of samples
of each ST-T complex, and L the number of leads. The ST-T complex of
the kth beat and the lth lead is represented with a row vector as

xk,l =
[
xk,l(0) . . . xk,l(N − 1)

]T
. (3.1)

The LLR method assumes the following model for each complex

xk,l(n) = sl(n) + 1
2al(n)(−1)k + vk,l(n), n = 0 . . . N − 1 (3.2)

which in vector notation is

xk,l = sl + 1
2al(−1)k + vk,l (3.3)

where sl is the background ST-T complex, which is periodically repeated
in every beat, al is the TWA waveform, defined as the difference between
odd and even beats, and vk,l is additive random noise (vectors in (3.3) are
defined as in (3.1)).

Background ST-T complexes can be canceled with a detrending filter
that computes the difference between each complex and the previous one

x′k,l = xk,l − xk−1,l, k = 1 . . . K − 1 (3.4)

The noise present in x′k,l is assumed to be independent and identically dis-
tributed Laplacian with zero mean and unknown standard deviation σl. The
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MLE of al for this model is given by [Martínez and Olmos, 2003, Martínez
et al., 2006]

âl(n) = median
({
x
′
k,l(n)(−1)k

}K−1

k=1

)
n = 0 . . . N − 1 (3.5)

and the TWA amplitude is calculated as the root mean square (RMS) value
across the estimated TWA waveform as

Valtl
=

√√√√ 1
N

N−1∑
n=0

â2
l (n) (µV ). (3.6)

The GLRT statistic can be expressed as

Zl =
√

2
σ̂lNK

N−1∑
n=0

(
K−1∑
k=1

∣∣∣x′k,l(n)
∣∣∣− K−1∑

k=1

∣∣∣x′k,l(n)− âl(n)(−1)k
∣∣∣) (3.7)

where σ̂l is the MLE of the standard deviation of the noise

σ̂l =
√

2
NK

K−1∑
k=1

∥∥∥x′k,l − âl(−1)k
∥∥∥

1
. (3.8)

Details of the derivation of the MLE and GLRT are included in appendix
3.A, and can also be found in [Martínez and Olmos, 2003, Martínez et al.,
2006].

To decide whether TWA is present or not, the GLRT statistic Zl is com-
pared to a threshold γ. TWA detection is positive if Zl > γ, and negative
otherwise. Since the detection statistic (3.7) is invariant to amplitude scal-
ing of x′k,l (it is a constant false alarm rate (CFAR) detector), the value of
γ can be set to obtain a fixed probability of false alarm (PFA) regardless of
the noise level [Kay, 1998].

Spectral Method

The SM [Smith et al., 1988, Rosenbaum et al., 1994] is based on Fourier
analysis of each beat-to-beat series of synchronized samples within the ST-T
complex. The TWA component is obtained by evaluating the Fast Fourier
transform (FFT) at the alternans frequency, which is 0.5 cycles per beat
(cpb), or equivalently, 1 cycle every two beats. Following the notation in
[Martínez and Olmos, 2005], the detection statistic can be expressed as
Zl = (1/N)

∑N−1
n=0 zl(n) , where zl(n) = (1/K) |FFT {xk,l(n)}|2f=0.5 is the

0.5 cpb frequency bin of the short-time periodogram computed from the
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beat-to-beat series of the nth sample. A significance measure called TWA
ratio (TWAR) is defined as

TWAR(l) = Zl −ml

sl
(3.9)

where ml and sl are the mean and the standard deviation of the spectral
noise measured in the spectral window [0.33 - 0.48 cpb]. To evaluate whether
TWA is significant, TWAR is compared to a fixed threshold (typically γ =
3). Finally, TWA amplitude is estimated as

Valtl
=
√
Zl −ml (µV ) . (3.10)

3.3 General scheme for multilead analysis

The key idea of multilead analysis is to combine the information of the
ECG leads to increase the Alternans-Signal-to-Noise ratio (ASNR) in the
signal, that is, to improve the visibility of TWA over noise. A higher ASNR
improves the detectability and the estimation of TWA, and is obtained by
means of a linear transformation that separates TWA from noise in the
ECG. The different ways of calculating the transformation will be summa-
rized in section 3.4.

ECG

…

…preprocessing
lead-by-lead

TWA detection

signal

reconstruction

OR

L
d

1
d

ˆ
L
a

1̂
a

lead-by-lead

TWA estimation

calculation of

transformation

matrix

detrending

filter

signal

transformation

TWA / no TWA

Figure 3.2: General multilead scheme for TWA analysis. Blocks in gray are
the ones used by the single-lead scheme, in which � = � = �̃.

In the multilead scheme, the leads of the ECG are combined before TWA
detection and estimation. Therefore, this scheme can be interpreted as an
extension of a basic single-lead scheme with new intermediate stages. A
diagram of the multilead scheme is shown in figure 3.2, where the origi-
nal stages of a basic single-lead scheme appear in gray. Since detection and
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estimation stages do not change, it is possible to combine the extended mul-
tilead scheme with any TWA analysis method that performs detection and
estimation in separate stages. In particular, the multilead scheme can be
combined with LLRM and SM just by computing the significance measures
(GLRT or TWAR) and the amplitude estimates (eqs. (3.6) and (3.10)) in
the detection and the estimation stages respectively.

The stages of the general multilead scheme are summarized below. The
LLRM has been selected as the basic TWA analysis method for the descrip-
tion, and an example of application to a synthetic signal with simulated
TWA has been included for illustration. The simulated signal belongs to
the synthetic dataset described in section 4.2.1 and is depicted in figure
3.3(a).

3.3.1 Preprocessing of the ECG signal

The preprocesing stage consists of the same QRS detection, baseline cancel-
lation, downsampling, and ST-T selection steps as the single-lead scheme.
It was designed this way to facilitate the comparison of the analysis results
obtained with the two schemes. As exactly the same preprocessing is ap-
plied to the input signal, the preprocessing errors that may appear (QRS
detection errors, residual baseline wander, etc.) will equally affect the sin-
gle and the multilead schemes, and therefore it will be correct to attribute
the differences in the detection and estimation of TWA to the multilead
transformation of the signal.

At the end of the preprocessing stage, two multilead data matrices,
� and �(m), are constructed as follows. Following the notation of the
single-lead scheme, the ST-T complex of the kth beat and the lth lead is
represented by the row vector

xk,l =
[
xk,l(0) . . . xk,l(N − 1)

]T
.

For each lead l, ST-T segments are concatenated to form the (1×KN) lead
vectors:

x̃l =
[
x0,l . . . xK−1,l

]
(3.11)

x̃(m)
l =

[
xm,l . . . xm+K−1,l

]
where x̃(m)

l is the equivalent to x̃l obtained after sliding the analysis window
m beats forward. Two (L×KN) matrices are finally constructed by putting
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together all the leads:

� =


x̃1
...

x̃L

 ; �(m) =


x̃(m)

1
...

x̃(m)
L

 (3.12)

where �(m) is a delayed version of �, and is necessary for one of the trans-
formations described in section 3.4. For simplicity, it is omitted in figure
3.2.

3.3.2 Signal transformation

The second stage aims to find a spatial transformation of the original leads
set that separates TWA from noise as much as possible. First, background
ST-T segments are canceled with a detrending filter

x′k,l = xk,l − xk−1,l, k = 1 . . . K − 1 (3.13)

and the detrended beats x′k,l are arranged as in (3.11) and (3.12) to form
matrices �′ and �(m)′ . The application of the detrending filter is intended
to eliminate the background ECG, so that signals �′ and �(m)′ only con-
tain a mixture of TWA and noise. This is necessary because otherwise
the separation techniques described later would tend to separate the back-
ground ECG, not the TWA, from noise, since the background ECG has
greater power than the TWA component. Then, the transformation Ψ is
calculated using a technique that separates TWA from the rest of the ECG
components.

Various techniques are employed to find the transformation matrix Ψ
in the thesis: PCA, πCA, Spectral Ratio Maximization (SRM), and In-
dependent Component Analysis (ICA). These techniques are described in
section 3.4. Once the transformation matrix is computed, it is applied to
the original data �

� = ΨT
� (3.14)

to obtain the transformed signal �, whose leads (rows of �) will be denoted
as transformed leads.

The objective of the linear transformation is to increase the separation
between TWA and noise by projecting most of the TWA component onto
one subset of transformed leads, and most of the noise onto a different
subset of leads. Therefore, TWA and noise will appear more separated in
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the transformed signal than in the original signal, and the detection of TWA
will be easier. This effect is illustrated in figure 3.3(b), where TWA becomes
easily detectable in the transformed signal after PCA transformation.

3.3.3 Detection of TWA

The detection of TWA is performed exactly as in the single-lead scheme,
but in this case the LLRM and SM operate on the transformed leads. The
result of the lead-by-lead detection is denoted by dl: if TWA is detected in
the lth lead, then dl = 1, and dl = 0 otherwise. The final detection will be
positive if TWA is detected in one or more transformed leads (‘OR’ block in
figure 3.2). In the example of figure 3.3(b), TWA is detected in transformed
leads 5, 6, and 7 with the LLRM.

3.3.4 Signal reconstruction

Signal transformation can be interpreted as a change of coordinate sys-
tem in the space. This means, for the example in figure 3.3(b), that the
transformed lead T1 does not correspond to the original lead V1. How-
ever, clinicians use the amplitudes of TWA in the standard 12-lead system
or in the Frank lead system to decide about the results of clinical TWA
tests. Therefore, in certain clinical scenarios it will be necessary to “re-
verse” the transformation before estimating TWA. To solve this problem, a
reconstruction stage is included in the analysis scheme, where a new signal
in the original lead set is reconstructed after TWA detection. In this way,
TWA amplitude measurements can be computed in the original leads set,
which also facilitates the comparison with the single-lead scheme.

To exactly reverse the transformation, we would need to do

� = (ΨT )−1
� = Ψ�,

where the second equivalence holds true if Ψ is orthonormal. However, such
reconstruction would not improve the estimation of TWA over a single-
lead scheme, since TWA would be estimated on the same original signal
� as in the single-lead case. With the multilead scheme, the transformed
leads where no TWA is detected are discarded first, and then a signal in
the original domain is reconstructed using only those transformed leads
with TWA. Discarding the transformed leads without TWA has a denoising
effect that improves the estimation of TWA in the reconstructed signal, as
the following chapters will show.
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Figure 3.3: (a) Simulated signal with TWA embedded in noise (ASNR
= −20 dB). (b) Signal transformed with PCA. Asterisks indicate the trans-
formed leads where TWA is detected (d5 = d6 = d7 = 1). (c) Reconstructed
signal. (d) Estimated TWA waveform.
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Therefore, a diagonal matrix is defined from the lead-by-lead detection
as

� =


d1 0

. . .

0 dL

 (3.15)

and the reconstruction matrix (ΨT )−1 is truncated as follows

ΨTR = (ΨT )−1
�. (3.16)

Matrix ΨTR has zeros in columns corresponding to leads without TWA. A
reconstructed signal is then obtained from the leads with detected TWA as

�̃ = ΨTR�. (3.17)

The reconstructed data matrix �̃ consists of the concatenation of the mul-
tilead single-beat matrices X̃k:

�̃ =
[
X̃0 X̃1 . . . X̃K−1

]
(3.18)

where
X̃k =

[
x̃k,1 . . . x̃k,L

]T
(3.19)

with x̃k,l corresponding to the reconstructed ST-T complex of the kth beat
in the lth lead. Note that �̃ =

(
(ΨT )−1�ΨT

)
� is equivalent to a spatially

filtered version of �, where the aim of the equivalent filter is to preserve
the TWA content, not to obtain a perfect signal reconstruction. When no
detection is obtained, �̃ = 0. Figure 3.3(c) shows the reconstructed signal
for the example case.

3.3.5 Estimation of TWA

Finally, TWA waveform and amplitude are estimated as in (3.5) and (3.6),
but from the reconstructed signal �̃ instead of from the original signal �.
The estimated TWA for the example case is depicted in figure 3.3(d).

3.3.6 Variations of the general scheme

Throughout the thesis, several modifications of the general multilead scheme
are considered, depending on the requirements of each particular study. In
cases where the objective is to compare the detection power of different
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no detection threshold can be determined.
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alternatives, such as in studies reported in sections 4.4.3 and 5.4.3, a simpli-
fied version of the general multilead scheme is used, in which reconstruction
and estimation stages are omitted (figure 3.4).

For those cases where a detection threshold γ can not be set under
realistic assumptions, such as the clinical study with ambulatory records
(see chapter 6), a modified version is proposed in which TWA is estimated
in the transformed leads (figure 3.5).

3.4 Signal transformation techniques

3.4.1 Principal Component Analysis

Principal component analysis (PCA) is a statistical technique which con-
verts a set of correlated variables into a set of uncorrelated variables (“prin-
cipal components”). In general, the objective of PCA is to condense the
information of a large set of variables into a few variables, while main-
taining the variability present in the dataset [Joliffe, 2002]. In this thesis,
however, the main objective of PCA is to separate TWA from noise as much
as possible, since TWA and noise originate from different physical processes,
and therefore it is sensible to assume that they are uncorrelated.

The derivation of principal components assumes that the signal �′ is
a zero-mean random process with a spatial (inter-lead) correlation R

�
′ =

E{�′�′T }. The principal components of �′ result from applying an or-
thogonal linear transformation Ψ = [ψ1 ψ2 . . . ψL] to �′ ,

�
′ = ΨT

�
′
, (3.20)

so that the rows of �′ (that is, the transformed leads) become mutually
uncorrelated and sorted in descending order of variance. The first principal
component is obtained as a scalar product ỹ′1 = ψT

1�
′ , where the vector ψ1

is chosen so that the variance of ỹ′1,

E{ỹ′1ỹ
′T
1 } = E{ψT

1�
′
�
′Tψ1} = ψT

1 R�′ψ1 (3.21)

is maximized subject to the constraint that ψT
1ψ1 = 1. The maximum

variance is obtained when ψ1 is chosen as the normalized eigenvector corre-
sponding to the largest eigenvalue of R

�
′ , denoted as λ1. In that case, the

resulting variance is

E{ỹ′1ỹ
′T
1 } = ψT

1 R�′ψ1 = λ1ψ
T
1ψ1 = λ1. (3.22)
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Subject to the constraint that ỹ′1 and the second principal component ỹ′2
should be uncorrelated, ỹ′2 is obtained by choosing ψ2 as the eigenvector cor-
responding to the second largest eigenvalue of R

�
′ , and so on. Accordingly,

to obtain the whole set of L different principal components, the eigenvector
equation for R

�
′ needs to be solved,

R
�
′Ψ = ΨΛ (3.23)

where Λ denotes a diagonal matrix with the eigenvalues λ1 . . . λL sorted
in descending order, and Ψ denotes the corresponding eigenvector matrix.
Since R

�
′ is unknown in practice, it can be approximated by the sample

correlation matrix, defined as

R̂
�
′ = 1

(K − 1)N�
′
�
′T . (3.24)

Figure 3.3(b) shows the input signal in (a) after transformation with PCA.

