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Resumen
El electrocardiograma (ECG) es una herramienta de diagnóstico, de carácter
no invasivo, esencial en la práctica clínica. Los registros de ECG de corta
duración son muy habituales en las rutinas clínicas. Sin embargo, en los
últimos años se está evaluando, de forma intensiva, la necesidad de la monitorización prolongada. No sólo el progresivo envejecimiento de la población
conlleva nuevas necesidades de monitorización, si no que el aumento de las
capacidades, tanto de cómputo como de almacenamiento, de los dispositivos
clínicos brindan un nuevo escenario de monitorización prolongada. Durante
las últimas décadas se ha propuesto un amplio conjunto de índices con el
objetivo de evaluar el estado cardiovascular a partir del ECG, tales como la
variabilidad de frecuencia cardíaca (VFC), la turbulencia del ciclo cardíaco
(TCC) y la alternancia de la onda T (AOT) entre otros. La finalidad es
utilizar estos índices para realizar estratificación de riesgo de pacientes. Sin
embargo, los fundamentos fisiológicos y patológicos de muchos de ellos continúan sin estar claros, por lo que la investigación en este área sigue siendo hoy
en día muy activa. Además, el cálculo e interpretación de estos índices en el
nuevo escenario que representa la monitorización prolongada no es directo.
Por lo tanto, existe una necesidad patente de reevaluar la utilidad clínica y
el significado de estos índices en el marco de la monitorización prolongada.
El objetivo de esta Tesis es desarrollar herramientas que permitan mejorar el análisis de la monitorización prolongada de datos cardíacos. Para este
propósito se desarrollan técnicas de procesado de señal y se diseñan procedimientos estadísticos no paramétricos en áreas de aplicación específicas.
En primer lugar, esta Disertación presenta un método ritmométrico automático para extraer las componentes infradianas, circadianas y ultradianas
de una señal. En los métodos convencionales que evaluan los patrones ritmométricos de una señal, los ritmos de interés son normalmente fijados a
priori. El método que se presenta aquí se apoya en un test de hipótesis, basado en remuestreo bootstrap, para construir un modelo ritmométrico para
cada paciente, seleccionando automáticamente las componentes espectrales
relevantes de cada señal. Este método ritmométrico se aplica en esta Tesis
para estudiar, por primera vez de forma poblacional, la evolución durante 7
días de índices lineales y no lineales de VFC en una base de datos de pacientes
con insuficiencia cardíaca (IC). Los resultados de este estudio muestran que
en pacientes con IC no sólo la componente circadiana, sino también las componentes infradianas y utltradianas, son significativas. Este hecho evidencia
que los ritmos infradianos afectan al estado del sistema nervioso autónomo
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(SNA). Las componentes infradianas de la VFC pueden ser de interés clínico
ya que podrían ser utilizadas para determinar el nivel de descompensación de
la IC y el efecto de suministrar tratamiento farmacológico a esos pacientes.
Además, la presencia de ritmos infradianos sugiere que 24 horas podrían no
ser suficientemente informativas para estimar de forma precisa los índices de
VFC.
En segundo lugar, se lleva a cabo un análisis ritmométrico en un escenario diferente, estudiando por primera vez las propiedades a largo plazo
de la fibrilación auricular (FA) crónica en registros de 7 días. El análisis se
realiza por medio de parámetros ampliamente utilizados, como la frecuencia
e índices de irregularidad, y también mediante un parámetro temporal novel
(r3 ) que se propone en este trabajo. Este parámetro se basa en el análisis de
componentes principales y pretende caracterizar la morfología de las ondas
f en la señal de FA. Dado que representa la varianza de las tres primeras
componentes principales, la influencia del ruido se ve considerablemente reducida, y por lo tanto es adecuado para el análisis de los registros de ECG de
larga duración típicamente ruidosos. Los resultados de este estudio muestran
que los parámetros estudiados varían considerablemente con el tiempo y que
reflejan aspectos complementarios de la señal de FA. Se detectaron ritmos
circadianos e infradianos en la mayoría de los pacientes, y reflejados en diferentes aspectos, tales como morfología, parámetros temporales y parámetros
espectrales, lo cual representa información adicional sobre el hecho que los
mecanismos de la FA crónica están relacionados con el equilibrio fisiológico
de los pacientes y los mecanismos de regulación a largo plazo del sistema
cardiovascular.
En la extensa literatura científica sobre índices de estratificación de riesgo
se describen múltiples opciones de procesado para acondicionar las señales
antes de realizar el cálculo de los índices, siendo el resultado de estos índices altamente dependiente del procesado de señal previo. Hasta la fecha no
existe un procedimiento sistemático que permita determinar los bloques de
procesado de señal relevantes y el ajuste de sus parámetros libres, a través de
criterios estadísticos. Finalmente, en esta Tesis se desarrolla una nueva metodología para optimizar el funcionamiento final de un sistema en términos
de sus opciones de procesado de señal. Esta metodología se apoya en un conjunto de estadísticos de decisión y un test de hipótesis basado en remuestreo
bootstrap, y se aplica aquí para optimizar el funcionamiento final de sistemas
de análisis de la AOT. Por un lado, un conjunto de señales semi-sintéticas con
actividad de AOT conocida proporciona una referencia que permite cuantificar las diferencias de las diversas opciones de procesado. Por otro lado, la
metodología se aplica también a dos conjuntos de registros de ECG públicos
de 24 horas. Los resultados en señales semi-sintéticas muestran que, después
del procedimiento de optimización, los errores de estimación de la AOT se
reducen significativamente. Los resultados en ECGs reales muestran que el
ajuste apropiado de algunas opciones de procesado da lugar a una mayor
separación, en términos estadísticos, entre dos poblaciones de pacientes con
diferente grado de riesgo de muerte súbita cardíaca documentada. Una im-
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plicación clínica directa es que, cuando se realizan ensayos clínicos y para
un método de análisis específico para cada aplicación, una optimización del
procesado de señal previo puede mejorar sustancialmente el funcionamiento
del sistema.
El análisis a largo plazo de señales cardíacas probablemente va a convertirse en un futuro cercano en un área investigación muy activa, ya sea a
partir de Holter de larga duración, o de dispositivos implantables, o de otro
tipo de fuentes. La contribución principal de este trabajo ha sido el desarrollo de herramientas capaces de manejar este nuevo tipo de series de largo
plazo.

Abstract
The electrocardiogram (ECG) is an essential non-invasive diagnostic tool
in the clinical practice. Short-term ECG recordings are very common in
clinical routines. However, in the last years the need for long-term ECG
monitoring is being intensely evaluated. Not only the aging of the population
involves new monitoring needs, but also the increasing computational and
storage capacities of the clinical devices offer a new long-term monitoring
scenario. Over the last decades, a large set of indices has been proposed
for non-invasive assessment of the cardiovascular condition from the ECG,
such as heart rate variability (HRV), heart rate turbulence (HRT), T-wave
alternans (TWA), and many others. The purpose is to use these indices for
risk stratification of patients. However, the physiological and pathological
fundamentals of many of them are still not completely understood, and the
research in this setting is today very active. Furthermore, the computation
and interpretation of these indices in the new scenario represented by longterm monitoring is not straightforward. Therefore, there is a strong need to
re-assess the clinical usefulness and meaning of these indices in the long-term
setting.
The objective of this Thesis is to develop tools that improve the analysis
of long-term monitoring cardiac data. To achieve this goal, signal processing techniques are developed and non-parametric statistical frameworks are
designed in selected areas of application.
First, this dissertation presents an automatic rhythmometric method to
extract the infradian, circadian, and ultradian components of a signal. In
the conventional methods to assess the rhythmometric patterns of a signal
the rhythms of interest are typically hypothesized in advance. The method
presented here leans on a bootstrap hypothesis test to construct a rhythmometric model, for each patient, by automatically selecting the relevant
spectral components in each signal. This rhythmometric method is applied
to study, for the first time in a population, the 7-day evolution of linear and
non-linear HRV indices in a database of heart failure (HF) patients. The
results of this study show that the contribution to the rhythmometric patterns in HF patients is significant not only for the circadian, but also for the
infradian and the ultradian components. This presents an evidence of infradian rhythms affecting the state of the autonomic nervous system (ANS).
The infradian components of HRV may be of clinical interest because they
could show the presence of rhythm patterns with prognostic value, which
could be used to determine the decompensation level of HF and the effect of
ix
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providing a drug treatment to these patients. Furthermore, the presence of
infradian rhythms suggests that 24 hours may be not informative enough to
accurately describe the HRV indices.
Second, a rhythmometric analysis is accomplished in a different scenario,
and long-term properties of chronic atrial fibrillation (AF) are studied for
the first time throughout 7 days. The analysis is done in terms of well
known parameters, such as frequency and irregularity indices, and also in
terms of a novel temporal parameter (r3 ) proposed here. This parameter is
based on principal components analysis (PCA) and aims to characterize the
morphology of f-waves in the AF signal. Since it represents the variance of
the three largest principal components, the influence of noise is considerably
reduced, therefore it is well-suited for the analysis of typically noisy longterm ECG recordings. The results of this study show that these parameters
vary considerably over time and that they reflect complementary aspects
of the AF signal. Circadian and infradian rhythms were found in most
patients and reflected by different aspects, such as morphology, time domain,
and spectral domain parameters, which is an additional piece of information
about chronic AF mechanisms being related to the physiological equilibrium
of patients and the long-term regulation mechanisms of the cardiovascular
system.
In the extensive scientific literature about risk stratification indices, multiple processing options are described to condition the signals before computing the indices, the results being highly dependent on this previous signal
processing. There is a lack of a systematic procedure allowing to detect
the relevant processing blocks and its settings by means of statistical criteria. Finally, in this Thesis a new methodology is developed for optimizing
the final performance of a system in terms of its signal processing options.
This methodology relies on a set of decision statistics and a non-parametric
hypothesis test based on bootstrap resampling, and is applied here to optimize the final performance of TWA analysis systems. First, a set of semisynthetic signals with known TWA activity allows a clear gold standard for
benchmarking. Second, the methodology is also applied to two sets of public 24-hour ECG recordings. Results on semi-synthetic signals show that,
after the optimization procedure, TWA estimation errors are significantly
reduced. Results on real ECGs show that appropriate tuning of some of
the processing options yield a larger statistical separation between two patient populations with different documented risk of sudden cardiac death. A
straightforward clinical implication is that, when conducting clinical trials,
and for a given a specific analysis method for each application, a previous
signal processing optimization may substantially improve the performance
of the system.
The long-term analysis of cardiac series is probably becoming in the
near future an active research area, either from long-term Holter, or from
implantable devices, or from other sources. The main contribution of this
work has been the proposal of tools capable of dealing with this new kind of
long-term series.
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Chapter 1
Introduction
This chapter explains the motivation of this doctoral Dissertation and
presents the objectives pursued during the course of this Thesis. Next, it
gives an outline of the Dissertation, and enumerates the contributions in
each chapter.

1.1

Motivation and Objectives

Although the number of deaths attributable to cardiovascular diseases
(CVD) have decreased in the last decades, they remain the major cause of
premature death in developed countries [1]. Of all deaths that occur before
the age of 75 years in Europe, 42% are due to CVD in women and 38% in
men [2]. In the United States, the relative rate of death attributable to CVD
in 2009 was 32.2 % of all deaths, 1 of every 3 deaths. In 2009, 34% of deaths
attributable to CVD occurred before the age of 75 years, which is well before
the average life expectancy of 78.5 years [3]. Unlike in developed countries,
a trend of rising CVD mortality is present in developing countries [1]. By
2020, CVD are predicted to be the major causes of morbidity and mortality in most developing nations around the world [4]. These data justify
any effort at reducing the incidence of CVD by improving the prevention,
diagnosis, and treatment of these diseases.
The electrocardiogram (ECG) is an essential non-invasive diagnostic tool
in the clinical practice. Short-term ECG recordings are very common in
clinical routines, however, short-time recordings may miss relevant diagnostic and prognostic information. In the last years the need of long-term ECG
monitoring is being intensely evaluated. Not only the aging of the population involves new monitoring needs, but also the increasing computational
and storage capacities of the clinical devices offer a new long-term monitoring scenario. Several studies have shown that home monitoring can reduce significantly the number of hospital re-admissions in heart failure (HF)
patients [5, 6]. Furthermore, long-term monitoring systems allow a better
treatment and management of HF patients [7]. Benefits of long-term monitoring are being studied also in applications, such as detection of recurrences
after ablation for atrial fibrillation (AF), or analysis of atrial recordings in
1
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patients with pacemaker incorporating Holter functionality [8, 9]. Seven-day
ambulatory ECG monitoring, following acute stroke or transient ischemic attack, has identified patients with AF that were not detected with 24-hour
ECG recordings [10].
During the last decades, a large set of indices have been proposed for
non-invasive assessment of the cardiovascular condition from the ECC, such
as heart rate variability (HRV), heart rate turbulence (HRT), T-wave alternans (TWA), and many others [11, 12, 13, 14, 15, 16]. The purpose is to
use these indices for risk stratification of patients, however, the physiological
and pathological fundamentals of many of them are still not completely understood, and the research in this setting is today very active. Furthermore,
the computation and interpretation of these indices in the new scenario that
long-term monitoring represents is not straightforward. Therefore, there is a
strong need to re-assess the clinical usefulness and meaning of these indices
in the long-term setting.
The objective of this Thesis is to develop tools for improving the analysis of long-term monitoring cardiac data. For this goal, signal processing
techniques are developed and non-parametric statistical frameworks are designed in selected application areas. Concretely three specific objectives are
defined:
• The first specific objective is to develop an automatic rhythmometric
method capable of analyzing both short-term and long-term rhythm
patterns of a signal. Although it is a general method applicable to
different types of signals, in this Thesis this new procedure is applied
to a set of well known HRV indices in a database of HF patients.
• The next objective is to perform a rhythmometric analysis in a different
scenario, to study long-term properties of chronic AF. On the one hand,
the analysis is made in terms of well known parameters describing the
AF signal, such as frequency and irregularity indices. On the other
hand, long-term recordings are typically corrupted by noise, and most
parameters traditionally used to analyze the AF signal are sensitive to
noise. Therefore, it is also part of this objective to propose a novel
temporal parameter, robust to noise, and aiming to characterize the
morphology of f-waves in the AF signal.
• A common problem is that any system performance strongly depends
on their signal processing stages and on their free parameters tuning.
The last specific objective addresses the need of a specific methodology
to deal with the multiple signal processing options when designing any
system. Part of this objective is to apply this methodology to optimize
the final performance of TWA analysis systems. This represents an
scenario in which it is particularly necessary to apply a methodology
like this due to the wide variety of signal processing options proposed
in the literature.

3

1.2

Outline of the Thesis

This remainder of this Dissertation comprises a chapter with an overview
of the research field, following three chapters describing signal processing
methods and non-parametric statistics for ECG long-term monitoring (3–5),
and it ends with a final chapter of conclusions and future lines.
Chapter 3 presents an automatic rhythmometric method to analyze the
rhythm patterns of a signal. The method leans on a bootstrap hypothesis
test to construct a rhythmometric model, for each patient, by automatically
selecting the most relevant spectral components in each signal. This rhythmometric method is applied to study, for the first time, the 7-day evolution
of linear and non-linear HRV indices in a database of HF patients. The
results of this study show that the contribution to the rhythmometric patterns in HF patients is significant not only for the circadian, but also for the
infradian and the ultradian components. This shows evidence of infradian
rhythms affecting the state of the autonomic nervous system (ANS). The
infradian components of HRV may be of clinical interest because they could
show the presence of rhythm patterns with prognostic value, which could be
used to determine the decompensation level of HF and the effect of providing
a drug treatment to these patients.
The work developed in this chapter has been published on the following
journal papers:
[1] Rebeca Goya-Esteban, Inmaculada Mora-Jiménez, José Luis RojoÁlvarez, Óscar Barquero-Pérez, Francisco J. Pastor-Pérez, Sergio
Manzano-Fernández, Domingo A. Pascual-Figal, Arcadio GarcíaAlberola, “Heart Rate Variability on 7-Day Holter Monitoring Using a
Bootstrap Rhythmometric Procedure,” IEEE Transactions on Biomedical Engineering, vol. 57, no. 6, pp. 1366–1376, 2010.
[2] Francisco J. Pastor-Pérez, Sergio Manzano-Fernández, Rebeca GoyaEsteban, Domingo A. Pascual-Figal, Óscar Barquero-Pérez, José Luis
Rojo-Álvarez, Estrella Everss, Maria Dolores Martínez Martínez-Espejo,
Mariano Valdés-Chavarri, Arcadio García-Alberola, “Prognostic Significance of Long-Period Heart Rate Rhythms in Chronic Heart Failure,”
Circulation Journal, vol. 76, no. 9, pp. 2124–2129, 2012.
A part of this chapter has also been presented at a conference:
[3] Rebeca Goya-Esteban, Inmaculada Mora-Jiménez, José Luis RojoÁlvarez, Óscar Barquero-Pérez, Sergio Manzano-Fernández, Francisco
J. Pastor-Pérez, Domingo A. Pascual-Figal, Arcadio García-Alberola,
“Rhythmometric Analysis of Heart Rate Variability Indices During Long
Term Monitoring,” in Proc. 36th Computers in Cardiology, pp. 57–60,
2009.
In Chapter 4, a rhythmometric analysis is accomplished in a different
scenario, and long-term properties of chronic AF are studied for the first
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time throughout 7 days. The analysis is done in terms of well known parameters, such as frequency and irregularity indices, and also in terms of a novel
temporal parameter (r3 ) proposed here to characterize the morphology of
f-waves in the AF signal. This parameter is robust to noise, therefore it is
well-suited for the analysis of noisy long-term ECG recordings. This study
evidences the presence of long-term rhythms in different aspects, such as
morphology, time domain, and spectral domain parameters, which points to
the presence of long-term mechanisms being natural in chronic AF.
The work developed in this chapter has been submitted for publication
as a journal paper:
[4] Rebeca Goya-Esteban, Frida Sandberg, Óscar Barquero-Pérez, Arcadio García-Alberola, Leif Sörnmo, José Luis Rojo-Álvarez, “Long-Term
Characterization of Persistent Atrial Fibrillation: Wave Morphology, Frequency, and Irregularity Analysis,” Submitted for publication.
A part of this chapter has also been published as a conference paper:
[5] Rebeca Goya-Esteban, Frida Sandberg, Óscar Barquero-Pérez, Arcadio
García-Alberola, Leif Sörnmo, José Luis Rojo-Álvarez, “Seven-day Analysis of Atrial Fibrillation and Circadian Rhythms,” in Proc. of the International Conference on Bio-inspired Systems and Signal Processing, pp.
20-24, 2013.
Chapter 5 presents a new methodology developed for optimizing the
final performance of a system in terms of its signal processing options. This
methodology relies on a set of decision statistics and a non-parametric hypothesis test based on bootstrap resampling, and is applied here to optimize
the final performance of TWA analysis systems. After the optimization procedure, TWA estimation errors are significantly reduced. A clinical implication is that, when conducting clinical trials, given a specific analysis method
for a specific type of application, a previous signal processing optimization,
may substantially improve the performance of the system.
The work developed in this chapter has been published as a journal paper:
[6] Rebeca Goya-Esteban, Óscar Barquero-Pérez, Manuel Blanco-Velasco,
Antonio Caamaño-Fernández, Arcadio García-Alberola, José Luis RojoÁlvarez, “Non-parametric Signal Processing Validation in T-wave Alternans Detection and Estimation,” IEEE Transactions on Biomedical Engineering, vol. 61, no. 4, pp. 1328–1338, 2014.
Different parts of this chapter have also been presented at conferences:
[7] Rebeca Goya-Esteban, Inmaculada Mora-Jiménez, Manuel BlancoVelasco, Óscar Barquero-Pérez, Antonio Caamaño-Fernández, José Luis
Rojo-Álvarez, Arcadio García-Alberola, “Signal Processing Subsystem
Validation for T-wave Alternans Estimation,” in Proc. 37th Computing
in Cardiology, pp. 1035-1038, 2010.
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[8] Rebeca Goya-Esteban, Manuel Blanco-Velasco, Inmaculada MoraJiménez, Óscar Barquero-Pérez, José Luis Rojo-Álvarez, Arcadio GarcíaAlberola, “Robustness analysis of processing blocks in T-wave alternans
detection,” in Proc. 37th International Congress on Electrocardiology, pp.
e36-e37, 2010.

Chapter 2
Overview of the Research Field
This chapter presents a brief background of cardiac physiology and pathology. It also introduces the concepts of sudden cardiac death (SCD) and risk
stratification, and it depicts two of the most promising risk markers. Finally
the databases of long-term recordings used along this Thesis are presented.

2.1

SCD and Risk Stratification

SCD is defined as any death episode due to heart disease which occurs outside of the hospital emergency room or on the way to the hospital, and
which must have taken place within the period of one hour after the onset of symptoms [17]. SCD is mainly due to either arrhythmic causes, such
as ventricular tachycardia, ventricular fibrillation, or asystole, or to other
non-arrhythmic causes, such as congenital heart disease or abnormal functioning of the ANS [17, 18]. Although mortality from CVD has declined in
recent years, the SCD is a major cause of mortality in industrialized countries, and in order to reduce its incidence, methods allowing accurate patient
stratification in terms of risk have been intensely scrutinized and developed.
Whereas a number of studies suggest that most SCD episodes are given in
patients with coronary disease or cardiomyopathy, episodes can also occur
in people without previous symptoms or signs of heart disease, and there is
no accurate enough method to effectively predict SCD in those conditions.
Implantable cardioverter defibrillators (ICD) are the most effective way
of preventing SCD. However, the implantation of an ICD is an invasive
procedure with associated risks and high cost. 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 myocardium 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 general 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 selectively applied only to
those patients who will benefit the most, saving risks for the patients and
also health-care costs.
7

8

Overview

To the body
To the
lungs

From
the body

From the
lungs
Left atrium

Sinoatrial
Left atrium
node
Right atrium
Atrioventricular
node

Right atrium

His bundle
Left bundle
Left ventricle

Right bundle

Purkinje fibers

Right ventricle
Left ventricle

(a)

Right ventricle

Septum

(b)

Figure 2.1: Illustration of (a) structure of the human heart, the arrows indicate the directions of the blood flow into and out of the heart, and (b)
the electrical pathway of the heart: SA and AV nodes, and the His-Purkinje
system (reproduced with permission from [20]).
Many non-invasive indices have been proposed to predict the risk of arrhythmias. Most of them are based either on echocardiography or other
cardiac imaging, such as the measurement of left ventricular ejection fraction, or on the analysis of the ECG, such as late potentials, HRV, HRT and
TWA, among others [11, 12, 13, 14, 15, 16].
However, this latter group of techniques is not often used in the clinical
practice. One of the main reasons is that, for many of these cardiac indices,
there is no consensus on the most adequate digital signal processing method
to be used as preprocessing or as signal conditioning for extracting the clinically relevant information [19]. Furthermore, due to the complex interactions
present in physiological systems, the interpretation of these indices is still
unclear, whereas it can be expected that the study of the long-term evolution
of these indices may shed new light.