3.4.2 Periodic Component Analysis

Periodic Component Analysis (πCA) is an eigenvalue technique for ana-
lyzing periodic structure in multichannel signals. It was first proposed for
speech analysis [Saul and Allen, 2000] and then applied to the analysis of
ECGs, for ECG compression and also for maternal and fetal ECG separation
[Sameni et al., 2008].

This technique aims to find the projection ỹ′ = wT�
′ that maxi-

mizes the periodic structure of the signal at the TWA frequency, with
w = [w1 w2 . . . wL]T being a column vector with L real weights. To
do so, a cost function is defined as

ε(w,m) =

∥∥∥ỹ′(m) − ỹ′
∥∥∥2

∥∥∥ỹ′∥∥∥2 (3.25)

where ỹ′(m) = wT�
′(m), with�′(m) defined in (3.12), andm = 2 beats is the

period of the TWA. This cost function is an inverse measure of periodicity:
if the resulting signal ỹ′ is periodic with period m, ỹ′ = ỹ′(m) and therefore
ε(w,m) = 0.
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Expanding the right hand side of (3.25) in terms of the weights w gives

ε(w,m) =

∥∥∥wT�
′(m) −wT�

′
∥∥∥2

‖wT�
′‖2

=

∥∥∥wT (�′(m) −�′)
∥∥∥2

‖wT�
′‖2

= wT (�′(m) −�′)(�′(m) −�′)Tw
wT�

′
�
′TwT

=
wT Â

�
′ (m)w

wT R̂
�
′w

where Â
�
′ (m) is the spatial sample correlation of

(
�(m)′ −�′

)
, and R̂

�
′

is the spatial sample correlation of �′ , defined in (3.24).
In the resulting expression,

ε(w,m) =
wT Â

�
′ (m)w

wT R̂
�
′w

(3.26)

the numerator and denominator are both quadratic forms in the weights w.
Such ratio is known as a Rayleigh quotient. By the Rayleigh-Ritz theorem
of linear algebra, the weights w that minimize (3.26) are given by the gen-
eralized eigenvector corresponding to the smallest generalized eigenvalue of
the matrix pair

(
Â
�
′ (m), R̂

�
′

)
(see appendix 3.B for details).

Therefore, the transformation matrix Ψ is chosen as the generalized
eigenvector matrix of

(
Â
�
′ (m), R̂

�
′

)
, with the eigenvectors (columns of

Ψ) sorted according to the corresponding eigenvalues in ascending order of
magnitude. In this way, the transformation � = ΨT� projects the most
periodic component into the first row of �, that is, TWA—if present—is
projected onto the first transformed lead, and therefore the first column
of Ψ can be interpreted as the spatial direction from which the periodic
content of the signal is better observed.

3.4.3 Spectral Ratio Maximization

Spectral Ratio Maximization (SRM) is a novel technique proposed in this
thesis to improve the detection of TWA. Like πCA, SRM tries to find a
projection ỹ′ = wT�

′ that maximizes the periodicity of the transformed
signal, but the measure of periodicity is now defined in the spectral domain
as

ξ(w) = Sỹ(f0.5)∫
Sỹ(f) df (3.27)

where Sỹ(f) is the power spectral density of the transformed signal, esti-
mated with the modified periodogram, and f0.5 is the frequency of TWA
(0.5 cycles per beat).
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To find thew that maximizes (3.27), a gradient-based optimization algo-
rithm is applied as implemented in MATLAB Optimization toolbox function
fminunc [Mat, 2002]. The algorithm follows a quasi-Newton approach and
uses the Broyden-Fletcher-Goldfarb-Shanno (BFGS) method for updating
the Hessian matrix (second partial derivatives of the objective function),
which is widely believed to be the most effective technique for general use
[Broyden, 1970, Fletcher, 1970, Goldfarb, 1970, Shanno, 1970]. Unlike PCA
or πCA, in this case the transformed signal � will only contain one trans-
formed lead.

To evaluate the sensitivity of the technique to the initial conditions,
two options are considered to initialize the iterative algorithm: the vector
w = [1 0 . . . 0]T , which represents a projection on the first lead axis of the
input signal (SRM scheme), and the projection w obtained with πCA as
described above (πCA-SRM scheme).

3.4.4 Independent Component Analysis

Independent component analysis (ICA) is increasing in popularity in the
field of biomedical signal processing. It is generally used when it is required
to separate measured biomedical signals into their constituent underlying
components. Most applications of ICA are to multichannel time series mea-
surements. In that case, the term blind source separation (BSS) can be
used as a more generic identifier of the separation process [James and Hesse,
2005].

The basic BSS problem that ICA attempts to solve assumes a set of L
observations, in our case the matrix�′ defined in (3.12), to be a combination
of M unknown sources,

S =


s1
...

sM

 (3.28)

where the sources si are (1×KN) row vectors. The mixing of the sources is
generally assumed to be linear, and the mixing matrix describing the linear
combination of the sources is given by the full-rank (L×M) matrix U such
that

�
′ = US. (3.29)

It is also generally assumed that the number of underlying sources is less
than or equal to the number of measurement channels (M ≤ L). In our
case, it will be assumed that M = L.
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The task of ICA algorithms is to recover the original sources S from the
observations �′ , and this translates to that of finding a de-mixing matrix
W such that

Ŝ = W�′ , (3.30)

where Ŝ are the resulting estimates of the underlying sources. To compute
the de-mixing matrix, ICA algorithms assume that the resulting sources
must be mutually independent. Statistical independence is a stronger as-
sumption that uncorrelatedness, and while statistically independent sources
are always uncorrelated, the contrary does not necessarily happen. This
means that independent variables are uncorrelated and have no higher or-
der correlations.

Besides uncorrelatedness, statistical independence is based on higher
order statistics (HOS). It is possible to obtain an estimate Ŝ of the sources
S if the sources are non-Gaussian [Hyvärinen et al., 2001]. In practice, it
is enough to make the estimates Ŝ as non-Gaussian as possible because,
according to the central limit theorem, sums of independent non-Gaussian
random variables are closer to Gaussian than the originals. In this way,
looking for independent sources is equivalent to looking for non-Gaussian
sources.

In this thesis, two widely referenced techniques for implementing ICA
following a HOS approach are used: FastICA and JADE. FastICA is one of
the most referenced ICA techniques in the literature [Hyvärinen, 1999] and
it is freely distributed in http://www.cis.hut.fi/projects/ica/fastica/ (Last
accessed: April 2011). The FastICA algorithm finds the transformation that
maximizes the independence of the components by minimizing their mutual
information with a fixed point algorithm.

JADE is a widely used algorithm [Cardoso and Souloumiac, 1993]
that finds the transformation that maximizes the independence of the
signal components by jointly diagonalizing fourth-order cumulant ten-
sors. The JADE algorithm is publicly available in http://perso.telecom-
paristech.fr/~cardoso/guidesepsou.html (Last accessed: April 2011).

For the multilead scheme, the transformation matrix Ψ is chosen as the
de-mixing matrix obtained with FastICA or JADE algorithms.
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3.5 ECG Databases

Various datasets, consisting of both real ECGs and synthetic signals, are
used along the thesis for the evaluation of the methods described in previous
sections. This section presents the ECG databases that are either analyzed
in the evaluation studies, or used as a basis for the generation of synthetic
signals.

3.5.1 STAFF-III Database

The STAFF-III database contains the ECGs from 102 patients at the
Charleston Area Medical Center in West Virginia. Nine standard leads
(V1-V6, I, II, and III) were recorded using equipment by Siemens-Elema
AB (Solna, Sweden) and digitized at a sampling rate of 1 kHz.

ECGs were recorded while patients underwent percutaneous translumi-
nal coronary angioplasty (PTCA), which is a procedure for opening dam-
aged or obstructed coronary arteries that involves the inflation of a balloon
inside the artery to open it up. This inflation produces acute ischemia in the
cells of the myocardium, which can induce TWA. The STAFF-III database
was used in [Martínez et al., 2006] to characterize the relation between TWA
and acute ischemia.

In this thesis, real TWA episodes were extracted from STAFF-III signals
to create the evaluation datasets described in sections 4.2.1 and 5.2.2.

3.5.2 PTB Diagnostic ECG Database

The PTB Diagnostic ECG Database was compiled by the Na-
tional Metrology Institute of Germany and is publicly available at
http://www.physionet.org/physiobank/database/ptbdb/. The database
contains 549 ECGs collected from healthy volunteers and patients with dif-
ferent heart diseases. Each ECG record includes the conventional 12 leads,
together with the 3 Frank leads, and is digitized at a sampling rate of 1
kHz.

In this thesis, records from healthy volunteers were used to recreate
realistic noise conditions in the synthetic signals described in section 4.2.1.
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3.5.3 Stress Test Database

This data set was compiled at the University Hospital Lozano Blesa of
Zaragoza (Spain) [Bailón et al., 2003]. It contains 12-lead ECGs recorded
during treadmill exercise test following Bruce protocol, at 1 kHz sampling
rate with an amplitude resolution of 0.6 µV. Records belong to three dif-
ferent groups: 211 patients with a negative clinical and electrical exercise
test (non-ischemic group), 66 asymptomatic volunteers from the Spanish
Army who underwent the exercise test with negative results for coronary
artery disease (volunteer group), and 79 patients with significant stenosis
in at least one major coronary artery as shown by coronary angiography
(ischemic group).

In this thesis, records from volunteer and non-ischemic groups were used
to create the evaluation dataset described in section 5.2.2. Records from
volunteer and ischemic groups were analyzed to evaluate the clinical utility
of the multilead schemes, as reported in sections 4.4.4 and 5.4.4.

3.5.4 Physionet TWA Database

The Physionet T-Wave alternans database is a publicly available re-
source compiled for the PhysioNet/Computers in Cardiology Challenge 2008
[Moody, 2008]. It contains one hundred real and synthetic ECG records,
sampled at 500 Hz and with an approximate duration of two minutes. The
synthetic subset of the database consists of thirty-two 12-lead ECGs con-
taining artificial TWA in calibrated amounts. The remaining 68 records are
real signals from different databases, 56 of which belong to patients with
known cardiac risk factors. Synthetic records have 12 leads, and real records
have 2, 3 or 12 leads.

In this thesis, the analysis of this database with the multilead schemes
based on PCA and πCA is reported in section 5.4.5 as an example of appli-
cation to a publicly available dataset.

3.5.5 MIT-BIH Noise Stress Test Database

This database includes 12 half-hour ECG recordings and 3 half-hour record-
ings of noise typical in ambulatory ECG recordings [Moody et al., 1984].
The noise recordings were made using physically active volunteers and stan-
dard ECG recorders, leads, and electrodes; the electrodes were placed on
the limbs in positions in which the subjects’ ECGs were not visible. The
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three noise records were assembled from the recordings by selecting inter-
vals that contained predominantly baseline wander (in record ‘bw’), muscle
artifact (in record ‘ma’, with a spectrum which overlaps that of the ECG,
but which extends to higher frequencies), and electrode motion artifact (in
record ‘em’, usually the result of intermittent mechanical forces acting on
the electrodes).

In this thesis, noise records ‘bw’, ‘ma’ and ‘em’ were used to create
synthetic signals with realistic noise, as described in sections 4.2.1 and 5.2.1.

3.5.6 MUSIC database

This database contains ambulatory ECGs and clinical follow-up information
of more than 900 patients with symptomatic chronic heart failure (CHF),
who were enrolled in the MUSIC (MUerte Súbita en Insuficiencia Cardiaca)
study, a prospective, multicenter study designed to assess risk predictors
for cardiovascular mortality in patients with CHF [Vázquez et al., 2009].
Twenty-four-hour ECGs with the XYZ orthogonal leads and a sampling
rate of 200 Hz were recorded using SpiderView recorders (ELA Medical,
Sorin Group, Paris, France).

In this thesis, a total of 650 patients with sinus rhythm were considered
for the clinical study presented in chapter 6.
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Appendix 3.A: GLRT and MLE derivation for the LLRM

The derivation of the GLRT and the MLE for the LLRM presented here
has been taken from [Martínez and Olmos, 2003, 2005] and [Martínez et al.,
2006].

As explained in section 3.2.2, the LLRM assumes the following model
for the observed signal

xk = s + 1
2a(−1)k + vk (3.31)

which is the same equation that (3.3), but where the lead index l has been
omitted for simplicity, since the LLRM is applied to each lead independently.
After applying the detrending filter in (3.4), we obtain

x′k = xk − xk−1 = a(−1)k + (vk − vk−1) = a(−1)k + wk, (3.32)

where the TWA waveform, a, is deterministic but unknown, and the rest of
undesired components are grouped into the noise term wk = vk−vk−1. The
LLRM assumes that the noise samples in wk follow a zero-mean Laplacian
distribution with unknown standard deviation σ. In this model, both the
TWA waveform a and the noise level σ are assumed to be stationary within
the analysis window, but are allowed to change as the analysis window runs
through the record, allowing adaptation to changes in signal and noise.

Departing from this model, the TWA detection problem can be ex-
pressed as the hypothesis test

H0 : a = 0
H1 : a , 0. (3.33)

A data matrix is created by putting together all the observations in the
analysis window,

X′ =
[
x′T1 , . . . ,x

′T
K−1

]
, (3.34)

were each column contains one observation of the data (that is, the sam-
ples corresponding to one detrended beat). We can express the likelihood
function for this data matrix as

p
(
X′ ;a, σ

)
=
( 1√

2σ

)KN

exp
{
−
√

2
σ

K−1∑
k=1

∥∥∥x′k − a(−1)k
∥∥∥

1

}
. (3.35)

The GLRT is given by the likelihood ratio

LG =
p
(
X′ ; â, σ̂1, H1

)
p
(
X′ ; σ̂0, H0

) H1
>
<
H0

γ, (3.36)
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where the unknown parameters a and σ are replaced by their MLE under
each hypothesis (â is the MLE of a under H1, and σ̂1 and σ̂0 are the MLE
of σ under H1 and H0 respectively).