2.2

The Heart, the ECG and the Tachogram

The human heart is divided into four chambers, namely, right atrium and
right ventricle, and left atrium and left ventricle (see Fig. 2.1 (a)). The
walls of the chambers are made of a special muscle, the myocardium, which
contracts rhythmically under the stimulation of electrical currents. The left
and right atria and the left and right ventricles are separated from each other
by a muscle wall called the septum. Blood returning from the body through
the venous system enters the heart through the right atrium, and is then
pumped to the right ventricle. The right ventricle contracts and sends this
blood, which is low in oxygen content, into the lungs, where it is enriched
with oxygen. Pulmonary veins return the blood to the left atrium, which
contracts and sends it to the left ventricle. The left ventricle, which is the
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main pumping chamber of the heart, ejects the blood through the aorta into
the major circulatory network [21].
The cardiac cycle consists of two phases, called diastole and systole, which
correspond to repolarization and depolarization, respectively, in electrical
terms. During diastole the ventricles are relaxed, whereas during systole the
blood is ejected from the ventricles. The sinoatrial node (SA), known as
the heart pacemaker, is a bundle of specialized cells located in the top right
corner of the heart (see Fig. 2.1 (b)). Any portion of the heart muscle can
generate electrical impulses, but in normal function, the impulses originate
in this pacemaker. Impulses are transmitted through muscle fibers of the
two atria to the atrioventricular (AV) node. From the AV node, they travel
along the bundle of His and the Purkinje fibers through the muscles of the
right and left ventricles [21].
The ECG is a graphic tracing, which records the electrical activity of
the heart over time by attaching a set of electrodes on the body surface.
A typical ECG tracing of a normal cardiac cycle consists of a P-wave, a
QRS complex and a T-wave. The baseline voltage of the ECG is known
as the isoelectric line. Each wave reflects a different stage of a heartbeat;
their morphology and timing convey information that is used for diagnosing
diseases that are reflected by disturbances of the heart electrical activity
(Fig. 2.2). Atrial depolarization is reflected by the P-wave, and ventricular
depolarization is reflected by the QRS complex, whereas the T-wave reflects
ventricular repolarization. Atrial repolarization cannot usually be discerned
from the ECG, since it coincides with the much larger QRS complex [20].
In ambulatory ECG monitoring, also called Holter monitoring, the patient
carries a recording device that stores the ECG during 24 hours or more of
normal daily activities.
The RR-intervals are defined as the time between R-waves of consecutive
beats. The simplest graphical representation of the HRV is the tachogram
(Fig 2.3), which represents the RR-interval durations versus the interval
number. If tn is the occurrence time of the n-th R-wave, the interval
tachogram IT (n) is given by
IT (n) = (tn − tn−1 ) for n = 1, ..., N

(2.1)

where N is the number of total intervals.
The NN interval series is defined as the distance between R-waves of
consecutive beats, excluding the ectopic beats (the ones that do not have
their origin at the SA node).

2.3

Cardiac Disorders

The causes of SCD come from many ways and may be due to different
mechanisms. Three major CVD are associated to SCD, namely, coronary
artery disease (CAD), HF and heart rhythm disorders [21, 62].
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Figure 2.2: The figure represents an ECG tracing diagram with the wave
definitions (reproduced with permission from [20] ).

2.3.1

CAD

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 result, 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 arteries.
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 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 HF.

2.3.2

HF

HF occurs when the heart is not pumping effectively enough to meet the
needs of the body for oxygen rich blood, either during exercise or at rest.
The term congestive heart failure (CHF) is often synonymous with HF 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.
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Figure 2.3: Example of a tachogram from a patient, which represents the
RR-interval durations versus the interval number.
The New York Heart Association developed a system that is used to
provide a standardized set of criteria for the classification of HF based on
the severity of the condition. This is evaluated by symptoms and ability to
function, as follows:
• Class I: no undue symptoms associated with ordinary activity and no
limitation of physical activity.
• Class II: slight limitation of physical activity.
• Class III: marked limitation of physical activity.
• Class IV: inability to carry on any physical activity without discomfort
and symptoms of cardiac insufficiency or chest pain possible even at
rest.
Many different problems can cause HF, among them, coronary (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.

2.3.3

Heart Rhythm Disorders

Heart rhythm disorders, also called arrhythmias, occur when the electrical
system of the heart does not function properly. An arrhythmia can be anything from an extra beat in the atria to dangerous ventricular tachycardias.
The SA node, located at the top of the right atrium, is the heart pacemaker (see Fig. 2.1 (b)). Specialized cells in the SA node send out electrical
impulses that normally range between 60 and 100 per minute. Normally,
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the pacemaking activity of the SA node suppresses 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 is, impulses are fired from one or more
locations in addition to the SA node. Extra or early beats arising in the
atria are called premature atrial contractions, atrial ectopic beats, or atrial
extrasystoles. Such extra beats often occur in normal hearts and are usually
harmless. They can, however, cause palpitations, as well as trigger supraventricular tachycardias. Premature ventricular contractions are early or extra
beats, originated in the ventricles, that commonly occur and are innocuous
in normal hearts, but can cause problems in unhealthy hearts.
A tachycardia is an abnormally fast rate, which can be originated in the
atria (supraventricular tachycardia) of in the ventricles (ventricular tachycardia). In both instances, an extra or early beat may trigger the rapid
rhythms.
If the cardiac impulse fails to follow a regular circuit and divides along
multiple pathways, a chaos of uncoordinated beats results, producing fibrillatory rithms. In AF the atrial rate shoots up to more than 350 beats per
minute and the atria fail to pump blood effectively. The ventricular beat
also becomes haphazard, producing a rapid irregular pulse. Although AF
may cause the heart to lose 20 to 30 percent of its pumping effectiveness,
the volume of blood pumped by the ventricles usually remains within the
margin of safety, because the AV node (see Fig. 2.1 (b)) blocks out many
of the chaotic beats. The ventricle may contract at a rate of only 125 to
175 beats per minute. Ventricular fibrillation is potentially fatal, the heart
ceases to pump blood effectively, and death can occur within few minutes.

2.4

Risk Markers

Over the last decades, a number of non-invasive cardiac risk markers obtained
from the analysis of the ECG have been proposed, and among them, some
of the most promising ones are HRV and TWA. Significant evidence of their
prognostic value has been reported in the last decades [11, 22, 23, 24].

2.4.1

HRV

The heart behaviour is not constant but instead, there exists a variation
of the time intervals between consecutive heart beats. The normal heart
rhythm is controlled by the cardiac SA node, which is modulated by innervation from both the sympathetic and the vagal branches of the ANS. The
SA node is the final responsible, through its repetitive nervous impulses, for
generating heart beats.
Both the sympathetic and parasympathetic responses have antagonist
roles, i.e., the activity from the sympathetic system increases the heart rate
whereas the vagal activity slows down the heart rate. In rest conditions,
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there is a dynamic balance state between these systems, which is responsible for the variability in the intervals between consecutive heart beats. At
the same time, the ANS is influenced by many other systems (respiratory
system, vasomotor system, central nervous system, or renin-angiotensin system) which also indirectly contribute to modulate the heart rate through
it.
HRV is the variation in the intervals between consecutive heart beats,
or the variations between consecutive instantaneous heart rates. This signal
allows non-invasive investigation of the ANS state and related diseases by the
study of such variations. Therefore, the aim of studying HRV is to extract
the relevant underlying clinical information.
HRV has been proposed for risk stratification of lethal arrhythmias after
acute myocardial infarction (MI), as well as for the prognosis of sudden
death events [12]. After a MI, the innervation level of the heart decreases,
and part of the nervous control of this organ can be lost. The HRV reflects
this control loss and it makes possible the classification of cardiac sudden
death risk groups [11]. The degeneration of the ANS due to aging can also
be inferred by the analysis of the HRV.
A number of methods have been proposed in the literature to assess
HRV. They can be roughly divided into three families, namely time domain,
spectral domain, and non-linear methods.
Time Domain Methods
Chronologically, the first methods applied to the HRV analysis were the
time domain methods [25], which are also the simplest ones on computational terms. Some of these methods involve the calculation of the standard
deviation of either the NN intervals series, or its first difference, while others
derive from the geometric properties of the RR-series. These series can be
represented as geometric patterns and then a simple equation is used to asses
the variability based on the geometric or graphic properties of the resulting
pattern. The first family of methods are known as statistical methods, which
are summarized in Table 2.1. The latest group of methods are known as geometric methods, and Table 2.2 summarizes the most common geometric
indices.
Spectral Domain Methods
Spectral methods indicate how the power of the signal is distributed as a
function of the frequency f . HRV found in healthy subjects during rest
is influenced by respiratory activity as well as by feedback mechanism of
the systems for regulation of temperature and blood pressure. The different systems oscillate spontaneously at rest with characteristic frequencies in
different intervals. By quantifying the power of the spectral components,
information about pathologies related to cardiac autonomic function may be
pointed out [20, 26, 27, 28, 29]. Four spectral bands are mainly distinguished
in the power spectral density of the NN series, namely, high frequency (HF)
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Index

Units

Description

AVNN

ms

Mean of NN intervals.

SDNN

ms

Standard deviation of NN intervals.

SDANN

ms

Standard deviation of the averages of
NN intervals in all 5 min segments of the entire recording.

SDNNindex

ms

Mean of the standard deviations of
NN intervals for all 5 min segments.

RMSSD

ms

The Square root of the mean of the sum of the
squares of differences between adjacent NN intervals.

NN50

Number of pairs of adjacent NN intervals
differing by more than 50 ms in the entire recording.

pNN50

%

NN50 divided by the total number
of NN intervals.

Table 2.1: Time domain methods: statistical indices of HRV.
band with f ∈ (0.15, 0.4) Hz, low frequency (LF) band with f ∈ (0.04, 0.15)
Hz, very low frequency (VLF) band with f ∈ (0.003, 0.04) Hz, and ultra low
frequency (ULF) band with f < 0.003 Hz [30]. Frequency-domain indices
listed in the Table 2.3 are calculated based on these spectral bands [12].
Many studies propose that, in normal subjects, an increase in parasympathetic activity is related to a power increase in the HF band. Some authors consider the power in the LF band as a marker of the sympathetic
modulation, while for others it includes both sympathetic and vagal influences [12, 31]. However, in HF patients, an increase in parasympathetic
activity does not entail an increase in HF power. Also, some studies show
that the LF component is virtually abolished in severe HF [32]. Regarding
the VLF band, it has been shown that contributions from parasympathetic
activity dominate this component [33]. The physiological meaning of the
ULF band has not yet been completely established [12].
Non-linear Methods
Non-linear methods rely on the idea that fluctuations in the NN interval
series may reveal characteristics from complex dynamic systems [34]. Based
on this idea, conventional methods for the HRV signal analysis might not
extract all the information it conveys. This would make necessary to apply
appropriate non-linear tools [35]. Under this assumption, healthy states
would correspond to more complex patterns than pathological states [34, 36,
37]. Many non-linear methods have been proposed to assess HRV, and most
of them can be asigned to one of the following families:
• Methods from chaos theory: When the response of a non-linear
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Index

Units

Triangular index

ms

15

Description
Total number of all NN intervals divided by
the maximum of the density function
(height of the histogram of all NN intervals).

TINN

ms

Base width of the minimum square difference
triangular interpolation of the highest peak
of the histogram of all NN intervals

Lorenz plot dispersion

ms

Representation of each NN interval duration
versus the duration of the previous interval.

Differential index

ms

Difference between the widths of the
histogram of differences between adjacent NN
intervals measured at selected heights.

Logarithmic index

adim.

Coefficient ϕ of the negative exponential
curve K exp−ϕt which is the best
approximation of the histogram of absolute
differences between adjacent intervals.

Table 2.2: Time domain methods: geometric indices of HRV.
system has a strong sensitivity to initial conditions and it is difficult
to predict, it is considered to have a chaotic behaviour. A hypothesis
in study in the scientific literature, is that the complex heart rate
fluctuations observed during normal sinus rhythm in healthy subjects
are due in part to deterministic chaos, and that a variety of pathologies,
such as HF, may involve a paradoxical decrease in this type of nonlinear variability. The problem is that the mathematical algorithms
designed for detecting chaos are not reliably applied to nonstationary
data sets obtained from most clinical and physiological studies [35].
The most usual indices used to characterize these kinds of systems
are: the correlation dimension, that measures the complexity of the
dynamical systems by computing the fractal dimension of the system
attractor (an estimation of the degrees of freedom of the system) [38];
and the Lyapunov exponents, which measures the dependence of the
chaotic systems on the initial conditions [39].
• Fractal methods: The term fractal is a geometric concept, associated to forms that are highly irregular and have non-integer dimensions. A fractal is an object composed of subunits that resemble the
larger structure, and this property is known as self-similarity. A number of cardiopulmonary structures have a fractal-like appearance (such
as arterial and venous trees, or the His-Purkinje network), but the

16

Overview

Index

Units

Description

Total power

ms2

Total variance of NN intervals over the temporal segment.

VLF

ms2

Power in very low frequency range.

LF

ms2

Power in low frequency range.

%

LF power in normalised units

LF norm

LF/(Total power − V LF ) ∗ 100.
ms2

HF
HF norm

%

Power in High frequency range.
HF power in normalised units
HF/(Total power − V LF ) ∗ 100.

LF/HR

adim.

Ratio LF [ms2 ]/HF [ms2 ].

Table 2.3: Frequency domain methods of HRV.
fractality concept is not just applied to geometric forms, but also to
complex processes that have more than a single time scale. Complex
fluctuations with statistical properties of fractals have been described
for HRV. Then, apparently health variability could be measured adapting quantitative tools derived from fractal mathematics [35]. Methods
that allow the characterization of a complex system taking advantage
of the fractal structure of the temporal series, generated by the own
system are: the 1/f slope, i.e., the slope founded in the plot of the spectral power in bilogarithmic scale; the Hurst exponent; and the scaling
exponents from the Detrended Fluctuations Analysis (DFA) [36].
• Entropy based methods: Entropy-based methods provide a quantification of the irregularity of a temporal series. The entropy concept
has to do with the inherent uncertainty of a signal, i.e., with the amount
of information it may contain. The motivation to study the amount of
irregularity or information in the HRV signal is based on the following idea: For different health states, signals with different irregularity
levels are obtained, which means that it might be possible the stratification of risk groups for pathologies that affect to this characteristic.
In this category, the Approximate Entropy (ApEn) [37] and Sample
Entropy (SampEn) [40] are two of the most popular in the scientific
literature.
Among all the non-linear methods, the DFA and the SampEn have been
intensively used over the last years aiming to assess HRV.
DFA
The DFA is a well established method for assessing and quantifying shortterm and long-term correlations in non-stationary time series [41]. This
algorithm determines the scaling behavior of a time series based on the
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computation of a scaling exponent, α. Given N data points of a time series,
the DFA procedure consists of four steps. First, the time series is integrated
as follows
k
X
y(k) =
(x(i) − x̃)
(2.2)
i=1

where x(i) is the i-th NN interval and x̃ is the average NN interval. Next,
the integrated time series y(k) is divided into Ns non-overlapping segments
of equal length s. Following, a least squares linear regression is fitted to
each segment. Coordinate y of the fitted line is denoted by ys (n), and it
represents the linear trend for each given segment. Finally, the root-mean
square fluctuation, F (s), of the detrended integrated series is quantified by
v
u
N
u1 X
t
(y(k) − ys (k))2
(2.3)
F (s) =
N k=1
This computation is repeated over all scales, i.e., segment lengths, yielding a relationship between F (s) and segment length s. If the data x(n) is
self-similar, the fluctuation function F (s) increases by following a power-law
F (s) = sα

(2.4)

Index α quantifies the correlation properties of a time series. For instance,
a value α = 1.5 indicates that the successive increments in the RR-interval
time series are uncorrelated, corresponding to the Brownian motion [42].
Values 1 < α < 1.5 indicates anti-persistent behavior, i.e., the successive increments in the time series are negatively correlated. In contrast, 1.5 < α < 2
indicates persistent long-term correlations, i.e., the successive increments are
positively correlated. Scaling exponent α is estimated as the slope of the regression in the log-log plot of F (s) vs s (see Fig. 2.4).
HRV signals have been found to show, at least, bi-scaling (bi-fractal)
behaviour. Therefore, two scaling exponents are needed in order to characterize the fractal correlations properties of the HRV signal (see Fig. 2.4), one
for short-term (between 3 and 16 beats), denoted by α1, and the other for
long-term (N > 16 beats), denoted by α2 [43].
SampEn
The SampEn [40], which is an improved version of the ApEn [37], is defined
as the negative natural logarithm of the conditional probability that two
sequences which are similar for m points remain similar for m + 1 points.
Thus, a lower value of SampEn indicates more self-similarity in the time
series. In order to compute the SampEn, the specification of two parameters is previously required, namely, the embedded dimension m, that is, the
length of the vectors to be compared, and a noise filter threshold r.
Given N data points, Bim (r) is defined as (N −m−1)−1 times the number
of template vectors xm (j) similar to xm (i) (within r ) where j = 1...N − m
with j 6= i. The average of Bim (r) for all i is calculated as
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Figure 2.4: Example of the scaling exponents from the DFA for a 24-hour
recording from a HF patient).

B m (r) =

N
−m
X
1
B m (r)
N − m i=1 i

(2.5)

−1
Similarly Am
times the number of template
i (r) is defined as (N −m−1)
vectors xm+1 (j) similar to xm+1 (i) (within r ) where j = 1...N −m with j 6= i.
The average of Am
i (r) for all i is calculated as
N
−m
X
1
Am (r)
A (r) =
N − m i=1 i
m

(2.6)

SampEn(m,r) and its statistic SampEn(m,r,N) are defined as follows
SampEn(m, r) = lim {− ln [Am (r)/B m (r)]}

(2.7)

SampEn(m, r, N ) = − ln [Am (r)/B m (r)]

(2.8)

N →∞

Comparing to ApEn, SampEn achieves a bias reduction and turns itself
less dependent of the data length. It is appropriate for the study of physiological signals since it is robust to outliers and noise of magnitude below r.
Its application is possible for stochastic, deterministic, and mixed processes,
since finite values are obtained for all cases.

2.4.2

TWA

TWA is a beat-to-beat fluctuation in the amplitude, waveform or duration
of the ST-segment or T-wave (see Fig. 2.5). TWA has been shown to be
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Figure 2.5: (a) ECG signal with TWA. (b) Superposition of two consecutive
beats. (c) Difference between odd and even beats (reproduced with permission
from [61]).

related to cardiac instability and increased arrhythmogenicity [44, 45]. Clinical studies suggest that there is a relationship between large amplitude
microscopic TWA and the risk of sudden cardiac arrest [45, 46]. Therefore, TWA represents a strong marker of cardiac electrical instability with
relevant potential for arrhythmic risk stratification [47, 48, 49, 50, 51]. Measuring TWA is often a challenging task since the amplitude of TWA can
be lower than the noise level. Existing methods for TWA analysis can perform two different tasks, namely detection of TWA (i.e., deciding about the
presence or absence of TWA in the signal), and estimation (i.e., quantifying
TWA parameters such as its magnitude). Not every method performs both
procedures, but instead some of them detect TWA without estimating its
magnitude. A number of methods have been proposed for TWA analysis,
and some of the most widely used are: the spectral method (SM) [44, 45, 52],
the Complex Demodulation method [53], the Correlation Method [54], methods based on the Karhunen-Loéve Transform [55, 56], the Modified Moving
Average method [57], the Laplacian Likelihood Ratio Method [58], and the
latest multilead analysis schemes [59]. An excellent taxonomy of the different approaches to TWA analysis can be found in [15]. Moreover, several
different processing techniques are used to condition the signal before the
TWA detection and estimation stage [15, 52, 54, 60].
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2.5

Overview

Databases

The long-term databases studied during this Thesis include 7-day and 24hour Holter recordings.
7-day Holter recordings
Two sets of 7-day Holter recordings were analyzed, one from patients with
HF (31 recordings), and another from patients with chronic AF (14 recordings). The first dataset is used in Chapter 3, while the latter is used in
Chapter 4. The protocol to collect these recordings was carried out following the principles of the Helsinki Declaration. It was approved by the Local
Ethics Committee, and a written informed consent was obtained from each
patient. Patients were recruited during scheduled outpatient visits to the
HF outpatient clinic in Virgen de la Arrixaca University Hospital (Murcia,
Spain). From June 2007 to May 2011, patients with an established diagnosis of stable chronic HF gave written informed consent to participate. All
patients had left ventricular ejection fraction ≤ 50% and were clinically stable, without need for hospital admission or intravenous vasoactive agents
within the past 3 months. Exclusion criteria included pacemaker-dependent
patients, a serious comorbid condition with associated life expectancy < 1
year, hospitalization for MI and unstable CAD within the past 3 months,
or any cardiac revascularization procedure within 30 days before enrolment.
A 7-day continuous Holter recordings were obtained using a commercially
available device (Lifecard CFT M , Del Mar Reynolds, Issaquah, Washington).
24-hour Holter reordings
Two publicly available databases were used. On one hand, the Normal Sinus Rhythm Database (NSRDB) [63], which consists of 18 long-term ECG
recordings (about 24 hours long) of subjects referred to the Arrhythmia Laboratory at Boston’s Beth Israel Deaconess Medical Center, with no significant arrhythmias (5 men, 26-45 years; 13 women, 20-50 years). Recordings
were stored at 128 Hz and 12-bit resolution. On the other hand, the Sudden
Cardiac Death Database (SCDDB) [63], which consists of 18 patients with
sinus rhythm (5 with intermittent pacing), 1 continuously paced, and 4 with
AF, all of them had sustained ventricular tachyarrhythmia, and most had
an actual cardiac arrest. Only the recordings from 13 patients (from 4 to
24 hours long) with underlying sinus rhythm without pacing were used in
this Thesis (8 men, 34-80 years; 4 women, 30-82 years; 1 unknown). The
recordings were stored at 250 Hz and 12-bit resolution. In both databases
the first lead of every record was used for the study in Chapter 5.

Chapter 3
Heart Rate Variability on 7-Day
Holter Monitoring Using a
Bootstrap Rhythmometric
Procedure
3.1

Introduction

Long-term monitoring for cardiac signals is receiving special attention in
our days. Several studies have shown that home monitoring can reduce
significantly the number of hospital re-admissions in CHF patients [5, 6].
Furthermore, long-term monitoring systems allow a better treatment and
management of CHF patients [7]. Benefits of long-term monitoring are being studied also in clinical applications, such as detection of recurrences after
ablation for AF, or analysis of atrial recordings in patients with pacemaker
incorporating Holter functionality [8, 9]. Seven-day ambulatory ECG monitoring, following acute stroke or transient ischemic attack, has identified
patients with AF that were not detected with 24-hour ECG recordings [10].
Therefore, the clinical usefulness and meaning of well-known clinical cardiac
indices is likely to be re-analyzed in the long-term monitoring setting during
the next years.
HRV is a relevant marker of the ANS control on the heart. This marker
has been proposed for risk stratification of lethal arrhythmias after acute MI,
as well as for prognosis of sudden death events [11, 12, 64]. Thought a number of studies have tried to prove the clinical utility of HRV as a marker of
the autonomic activity, there are few studies about the clinical information
provided by HRV markers in long-term recordings (longer than 24 hours).
Regarding rhythmometric patterns of HRV indices, the circadian rhythm
has been well characterized in healthy and pathological subjects [65, 66].
The HRV ultradian rhythms (components at frequencies higher than that
corresponding to a period of 20 hours) have also been studied in a lesser extent [67]. However, to our best knowledge, there are few studies on infradian
cycles of HRV (components at frequencies lower than that corresponding to
21
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a period of 28 hours), and they are not populational studies [68, 69].
In this chapter we propose a new rhythmometric tool for analyzing longterm recordings, characterizing not only the circadian patterns of HRV markers, but also infradian and ultradian components, as well as potential narrowband fluctuations. Our method leans on a bootstrap hypothesis test to construct a rhythmometric model by automatically selecting the most relevant
spectral components. This approach is applied to analyze some of the most
relevant HRV markers of different nature (time-domain, frequency-domain,
and non-linear indices) [12] in a long-term scenario beyond 24 hours. In particular, we collected and analyzed a database of HF patients 7-day Holters,
due to the special clinical relevance that long-term monitoring has on HF
patients.