Under H1, the MLE of a must fulfill the condition

â = arg maxa p
(
X′ ;a, σ,H1

)
, (3.37)

and, since finding the maximum of the likelihood function is equivalent to
finding the minimum of

−ln p
(
X′ ;a, σ,H1

)
= −ln

( 1√
2σ

)KN

+
√

2
σ

K−1∑
k=1

∥∥∥x′k − a(−1)k
∥∥∥

1
, (3.38)

the condition in (3.37) can be rewritten as

â = arg mina
K−1∑
k=1

∥∥∥x′k − a(−1)k
∥∥∥

1
. (3.39)

It can be shown [Kay, 1993] that this condition is accomplished when â is
the median of the demodulated series

â = median
({

x′k(−1)k
}K−1

k=1

)
(3.40)

which is the vector-notation equivalent to the expression given in (3.5).
Equaling to zero the partial derivatives of (3.35) with respect to σ under

both hypothesis, we obtain the MLEs

σ̂0 =
√

2
KN

K−1∑
k=1

∥∥∥x′k∥∥∥1
(3.41)

and

σ̂1 =
√

2
KN

K−1∑
k=1

∥∥∥x′k − a(−1)k
∥∥∥

1
, (3.42)

which is the expression given in (3.8). Substituting the MLEs in (3.36), we
get the GLRT

LG =
(
σ̂0
σ̂1

)KN H1
>
<
H0

γ. (3.43)

Applying the monotonically increasing function f(x) = x(1/KN)− 1 to both
sides of (3.43) we get the equivalent test

Z =
√

2
σ̂1KN

N−1∑
n=0

z(n)
H1
>
<
H0

γ
′
, (3.44)
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where

z(n) =
K−1∑
k=1

∣∣x′k(n)
∣∣− K−1∑

k=1

∣∣∣x′k(n)− â(n)(−1)k
∣∣∣ (3.45)

and γ′ = γ(1/KN) − 1 is the new threshold. The combination of (3.44) and
(3.45) results in the expression given in (3.7).
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Appendix 3.B: Generalized eigenvalues and the
Rayleigh quotient

The generalized eigenvalues problem can be stated as follows: given
matrices A,B ∈ Rn×n, find e ∈ Rn, λ ∈ R so that

Ae = λBe. (3.46)

If B is non-singular, the solutions can be obtained by solving the equivalent
(standard) eigenvalue problem

B−1Ae = λe. (3.47)

Now let us assume that both A and B are symmetric and, in addition,
B is also positive definite. The ratio

r(w) = wT Aw
wT Bw , (3.48)

which is known as Rayleigh quotient, is closely related to the generalized
eigenvalues problem stated above. Let us determine the extremum points
of r(w), that is, the points w∗ satisfying ∇r(w∗) = 0. The gradient ∇r(w)
is calculated as

∇r(w) = 2Aw(wT Bw)− 2(wT Aw)Bw
(wT Bw)2 = 2Aw− 2r(w)Bw

wT Bw . (3.49)

Setting ∇r(w) to 0, we obtain,

Aw = r(w)Bw, (3.50)

which can be identified with (3.46). Thus, the extremum points w∗ (ex-
tremum values r(w∗)) are obtained as the eigenvectors e of the correspond-
ing generalized eigenproblem. A formal prove of this result (the Rayleigh-
Ritz theorem) can be found in [Strang, 1988].



Chapter 4

Evaluation of the multilead
scheme based on
Principal Component Analysis

4.1 Introduction

ECG signals present a high spatial redundancy that can be exploited with
techniques based on the eigenanalysis of input data, such as PCA or
Karhunen-Loève transform (KLT) [Castells et al., 2007]. These techniques
have been applied to ECG data compression and noise reduction [Olmos
et al., 1999, Acar and Köymen, 1999, Paul et al., 2000, Wei et al., 2001],
characterization and diagnosis of ischemia [García et al., 1999, 2003], repo-
larization heterogeneity [Pueyo et al., 2009, Okin et al., 2002, Acar et al.,
1999], atrial fibrillation [Faes et al., 2001, Castells et al., 2005] and separa-
tion of maternal and fetal ECG [Kanjilal and Palit, 1997].

This chapter describes the evaluation of the multilead scheme for TWA
analysis that combines PCA with the LLRM. As stated in chapter 2,
methodological evaluation of a new technique (that is, the quantification
of its detection power and its estimation accuracy) is a desirable prior step
to clinical validation (which quantifies the adequateness of the TWA test
as a risk stratifier). The performance of the proposed scheme is evaluated
by means of a simulation study, where the multilead scheme is compared
to the single-lead scheme which is the usual approach to TWA analysis.
Besides, an example of application to real signals is provided, to show that
the performance improvement observed in simulation can also be obtained

51
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in real datasets.

4.2 Data sets

4.2.1 Simulated data

Biomedical signal processing techniques are usually evaluated on standard
databases, where the output of the technique is compared to reference an-
notations established by experts. However, the main problem in the case of
TWA analysis is the lack of validation databases, mainly because TWA is
often non-visible due to its low amplitude. Therefore, in this work a Monte
Carlo simulation approach was adopted. To evaluate the multilead scheme
and to compare it with the single-lead scheme, a simulation study was de-
signed, where synthetic ECG signals were generated with a high degree of
realism, and where TWA parameters (amplitude, waveform) were known a
priori.

Multilead ECG signals were generated by adding noise and TWA to a
clean background ECG (see figure 4.1). A standard beat from a 12-lead
ECG record was selected to create the background ECG. A TWA waveform
was detected and extracted from another 12-lead record using the LLRM.
Both records belonged to the STAFF-III database (see section 3.5.1). From
the 12-lead set, only the eight independent leads were selected (L = 8).

Four types of noise were considered: Gaussian (gs), Laplacian (lp), elec-
trode motion (em) and muscular activity (ma). Noise types gs and lp were
randomly generated. Types em and ma, which are typical noises present in
the ECG, were extracted from two real noise records of the MIT-BIH Noise
Stress Test Database (see section 3.5.1).

Each Monte Carlo trial was generated as the sum of the background
ECG beat repeated K times, the TWA waveform repeated K times with
alternating sign, and a random realization of noise. Each realization of
noise was generated as follows. First, L segments of KN samples were
simulated (gs or lp noise) or extracted from the records beginning at a
random position (em or ma noise). Baseline wander was removed from em

andma noises, because em andma records contain low frequency variations
of high amplitude that can distort the level of noise actually added to the
simulated ECG. Noise segments were normalized to a 1 µV RMS value and
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Figure 4.1: Simulation of multilead ECG signals with TWA and noise. Sig-
nals scale is not preserved for better visualization.

piled to form a multilead matrix V

V =
[
v1 . . . vL

]T
(4.1)

Due to the noise generation setup, noise segments vl are spatially uncor-
related (RV = �). However, noise in real signals is spatially correlated.
To correlate V in a realistic way, the first step was to estimate the spatial
correlation of real ECG noise using 10 multilead ECG records of the PTB
Diagnostic ECG database (see section 3.5.2). Figure 4.2 illustrates the pro-
cess followed to estimate the correlation. A total of 2000 segments of noise
were selected from each independent lead by taking the 50 ms interval prior
to a P wave onset for each segment, since that interval is assumed to be
isoelectric. DC level was removed, and segments corresponding to each lead
were concatenated. The resulting noise leads were piled as in (4.1) to form
a noise matrix N. The spatial correlation of N was estimated as

R̂N = 1
M

NNT (4.2)

where M is the number of samples of each noise lead. The Cholesky de-
composition [Golub and Van Loan, 1989] was applied to the inverse of the
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noise correlation matrix to obtain a whitening matrix D

R̂−1
N = DTD (4.3)

whereD is an upper triangular matrix with strictly positive diagonal entries.
The inverse of D was used to spatially correlate the generated noise V

V′ = D−1V (4.4)

thus obtaining a correlated noise matrixV′ with a spatial correlationRV′ =
R̂N , that is,

RV′ = E
{
V′V′T

}
= D−1E

{
VVT

}
(D−1)T = D−1(D−1)T = R̂N . (4.5)

Finally, the correlated noise V′ was scaled so that the RMS value of the
least noisy lead was Vnoise = 200 µV . TWA was then scaled to obtain a
desired Alternans-Signal-to-Noise ratio (ASNR), defined as the maximum
ratio between TWA power and noise power in the L leads:

ASNR = 10 log(Valt/2)2

V 2
noise

(4.6)

where Valt is the maximum RMS value of the TWA waveforms in the L leads,
that is, Valt = max{Valt1 . . . ValtL

}, with Valtl
defined in (3.6). Multilead

ECG signals were simulated with ASNR levels ranging from -60 to 10 dB,
and also without TWA. For each type of noise, a total of 104 realizations of
noise were generated to simulate signals without TWA, and 104 realizations
for each ASNR level to generate signals with TWA.

4.2.2 Stress test signals

As an example of application to real data, TWA analysis was performed on
the set of stress test ECG records presented in section 3.5.3. Records from
volunteer and ischemic groups were selected for TWA analysis. Volunteer
records had an average duration of 20 min, and the maximum heart rate
(HR) over the test was 183 ± 8 beats per minute (bpm) (mean ± standard
deviation). Ischemic records had an average duration of 16 min, and the
maximum heart rate over the test was 134 ± 23 bpm.

4.3 Methods for TWA analysis

The complete simulated dataset was processed with the LLRM, follow-
ing the basic single-lead scheme (see figure 3.1) and the general multilead
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Figure 4.2: Illustration of the estimation of noise spatial correlation R̂N in
real ECGs.

scheme (see figure 3.2), with an analysis window of K = 32 beats and δ =
1 beat. Besides, simulated signals with ma noise were processed with both
LLRM and SM, following the single-lead scheme and the simplified multi-
lead scheme (see figure 3.4). For the comparison between LLRM and SM,
a 128-beat analysis window was selected, since that is the window length
used in commercial SM systems. In all cases the initial point of the ST-T
complex was set 60 ms after the QRS fiducial point.

Stress test records were processed with the LLRM, following the single-
lead scheme and the general multilead scheme, with a 128-beat analysis
window and δ = 1 beat. The initial points of ST-T complexes were set 80
ms after the QRS fiducial point if the mean HR in the analysis window was
≤ 100 bpm, and 60 ms after the QRS fiducial point if the mean HR was >
100 bpm.

4.4 Results

4.4.1 Detection performance

Following the terminology of detection theory [Kay, 1998], probability of
false alarm (PFA) was defined as the ratio between the number of positive
TWA detections in signals with Valt = 0 (false detections) and the total
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Figure 4.3: ROC curves for ASNR = −25 dB (corresponding to Valt = 22.5
µV) and ASNR = −35 dB (Valt = 7.1 µV) of the multilead scheme (left)
and the single-lead scheme (right) combined with LLRM for Gaussian (gs),
Laplacian (lp), muscular activity noise (ma) and electrode movement noise
(em).
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number of decisions made in those signals. Probability of detection (PD)
was defined as the ratio between the number of positive TWA detections in
signals with a given Valt and the total number of decisions made in those
signals. Detection performance was evaluated with receiver operating char-
acteristic (ROC) curves, which show the relationship between PD and PFA

as a function of the detection threshold γ. Figure 4.3 shows the ROC curves
corresponding to ASNR = −25 dB and −35 dB. Figure 4.4 shows the ROC
curves corresponding to ASNR = −45 dB and −50 dB. For every type
of noise and ASNR level, the area under the ROC curve of the multilead
scheme was greater than the area under the single-lead curve.

To better analyze the behavior of the schemes for different ASNR levels,
a fixed value for γ was selected so that PFA= 0.01, and the resulting PD was
compared. Detection thresholds were set to γ = 0.06 for gs noise, γ = 0.06
for lp noise, γ = 0.06 for ma noise, and γ = 0.162 for em noise. Figure 4.5
shows the PD of the two schemes vs. ASNR for all types of noise. In all
cases, the multilead scheme outperforms the single-lead scheme. The ASNR
level where PD achieves a value of 0.99 is 30 dB lower with the multilead
scheme than with the single-lead scheme for gs and lp noises, 28 dB lower
for em noise, and 27 dB lower for ma noise.

4.4.2 Estimation accuracy

The estimation performance of the two schemes was evaluated in terms of
bias, variance and mean square error. Let us denote by âl (n) the nth sample
of the estimated TWA waveform in the lth lead, and by al (n) the same
sample of the true TWA waveform. For each ASNR level, the expected value
of the estimation, E {âl (n)}, and the standard deviation of its samples,
σâl

(n), were estimated as the samples average and the samples standard
deviation of âl (n) in the 104 realizations respectively. The bias and mean
square error of the estimation were calculated for each lead l as

bl(n) = E {âl(n)} − al(n), n = 0 . . . N − 1 (4.7)

e2
l (n) = E

{
(âl(n)− al(n))2

}
, n = 0 . . . N − 1 (4.8)

where the expected values were estimated as the average of the 104 realiza-
tions. As explained in section 3.3.4, the reconstructed signal is �̃ = 0 if no
TWA is detected, and in that case âl(n) = 0, n = 0 . . . N − 1.
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Figures 4.6 and 4.7 show the expected value and the standard deviation
of the estimation for gs noise and various levels of ASNR. For high levels
of ASNR (figure 4.6), the bias of the multilead estimation is higher than
the bias of the single-lead estimation, but the standard deviation of the
multilead estimation is lower. For low levels of ASNR (figure 4.7), both
bias and variance are lower for the multilead estimation.

To globally quantify the accuracy of the estimation at each ASNR level,
two global performance parameters, Rbl

and Rel
, were defined as

Rbl
(%) =

√√√√ 1
N

N−1∑
n=0

b2
l (n)√√√√ 1

N

N−1∑
n=0

a2
l (n)

× 100 (4.9)

Rel
(%) =

√√√√ 1
N

N−1∑
n=0

e2
l (n)√√√√ 1

N

N−1∑
n=0

a2
l (n)

× 100. (4.10)

Parameter Rbl
measures the relative bias of the estimation in the lth lead,

and parameter Rel
measures the relative error caused by both the bias and

the variance of the estimation. Figures 4.8 and 4.9 show the evolution of
Rbl

and Rel
vs. ASNR for ma noise. For ASNR ≥ −15 dB, the bias of the

multilead estimation is higher than the bias of the single-lead estimation.
For ASNR < −25 dB, the bias of the single-lead estimation tends to 100%
for all the leads. Rb and Re curves for gs, lp, and em noises are included in
appendix 4.A. The same trend appears with all noise types: for high ASNR
levels, Rel

is similar for both schemes, and for low ASNR levels it is lower
for the multilead scheme.

4.4.3 Comparison with the Spectral Method

As explained in the methods section, simulated signals with ma noise were
processed with the single-lead and multilead schemes combined with LLRM
(LLR single and LLR multi respectively), and also with the two schemes
combined with SM (SM single and SM multi).

To ensure a fair comparison, detection thresholds were set so that the
resulting PFA was 0.01 for every technique (table 4.1). Detection curves for
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Figure 4.6: Expected value E {âl (n)} (solid line) and standard deviation
σâl

(n) (vertical bars) of the TWA waveforms estimated with the LLRM,
obtained with (a) the single-lead and (b) the multilead scheme for ASNR =
10 dB, and with (c) the single-lead and (d) the multilead scheme for ASNR
= -15 dB for gs noise. The true TWA is shown in dashed line. Leads offset
is included for better visualization.
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Figure 4.8: Relative bias of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for ma noise.
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Figure 4.9: Relative error of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for ma noise.
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single-lead multilead
LLRM 0.03 0.01

SM 9.47 5.95

Table 4.1: Detection thresholds which are necessary to obtain a PFA = 0.01
in the simulated dataset with ma noise, using the different schemes and a
128-beat analysis window.

all techniques are shown in figure 4.10. The best results are obtained with
the LLR multi technique. The ASNR level where PD achieves a value of
0.99 is 8 dB lower for LLR single than for SM single, 6 dB lower for LLR
multi than for SM multi, 30 dB lower for SM multi than for SM single, and
28 dB lower for LLR multi than for LLR single.