3.2

Background

Traditionally, the occurrence of cardiac arrhythmia, SCD, and other cardiac
events, were thought to be independent of the time of the day. However,
in the last decades, the application of rhythmometric analysis procedures
to a number of cardiac measurements has shown that many cardiovascular
events exhibit a pronounced circadian rhythm, indicating that the mechanisms for cardiovascular events involve both endogenous and exogenous
factors [70]. The physiological circadian patterns have been shown to be
present in blood pressure variability [71, 72], cardiac arrhythmias [73], drug
delivery and chronotherapeutics [74], and HRV [65, 75, 76], among others.
In this work, we focus on HRV, which reflects variations in the heart
rhythm. The signal used to study HRV is the NN interval series, defined
as the distance between R-waves of consecutive beats, excluding the ectopic
beats. Since HRV yields information about the ANS, it allows non-invasive
assessment of its state [12]. To study HRV, a number of indices have been
proposed in the literature, which can be roughly divided into three families, namely, time domain, spectral domain, and non-linear methods (see
Sec. 2.4.1).
Circadian patterns of HRV have been mainly conducted on the basis
of time and frequency domain methods, however, non-linear indices have
not been analyzed in this setting. Circadian variations in HRV reflect the
changing sympathetic-parasympathetic balance in the ANS control of the
cardiac cycle [70]. Ultradian rhythms have also been found in cardiac autonomic modulation [67] and infradian rhythms, such as circaseptan (about
7 days) or circasemiseptan (about 3.5 days) rhythms have been found for
blood pressure and MI [77, 78].
In recent years, long-term monitoring using 7-day Holter has been available, allowing the study of HRV infradian rhythms and a more consistent
estimation of the circadian characteristics. Hence, for analyzing the HRV
long-term behavior, we selected representative subsets of indices from each
family according to their widespread use in the literature. AV N N , SDN N ,
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and N N 50, were chosen as time domain indices. We used LF , HF , HF n,
and LF/HF , as representative spectral indices. Finally, two non-linear indices were selected, First, the scaling exponent α1 from DFA (see Sec 2.4.1),
and second, the SampEn (see Sec 2.4.1).

3.3

Bootstrap Rhythmometric Method

In this section, we present the rhythmometric model to be used in the analysis of 7-day recordings, giving a rationale for the inclusion of each kind of
spectral component. We also propose an automatic method to select the relevant components, based on the estimation of the error distribution between
a rhythmometric model and the real signal through a paired bootstrap hypothesis test. We illustrate the rhythmometric procedure using some simple
synthetic examples.

3.3.1

Rhythmometric Model

A number of works (see [79] and references therein) have studied the circadian variation of a biological parameter yn through a temporal regression
model named cosinor model [80] and given by
yn = M + A0 cos(2πf0 tn + φ0 ) + en ,

n = 1, . . . , N

(3.1)

where the model parameters are: M , the rhythm-adjusted mean or midline
stimating statistic of rhythm (MESOR); A0 , the fitted cosine amplitude;
f0 , the fundamental frequency, which is set by the analyst on the basis
of empirical physiological information and usually considered as 24 hours;
φ0 , the acrophase, which is the lag from a defined reference time point to
the crest time in the cosine curve fitted to the data; and N , the signal
length. The random variable en corresponds to the difference between the
observed sample yn and the value provided by the estimated regression model
ŷn . In our context, random variable yn corresponds to the HRV index to
be analyzed. The least squares (LS) method is applied to determine the
regression parameters.
The regression model in (3.1) can be extended to be able to model both
ultradian and infradian rhythms, as well as moderate fluctuations around
the main rhythms. For the sake of simplicity we have just considered narrow
band fluctuations corresponding to the maximum spectral resolution. Regarding infradian rhythms, that are characterized by a frequency lower than
that corresponding to the circadian rhythm (f0 ), we take them into account
by considering additional sinusoidal terms in the form Ai cos(2πfi tn + φi ).
Given that fs is the sampling frequency, the maximum spectral resolution
is equal to ∆f = fs /N . Infradian frequencies are obtained as f i = i∆f ,
for i = 1, . . . , imax . To distinguish moderate fluctuations of fundamental
frequency f0 from the maximum infradian frequency, we limit the last one
to the highest integer multiple of ∆f which is lower or equal than f0 − 2∆f ,
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and therefore imax = [f0 /∆f ] − 2. Collecting all the potential infradian
components, we define the term
X
In =
Ai cos(2πf itn + φi )
(3.2)
fi

Ultradian rhythms are those whose regular recurrence is in cycles of less
than 20 hours, i.e., they are characterized by a frequency higher than f0 .
To take them into account, we consider again additional sinusoidal terms
in (3.1), now in the form Au cos(2πfu tn + φu ), where fu is a harmonic of the
fundamental frequency f0 . Thus, fu can be expressed as fu = kf0 , with k
a natural number from k = 2 (12 hours) to k = kmax , and the ultradian
rhythms can be collected in the following term
X
Un =
Au cos(2πf utn + φu )
(3.3)
fu

In particular, for the experimental work in this study we considered up to
five harmonic components, i.e., kmax = 6, the highest frequency component
corresponding to 4 hours cycle.
Finally, we complete the rhythmometric regression model by taking into
account potential narrow-band fluctuations of the circadian and ultradian
rhythms. For this purpose, we include two fluctuation terms, denoted as
Fnk− and Fnk+ , corresponding to sinusoidal waveforms deviating from the
frequency associated with the corresponding rhythm a value given by the
maximum spectral resolution, i.e.
−
Fnk− = A−
k cos(2π(fk − ∆f )tn + φk )
+
Fnk+ = A+
k cos(2π(fk + ∆f )tn + φk )

(3.4)
(3.5)

for k = 1 (circadian rhythm) and k = 2, 3, · · · , kmax (ultradian rhythms).
Note that fluctuations are not considered for infradian components. Since
in this study we were specially interested in infradian components, we studied all the possible infradian spectral components multiple of ∆f , hence,
(3.2) comprises all the possible spectral components from the frequency corresponding to 7 days to f0 − 2∆f in steps of ∆f , which is the maximum
spectral resolution.
Taking into account the infradian, circadian, and ultradian rhythms, as
well as the narrow band fluctuations, the proposed rhythmometric model
results in the following expression
yn = M + A0 cos(2πf0 tn + φ0 ) + In + Un +
X

Fnk− + Fnk+ + en

(3.6)

fk

3.3.2

Paired Bootstrap Test

The LS method is used to find the regression parameters in (3.6). To deal
with the potential uncertainty in the time series, the spectral components of
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(3.6) with little statistical significance should be removed. For this purpose,
we propose to construct the final rhythmometric model from a very simple
regression model, just composed of the MESOR component (given by parameter M ), and applying an iterative constructive method. This method
iteratively adds to the previous regression model the sinusoidal component
of (3.6) with the highest mean power, this is, at every iteration we compare
two regression models, so called Model A and Model B, where Model B is
constructed by adding to Model A the sinusoidal component of (3.6) with
the highest mean power.
This model comparison is performed using a paired bootstrap hypothesis test [81]. Specifically, the mean square error (MSE) between the signal
provided by Model A and the original signal (EA ) is computed, and also the
MSE corresponding to Model B (EB ). To test the relevance of the addition
of every sinusoidal component, a number of B random resamplings with replacement of the differences between EA and EB are conducted, obtaining
∆E ∗ (b) = EA∗ (b) − EB∗ (b) for each resampling b = 1, . . . , B, where ∗ denotes
quantities obtained from resampling, as usual in bootstrap literature. We
fixed B = 2500 in all of our experiments.
A suitable statistical hypothesis test is to contrast the null hypothesis
that Model A and Model B have the same unexplained variance (H0 ) against
the alternative hypothesis that both Models have different unexplained variance (H1 ), which can be stated as
(
H0 : ∆E = 0
(3.7)
H1 : ∆E 6= 0
In order to approximate the probability density function of EA , EB , and
subsequently of ∆E, we used a paired bootstrap resampling method, considering exactly the same resampling sets, EA∗ (b) and EB∗ (b), for computing the
quality indicator ∆E ∗ (b). An estimation of the confidence interval for ∆E
can be easily obtained from bootstrap resamples ∆E ∗ (b). We state that H0
is fulfilled if the confidence interval contains the zero point, otherwise H1 is
accepted and we can state that one model outperforms the other in terms
of MSE. Note that if we use the same resampling for estimating E from the
residuals of both models, we are controlling the resampling variability of ∆E
estimate, and the variance of the estimator will be due only to the differences
between both models. This approach is called a paired bootstrap test, and
a detailed discussion on bootstrap resampling for statistical hypothesis test
can be found in [81].
The hypothesis test determines that the addition of a new sinusoidal
component (M odel B) is relevant when, at least 97% of the B values of
∆E, are on the right hand side of the zero value. The addition of sinusoidal
components stops when the hypothesis test finds that Model B does not
provide any statistical improvement in relation to Model A, i.e. where H0 is
fulfilled. As shown in the next section, the proposed procedure allows us to
automatically find the best regression model with the minimum number of
spectral components.
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Table 3.1: Accuracy percentage of the rhythmometric procedure for two
periodic signals at different SNR values.
SNR (dB)
100
20
10
5

3.3.3

Sum of sinusoids

100%

100%

98%

99.5%

Square signals

100%

99%

99.5%

99%

Simulations with Synthetic Data

The proposed rhythmometric method was first tested by using signals constructed as the addition of synthetic sinusoidal waveforms. To check the
robustness of the procedure, we reduced the quality of the synthetic signal
by adding white Gaussian noise, considering four different values for the Signal to Noise Ratio (SNR), namely, SNR = [100, 20, 10, 5] dB. These values
were chosen in order to comprise a range of high, medium, low, and very low
SNR values. For each SNR value, we generated 200 signals, each one with
a random number of frequency components among those considered by our
model.
To increase the complexity of the signal to be modeled, we also tested our
method with periodic square signals, characterized because the corresponding Fourier Series yield sinusoidal components with decreasing amplitudes.
In our experiment we just considered the fundamental frequency (f0 ) and
the two first non-zero harmonics (3f0 , 5f0 ). White Gaussian noise was also
added considering the same SNR values as in the previous test. We also
obtained 200 signals, now selecting a random number of near-periodic fluctuations and infradian components among those considered by our model.
Table 3.1 shows the percentage of the signals in which our method selected the correct model. Note that the accuracy rate was very high for all
the SNR values and for both kind of signals. It is important to remark here
that this accuracy is extremely high because all the spectral components in
the synthetic signals are considered in our model (3.6).
For all the simulations in this section, the original time series in S were
composed of N = 672 points, obtained by sampling the original signals with
fs = 1/900 Hz (one sample every 15 min). To graphically illustrate the
effectiveness of the proposed approach, Fig. 3.1 shows an example of the
original synthetic signal (periodic square signal) with SN R = 5 dB and
the model estimated by our method, both in time and frequency domains.
Specifically, the synthetic signal was obtained as the sum of a continuous
value (M = 0) and six sinusoidal components: The circadian component
f0 (24 hours); Two components corresponding to fluctuations of f0 , namely,
f0 + fs /N Hz and f0 − fs /N Hz; One infradian component corresponding to
2∆f Hz; And two ultradian components, 3f0 Hz and 5f0 Hz. Fig. 3.1 (a)
shows, in the time domain, the superposition of the original signal (dash line)
and the estimated model (solid line). Fig. 3.1 (b) corresponds to the spectral
representations in terms of the magnitude of the Fast Fourier Transform
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(FFT). Note that the model obtained with our method keeps the six spectral
components of the original signal while discards the noise.

3.4

Experiments and Results

We applied the method presented in the previous section to study a database
of 7-day Holter recordings from patients with HF, collected in the Arrhythmia Unit of Hospital Universitario Virgen de la Arrixaca (see Sec. 2.5).
Specifically, the proposed rhythmometric procedure was used to analyze
some of the most relevant HRV markers in the 7-day monitoring database,
including temporal (AV N N , SDN N , N N 50), spectral (LF , HF , HF n,
LF/HF ), and non-linear (α1 , SampEn) indices. All the indices were obtained in time windows of 15 min, yielding a local description of their time
evolution.
First, the procedure followed for data preprocessing is presented, and the
descriptive statistics of the rhythmometric models for each HRV index are
reported. Then, the population average spectral profiles of the indices are
shown, as well as the population average time evolution of the indices during
7 days. In order to characterize the intrinsic daily time fluctuations in the
patients, the population average time evolutions of the indices averaged in
24 hours are finally presented. For the sake of clarity, in the graphical representations of the population average results, the mean value of the signals
and the MESOR parameter of the regression models have been removed, and
only pulsatile waveforms are depicted in time plots.

3.4.1

Preprocessing

Our database consisted of 31 long-term (7-day) Holter recordings. To analyze
the long-term evolution of the HRV markers, the rhythmometric analysis was
performed on the NN interval series. All data were preprocessed to exclude
artifacts and ectopic beats. Furthermore, the RR intervals lower than 200
ms and greater than 2000 ms were excluded, as well as those which differed
more than 20% from the previous and the subsequent RR intervals [11].
In order to obtain statistically reliable results, the quality of the data
was examined and low quality recordings were discarded. Specifically, three
criteria were established. First, recordings with less than 80% of sinus beats
were discarded (7 recordings ruled out). Second, the HRV markers were computed at 15-min intervals for each patient, by requiring each 15-min segment
to have itself more than 80% of valid sinus beats to compute the markers.
Finally, the third criterion limited to 80% the minimum percentage of usable 15-min segments to consider the recording suitable for the analysis (2
recordings ruled out). The use of these criteria resulted in a final population
of 22 patients.
We computed the HRV indices in 15-min windows by deleting the non
sinus beats in the case of temporal and non linear indices, and from evenly
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Figure 3.1: Synthetic example. (a) Original noisy square signal (dash) and
estimated model (solid). (b) FFT magnitude for the original signal (top)
and for the estimated signal (bottom).

2.33±1.20

1.05±0.97

2.00±1.14

1.86±1.15

1.24±1.26

1.38±1.07

1.33±1.02

1.71±1.15

2.33±1.15

SDN N

N N 50

HF

LF

HF n

LF/HF

α1

SampEn

Ni

AV N N

HRV Index

2.24±1.48

0.90±0.94

0.71±0.85

1.05±0.97

1.38±1.16

1.57±1.08

1.57±1.12

1.67±1.24

2.90±1.45

Nu

2.05±1.83

1.24±1.45

0.71±1.31

0.86±1.24

0.81±1.17

1.43±1.63

2.67±2.06

46.99±17.50

27.52±14.95

23.13±11.62

28.03±14.66

29.34±19.88

42.94±18.71

45.94±20.28

30.79±18.67

61.75±18.65

2.00 ±1.73
0.33±0.66

%P wt

Nf

28.94±21.23

36.86±28.51

28.44±25.88

29.09±28.28

11.96±14.11

24.69±22.82

29.23±24.90

11.98±14.46

14.60±10.35

%P wi

20.84±15.01

14.37±16.57

19.37±24.93

19.91±19.20

25.96±26.19

22.15±16.96

15.49±11.04

22.12±19.84

21.91±16.36

%P wu

10.01±9.00

11.51±15.10

5.33±10.30

7.04±11.81

6.51±14.22

7.31±8.32

17.63±17.91

2.83±7.93

7.31±10.25

%P wf

40.21±17.01

37.25±29.04

46.87±34.50

43.96±29.27

55.56±30.15

45.86±16.34

37.66±21.27

63.07±21.50

56.17±22.75

%P wf0

Table 3.2: Population mean value ± standard deviation of the rhythmometric models for the number of infradian and ultradian
components (Ni and Nu ), number of fluctuation components (Nf ), parameter %P wt (relative to MESOR), and parameters %P wi ,
%P wu , %P wf , and %P wf0 , (all of them relative to P wt ).
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Figure 3.2: Population average spectral HRV profiles for each index (solid)
and the corresponding model (dash).
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resampled NN intervals using linear interpolation in the case of the spectral
indices. Hence, spectral indices were preserved with respect to their time
reference.

3.4.2

Descriptive Statistics

Table 3.2 shows the population statistics (mean and standard deviation)
of the number of sinusoidal components provided by the rhythmometric
method. In particular, the number of infradian components (Ni ), the number of ultradian components (Nu ), and the number of fluctuations (Nf ) are
presented for all the indices. To determine the performance of the rhythmometric method, parameter P wt was obtained for representing the percentage
of increase in the total explained variance when the regression model just
considering the MESOR component (initial model) was replaced by the final
rhythmometric model. To evaluate the contribution of every kind of spectral
component to the final regression model, we considered the corresponding
value of P wt as the base reference for all the indices, and we determined the
percentage of P wt corresponding to the infradian components (%P wi ), to
the ultradian components (%P wu ), to the fluctuations (%P wf ), and to the
circadian component (%P wf 0 ).
The results show that in this population, for all the indices, the component with the highest contribution to the increase in the explained variance
was circadian component f0 , followed in importance by infradian, ultradian, and fluctuation components. Respect to infradian components, they
contributed in 66% of the indices to an increase of more than 25% of the
explained power. Fluctuations also represent a significant, though less noticeable, percentage of P wt for most indices. AV N N , N N 50, SampEn,
and HF indices were modeled with higher number of spectral components,
and also presented higher P wt , which indicates that these indices are better
described by a rhythmometric model than the others. It is remarkable that
in this last group of indices, we have at least one index of each HRV family
of indices (temporal, spectral, and non-linear).

3.4.3

Population Average Spectra

Figure 3.2 details the spectral profiles of the original HRV indices in 7 days
and those provided by the rhythmometric models. Note that the rhythmometric models retain the main spectral components of the original signals
while canceling most of the noise. The circadian component was the main one
for all the indices, as seen in Table 3.2. Infradian components were markedly
present in all the indices, but predominantly in N N 50, HF , HF n, LF/HF ,
α1 , and SampEn, showing evidence of rhythms affecting the state of the
ANS additionally to circadian and ultradian rhythms. The most significant
infradian component is emphasized through an arrow in Fig. 3.2, however
note that also other infradian components can be significant. All the indices
showed the highest infradian power for the circaseptan component, except
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Figure 3.3: Rhythmometric analysis of 7-day Holter monitoring in HRV parameters. Population average HRV indices during 7 days (mean ± standard
deviation) in dark gray and their adjusted rhythmometric models (mean ±
standard deviation) in light gray. Time units indicate sampling periods (15
min), time origin at 9 AM.
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Figure 3.4: Rhythmometric analysis of 7-day Holter monitoring in HRV
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for SDN N and LF , which presented the highest power for the semicircaseptan component. Note that both indices mainly account for low frequency
variations. Regarding the ultradian components, the second harmonic (12
hours) was the most significant for all the indices.

3.4.4

Population Average Time Evolution

Figure 3.3 depicts the time evolution of the population mean and the standard deviation (shaded bands) for each HRV index during 7 days (original
in dark gray), showing that they can change significantly from one day to
another. In order to characterize their time stability, the rhythmometric
models were obtained (in light gray). Due to the consideration of different
kinds of components, the model was able to account for individual and intrinsic day-to-day changes. Note that the wider the shaded bands, the greatest
the difference among the inter-patient rhythmometric models. Some of the
indices presented a more regular daily pattern (AV N N , SDN N , N N 50,
HF , LF , and SampEn) than others (HF n, LF/HF , and α1 ), though the
indices in the first group also presented significant day to day variations.
Figure 3.4 shows the population averages for both the daily averaged
mean and the daily averaged standard deviation (shaded bands) for the
HRV indices. This is, first we obtained the inter-day average and standard
deviation throughout the 7 days for each patient, and then the population
average and the standard deviation. The wider the shaded bands, the wider
the population average inter-day variation. For every index, the original
signal and that estimated by our rhythmometric model are represented.
Note that the daily averaged standard deviation was significantly reduced
for each patient when using the rhythmometric model instead of the original,
daily averaged signals. Some indices were better fitted by the rhythmometric
models (AV N N , N N 50, HF , and SampEn), which can also be checked
in Table 3.2. Note that the averaged standard deviation of HF and LF
also presents a circadian pattern, given by low values during the day and
high values during the night, however, rhythmometric models softened this
difference.

3.4.5

Model Diagnosis

We addressed the model diagnosis by using the conventional criteria on the
residuals, namely, their normality, independence, and homoscedasticity. Normality was analyzed using a Kolmogorov-Smirnoff test. As seen in Table 3.3
for 15-min time windows, the spectral indices showed the lowest percentage
of model residuals following a Normal distribution. Homoscedasticity was
examined by representing the residuals either relative to the signal amplitude (Bland-Altman plots) and relative to time. A trend was found for the
residuals, being larger for larger signal amplitudes in almost all indices, and
time patterns close to the 24-hour periodicity were mostly present in some of
the spectral indices. Independence was fulfilled for all the cases (Runs test
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Table 3.3: Percentage of Normality fulfillment of the residuals for the HRV
indices and for different time windows
15 min

30 min

2 min

AV N N

100

100

13.64

SDN N

19

54.5

0

N N 50

9.5

18.2

0

HF

0

13.6

0

LF

0

4.5

0

HF n

38

22.7

0

LF/HF

0

54.5

0

α1

42

68.2

40.9

SampEn

81

90.9

9.1

for independence).
In order to further explore the suitability of the model, we recalculated
all the rhythmometric parameters with shorter and larger time windows, of
2-min and 30-min, respectively, and all the tests were again performed. Independence was fulfilled in all cases. Homoscedasticity trended to improve
for 30-min time windows, but to worsen with 2-min time windows. Percentage of models whose residuals followed a Normal distribution (according to
the normality test) increased with 30-min time window (especially for the
spectral indices) and decreased in general with 2-min time window, as seen
in Table 3.3. We can conclude that, when analyzing 7-day series, too short
time windows yield worse rhythmometric models, in terms of residuals, than
time windows of several minutes, however, we obtained similar values of
explained variance by considering the three time windows.