LLR single

SM singleSM multi

LLR multi

Figure 4.10: PD vs. ASNR for the single lead scheme combined with LLRM
(LLR single) and with SM (SM single), and for the multilead scheme com-
bined with LLRM (LLR multi) and with SM (SM multi). PFA = 0.01 in all
cases. Results obtained with an analysis window of 128 beats.

4.4.4 Application to stress test signals

TWA is a phenomenon partially related to heart rate, so TWA arises in
patients at risk for SCD but also in healthy subjects at faster heart rates
during stress tests. Therefore, the assumption that no TWA should be found
in volunteer records at heart rates below a cut-off heart rate HRc was made
to set the same PFA = 0.01 for both analysis schemes. Volunteer’s signals
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HRc = 100 HRc = 110
single-lead scheme 0.09 0.10
multilead scheme 0.07 0.08

Table 4.2: Detection thresholds which are necessary to obtain a PFA = 0.01
in volunteer records at heart rates below a cut-off heart rate HRc.

were processed, and for each scheme a threshold was calculated so that it
was exceeded only by 1% of the Z values obtained before heart rate reached
the HRc, which were considered as false detections. Then, all records from
both groups were processed with the resulting thresholds (table 4.2).

Table 4.3 contains the results obtained considering HRc = 110 bpm to
set the PFA. The first row presents the total number of records of each group,
and the number of records where one or more TWA episodes were detected.
An episode was defined as an interval of consecutive beats in which TWAwas
continuously detected. For each episode, three parameters were calculated:
the maximum TWA amplitude in the episode Vmax (µV ), the duration (in
seconds), and the onset heart rate HRo (bpm), which was calculated as the
mean heart rate of the analysis window in which the episode begins. For
each group, the mean value and the standard deviation of these parameters
were calculated in two ways: considering all the episodes (second row), and
considering the episodes detected exclusively by one scheme and not by
the other (third row). Table 4.4 shows the number of records where TWA
episodes were detected before 110 bpm (PFA set with a HRc = 110 bpm),
and the number of records where TWA episodes were detected before 100
bpm (PFA = 0.01 set with a HRc = 100 bpm).

Differences in the number of records with TWA were evaluated with
the Fisher’s exact test; differences in mean values of Vmax, duration and
HRo were evaluated with the Mann-Whitney U test. A p-value < 0.05 was
considered significant.

As an illustrative example, figures 4.11, 4.12 and 4.13 show how the
schemes work with a signal belonging to the ischemic group (Sig1). Figure
4.11 shows the detection statistic Z obtained with the two schemes. The
maximum value of Z for the multilead scheme appears at instant tmax = 24
minutes. At that time, the maximum Z with the single-lead scheme is ob-
tained in lead V3, and with the multilead scheme in T6. Figure 4.12 shows
the superposition of even and odd beats in those leads. Figure 4.13 shows
the estimated TWA waveform in Sig1 at tmax. For illustration purposes,
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the same detection threshold was chosen for both schemes, γ = 0.1, corre-
sponding to the threshold obtained for the single-lead scheme in volunteer
records with HRc = 110 bps (table 4.2). TWA was detected only by the
multilead scheme, in the transformed lead T6.

4.5 Discussion

According to simulation results, the high detection performance of the mul-
tilead scheme is similar for gs, lp and ma noises, (Figs. 4.3 and 4.4). It is
worse when facing em noise, because the em bandwidth mostly overlaps the
band of the TWA. Even in this case, the multilead scheme performs better
than the single-lead scheme. Note that in figures 4.3 and 4.4 the single-lead
scheme is not capable of detecting anything for ASNR ≤ −35 dB in any
type of noise.

As shown in figure 4.5, the multilead scheme surpasses widely the per-
formance of the single-lead scheme, detecting TWA with an ASNR from 27
to 30 dB lower than the single-lead scheme for a fixed PD. The multilead
scheme performs better, specially at low ASNR levels, because it separates
TWA from most of the noise. For instance, in figure 3.3(c) we can see that,
at ASNR = −20 dB, noise is mainly concentrated in leads T1 - T3, so TWA
becomes detectable in leads T5 - T7.

In the example signal Sig1, the values of the detection statistic Z are
higher with the multilead scheme than with the single-lead scheme (figure
4.11). Since the GLRT detector is CFAR, a higher PD can be obtained
for a fixed threshold, or a lower number of false detections for a given PD.
The main effect of PCA in this case is concentrating the noise in the first
transformed leads, making TWA detectable in lead T6 (note that TWA is
clearly visible in T6, but not in V3 in figure 4.12). With real signals, PCA
will work differently depending on the spatial autocorrelation of noise and
TWA, and the cross-correlation between them. It may concentrate mainly
the noise, the TWA, or both. In the worst situation, when the correlations
of noise and TWA are similar, they won’t be separated at all. In that case
the multilead scheme will not improve the analysis, but it will not make the
result worse either.

Since the improvement obtained with the multilead scheme is mainly
due to the effect of PCA, similar detection gains can be expected when
combining the multilead scheme with other TWA techniques. For example,
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multilead scheme single-lead scheme
volunteer ischemic volunteer ischemic

Detection
records 66 70 66 70

records with TWA 26 27 19 20
% records with TWA 39.4 38.6 28.8 28.6

TWA characteristics
all episodes Vmax (µV ) 85±114‡ 95±128 133±133‡ 135±146
detected duration (s) 26±26 48±59 29±24 51±39
by each HRo (bpm) 124±30† 106±20† 121±30† 105±20†

scheme episodes 38 33 26 22
episodes Vmax (µV ) 21±15†‡ 37±22† 52±35‡ 66±35
detected by one duration (s) 7±7 30±71 17±16 18±21
scheme and not HRo (bpm) 127±27† 107±19† 112±7 105±18
by the other episodes 17 18 5 7

Table 4.3: Results of TWA analysis in stress test data, calculated consid-
ering all episodes regardless of when they are detected. (PFA = 0.01 for
the two schemes). Data expressed as (mean ± one standard deviation). †

indicates a significant difference between volunteer and ischemic groups; ‡

indicates a significant difference between multilead and single-lead schemes.

multilead scheme single-lead scheme
volunteer ischemic volunteer ischemic

HRo < 110 bpm
records 66 70 66 70

records with TWA 6† 14† 6 12
% records with TWA 9.1† 20.0† 9.1 17.1

HRo < 100 bpm
records 66 70 66 70

records with TWA 6† 14† 5 10
% records with TWA 9.1† 20.0† 7.5 14.2

Table 4.4: Results of number of records with TWA in stress test data,
calculated considering the episodes detected before heart rate reaches 110
bpm (first row) and 100 bpm (second row). PFA = 0.01 for the two schemes.
† indicates a significant difference in the number of records with TWA in
volunteer and ischemic groups.



4.5. DISCUSSION 69

0 10 20
0

0.05

0.1

0.15

0.2

G
LR

T 
st

at
is

tic
 (Z

)

single-lead scheme

time (min)
0 10 20

0

0.05

0.1

0.15

0.2
multilead scheme

time (min)

Figure 4.11: Detection statistic Z of LLRM computed with a 128-beat
window in signal Sig1. Left panel: Z obtained with the single-lead scheme
in leads V1-V6, I and II after the preprocessing stage. Right panel: Z

obtained with the multilead scheme in transformed leads T1 -T8 after PCA
transformation. Threshold γ = 0.1 is shown in dashed line.
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Figure 4.12: Superposition of odd (black) and even (gray) beats of a 128-
beat analysis window centered on instant tmax = 24 min in signal Sig1.
Top panel: beats of lead V3 (left), which is the lead where the maximum
Z appears with the single-lead scheme, and a closer view of the ST-T com-
plexes (right). Bottom panel: same views for lead T6, where the maximum
Z appears with the multilead scheme. In this case, the morphology of the
ST-T complex is consistently different in odd and even beats, making TWA
visible to the naked eye.
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Figure 4.13: TWA waveform estimated in Sig1 at tmax = 24 min with the
single-lead scheme (left), and the multilead scheme with γ = 0.1 (right).

in simulated data with ma noise, applying the multilead scheme to the SM
yields an improvement of 30 dB over the single-lead approach, which is
similar to the improvement obtained by applying the multilead scheme to
the LLRM (28 dB) (see figure 4.10).

In the comparison of SM and LLRM, it is interesting to note that the
derived threshold for the SM single scheme (γ = 9.47) is much higher than
the usual SM significance threshold (TWAR = 3). In fact, the application
of the SM single scheme with an equivalent γ = 3 would yield a PFA = 0.20
in the simulated dataset, which means that one out of five TWA episodes
detected by the SM would be a “false positive” due to noise. In practice,
SM false positives are rejected by requiring detected TWA episodes to fulfill
additional requisites, such as a minimum duration of 60 seconds among
others [Bloomfield et al., 2002]. The present study does not intend to derive
such rules for the LLRM, or to compare the false positives rate of LLRM and
SM as implemented in commercial equipments, but these results highlight
the influence of the detection thresholds in the results of TWA analysis
methods.

The multilead scheme also improves the estimation accuracy, although
not so remarkably as the probability of detection. For high ASNR levels,
the bias of the multilead estimation is higher than the bias of the single-lead
estimation due to the truncation carried out in the reconstruction stage. As
only a subset of transformed leads is used to reconstruct the signal, the
reconstructed TWA lacks the content of the truncated leads, which may



72 CHAPTER 4. MULTILEAD ANALYSIS BASED ON PCA

still contain a small alternant component. However, the lower variance of
the multilead estimation compensates the bias, so the final relative error
Rel

is similar to the error of the single-lead estimation for high ASNR levels
(see figure 4.9).

For low ASNR levels, on the other hand, the relative bias of the single-
lead estimation tends to 100% in all the leads, that is, the estimation tends
to zero. This is because as ASNR decreases, the PD of the single-lead scheme
starts falling (see figure 4.5), so the estimated value is zero in more and more
realizations. In this case the behavior of the multilead scheme is better
because the relative bias of the multilead estimation varies differently for
each lead, and for some of them it is still lower than 50% at very low ASNR
levels. For example, Rbl

< 50 % in V1, V4, V5 and V6 until ASNR =
−45 dB for ma noise (see figure 4.8). When ASNR < −25 dB, Rel

>

100% in the eight leads for the single-lead estimation, whereas with the
multilead estimation such degradation only appears with ASNR < −50
dB. In the example signal Sig1 (figure 4.13), the estimation obtained with
the multilead scheme may have bias, but is still useful to study the TWA
distribution along the ST-T complex. With the single-lead scheme, this
episode would not be detected with γ = 0.1 (see figure 4.11), and even with
a low enough threshold, the single-lead estimation would be much noisier,
reducing its clinical value.

In simulation, the multilead scheme yields an improvement of the prob-
ability of detection, and a more accurate estimation; results obtained in
the real dataset prove that these benefits can also be obtained with real
signals. As shown in table 4.3, the multilead scheme detects more episodes
than the single-lead scheme in both groups (26 vs. 19 in volunteers, 27 vs.
20 in ischemics). Since the PFA of both schemes is the same, this means
that the detection power of this scheme is higher than the detection power
of the single-lead scheme. When considering the episodes detected only by
the multilead scheme, episodes from volunteers have a significantly lower
amplitude than episodes from ischemics (21±15 vs. 37±22 µV) and they
appear at a higher HRo (127±27 vs. 107±19 bpm). This differences are
not significant with the single-lead scheme. In volunteers, episodes detected
only by the multilead scheme have a significantly lower amplitude than
episodes detected only by the single-lead scheme (21±15 vs. 52±35 µV),
and a higher HRo (127±27 vs. 112±7 bpm); this suggests that the mul-
tilead scheme detects low amplitude episodes near the peak effort that the
single-lead scheme cannot detect.
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The percentage of records with TWA is similar in volunteer and ischemic
groups, both with the multilead scheme (around 39% in both groups) and
with the single-lead scheme (around 28% in both groups). This can be due
to the fact that volunteers reach a higher peak heart rate during the test.
To distinguish between groups according to the risk of SCD, it is necessary
to analyze only those results obtained before the heart rate reaches a cut-
off point. When the multilead scheme is applied, the percentage of records
with TWA is significantly higher in the ischemic group for any cut-off point
between 100 and 110 bpm, whereas this difference is not significant with the
single-lead scheme (table 4.4). This suggest that the multilead scheme can
improve the prognostic utility of TWA in stress testing.

Several limitations of this study must be acknowledged. Regarding sim-
ulated data, physiological features of ECG repolarization such as shape
variation due to heart rate variability, or amplitude modulation due to the
respiration, have not been included in the simulation setup. Moreover, the
noise spatial correlation and the TWA waveform used in the simulation
are two particular cases, but strong differences can be found in the lead
distribution of noise and TWA in real ECG signals [Martínez et al., 2006].

4.6 Conclusions

In this chapter, a multilead analysis scheme that combines PCA with the
LLRM is evaluated and compared to a single-lead scheme by means of a
simulation study, in which different types of simulated and physiological
noise are considered under realistic conditions. Simulation results show
that the multilead scheme can detect TWA with a ASNR 30 dB lower, and
allows the estimation of TWA with a ASNR 25 dB lower than the single-lead
scheme in 12-lead ECGs. The two analysis schemes are also applied to stress
test ECG records. Results show that the multilead scheme provides a higher
detection power, and that TWA detections obtained with this scheme are
significantly different in healthy volunteers and ischemic patients, whereas
they are not with the single-lead scheme.
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Appendix 4.A: Additional simulation results

This appendix includes additional results of the evaluation of the PCA-based
multilead scheme.

Figure 4.14: Relative bias of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for Gaussian noise.
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Figure 4.15: Relative bias of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for Laplacian noise.
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Figure 4.16: Relative bias of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for em noise.
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Figure 4.17: Relative error of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for Gaussian noise.
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Figure 4.18: Relative error of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for Laplacian noise.
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Figure 4.19: Relative error of the TWA estimation obtained with the LLRM
combined with the single-lead and (top) and with the multilead scheme
(bottom) vs. ASNR for em noise.
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Chapter 5

Evaluation of the multilead
scheme based on Periodic
Component Analysis

5.1 Introduction

The evaluation study in the previous chapter demonstrated that the multi-
lead scheme based on PCA improves the estimation and detection perfor-
mance of SM and LLR single-lead techniques. This improvement, however,
is limited by the fact that PCA uses a maximum-variance criterion to sepa-
rate signal and noise into orthogonal subspaces, which may not be the best
way of differentiating between the constituent sources of an ECG signal,
particularly if they are not orthogonal [Clifford et al., 2006].

In this chapter, the use of Periodic Component Analysis (πCA) for the
multilead scheme is evaluated. πCA is a technique that was first proposed
for speech analysis [Saul and Allen, 2000] and then applied to the analysis
of ECGs, for ECG compression and also for maternal and fetal ECG sepa-
ration [Sameni et al., 2008]. With this technique, the variance criterion of
PCA is replaced by a periodical structure criterion to separate TWA from
non-alternant components, which is a more reasonable assumption from a
physiological point of view because periodicity is the defining characteristic
of TWA.

In this study, two multilead schemes, one based on πCA and one based
on PCA, are combined with the LLR method, and are compared to a con-

81
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ventional single-lead approach, in which each ECG lead is analyzed inde-
pendently. Results on simulated signals with different types of noise, real
signals with added TWA, and stress test signals, show that the πCA-based
scheme provides the best detection power and has the potential to improve
the prognostic value of TWA tests.

In addition to PCA and πCA, the use of other source separation tech-
niques is explored in this chapter. In particular, the spectral ratio maximiza-
tion (SRM), which is a new separation technique based on the periodicity of
the signal, and two ICA algorithms are considered. These source separation
techniques were presented in section 3.4. In the present chapter, the detec-
tion performance obtained with each technique is compared by analyzing a
set of ECG signals with known TWA.

5.2 Data sets

To compare the analysis schemes in a variety of scenarios, three data sets
with increasing degree of realism were analyzed. The first data set was com-
posed of synthetic ECG signals with simulated TWA. In the second data
set, known TWA was added to real ECG signals. The third data set con-
tained real stress test ECGs from healthy volunteers and ischemic patients.
Both second and third sets were composed of the stress test ECGs from the
211 patients of the non-ischemic group, the 66 asymptomatic volunteers
of the volunteer group, and the 79 patients of the ischemic group in the
stress test database described in section 3.5.3. Finally, the Physionet TWA
database (see section 3.5.4) was analyzed to facilitate future reproduction or
comparison with the methods presented here, since this dataset is publicly
available.

5.2.1 Synthetic signals

Synthetic 3 Frank lead ECGs were generated using an artificial multilead
ECG model which can exhibit realistic TWA [Clifford et al., 2010]. This
model generates the cardiac dipole as a sum of Gaussian kernels, and then
derives the XYZ orthogonal leads. Natural morphology changes due to
inter-beat interval (RR) and respiration are incorporated from varying the
Gaussian amplitude and width parameters of the dipole generator. The
TWA effect is modeled as a disturbance on the T-loop of the dipole. An
example of a synthetic ECG generated with this model is shown in figure
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5.1.

Figure 3. Example of VCG generated by model.

Figure 4. Typical alternating ‘ABAB’ TWA pattern (with
23 µV amplitude) generated from our model.

other beat classes can be derived by training the HMM on
real databases.

Since our model employs a dipole representation, with
an individual Dower-like transform to map the dipole onto
clinical observational axes (such as the standard 12 lead
ECG), correlated noise can be added in multiple dimen-
sions, and hence can manifest in a realistic manner on all
observational ECG leads. Multiple noise sources can be
treated as other dipole moments in the model, and the rela-
tive motions of sources and sensors can be simulated using
a Givens rotation matrix to multiply the IDT [4]. Finally,
clinical features of the simulated signal can be extracted
directly from the model [11].

An open source TWA detection algorithm developed for
PCinCC, which was evaluated on this model, is described

in an accompanying paper [12].
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Figure 5.1: Left: example of synthetic ECG generated by the multilead
ECG model. Right: example of TWA simulated by the multilead ECG
model. Figures reproduced from [Clifford et al., 2008].

Five-minute signals were created with TWA amplitudes ranging from 0
µV to 200 µV. For a given TWA amplitude, a total of 50 ECG records were
generated at a sampling frequency of 500 Hz. Individual records differed
in that the underlying ECGs were generated using an stochastic model of
heart rate variability (70±5 beats per minute (bpm)). Furthermore, a sum
of noises was added to the signal, containing electrode motion noise (em),
muscular activity noise (ma) and baseline wander (bw), all of them obtained
from the MIT-BIH Noise Stress Test Database (see section 3.5.5). For each
synthetic ECG signal, two-lead segments of 5 minutes were extracted from
em, ma and bw records beginning at a random position. These records only
contain two leads, so a third lead of spatially correlated noise was computed
as the first principal component of the two available leads. Finally, the three
noise leads were scaled to obtain an SNR of 20 dB with respect to the ECG,
and added to the synthetic signal.

5.2.2 Real signals with added TWA

This data set contained real 12-lead ECGs from the stress test database (see
section 3.5.3) with artificially added TWA. ECG fragments where the pres-
ence of TWA was unlikely were selected from all non-ischemic and volunteer
records. The TWA phenomenon is partially related to heart rate, and can
appear in healthy subjects at fast heart rates [Cutler and Rosenbaum, 2009,
Turitto et al., 2001]. Therefore, only the initial fragment in which the heart
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rhythm was < 100 bpm was selected from each record. These fragments
were then divided into segments of 32 consecutive beats, resulting in a total
of 1744 ECG segments.

Then, TWA was added to ECGs, with amplitudes (Valt) ranging from
0 to 200 µV. To do this, the LLR method was employed to identify a real
12-lead TWA waveform (twa1) in an ECG of a patient undergoing a per-
cutaneous coronary intervention. The way of obtaining this waveform was
already described in section 4.2.1. For each Valt value, the TWA waveform
was scaled and repeated with alternating sign to create a 32 beat-long TWA
signal, and then the TWA signal was added to the 1744 ECG segments. This
process was repeated with two more TWA waveforms, denoted as twa2 and
twa3, which were extracted from two records of the STAFF-III database
in the same way as twa1. Figure 5.2 shows an excerpt of a real ECG of a
volunteer from the stress test database, and the resulting signal after adding
TWA of 200 µV to all the leads.
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Figure 5.2: Left: excerpt of a real ECG from the stress test database. Right:
the same ECG after adding TWA of 200 µV using waveform twa1.

5.2.3 Stress test signals

The third data set comprised all ECGs from ischemic and volunteer groups
of the stress test database. This is the same data set that was analyzed in
chapter 4 (section 4.2.2).
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5.2.4 Signals from the Physionet TWA database

The fourth data set of this study comprises the synthetic records of the
Physionet T-Wave alternans database (see section 3.5.4), a total of the
thirty-two 12-lead ECGs containing artificial TWA in calibrated amounts,
with an approximate duration of two minutes.

5.3 Methods for TWA analysis

First, three different approaches were evaluated: a multilead scheme (figure
3.2) with πCA as transformation technique (we will denote this scheme as
multi-πCA), the multilead scheme with PCA (multi-PCA) already evaluated
in chapter 4, and the single-lead scheme (single). To compare the detec-
tion and estimation performances of the three schemes, the first dataset—
synthetic signals—was analyzed with a 16-beat analysis window (δ = 16
beats), and the second dataset—real signals with added TWA—was ana-
lyzed using analysis windows of K = 32, 64 or 128 beats (δ = K/2 in all
cases).

Second, the simplified multilead scheme for TWA detection (figure 3.4)
was combined with PCA, πCA, SRM, πCA-SRM, FastICA and JADE to
evaluate the effect of each separation technique in the detection perfor-
mance. In this case, the first dataset was analyzed with a 16-beat analysis
window and δ = 16 beats with all the techniques. For the first and the
second analyses, the initial point of ST-T complexes was set 60 ms after the
QRS fiducial point.

Third, stress test records were processed with multi-πCA and single
schemes. Comparison between multi-PCA and single schemes was reported
in the previous chapter, so the multi-PCA scheme was excluded from this
study. From the 12-lead set, only the eight independent leads (V1 to V6, II
and II) were processed using a sliding analysis window of 128 beats and δ
= 1 beat.

Fourth, the synthetic signals from the Physionet TWA database were
processed with multi-πCA, multi-PCA and single schemes, using an analysis
window of 32 beats. For the third and the fourth analyses, the initial points
of ST-T complexes were set 80 ms after the QRS fiducial point if HR ≤ 100
bpm and 60 ms after the QRS fiducial point if HR > 100 bpm.
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Figure 5.3: (a) The eight independent leads of a real 12-lead ECG where
TWA of 200 µV was artificially added. TWA is invisible to the naked eye
due to noise and artifacts. (b) Signal in (a) after PCA transformation.
TWA is now visible in T2 through exaggerated oscillations in the amplitude
of the T wave. (c) Signal in (a) after πCA transformation. TWA is clearly
visible in T1.

5.4 Results

5.4.1 Detection performance

As in the previous chapter, probability of false alarm (PFA) was defined as
the ratio between the number of positive TWA detections in signals with
Valt = 0 (false detections) and the total number of decisions made in those
signals. Probability of detection (PD) was defined as the ratio between the
number of positive TWA detections in signals with a given Valt and the total
number of decisions made in those signals. For each scheme, the detection
threshold γ was set so that the probability of false alarm (PFA) was 0.01,
and the resulting PD was compared.

Detection thresholds for multi-πCA, multi-PCA, and single schemes in
the synthetic dataset are presented in table 5.1. The resulting PD is pre-
sented in figure 5.4. In the range 30 µV ≤ Valt ≤ 100 µV, the multi-πCA
scheme detected alternans with amplitudes at least 15 µV lower than the
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detection threshold γ
single 0.15

multi-PCA 0.19
multi-πCA 0.19

SRM 0.20
πca-SRM 0.20
FastICA 0.18
JADE 0.17

Table 5.1: Detection thresholds which are necessary to obtain a PFA = 0.01
in the synthetic data set, using different schemes and a 16-beat analysis
window (δ = 16).

K = 32 K = 64 K = 128
single 0.60 0.24 0.09

multi-PCA 0.49 0.23 0.07
multi-πCA 0.85 0.38 0.13

Table 5.2: Detection thresholds which are necessary to obtain a PFA = 0.01
in real signals with added TWA, using different schemes and analysis window
lengths K.

single scheme for a given PD. For example, the multi-πCA scheme detected
TWA of 59 µV with a PD = 0.8, while that PD was achieved by the single
scheme only for Valt > 76 µV, which can be interpreted as a detection gain
of 2.20 dB.

Real signals with added TWA were processed in the same way as syn-
thetic signals. For each scheme, the detection threshold γ was set so that
PFA=0.01 (see table 5.2). Using an analysis window of 32 beats (figure
5.5), TWA of 5 µV was detected with a PD = 1% by the single scheme,
with a PD = 60% by the multi-PCA scheme, and with a PD = 98% by the
multi-πCA scheme. Similar detection differences were found by repeating
the analysis with the two other TWA waveforms, twa2 and twa3 (figure
5.6).

To better understand the effects of PCA and πCA transformations, the
evolution of the GLRT statistic (Z) in the transformed leads vs. TWA
amplitude was analyzed for all signals. Figures 5.8, 5.9 and 5.10 show the
evolution of Z when it is computed on an ECG without any transformation,
on the same ECG after PCA transformation, and on the same ECG after
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Figure 5.4: PD of multi-PCA, multi-πCA and single schemes obtained in
3-lead synthetic signals vs. simulated TWA amplitude. PFA = 0.01 for all
schemes.
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beats and PFA = 0.01 for all schemes. TWA simulated with waveform twa1.
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Figure 5.6: PD in real signals with added TWA with multi-PCA, multi-πCA
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90 CHAPTER 5. MULTILEAD ANALYSIS BASED ON πCA

0 50 100 150 200
0

0.2

0.4

0.6

0.8

1

Valt (μV)

P
D

 

 

single
multi-PCA
multi-πCA

0 50 100 150 200
0

0.2

0.4

0.6

0.8

1

Valt (μV)

P
D

 

 

single
multi-PCA
multi-πCA

Figure 5.7: PD in real signals with added TWA with multi-PCA, multi-
πCA and single schemes vs. TWA amplitude. PFA = 0.01 for all schemes.
Analysis window of 64 beats (top) and 128 (bottom). TWA simulated with
waveform twa1.
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Figure 5.9: Comparison of single (top left), multi-PCA (top right) and multi-πCA
(bottom) schemes applied to the same ECG signal with different magnitudes of
TWA. Detection threshold indicated with an horizontal straight line. PFA = 0.01
for each scheme. Analysis window of 64 beats.
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Figure 5.10: Comparison of single (top left), multi-PCA (top right) and multi-
πCA (bottom) schemes applied to the same ECG signal with different magnitudes
of TWA. Detection threshold indicated with an horizontal straight line. PFA = 0.01
for each scheme. Analysis window of 128 beats.
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πCA transformation, using different window lengths. In all cases, TWA
is detected when Z exceeds the threshold (horizontal black line) in one or
more leads. For example, using an analysis window of K = 32 beats (figure
5.8), TWA was detected by the multi-PCA scheme for Valt < 5 µV, become
undetected for 5 < Valt < 50 µV, and then was detected again in T2 for
Valt = 50 µV. With πCA, TWA was detected for Valt ≥ 3.5 µV.

5.4.2 Estimation accuracy

The estimation accuracy of the schemes was also compared. For each simu-
lated amplitude, the mean value and the standard deviation of the estimated
amplitude Valt was computed considering only those cases where detection
was positive (figure 5.11). In absence of TWA, TWA was falsely detected
in 1% of the cases with a mean estimated amplitude of 142.6 µV (single
scheme) and 58.9 µV (multi-πCA scheme). For a simulated amplitude of
136 µV, the bias and standard deviation of the estimation were 0.6 µV and
18.2 µV respectively (single scheme), and 2.7 µV and 16.0 µV (multi-πCA
scheme).

5.4.3 Comparison to other source separation techniques

The detection performance of the different transformation techniques—
PCA, πCA, SRM, πCA-SRM, FastICA and JADE, presented in section
3.4—was compared in the synthetic dataset, defining PD and PFA as in pre-
vious sections. The best performance was obtained with schemes πCA,
SRM and πCA-SRM, that presented similar PD for every Valt (figure 5.12).

The execution time (in seconds) for the analysis of the entire synthetic
dataset was 64 s with PCA, 68 s with πCA, 6678 s with SRM, 5345 s with
πCA-SRM, 1254 s with FastICA and 129 s with JADE.

The projection directions obtained with πCA, SRM and πCA-SRM
schemes were studied. For each Valt value, the vectors w obtained with
each scheme were normalized and averaged (see sections 3.4.2 and 3.4.3).
The average directions obtained with SRM and πCA-SRM schemes coin-
cided in all cases. The directions of πCA and SRM schemes were similar
for low Valt (figure 5.13(a)), and the difference between them decreased as
Valt increased (figure 5.13(b)).
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Figure 5.11: Estimated vs. simulated TWA amplitude in synthetic signals
using the single-lead (top), and multi-πCA (bottom) schemes. Dots and
bars represent the average and the standard deviation of the estimated
amplitude respectively, and straight line corresponds to perfect estimation
(left ordinates axis). Dashed line represents the PD of each scheme for
PFA = 0.01 (right ordinates axis).
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Figure 5.12: PD of the different BSS schemes vs. simulated TWA amplitude.
PFA = 0.01 for all schemes.
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Figure 5.13: Average direction of the projections obtained with the πCA
scheme (squares), the SRM scheme (diamonds) and the πCA-SRM scheme
(asterisks) in signals with (a) Valt=10 µV and (b) Valt=60 µV.
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HRc = 100 HRc = 110
single 0.09 0.10
multi-πCA 0.09 0.11

Table 5.3: Detection thresholds which are necessary to obtain a PFA = 0.01
in volunteer records at heart rates below a cut-off heart rate HRc, with
single and multi-πCA schemes.