3.5

Discussion and Conclusion

In this chapter, we proposed an automatic rhythmometric analysis procedure
which allows to characterize the circadian patterns of HRV indices, together
with the infradian and ultradian components, and the circadian and ultradian fluctuations. We analyzed a 7-day Holter recording database of HF
patients, and a representative subset of temporal, spectral, and non-linear
HRV indices were selected to study their time evolution throughout the 7
days. The aim of the presented rhythmometric method, based on the sum
of cosine functions, is not to obtain the best approximation to the real HRV
signal, but instead to extract the main rhythms (cyclic components), with
emphasis on describing the presence and importance of infradian cyclic components, together with the circadian and ultradian components, which had
been previously studied in more detail.
A clear, yet not surprising conclusion, is that indices in different patients
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are better explained with models with different number of components. If we
pre-specify the number of harmonics to be included in the model, this specification could be wrong either for being too conservative for some patients,
or for introducing spurious components in some others. Hence, the number
of components to be included in the rhythmometric model is a technical issue, and the developed non-parametric test allows to automatically obtain
the number of components for each index in each patient, hence giving a
particular time description.
We found that the contribution to the rhythmometric patterns in HF
patients is significant not only for the circadian, but also for the infradian
and the ultradian components. Daily variations in HRV indices can be explained by the different types of components considered by the rhythmometric model. Regarding ultradian components, the 12 hour component is
the most relevant for all the indices. Infradian components are markedly
present in all indices, but predominantly in N N 50, HF n, LF/HF , α1 , and
SampEn. This shows evidence of infradian rhythms affecting the state of the
ANS, together with the circadian and the ultradian rhythms. All the indices
show the highest ultradian power for the circaseptan component, except for
SDN N and LF , which present the highest power for the semicircaseptan
component. Note that the use of 7-day Holter recordings could be limiting
the statistical consistence when estimating the circaseptan component, the
same consideration holding when the circadian component is estimated in
24-Holter recordings. Fluctuations also represent a significant part of signal
power explained by the rhythmometric models for most HRV indices.
It has been suggested that HRV indices could be used for prognosis of
cardiac events in HF patients, and 24-hour Holter recordings have been used
to estimate these indices. Circadian patterns have been described in some
of these temporal and spectral indices, however, non-linear indices have not
been analyzed yet. The presence of ultradian components on HRV indices
has been previously reported in the literature, however, infradian cycles of
HRV have not yet been analyzed with detail, partly due to the difficulty
on obtaining long-term monitoring recordings. The infradian components
of HRV may be of clinical interest because they could show the presence of
rhythm patterns with prognostic value, which could be used to determine
the decompensation level of HF and the effect of providing a drug treatment
to these patients. Furthermore, the presence of infradian rhythms suggests
that 24 hours may be not informative enough to accurately estimate the
HRV indices.
The use of a crude FFT for determining the significant periodic rhythms
of each patient could be troublesome, due to the high level of noise. In this
sense, it is important to remark that the smooth aspect of the spectra in
Fig. 3.2 is due to the preceding averaging stages. Since visual determination of significant peaks in the FFT would be a subjective and uncontrolled
source of error, we aim to avoid it by using the automatic procedure given
by the rhythmometric model and the bootstrap test. This is a quite simple
method allowing us to give an operative and quantitative definition of the
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signal relevant components. Daily summaries might also be used for giving a
useful description of the temporal changes in a given index, however, unless
very carefully chosen, these summaries could be discarding some relevant
information, specially the presence of infradian components or near-periodic
fluctuations of ultradian components. To our understanding, the proposed
method is a principled approach for characterizing the rhythmometric components.
Though the proposed rhythmometric model may not be the best regression model in terms of the lowest prediction error, it always provides clear information about the presence of circadian, ultradian and infradian rhythms.
Comparisons among different studies with the proposed model should
take into account the signal duration and the time window duration for
computing HRV indices. However, note that if we call sampling frequency
fs to the inverse of the averaging time window for obtaining the HRV indices
from the NN interval series, and denoting as D the total duration (in seconds)
of NN interval series, hence the length in samples N of each HRV index
signal depends on fs . Note that, assuming that Nyquist holds, for the same
D, the use of different time windows will give the same spectral resolution
∆f = 1/D. Hence, the fluctuation components can be considered to be
independent of the sampling frequency whenever the length of every NN
recording is the same. Though more adjacent frequencies could be included
in the model for the narrow band fluctuations (for instance, up to 2∆f or
3∆f ), we used only up to ∆f because population spectral peaks were mostly
about this width.
The proposed rhythmometric model gives a set of parameters characterizing the long-term rhythmometric evolution for 7-day time series. For these
parameters being useful in risk stratification, a specific study and follow-up
should be addressed, which is beyond the scope of this descriptive study.
Though in this work we only report the results for the analysis with 15-min
segments, we increased the number of harmonics considered by our approach
and performed an additional study based on 2-min segments. A comparison between both studies revealed that, in spite of the analysis with shorter
segments provided more significant ultradian components, these new ultradian components had relatively small amplitude and the population total
explained variance remained nearly the same in both studies. The temporary presence of sleep cycles, previously reported in [67], was not detected
by our method, likely due to those ultradian cycles are only present in some
sleeping periods. Thus, for the proposed method being capable of detecting
those cycles, the temporal series should be constrained to some night periods, that we have not considered because in this work we wanted to focus
on a stationary description throughout several consecutive complete days.
In relation to the day of week when the recordings were started, due to
clinical reasons, not all recordings were started the same day of week. This
fact could cause a smoothing on the infradian trends in the representation
of Fig. 3.3 (because population averages are computed). Nevertheless, since
a rhythmometric model was obtained separately for each recording, it was
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possible to detected the infradian components in the signals as can be seen in
the extracted statistics (Table 3.2) and in the spectral profiles of the models
(Fig. 3.2).
Finally, a database of HF patients has been used for the rhythmometric
analysis in this work. However, we consider that further studies with longterm databases including control groups will be highly informative.
The long-term analysis of cardiac series is probably becoming in the
near future an active research area, either from long-term Holter, or from
implantable devices, or from other sources. The main contribution of this
study has been the proposal of an automatic procedure for giving a rhythmometric model able to deal with this kind of long-term series, which given
the cyclostationary nature of cardiac indices, is expected to be useful for this
kind of analysis.

Chapter 4
Long-Term Characterization of
Persistent Atrial Fibrillation:
Wave Morphology, Frequency,
and Irregularity Analysis
4.1

Introduction

AF is the most common sustained cardiac arrhythmia in clinical practice,
and may determine several important complications. During AF, the atrial
tissue is activated by multiple uncoordinated wavelets, appearing as an irregular rhythm with no seeming relationship between consecutive beats. For
this reason, atrial activity during AF has often been studied as a random
phenomenon. Nonetheless, several studies have demonstrated the presence
of organization of atrial activation during AF, indicating that a certain degree of local organization exists, likely caused by deterministic mechanisms
of activation [82, 83, 84]. Given the heterogeneity of AF pathophysiology
and its symptomatic impact on each patient, different treatment strategies
should be adopted. Treatment efficacy may be determined by accurate characterization of each patient.
Although several studies have investigated AF frequency, estimated from
the surface ECG, as a marker of AF organization [85, 86], no single parameter is sufficient for characterizing AF. Parameters reflecting irregularity [87]
and changes in f-wave morphology [88] may be complementary in conveying
information on AF organization. SampEn (see Sec. 2.4.1) has been proposed
as a predictor of paroxysmal AF termination, a measure of paroxysmal AF
organization, and a predictor of electrical cardiovascular outcome [87]. Virtually all studies on AF organization have been conducted on recordings
with lengths up to 24-h, whereas the characterization of AF progression over
several days remains to be addressed. Such information will help to better
understand AF pathophysiology as well as to distinguish between different
types of AF.
Although the presence of circadian rhythms can be more accurately de39
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termined when the ECG recording extends over several days, only 24-hour
recordings have been analyzed with respect to circadian variation of AF frequency [89, 90, 91]. In [89], AF frequency was obtained every sixth hour
from 30 patients with persistent AF. It was concluded that AF frequency
was lower during night time for 80% of the patients, while the remaining 20%
showed a nocturnal increase. Based on 24-hour recordings from 18 patients
with persistent AF, it was concluded that circadian variation was present in
most patients, the highest (lowest) AF frequency usually took place during
the afternoon (late night) [91].
The aim of this work is threefold. First, a new time domain parameter for
characterization of f-wave morphology is introduced. The parameter is based
on principal components analysis (PCA) and is defined as the percentage of
the cumulative normalized variance of the 3 largest principal components
(hence denoted r3 ). Second, 7-day evolution is, for the first time, studied
for AF frequency and SampEn, and the results are compared to those of r3 .
Third, the reproducibility of circadian patterns is studied by comparing detection performance in 24-h and 7-day recordings.

4.2
4.2.1

Methods and Experiments
Dataset and Preprocessing

Our database consisted of 14 7-day Holter recordings from patients with persistent AF. The patients, with an established diagnosis of stable chronic HF,
were recruited at the arrhythmia Unit from Virgen de la Arrixaca Hospital
(see Sec. 2.5).
Due to heavy computational demands, QRST cancellation could not be
performed on the entire recordings, but it was confined to the first 5-min
segment of each hour throughout the 7 days [90]. Following baseline wander
removal, the residual ECG was obtained using spatiotemporal QRST cancellation [92]. Since the frequencies which characterize atrial activity are well
below 25 Hz, the original sampling rate of the residual signal was decimated
to 50 Hz without information loss [82]. Furthermore, QRST-related residuals were replaced by spline interpolation if exceeding ±6 times the standard
deviation of the residual signal.
Five recordings were excluded from the study since they contained excessive drop-outs and amplitude saturation. Thus, the remaining dataset
consisted of 9 recordings (7 males and 2 females, age 57±7). The lead with
the best signal quality was selected for further analysis.

4.2.2

The PCA-based Parameter r3

While PCA [93] has been employed for characterizing AF organization in
electrograms [94] and body surface potential maps [83], it has not been previously considered for characterizing f-wave morphology. The PCA-based
approach does not require any assumption on an underlying signal model,
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and offers an overall characterization which is feasible also in noisy recordings. This property stands in contrast to morphologic characterization based
on f-wave phase information which, though being much more detailed in nature, requires a signal-to-noise ratio not commonly found in Holter recordings [88].
The parameter r3 exploits the short-term temporal redundancy of individual leads. It is obtained by first dividing each 5-min segment into 1-s
segments, resulting in a matrix (D) of N = 50 rows and M = 300 columns.
The mean of each column is subtracted, and the sample covariance matrix of
D is obtained as A = DT D/(N − 1). The diagonal elements A(i, i) represent
the variances for the columns of D, while the off-diagonal elements A(i, j)
represent the covariances of columns i and j. Then the matrix of eigenvalues and the matrix of eigenvectors are obtained from the covariance matrix.
The resulting eigenvectors are arranged in order of decreasing eigenvalues
λi [94, 83]. The parameter r3 is defined as the percentage of the cumulative
normalized variance of the 3 largest eigenvalues
P3
i=1 λi
r3 = P300
· 100
(4.1)
i=1 λi
Higher values reflect more regular and organized f-wave morphology since
the 3 largest principal components explain most of the variance, and vice
versa. This parameter is computed for each 5-min segment throughout the
7-day recordings, and thus provides an hourly characterization.
Figure 4.1 exemplifies AF signal segments with high and low values of r3 ,
both taken from the same patient, and the related first three eigenvectors.

4.2.3

AF Frequency

The AF frequency plays a central role when analyzing atrial activity because
it reflects the repetition rate of the f-waves. It can be used for monitoring
drug effects, and several studies have demonstrated a significant correlation
between AF frequency and the likelihood of spontaneous or drug-induced AF
termination [82, 84, 95]. The AF frequency trend is here estimated by shortterm Fourier analysis of the residual signal. In order to reduce the influence
of intermittent noise, tracking based on a hidden Markov models is employed
which yields an optimal trend from a sequence of observed AF frequencies,
using a priori knowledge on the likelihood of changes in AF frequency and
the frequency estimation method used [96]. The AF frequency is determined,
with a resolution of 0.1 Hz, in each 5-min segment in order to be comparable
with the other parameters.

4.2.4

Sample Entropy

Entropy-based methods quantify the degree of irregularity of a time series.
In this work, SampEn (see Sec. 2.4.1) is computed in each 5-min segment
using m = 2 and r = 0.2 · the standard deviation of the segment. SampEn of
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Figure 4.1: Example of f-waves corresponding to (a) a high value of r3 occurring at 7 am, and (b) a low value of r3 occurring at 7 pm; r3 is based on
PCA performed in 5-min segments. For the sake of visibility, only 4 s of the
AF signals are displayed instead of the entire 5-min segment.

Long-Term Characterization of Persistent Atrial Fibrillation

43

the main atrial wave (MAW) is also computed (SampEnM AW ) with the same
parameter settings [97]. The MAW is a means to enhance the fundamental
features of the atrial activity, and is obtained by bandpass filtering of the
residual signal (linear phase, finite impulse response) with a center frequency
equal to the estimated AF frequency (see Sec. 4.2.3) of the analyzed segment
and a bandwidth of 3 Hz.

4.2.5

Rhythmometric Analysis

Circadian rhythms are assessed in 7-day recordings using hourly values of the
parameters under study. The data sequence is represented by the temporal
regression model introduced in Chapter 3, and given by Eq. 3.1, known as
the cosinor model [80]. The statistical significance of the circadian rhythm is
determined by means of the bootstrap hypothesis test presented in Sec. 3.3.2
comparing the circadian model against the MESOR component.
Joint characterization of circadian and circaseptan (about 7 days)
rhythms of r3 , AF frequency, SampEn, and SampEnM AW is provided
by a multiple components model, which extends the regression model in
(3.1) to become
yn = M + A0 cos(2πf0 tn + φ0 ) + A7d cos(2πf7d tn + φ7d ) + en

(4.2)

where A7d , f7d and φ7d denote the amplitude, the frequency and the
acrophase of the circaseptan rhythm.
Although circaseptan rhythms are considered, since only 7-day recordings
were available, the analysis of these rhythms cannot be accomplished with
the same accuracy as can the analysis of circadian rhythm. Accordingly, the
results on circaseptan rhythms are merely exploratory and results should be
taken with caution. Ultradian rhythms were not considered in this study
due to the hourly resolution of the data.
The LS method is used to find the regression parameters in (4.2). Next,
the rhythmometric method leans toward the bootstrap hypothesis test presented in Sec. 3.3.2 to select the rhythm components with statistical relevance in (4.2).
The goodness of the model fit is quantified as the percentage of the signal
variance explained by the rhythmometric model with respect to the MESOR
PN
Pm =

2
n=1 (yn − ŷn )

1 − PN

n=1 (yn

− M )2

!
· 100

(4.3)

The reproducibility of the circadian patterns is also studied in order to
determine whether significant circadian rhythms can be consistently determined when analyzing 7-day and 24-h recordings.
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Figure 4.2: Boxplots for (a) r3 , (b) AF frequency, (c) SampEn, and
(d) SampEnM AW for each of the patients. For each box, the central mark
is the median, the edges of the box are the 25th (q1) and 75th (q3) percentiles, the whiskers extend to the most extreme data points (excluding
outliers), and outliers (points larger than q3 + 1.5(q3 − q1) or smaller than
q1 − 1.5(q3 − q1)) are plotted individually.