5.4.4 Application to stress test signals

Stress test signals were analyzed as reported in the previous chapter (see
section 4.3), but this time with the multi-πCA scheme. The same strategy
was followed to make a fair comparison of the sensitivity of multi-πCA
and single schemes: their specificity was made equal by setting the same
PFA = 0.01 for both schemes. To do so, the assumption that no TWA is
likely to be found in volunteer records at heart rates below a cut-off value
HRc was made. Volunteers’ signals were processed, and for each scheme the
threshold γ was calculated so that it was exceeded only by 1% of the Z values
obtained before the heart rate reached the HRc (false detections). Then,
all records from both groups were processed with the resulting thresholds,
reported in table 5.3.

For each detected TWA episode, three parameters were calculated: the
maximum amplitude Vmax (µV ), the duration of the episode, and the onset
heart rate HRo (bpm). Average values of amplitude, duration, and on-
set heart rate were compared between volunteer and ischemic groups with
the Mann-Whitney U test, and the percentages of records with TWA of
both groups were compared with Fisher’s exact test. A p-value < 0.05 was
considered significant.

First, HRc = 110 bpm was chosen in order to set γ, and all detected
TWA episodes were analyzed (table 5.4). The highest sensitivity to TWA
was obtained with the multi-πCA, since it detected TWA in more records
than the single scheme both in volunteer (43.9% vs. 28.7%) and in ischemic
groups (47.1% vs. 28.5%). In volunteers, TWA appeared at a lower heart
rate than in ischemic patients with both schemes (126 vs. 109 bpm with
the multi-πCA scheme, 121 vs. 105 bpm with single scheme).

Then, only those TWA episodes detected before 100 bpm (first row in
table 5.5) and before 110 bpm (second row in table 5.5) were analyzed. In
both cases, the detection thresholds were computed considering cut-off heart
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rates of HRc = 100 bpm and HRc = 110 bpm respectively for a PFA = 0.01
(table 5.3). With the multi-πCA scheme, the percentage of records with
TWA was significantly higher in the ischemic group in both cases, whereas
this difference was not significant with the single scheme. TWA episodes
detected by the two schemes in volunteers had lower amplitude and shorter
duration than in the ischemic group, although these differences were not
significant.

If we compare these results with those obtained in chapter 4 (table
4.4), we can observe that the separation between groups is higher with the
multi-πCA scheme than with the multi-PCA scheme. With the multi-πCA
scheme, the percentage of records with TWA (volunteers vs. ischemics) is
17% vs. 37% for HRo = 110 bpm, and 7% vs. 24% for HRo = 110 bpm,
whereas with the multi-PCA these differences were lower: 9% vs. 20% for
both HRo.

5.4.5 Application to the Physionet TWA database

The Physionet T-wave alternans database (see section 3.5.4) was created
for the Physionet challenge of 2008 [Moody, 2008]. It contains 100 records;
32 of them are synthetic with known amounts of TWA, and were simulated
with the model described in section 5.2.1, and the remaining 68 records are
real signals from different databases, 56 of which belong to patients with
known cardiac risk factors. Synthetic records have 12 leads, and real records
have 2, 3 or 12 leads.

This database was compiled with the intention to create a reference for
evaluation of new TWA algorithms. During the challenge, participants were
asked to propose a method to quantify the TWA level in the records of the
database, and then records were sorted according to the median TWA level
of all the entries to create a reference rank. Finally, each entry received a
performance metric computed as the Kendall’s correlation coefficient [Abdi,
2007] between the method’s rank and the reference rank.

Although the reference rank was useful for scoring the challenge entries,
it did not represent an increasing magnitude of TWA, and therefore it is not
appropriate for benchmarking. If synthetic signals were ordered according
to their true TWA level (correct rank), the correlation between the cor-
rect rank and the reference rank derived from all entries would be 0.698,
which would have been the 8th score in the competition. Furthermore, the
reported method with the highest score [Bortolan and Christov, 2008] did
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multi-πCA scheme single-lead scheme
volunteer ischemic volunteer ischemic

% records with TWA 43.9‡ 47.1§ 28.7‡ 28.5§

TWA characteristics
Vmax (µV ) 125±143 123±163 133±133 135±146

duration (s) 33±39 45±44 29±24 51±39
HRo (bpm) 126±30† 109±18† 121±30† 105±20†

number of episodes 41 42 26 22

Table 5.4: Results of TWA analysis in stress test data, considering all
episodes regardless of when they are detected. PFA = 0.01 for the two
schemes. Data expressed as (mean ± one standard deviation). † indicates
a significant difference between volunteer and ischemic groups; ‡ and § in-
dicate a significant difference between multilead and single-lead schemes.

multi-πCA scheme single-lead scheme
volunteer ischemic volunteer ischemic

HRo < 110 bpm
% records with TWA 16.6† 37.1† 9.1 17.1

Vmax (µV ) 105±107 126±169 72±55 113±55
duration (s) 32±40 49±39 31±32 53±41

number of episodes 13 27 6 11

HRo < 100 bpm
% records with TWA 7.5† 24.2† 7.5 14.2

Vmax (µV ) 89±87 113±143 40±20 128±130
duration (s) 42±43 63±47 25±17 65±46

number of episodes 9 21 6 10

Table 5.5: Results of number of records with TWA in stress test data,
calculated considering the episodes detected before heart rate reaches 110
bpm (first row) and 100 bpm (second row). PFA = 0.01 for the two schemes.
† indicates significant differences in the number of records with TWA in
volunteer and ischemic groups.
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not quantify TWA magnitude, but only labeled records as with or without
TWA. Besides, in the reference rank, 25 out of the 30 records with highest
TWA are synthetic. This indicates that the comparison with the reference
rank penalizes those methods that are able to detect TWA in real signals,
and favors those methods that only measure TWA in synthetic signals with
a low degree of physiological variability and with a higher number of leads.
The reported method with the highest score, for instance, only detects TWA
in one real signal.

These results, however, do not invalidate the use of the Physionet TWA
database as a reference. Comparisons can still be made with respect to
the correct rank of synthetic methods, and the fact that this dataset is
publicly available facilitates reproduction of results and comparison with
other methods.

In this work, the 32 synthetic signals from this database were processed
with multi-πCA, multi-PCA and single schemes, using the detection thresh-
olds computed for real signals with added TWA in section 5.4.1. ECG
records were sorted according to the TWA amplitude estimated by each
scheme, and compared each resulting rank with the correct rank that is
obtained by sorting the records according to its true TWA content. The
Kendall rank correlation coefficients between the estimated rankings and
the correct ranking were 0.685 for the single scheme, 0.750 for the multi-
PCA scheme, and 0.766 for the multi-πCA scheme.

5.5 Discussion

The multi-πCA scheme presents the best detection performance among the
compared schemes, both in synthetic and real signals (figures 5.4 and 5.5).
This scheme exploits the fact that ECG signals do not usually contain any
component of cardiac origin at the frequency of 0.5 cpb other than TWA. If
baseline wander and other low-frequency artifacts were perfectly removed,
the only component projected into the first transformed lead by the πCA
transformation would be the alternans. In practice, the signal may still
contain residual baseline and noise after preprocessing; in that case, the
transformation does not isolate TWA in the first transformed lead, but it
still makes TWA stand out over noise, increasing the ASNR in that lead.
This effect explains why TWA with an amplitude as low as 5 µV becomes
detectable in real signals (figure 5.5), and can be clearly observed in the
last panel of figure 5.8, where the detection statistic, which represents an
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indirect measure of the ASNR, exceeds the threshold at Valt = 3.5 µV.
Unlike πCA, PCA does not necessarily project the TWA component into

the first transformed lead. PCA separates signal components according to
their variance; therefore, PCA projects the component with the highest
power into the first transformed lead. That component can be the noise if
TWA power is lower than noise power.

This effect can be observed in the evolution of the GLRT statistic Z
with PCA (figure 5.8). In that example, when TWA is low (Valt = 5 µV),
PCA concentrates the noise in the highest transformed leads (T1 - T3 ), re-
moving it from the lowest lead (T8 ). Therefore, in T8 the ASNR rises,
the statistic Z passes the detection threshold, and TWA is detected. As
Valt increases, TWA and noise power become similar, and PCA cannot sep-
arate them, so the ASNR in the transformed leads does not increase and
TWA is not detected. Then, when Valt is high enough, TWA power starts
to be higher than noise power, and PCA progressively projects TWA into
higher leads, making them detectable first in T2 and finally in T1. This
“positive-negative-positive” detection pattern was consistently found in real
signals with added TWA, and is the cause of the “valley” in the PD curve of
the multi-PCA scheme (figure 5.5). This pattern was not found in the syn-
thetic signals of the first dataset, where three leads are not rich enough in
information for PCA to produce such a clear separation of TWA and noise.
The value of the detection threshold for a fixed PFA decreases when a longer
analysis window is used, but longer windows have little effect on the spatial
redistribution of TWA and noise in the transformed signal. Therefore, the
“valley” in the PD curve tends to disappear for longer analysis windows (see
figure 5.7).

When we compare the detection gains of multilead schemes over a single-
lead scheme in the different evaluation datasets, both in this chapter and in
chapter 4 (figures 4.5, 5.4 and 5.5), we can observe that the detection gain
is higher for 12-lead ECGs than for 3-lead ECGs, and also that the highest
difference between single and multilead schemes is obtained with synthetic
signals without any physiological variability (the signals generated in section
4.2.1). A lower number of leads and a more realistic noise and variability in
the ECG decrement the detection gain that can be obtained with a multilead
scheme.

The ICA algorithms, FastICA and JADE, present the worst detection
performance among the compared schemes (figure 5.12). ICA has been suc-
cessfully applied to other ECG problems in the past [Castells et al., 2007],
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but, according to the results of the present study, it is not the best ap-
proach for TWA analysis. FastICA and JADE algorithms are based on the
classic ICA model, which assumes that the input signal is an instantaneous
stationary linear mixture of independent sources, whose number equals the
number of signal channels. This is not a very realistic assumption for TWA
analysis in 3-lead ECGs, in which the signal after the preprocessing stages,
besides the TWA component, may still contain different types of residual
noise (electrode movement, baseline wander, motion artifacts) and residual
activity of the ventricles due to a non-perfect detrending filter. In this case,
assuming only three sources could be unrealistic, and independence between
sources is not assured either. ICA algorithms could yield better results with
12-lead ECGs, such as those obtained in TWA clinical stress tests, but their
utility with ambulatory 2 or 3-lead ECGs seems limited.

The best detection performance is obtained with the periodicity-based
schemes. Both πCA and SRM search for the direction from which the
periodicity of the transformed signal is maximum, following a temporal and
a spectral criterion respectively. These criteria offer equivalent detection
results; the directions obtained by the two schemes tend to converge as TWA
increases, and for low Valt values, πCA and SRM directions are close enough
to produce the same PD. The projections obtained with SRM and πCA-SRM
schemes coincide in all cases. Initializing the optimization algorithm with
πCA —a closer point to the solution— reduces convergence time, but even
in that case the computational cost is more than 70 times higher than the
cost of the πCA scheme.

The main benefits of the multi-πCA scheme can also be expected when
it is combined with single-lead techniques other than the LLR method. The
improvement in the detection power is due to the signal transformation
stage, and does not depend on the actual detection technique, so similar
detection gains are obtained when the multilead scheme is combined with
LLR and SM techniques, as it was demonstrated in the previous chapter.
Furthermore, the multi-πCA scheme can also simplify the detection rules of
existing methods such as SM, which require a complex set of lead-specific
conditions to determine the presence of TWA in an ECG [Bloomfield et al.,
2002]. The fact that πCA always projects TWA into the first transformed
lead (T1 ) means that the detection rule needs to be applied only to that
lead, making a simpler and more powerful detection scheme.

In addition to a high sensitivity to TWA, an accurate estimation of the
TWA amplitude is also an important requisite of the analysis methods, since
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quantitative evaluation of TWA has been shown to improve risk assessment
[de Vilhena Garcia et al., 2009, Minkkinen et al., 2008, Klingenheben et al.,
2005]. Results in section 5.4.1 indicate that the multi-πCA scheme improves
the accuracy of the amplitude estimation (figure 5.11). For high Valt levels,
the bias of the multi-πCA estimation is slightly higher than the bias of the
single-lead estimation due to the truncation carried out in the reconstruction
stage —as only a subset of transformed leads is used to reconstruct the
signal, the reconstructed TWA lacks the content of the truncated leads,
which may still contain a small alternant component. However, the variance
of the multi-πCA estimation is lower than the variance of the single-lead
estimation, especially at low amplitudes, so the total mean square error is
always lower than with the single scheme. This effect is also observed in the
PhysioNet TWA database, where the use of the multi-πCA scheme provides
the highest correlation with the correct rank of records.

Results on stress test signals confirm that the higher sensitivity to TWA
of the multi-πCA scheme can also be expected in a real clinical dataset.
Furthermore, this scheme improves the differentiation of volunteers and is-
chemic patients according to TWA episodes over the multi-PCA and the
single schemes, which indicates the potential clinical utility of the proposed
method. According to current guidelines of TWA analysis in stress test,
TWA episodes are considered to indicate arrhythmic risk only if they satisfy
several requirements, one of them being longer than 60 seconds [Bloomfield
et al., 2002]. These guidelines have been derived after extensive application
of the spectral method in clinical studies, and their application to other
techniques is not straightforward, but needs to be clinically validated be-
fore extracting conclusions about the prognostic value of any new method.
In our study, results indicate that TWA appears at higher heart rates in
volunteers than in ischemic patients, and that under heart rates of 100 and
110 bpm, TWA episodes are less frequent and have lower amplitude and
shorter duration (around 30 seconds) than in the ischemic group. These
findings agree with existing clinical evidence [Nearing and Verrier, 2002,
Rosenbaum et al., 1994], but it would be premature to extract conclusions
about arrhythmic risk at this stage.

In this study, cut-off values of heart rate, amplitude or duration of TWA
to predict cardiovascular events could not be determined in the study pop-
ulation because the follow-up information in terms of arrhythmic events or
all-cause mortality was not available.
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5.6 Conclusions

The multilead analysis scheme based on πCA is the most robust and sensi-
tive tool for TWA analysis among the compared alternatives. Comparison
in different scenarios—from synthetic signals to clinical records—shows that
it provides a better detection power than the previously proposed multilead
scheme based on PCA, and than the conventional single-lead approach. Fur-
thermore, the proposed scheme improves the differentiation between healthy
volunteers and patients with ischemic disease according to TWA detections.



Chapter 6

Analysis of TWA in ambulatory
records

6.1 Introduction

The utility of TWA testing during ambulatory monitoring has been subject
to intense investigation in recent years [Verrier et al., 2005b, Nieminen and
Verrier, 2010]. In ambulatory records, the maximum amplitude of TWA
has been semi-automatically quantified using the Modified Moving Average
Method MMAM [Verrier et al., 2005b], and then compared to a cut point
to decide if such TWA level should be considered normal or abnormal. This
binary TWA index has been found to be a strong predictor of arrhythmic
events and cardiac mortality in different populations [Nieminen and Ver-
rier, 2010]. In the last years, quantitative analysis of TWA amplitude as a
continuous variable has also been shown to indicate an increasing cardiac
risk [Klingenheben et al., 2005, Slawnych et al., 2009].

The MMAM measures the local TWA activity at each analysis point
using the powerful noise-rejection principle of recursive averaging [Verrier
et al., 2005b]. However, as only one TWA measurement is usually chosen
to characterize an ambulatory record, it is essential that this measurement
corresponds to real TWA and that it is not caused by artifacts in the signal.
Therefore, the visual verification of TWA measurements after MMAM pro-
cessing becomes indispensable [Nieminen and Verrier, 2010]. Furthermore,
basing the risk assessment on a single TWA measurement may reduce the
reproducibility of the index, as it is very dependent on the specific activity
that the patient is performing at a particular time.

105
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One way to circumvent these limitations could be to extend the averag-
ing approach to longer periods. It has been shown that long-term averaging
of ECG measurements allows the quantification of subtle phenomena such
as heart rate turbulence [Martínez et al., 2010], deceleration capacity [Bauer
et al., 2006] or baroreflex sensitivity [Rienzo et al., 2001]. The hypothesis
of the study in this chapter is that the application of extensive, long-term
averaging to TWA quantification will produce reliable measurements of the
average TWA activity over long periods, and that these measurements, be-
ing less sensitive to noise, will make it possible to perform TWA analysis
for risk assessment in a fully-automated way.

This study presents a fully-automated method to analyze TWA in am-
bulatory records, based on the πCA multilead scheme, which was chosen
as the best option among the alternatives compared in chapter 5. Results
demonstrate that the average TWA activity in a 24-hour period is an in-
dependent predictor of CD and SCD in patients with chronic heart failure
(CHF). Following the approaches of existing studies [Klingenheben et al.,
2005, Slawnych et al., 2009, Minkkinen et al., 2009], two risk indices are
proposed: a binary index that defines a positive/negative TWA test, and a
quantitative continuous index that reflects an increasing degree of cardiac
risk.

6.2 Study population

A total of 992 patients with symptomatic CHF corresponding to NYHA
classes II to III were enrolled in the MUSIC (MUerte Súbita en Insuficiencia
Cardiaca) study, a prospective, multicenter study designed to assess risk
predictors for cardiovascular mortality in ambulatory patients with CHF
[Vázquez et al., 2009]. The study protocol was approved by institutional
investigation committees and all patients signed informed consent. The
collection of clinical data for this population was reported in previous studies
[Vázquez et al., 2009, Cygankiewicz et al., 2009]. No medications were
withdrawn during Holter monitoring.

Twenty-four-hour ambulatory ECG recordings (XYZ orthogonal leads,
200 Hz sampling rate) were performed using SpiderView recorders (ELA
Medical, Sorin Group, Paris, France). From the overall population, the
650 available records from patients with sinus rhythm were included in the
present study. The clinical characteristics of studied patients as well as
medication are listed in the first column of table 6.1.
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6.2.1 Follow-up and end-points

Patients were followed up every 6 months for a median of 48 months, with
total mortality as a primary end point, and cardiac death (CD) and sud-
den cardiac death (SCD) as secondary end points. Information about end
points was obtained from medical records, patients’ physicians, and family
members.

Cardiac death was defined as death from cardiac causes, but exclud-
ing such vascular causes as pulmonary embolism, aortic aneurysm dissec-
tion/aneurysm, or stroke. Sudden cardiac death was defined as: a) a wit-
nessed death occurring within 60 minutes from the onset of new symptoms
unless a cause other than cardiac was obvious, b) an unwitnessed death
(< 24 hours) in the absence of preexisting progressive circulatory failure or
other causes of death, or c) death during attempted resuscitation.

End points were reviewed and classified by the MUSIC Study Endpoint
Committee. Table 6.2 summarizes the number of deaths in the study pop-
ulation during the median 48-month period.

6.3 Methods

6.3.1 Measurement of TWA

The analysis scheme chosen for this study is the multilead scheme based
on πCA. Instead of using the general multilead scheme (figure 3.2), the
modified scheme depicted in figure 3.5 is used, because in this case the
detection threshold cannot be realistically determined. In previous studies,
a threshold for the detection stage was set by analyzing signals without
TWA (in data sets with artificially added TWA), or ECG segments from
healthy subjects where the absence of TWA could be reasonably assumed
(in stress test data). In the present study, the absence of TWA could not
be assumed at any point because the population did not include a control
group of healthy subjects. Choosing a threshold from previous studies was
not realistic either, because thresholds depend on factors such as the number
of leads to analyze, the conditions of ECG recording (rest vs. stress test, for
example), and the length of the analysis window, among others. Therefore,
the modified scheme in which detection is omitted was selected.

Heart beats were detected and labeled as normal or abnormal with the
Aristotle ECG analysis software [Moody and Mark, 1982]. Baseline wan-
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der was canceled using a cubic-splines technique [Meyer and Keiser, 1977].
Automatic TWA analysis was then performed on every ECG recording in
three steps: 1) selection of signal segments which were suitable for auto-
matic analysis, 2) estimation of the amplitude of TWA in those segments,
and 3) computation of indices that reflect the general alternans activity
through the record. These steps are summarized below.

Selection of segments

ECGs were analyzed in segments of 128 beats with a 50% overlap between
adjacent segments (δ = 64). Each segment was included in automatic TWA
analysis if 1) the difference between the maximum and the minimum in-
stantaneous heart rate (HR) during the segment was ≤ 20 beats per minute
(bpm), and 2) at least 80% of the beats in the segment fulfilled all of the
following conditions:

1. it was labeled as normal by the Aristotle software,

2. the difference between the RR interval of that beat and the previous
RR interval was ≤ 150 ms,

3. the difference between the baseline voltage measured at the PQ seg-
ment in that beat and the one measured in the preceding beat was ≤
300 µV.

Estimation of TWA amplitude

If an ECG segment (denoted as the kth segment) was suitable for analysis,
a measurement of the TWA amplitude in that segment (denoted as Vk) was
computed by using a multilead scheme that combined πCA with the LLRM.

First, the ECG segment was low-pass filtered at 15 Hz to eliminate part
of the noise that could affect the estimation of TWA amplitudes. Figure 6.1
shows an example of an ECG signal with TWA after baseline cancellation
and low-pass filtering.

Then, the three orthogonal leads of the ECG segment were linearly
combined to obtain a new lead in which the visibility of TWA over noise
was maximized. This combination of leads was not predetermined, but
was specifically computed for each segment with the πCA technique, and
depended on how the 2-beat periodic components of the signal were dis-
tributed among the ECG leads. In this study, only the first transformed
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Figure 6.1: Example of TWA amplitude estimation. (a) ECG segment
selected for automatic analysis after low-pass filtering and baseline cancel-
lation. (b) New combined lead, computed with πCA. (c) Median TWA
waveform in the segment, estimated with the Laplacian likelihood ratio
method, and absolute TWA amplitude in the segment Vk = 18.5 µV.
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obtained with πCA was analyzed, since it is the lead where TWA is pro-
jected, as demonstrated in chapter 5. Figure 6.1(b) shows the combined
lead obtained with πCA for the example ECG segment.

Finally, TWA amplitude was measured in the new combined lead (not in
a reconstructed signal, this is the main difference with the general multilead
scheme). In each beat, an interval of 350 ms after the end of the QRS was
selected (ST-T complex, marked with dashed lines in figure 6.1(b)). The
median difference between the ST-T complexes of even and odd beats was
computed by using the LLRM. In this way, an estimation of the median
TWA waveform in the ECG segment was obtained (figure 6.1(c)). The
amplitude of TWA in the segment, denoted as Vk, was finally measured
as the absolute value of the mean of the estimated TWA waveform (figure
6.1(c)).

Computation of TWA indices

Two sets of indices were computed after measuring the amplitude of TWA in
all the segments of an ECG record. The first set reflected the average activ-
ity of TWA within the segments under study, and the second set quantified
the maximum TWA amplitude in the segments under study.

The first set consisted of the Average Alternans Index (AAI) and the
heart-rate-restricted Average Alternans Indices (AAIx). AAI was computed
as the average of all Vk values in the ECG signal, and reflected the average
TWA activity during the 24-hour period. Note that, for instance, a 24-hour
ECG that presented TWA only during 5% of the time with an amplitude
of 60 µV would have an AAI = 3 µV, which means that the AAI cannot
be interpreted as a direct measurement of the amplitude of TWA at any
single point. Restricted Average Alternans Indices (AAIx) were computed
as the average of only those Vk values measured in segments with average
HR ranging from X -10 bpm to X bpm, with X= {70, 80, 90, 100, 110}. For
instance, AAI90 would reflect the average TWA activity at HR between 80
and 90 bpm in the 24-hour period.

The second set consisted of the Maximum Alternans Index (MAI) and
the restricted Maximum Alternans Indices (MAIx). MAI was computed
as the maximum of all Vk values in the ECG signal. Restricted Maximum
Alternans Indices (MAIx) were computed as the maximum of the Vk values
measured in segments with average HR ranging from X -10 bpm to X bpm,
with X= {70, 80, 90, 100, 110}. For instance, MAI90 would represent the
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maximum TWA amplitude at HR between 80 and 90 bpm in the 24-hour
period. This set of indices quantifying maximum TWA amplitudes was
included for comparison to the usual approach in ambulatory TWA testing.

6.3.2 Statistical analysis

Data are presented as mean ± standard deviation for continuous variables,
and number and percentage for categorical variables. Two-tailed Mann-
Whitney and Fisher’s exact tests were used for univariate comparison of
quantitative and categorical data respectively. Survival probability was es-
timated using Kaplan-Meier methods with comparison of cumulative events
using log-rank tests. Univariate and multivariate Cox proportional hazards
analyses were performed to determine the prognostic value of TWA indices
in predicting the end points. Cox regression models were built considering a
significance ≤ 0.05 as the criterion for entry into a model. Linear relations
between quantitative TWA indices and HR were evaluated with Spearman’s
correlation coefficient. A p-value < 0.05 was considered statistically signif-
icant. Data were analyzed using SPSS software (version 15.0; SPSS Inc.
Chicago, IL).

6.4 Results

The mean value of AAI in the study population was 3.3 ± 2.1 µV, and the
25th, 50th and 75th percentiles were 2.4, 2.9 and 3.7 µV respectively (figure
6.2). A weak negative correlation was found between AAI and mean HR in
the Holter recording (ρ = -0.083, p-value = 0.035).

Patients were divided into TWA positive (TWA+) and TWA negative
(TWA-) groups by setting a cut point for AAI of 3.7 µV, corresponding to
the 75th percentile of the distribution of AAI in the population. Of the 650
studied patients, 493 (75.8%) were included in the TWA- group (AAI ≤ 3.7
µV) and 157 (24.2%) in the TWA+ group (AAI > 3.7 µV). No significant
differences were found upon comparison of clinical variables in TWA+ and
TWA- groups (table 6.1). Survival rate was significantly higher in group
TWA- for primary and secondary end points (table 6.2). Figure 6.3 shows
the distribution of AAI in survivors, CD and SCD groups.

Univariate Cox analysis revealed that a TWA+ outcome was associated
to all-cause mortality, to CD, and to SCD (table 6.3). No association was
found between a TWA+ outcome and non-cardiac mortality. Multivari-
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Figure 6.2: Top: boxplot of the average alternans indices computed in the
24-h period (AAI), and in intervals with HR in the range of X -10 to X bpm
(AAIx). Bottom: boxplot of the maximum alternans indices computed in
the 24-h period (MAI), and in intervals with HR in the range of X -10 to
X bpm (MAIx). The number (and percentage) of records in which indices
could be computed is indicated above the boxes. Significant differences
between the medians of adjacent boxes are indicated by *(p < 0.05) and
**(p < 0.001).
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Figure 6.3: Boxplot of the average alternans index computed in the 24-h
period (AAI) in survivors, CD and SCD groups. The horizontal dashed line
indicates the cut point of 3.7 µV, corresponding to the 75th percentile of
the distribution of AAI in the overall population.

ate Cox proportional hazards models were constructed by adjusting for (1)
age, gender, NYHA class, LVEF < 35%, and diabetes, and (2) use of beta-
blockers, amiodarone and ACE or ARB inhibitors in addition to covariables
in model (1). For multivariate model (1), a TWA+ outcome was the vari-
able most significantly associated to SCD risk, with a hazard ratio of 2.38,
similar to LVEF < 35% (hazard ratio 2.55, 95% CI: 1.35 – 4.80, p = 0.004).
For multivariate model (2), a TWA+ outcome was the covariable with the
second highest hazard ratio (2.29) after LVEF < 35% (hazard ratio 2.65,
95% CI: 1.39 – 5.03, p = 0.003). The event-free curves for CD and SCD are
shown in figure 6.4.

The mean values of AAIx were AAI70 = 2.8 ± 1.9 µV, AAI80 = 3.3
± 2.3 µV, AAI90 = 3.9 ± 2.4 µV, AAI100 = 5.0 ± 3.1 µV and AAI110
= 6.1 ± 5.5 µV. Not all ECGs presented a HR spanning from 60 to 110
bpm; also, all segments within a certain HR range were discarded for TWA
analysis in some recordings (according to the inclusion rules described in the
Methods section). Therefore, not every AAIx could be computed for every
patient. The percentages of indeterminate values for the entire population
were 18.1% for AAI70, 9.1% for AAI80, 13.4% for AAI90, 26.1% for AAI100,
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Total
Population TWA− TWA+
(n = 650) (n = 493) (n = 157) p

Age (years) 63 ± 12 63 ± 11 64 ± 13 0.091
Gender (men) 462 (71.1%) 350 (71.0%) 112 (71.3%) 0.999

NYHA class III 117 (18.0%) 87 (17.6%) 30 (19.1%) 0.721
LVEF < 35% 356 (54.8%) 262 (53.1%) 94 (59.9 %) 0.142

Diabetes 245 (37.7%) 190 (38.5%) 55 (35.0%) 0.451
Beta-blockers 454 (69.8%) 350 (71.0%) 104 (66.2%) 0.273
Amiodarone 59 (9.1%) 43 (8.7%) 16 (10.2%) 0.632

ARB or ACE inhibitors 573 (88.2%) 441 (89.4%) 132 (84.1%) 0.088
Average HR (bpm) 75 ± 12 76 ± 12 75 ± 12 0.581

Maximum HR (bpm) 122 ± 26 123 ± 27 119 ± 25 0.100

NYHA = New York Heart Association
LVEF = Left ventricular ejection fraction
ARB = Angiotensin receptor blocker
ACE = Angiotensin-converting enzyme

Table 6.1: Characteristics of patients. Data are presented as absolute fre-
quencies and percentages, or as mean ± standard deviation.

Total Population TWA− TWA+
(n = 650) (n = 493) (n = 157) p

Total mortality 146 (22.5%) 99 (20.1%) 47 (30.0%) 0.012
CD 119 (18.3%) 81 (16.4%) 38 (24.2%) 0.033

SCD 52 (8.0%) 30 (6.1%) 22 (14.0%) 0.003

Table 6.2: Events during follow-up. Data expressed as absolute frequencies
and percentages.
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AAI > 3.7 µV AAI90
Total mortality Hazard ratio p Hazard ratio p

Univariate 1.62 (1.15 − 2.29) 0.006 1.04 (0.99 − 1.10) 0.150
Multivariate(1) 1.54 (1.09 − 2.19) 0.015 1.05 (0.98 − 1.11) 0.144
Multivariate(2) 1.48 (1.04 − 2.10) 0.030 1.04 (0.98 − 1.11) 0.184

AAI > 3.7 µV AAI90
CD Hazard ratio p Hazard ratio p

Univariate 1.60 (1.09 − 2.35) 0.017 1.05 (1.00 − 1.11) 0.051
Multivariate(1) 1.54 (1.04 − 2.26) 0.030 1.06 (1.00 − 1.13) 0.038
Multivariate(2) 1.44 (0.97 − 2.13) 0.068 1.06 (1.00 − 1.13) 0.051

AAI > 3.7 µV AAI90
SCD Hazard ratio p Hazard ratio p

Univariate 2.48 (1.43 − 4.30) 0.001 1.07 (1.01 − 1.15) 0.041
Multivariate(1) 2.38 (1.37 − 4.14) 0.002 1.07 (1.00 − 1.15) 0.039
Multivariate(2) 2.29 (1.31 − 4.00) 0.004 1.07 (1.00 − 1.15) 0.046

Table 6.3: Association of TWA indices with mortality. 95% confidence inter-
vals for hazard ratios are reported in brackets. Adjusted multivariate model
(1) includes age, gender, NYHA class, LVEF < 35%, and diabetes. Adjusted
multivariate model (2) includes covariables in (1) plus use of betablockers,
amiodarone, and ARB or ACE inhibitors.
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and 47.2% for AAI110. Figure 6.2 shows the distributions of AAIx.
The mean values of AAIx increased with HR, and there were signifi-

cant differences between indices from all adjacent HR intervals (figure 6.2).
Univariate Cox analysis was performed for all AAIx, and only AAI90 was
found to be associated with SCD. Multivariate Cox analysis confirmed this
association (table 6.3). AAI90 was not associated to all-cause mortality or
non-cardiac mortality.

The mean value of MAI in the study population was 31.4 ± 25.3 µV, and
the 25th, 50th and 75th percentiles were 17.9, 24.7 and 38.0 µV respectively
(figure 6.2). No association to CD or SCD risk was found for MAI as a
continuous variable or as a categorical variable after dichotomization with
the 75th percentile. The mean values of MAIx were MAI70 = 16.1 ± 13.1
µV, MAI80 = 17.2 ± 10.6 µV, MAI90 = 17.5 ± 12.1 µV, MAI100 = 19.7
± 12.1 µV and MAI110 = 20.6 ± 22.6 µV. MAIx were not significantly
associated to CD or SCD risk according to Cox univariate and multivariate
analyses.

6.5 Discussion

This study demonstrates that the quantification of the average TWA activ-
ity over long periods is a strong, independent predictor of SCD in patients
with CHF. Two indices quantifying the TWA activity in a 24-hour period,
AAI and AAI90, were found to independently predict CD and SCD, but did
not predict non-cardiac mortality, a finding that supports the hypothesis
that elevated TWA activity reflects abnormal cardiac function predisposing
to cardiac death.

The average TWA activity in a 24-h period, quantified by the AAI, was
the covariable most strongly associated to the risk of SCD. In our popu-
lation, only a weak correlation was found between AAI and the patient’s
HR, which indicates that AAI is not merely a surrogate measure of the
patient’s HR, but also reflects the influence of HR-independent factors in
TWA. Therefore, AAI may provide a measure of the extent of cardiac vul-
nerability, because a higher influence of HR-independent factors in TWA
amplitude reflects a higher degree of cardiac electrical instability [Verrier
et al., 2009].

The prognostic value of quantitative TWA measurements is increasingly
being studied [Klingenheben et al., 2005, Slawnych et al., 2009, Minkkinen
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et al., 2009]. In this study, an index of quantitative TWA (AAI90) inde-
pendently predicted SCD. When measured at moderate heart rates, higher
magnitudes of TWA are known to predict a greater risk of serious outcomes
[Cutler and Rosenbaum, 2009]. For TWA to predict cardiovascular events,
maximum HR limits ranging from 100 to 125 bpm are usually considered
[Verrier et al., 2009]. In this study, we found that the average TWA activity
was associated to SCD when measured at lower rates, between 80 and 90
bpm (AAI90). A possible explanation for this difference is that heart failure
lowers the HR threshold to elicit TWA [Wilson et al., 2009].

Unsupervised maximum TWA amplitudes, measured by MAI and MAIx,
did not predict cardiac risk. Although the values obtained for MAI were
comparable to maximum TWA amplitudes reported in the literature (be-
tween 30 and 60 µV), no significant association was found between MAI and
risk of SCD or CD. This was not unexpected, since it is known that mea-
suring TWA amplitudes without testing for its significance, either visually
or automatically, can lead to inaccurate results due to noise and artifacts
[Nemati et al., 2010]. In recent studies with ambulatory ECGs, the maxi-
mum TWA amplitude in a record is measured with the MMAM, either in
the whole record [Maeda et al., 2009] or in segments below a maximum HR
[Sakaki et al., 2009], and then needs to be visually verified to ensure that
they correspond to real TWA.

In the present study, we found that quantifying the average TWA ac-
tivity (AAI) instead of the maximum amplitude (MAI) eliminates the ne-
cessity of visually discarding erroneous measurements, and allows the pre-
diction of CD and SCD in the study population. To our best knowledge,
the method presented in this work is the first one that allows a multilead,
fully-automated computation of TWA markers of cardiac risk in ambula-
tory ECGs. However, although this study indicates that the average TWA
activity over a 24-hour period provides important prognostic information in
patients with CHF, it would be premature to extend these observations to
other groups. The use of a 75th percentile cut point for TWA measures is
a common starting point when a technique is first tested on a population
[Verrier and Nearing, 2003, Nieminen et al., 2007], but additional prospec-
tive evaluation is still required, particularly on the applicability of the cut
point derived in this study.
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6.6 Conclusions

This study demonstrates that the improvements in TWA detection and
estimation obtained with the πCA multilead scheme, together with the pro-
posed strategy for computing global TWA indices, make it possible to strat-
ify cardiac risk in Holter recordings without the need for visual validation.
Results show that the average TWA activity over a 24-hour period provides
important prognostic information in patients with CHF. Two novel indices,
AAI and AAI90, have been proposed to quantify the average TWA activity,
and have been found to independently predict the risk of CD and SCD.
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Chapter 7

Conclusions

This chapter summarizes the original contributions and main conclusions of
the thesis, and proposes possible extensions of the work.

7.1 Summary and conclusions

As stated in chapter 1, the objective of this thesis was to develop a multilead
scheme for TWA analysis that improved the detection and quantification of
TWA in the ECG, and that increased the clinical value of TWA as a risk
index. The work carried out to achieve this goal can be divided in three
parts: design of novel multilead schemes for TWA analysis, methodological
evaluation of the proposed techniques, and clinical validation of the selected
multilead scheme. The original contributions and conclusions of each part
are summarized next.

Design of novel multilead schemes for TWA analysis

Chapter 3 introduced a general scheme for multilead analysis of TWA. The
proposed scheme is an extended version of a usual single-lead scheme, where
two additional stages, transformation and reconstruction, increase the de-
tectability of TWA, and also improve the estimation of TWA amplitude and
waveform. Various techniques are proposed for the transformation stage
(PCA, πCA, ICA and SRM). While πCA and ICA techniques are not new,
they have been applied to TWA analysis for the first time in this work. SRM
is a new technique proposed in this work which exploits the periodicity of
TWA to increase its detectability in the transformed signal.

121
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The general multilead scheme is not tied to a specific TWA analysis
method, but can be combined with any single-lead method which detects
and estimates TWA in separate stages. Along the thesis, it has been com-
bined with the LLRM, and also with the SM for comparison. Besides,
several modifications are proposed to adapt the general scheme to different
clinical settings.

Methodological validation

Chapters 4 and 5 presented the methodological evaluation of the multilead
scheme based on PCA (multi-PCA scheme) and based on πCA (multi-πCA
scheme). Multi-PCA, multi-πCA and single-lead schemes were compared
in various simulation studies, in which synthetic, semi-synthetic and real
signals with known TWA were analyzed. Differences between schemes were
quantified using two common performance metrics, probability of detection
and probability of false alarm, and also using new global measures of the
bias and variance of the TWA estimation. Differences in the detection power
obtained with πCA and with other BSS techniques were also studied.

Simulation results in chapter 4 showed that the multi-PCA scheme de-
tects TWA with a SNR 30 dB lower, and estimates TWA with a SNR 25
dB lower than the single-lead scheme for a given false alarm rate. It was
also shown that a similar detection gain can be obtained by applying the
multi-PCA scheme to the SM.

According to results in chapter 5, the multi-πCA is the one which pro-
vides the best detection power among the compared alternatives. In real
stress-test signals with added TWA, and for a 1% false alarm rate, the
multi-πCA scheme detects TWA of 5 µV with a probability of 98%, while
the probabilities for multi-PCA and single schemes are 60% and 1% respec-
tively.

When comparing BSS techniques, results in chapter 5 showed that the
periodicity-based schemes (πCA and SRM) yield the best detection power.
The maximum detection performance is obtained either using a temporal
criterion (πCA) or a spectral criterion (SRM) to maximize the periodicity of
the transformed signal. Therefore, using periodicity to separate TWA from
noise is the best multilead strategy among the compared options. Between
πCA and SRM, πCA is a better option because its computational cost is
much lower.

Multi-PCA, multi-πCA and single-lead schemes were used to analyze
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a stress test database. Results in chapter 4 showed that it is possible to
distinguish between CAD patients and healthy volunteers according to the
TWA detections of the multi-PCA scheme, whereas it is not possible with
the single-lead scheme. Results in chapter 5 indicated that the multi-πCA
scheme improves this differentiation.

Clinical validation

Chapter 6 presented a clinical study that confirmed the prognostic utility
of TWA as measured by the multi-πCA scheme. The combination of the
multi-πCA scheme with a procedure to select signal segments for automatic
analysis produced robust TWA measurements, which were used to compute
different clinical indices.

Novel indices were proposed to quantify the average TWA activity over
a 24-hour period, either globally (AAI) or during intervals with limited
heart rate (AAIx). A positive/negative TWA test was defined by setting
a cut point for AAI of 3.7 µV. A positive outcome (AAI > 3.7 µV) was
associated to all-cause mortality, CD, and SCD. The heart-rate-restricted
AAI90 also predicted CD and SCD. Neither AAI nor AAI90 predicted non-
cardiac mortality, which supports the hypothesis that elevated average TWA
activity reflects abnormal cardiac function.

A second group of indices measuring maximum TWA amplitudes was
also studied, which is a similar approach to what commercial systems com-
monly measure. In the present study, unsupervised measures of maximum
TWA amplitudes did not predict cardiac risk.

To our best knowledge, the method presented here is the first one that
allows a multilead, fully-automated computation of TWA markers of cardiac
risk in ambulatory ECGs. However, although this study indicates that the
average TWA activity over a 24-hour period provides important prognostic
information in patients with CHF, further research is needed to confirm the
validity of the cut point derived here, and to extend these observations to
other populations.

7.2 Future work

Possible research lines to expand the work in this thesis are presented below.

• Evaluation of the utility of multilead TWA measures as a risk index in
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stress test recordings. Starting with results in chapters 4 and 5, qual-
itative and quantitative TWA indices (presence, amplitude, duration,
onset heart rate) can be jointly studied to find the combination that
maximizes the prognostic value of the TWA stress test. This research
line could not be initiated during this thesis because the stress test
database did not include follow up information.

• Joint analysis of repolarization dispersion and alterations of the auto-
nomic nervous system (ANS) to improve risk stratification. It would
be interesting to test the hypothesis that combined evaluation of TWA
and ANS activity increases the prognostic value of the TWA test. As
a starting point, the circadian patterns of TWA, and also the relation
between TWA and heart rate turbulence (HRT) could be studied in
the MUSIC study database.

• Study of the relation between TWA and ischemia in ambulatory
recordings. As a starting point, the multilead approach for Holter
recordings presented in chapter 6 could be applied to the Long Term
ST Database [Jager et al., 2003], which contains 24-hour Holter record-
ings with isquemia annotations. Global AAI indices could be com-
pared to the clinical state of the patient, and also the correlation
between local TWA measurements and deviations of the ST segment
could be studied.

• Characterization of the spatial relation between TWA and occlusion
site in CAD patients. In 2006, Martínez and coworkers analyzed TWA
in patients undergoing PTCA, and found that the spatial distribution
of TWA varied according to the occluded artery, which reflected the
regional nature of the TWA phenomenon [Martínez et al., 2006]. As
discussed in chapters 3 and 5 of this thesis, the transformation com-
puted by πCA can be interpreted as the direction from with TWA is
better observed. It would be interesting to test if the average direc-
tion obtained with πCA also correlates with the site of the occlusion
during PTCA, and in that case, if the information provided by πCA
can be used improve the diagnosis of CAD patients in non-invasive
tests.



List of Acronyms

ACE Angiotensin-converting enzyme
ACI Alternans correlation index
AMFM Adaptive matched filter method
ARB Angiotensin receptor blocker
ASNR Alternans-Signal-to-Noise ratio
A-V Atrio-Ventricular (node)
bpm beats per minute
BSS Blind source separation
CAD Coronary artery disease
CFAR Constant false alarm rate
CHF Chronic heart failure
CI Confidence interval
CM Correlation method
cpb cycles per beat
CVD Cardiovascular disease
ECG Electrocardiogram
EP Electrophysiologic (study)
EU European Union
GLRT Generalized likelihood ratio test
HR Heart rate
IBAM Intra-beat average method
ICA Independent component analysis
ICD Implantable cardioverter defibrillator
JADE Joint approximate diagonalization of eigenmatrices
LLRM Laplacian likelihood ratio method
LQTS Long-QT syndrome
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LVEF Left ventricular ejection fraction
MI Myocardial infarction
MLE Maximum likelihood estimation
MMAM Modified moving average method
NYHA New York Heart Association
PCA Principal component analysis
PTCA Percutaneous transluminal coronary angioplasty
πCA Periodic component analysis
ROC Receiver operating characteristics (curve)
SA Sinoatrial (node)
SCD Sudden cardiac death
SM Spectral method
SNR Signal-to-noise ratio
SRM Spectral ratio maximization
TWA T-wave alternans
TWAR T-wave alternans ratio
US United States
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