4.3
4.3.1

Results
AF Signal Characterization

Figure 4.2 shows boxplots of r3pc , AF frequency, SampEn, and
SampEnM AW for the 9 patients. There was a considerable inter-patient
variability in r3pc , AF frequency, and SampEnM AW , while this variability
was less pronounced in SampEn.
Figure 4.3 displays four 4-s AF signals from the same patient, comparing high and low r3 with high and low AF frequency. It is obvious from
Figs. 4.3(b) and (d) that large differences in r3 , are not necessarily accompanied by large differences in AF frequency.
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Figure 4.3: AF frequency versus r3 . (a) High r3 and low AF frequency, (b)
high r3 and high AF frequency, (c) low r3 and low AF frequency, (d) low r3
and high AF frequency, corresponding to (a) 5 pm, (b) 11 pm, (c) 8 am, and
(d) 6 am.
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Circadian Rhythms

For each patient and parameter, Table 4.1 shows Pm , the amplitude A0 , and
the hour Mh at which the maximum of the circadian model occurs. Circadian
rhythms were detected in 6 patients for r3 , SampEn, and SampEnM AW , and
in 5 patients for AF frequency. Pm allows comparison between the circadian
models of the different parameters, whereas A0 is shown for the sake of
comparison with published studies. According to the circadian models, the
highest r3 was found in the morning for 3 patients and in the afternoon for
the other 3 patients. The highest AF frequency was found in the morning for
3 patients and at night for 2 patients. Regarding SampEn, the highest irregularity was found in early morning or at late night. In general, SampEnM AW
showed stronger circadian variation (higher Pm ) than did SampEn and, remarkably, the highest SampEnM AW was found in the afternoon and early
night, thus being in opposition to the highest SampEn values.
Figure 4.4 shows 7-day trends for patients #1 and #6. The parameters
r3 , SampEn, and SampEnM AW exhibited circadian variation in patient #1,
whereas AF frequency did not. In patient #6, all parameters exhibited
circadian variation.

4.3.3

Reproducibility of Circadian Patterns

Circadian rhythms found in 7-day recordings were not always detected when
the analysis was based on only 24-h periods. However, a higher value of Pm
for 7-day recordings implied that more 24-h periods with circadian rhythms
were detected. For example, patient #6 showed circadian variation in all
24-h periods for r3 (Pm = 54.5%), in three 24-h periods for SampEn (Pm =
27.5%), in two 24-h period for SampEnM AW (Pm = 18.0%) and in one 24-h
period for AF frequency (Pm = 14.1%).

4.3.4

Rhythmometric Patterns

Table 4.2 shows Pm and the period of statistically significant rhythms, denoted Rsig . When the complete rhythmometric model in Eq. 4.2 was fitted, the circaseptan component besides the circadian was present in certain
cases, namely in r3 , SampEn, and SampEnM AW which turned out to be a
relatively strong component; this is reflected by the increment in Pm from
Table 4.1 with Table 4.2.
Figure 4.5 shows the rhythmometric models for each parameter in patient #5. In this case, no circadian variation was found for r3 , whereas weak
circadian variation were found for SampEn and SampEnM AW when only
considering the circadian component. However, taking the circaseptan variation into account allowed a better fit of the circadian rhythm. In the same
example, the rhythmometric model of AF frequency remained the same as
when a single circadian pattern was considered, because only this rhythm
turned out to be significant.
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Figure 4.4: Circadian patterns. 7-day trends for patients (a) #1 and (b) #6,
plotted together with the fitted circadian model (solid red line).
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Table 4.1: Circadian rhythm. The parameters r3 , AF frequency, SampEn, and SampEnM AW characterized by the goodness of
model fit Pm , the amplitude A0 of the circadian component, and the hour Mh of the maximum of the circadian component. “–”
denotes absence of circadian variation.
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Table 4.2: Rhythmometric patterns. The parameters r3 , AF frequency,
SampEn, and SampEnM AW characterized by the goodness of model fit Pm
and the significant rhythms Rsig of each rhythmometric model. “−” denotes
absence of significant rhythms.
r3
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Figure 4.5: Rhythmometric models for patient #5. The rhythmometric
model obtained for each parameter is superimposed with black solid line,
whereas the circadian component is displayed with red dashed line.
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Discussion and Conclusions

In this Chapter, temporal characterization of f-wave morphology by means of
r3 is proposed, computed by dividing each 5-min segment into 1-s segments.
From our experiments, segments longer than 1 s were found to be less useful
due to the changing nature of AF. Furthermore, r3 was found to be more
robust to QRST residuals when 1-s segments were analyzed than with longer
ones. The parameters r1 and r2 were also considered, but r3 was selected
since the transition between successive segments was found to be smoother
for this choice. It was noted that the decay rate of λi conveys information
about temporal variability of f-wave morphology; thus, fast decay relates to
low variability of f-wave morphology, and vice versa.
The analysis of Holter recordings, as performed in the present study, is
synonymous to the analysis of AF signals corrupted by noise due to muscular
activity or insufficient QRST cancellation. SampEn is known to be sensitive
to high amplitude noise, since the noise threshold r is affected when many
outliers fall within a signal segment. SampEnM AW is less sensitive to noise
due to the bandpass filtering, although its performance obviously is dependent on the estimation accuracy of the AF frequency. Since r3 reflects the
variance of the three largest principal components, the influence of noise is
considerably reduced, thereby making characterization of f-wave morphology
well-suited for analysis of Holter recordings.
The time evolution over 7 days was assessed for r3 , SampEnM AW ,
SampEn, and AF frequency. The results showed that these parameters
reflect complementary aspects of the AF signal since there was not always a
correlation between their values. Higher AF frequency or higher irregularity
parameters were frequently not followed by lower r3 , therefore the different
parameters exhibited different periodicities. The results reveal that these
parameters vary considerably over time. The patterns differed from patient
to patient, i.e., the highest values of a certain parameter were not always
found at the same time of the day for all patients. Such long-term information could be potentially useful in AF studies since short-term evaluation of
parameters characterizing AF is prone to bias.
Circadian rhythms were found in most patients and reflected by most
parameters, which is an additional piece of information about chronic AF
mechanisms being related to the physiological equilibrium of patients and the
long-term regulation mechanisms of the cardiovascular system. Rather than
constituting a merely random activity, the presence of long-term rhythms
in different aspects, such as morphology, time domain, and spectral domain
parameters, points to the presence of long-term mechanisms being natural
in chronic AF. A study on reproducibility of these rhythms verified that
different results are obtained when using 24-h and 7-day recordings, the
latter producing more accurate detection of circadian variation.
Infradian rhythms were also found, namely the circaseptan rhythm which
in certain cases considerably contributed to increase the variance being explained by the rhythmometric model. Rather than just a mathematical
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effect, the joint presence of circadian and infradian rhythms could be interpreted as a complementary property and, likely, joint relationship in the
long-term regulation mechanisms of chronic AF. Ultradian rhythms were not
considered in this study due to the hourly resolution of the data. The aim of
this work was to study the presence of circadian and circaseptan rhythms in
the signals, not to obtain the best sinusoidal approximation to the AF signals. While Pm shows how pronounced these two rhythms are in the signals,
Pm is not expected to explain most of the AF signal variance.
A number of limitations of the study have already been mentioned, one
being the low number of patients in the database; unfortunately, this limitation also applies to previous published studies involving shorter recordings.
Another limitation is the often poor signal quality of ambulatory recordings.
As the length of the recording increases, it becomes increasingly likely to
encounter an episode with excessive noise which causes the entire recording to be excluded from further analysis. Due to this limitation, it was not
possible to pursue a population analysis, however, the presented results still
give some valuable insights into the long-term properties of AF. The consideration on rhythms with periods close to the length of the recordings is
a recurrent topic in rhythmometric analysis. When these components are
judged as significant in the model (such as circaseptan for 7-day recordings or
circadian for 24-h recordings), they have limited statistical significance and
can often be modeled with low-degree polynomial components and considered as data trends. On the other hand, the actual rhythmometric meaning
of these near-to-the-limit components can be reinforced by the consistency
of the trend shape (cosinor-like) in the data from a set of patients. We noted
this consistency in our rhythmometric models, and hence did not use polynomial trends instead of the very low frequency components in the model.
While the inclusion of patients with HF certainly represents a limitation of
the study, it is exceedingly difficult to find clinical patients with persistent
AF but without any other factor that may alter the autonomic system. All
patients in this study were stable so that autonomic activation due to HF
decompensation should be minimal.
Artifacts due to posture changes may add to the circadian component
of physiological origin, although the likelihood of having consistent posture
changes during seven days (repeating at the same time of the day) seems
rather low.
While 7-day Holter monitoring is a useful source of long-term information, it is uncomfortable to use during longer periods. Other monitoring
devices, such as implantable defibrillators or implantable loop recorders, are
currently capable of recording long-term bioelectric information for much
longer periods (months to years). With further evidence concerning the
clinical relevance of rhythmometric and long-term information during AF,
such devices will yield highly relevant diagnostic support.

Chapter 5
Non-parametric Signal Processing
Validation in T-wave Alternans
Detection and Estimation
5.1

Introduction

TWA (see Sec. 2.4.2) represents a strong marker of cardiac electrical instability with relevant potential for arrhythmic risk stratification in adults [47,
48, 49, 50, 51], and it is also under research in fetus [98]. A number of
methods have been proposed for TWA analysis, however, the comparison
and validation of existing algorithms is troublesome due to the lack of definition of a TWA clinical gold standard. Moreover, the performance of the
methods heavily depends on their signal processing stages and parameter
tuning, which are usually not optimized, but rather ad-hoc selected from
previous studies or experience [15]. To our best knowledge, a constructive
procedure to optimize the signal processing in TWA analysis systems has
not been proposed.
Therefore, in this chapter we aim to propose a systematic methodology
for optimizing the global performance of TWA analysis systems. For this
purpose, we start from a TWA analysis system composed of a set of signal
processing blocks, and then, the effect of a change in one single block (either
inclusion vs exclusion, or free parameters tuning) is statistically quantified
at the system output. A complete set of decision statistics is proposed to
evaluate the performance of the system, in terms of central tendency and
dispersion of both detection and estimation quality. The successive comparison of these pairs of TWA system implementations is then provided by
means of non-parametric hypothesis tests (based on Bootsrap resampling).
As a result, the significance of either the improvement or worsening of the
global performance of the system can be determined.
Two different TWA analysis methods are used to test the proposed system optimization methodology. First, a simple implementation for TWA
amplitude estimation in the time domain, which is referred to as the Temporal Method (TM). Second, the widely used SM applied to both detect and
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Figure 5.1: Block diagram for the generic signal processing stages on a TWA
analysis system. The system is composed of several processing stages, some
of them divided in processing blocks with a certain role in terms of signal
processing. Input and output signals are defined for each block in the scheme.
estimate TWA.
Experiments were conducted in two datasets. First, on semi-synthetic
signals composed of real ECG segments with artificial alternant waves and
added noise. In this case, the presence and amplitude of alternans is known,
hence a clear benchmark can be stated for TWA estimation and detection.
Second, experiments were also conducted in two Holter databases with different documented risk of SCD. Given the lack of benchmark for these data,
the inter-group separation between the two databases for TWA amplitude
estimation is used as the system optimization criterion.

5.2

TWA Estimation and Detection Methods

Figure 5.1 depicts a diagram of a complete TWA analysis system that operates over a sliding ECG window length (L) of 128 beats with 32 beats
overlapping (D). Accordingly, s[n] denotes an ECG signal window to be
analyzed.

5.2.1

ECG Preprocessing Stage

The ECG preprocessing stage consists of two filtering blocks. First, High
Frequency (HF) noise elimination with a Coarse Low Pass Filter (CLPF)
with zero-phase distortion and 50 Hz cutoff frequency, yielding an output
signal sCLP F [n], which can be expressed in terms of the mathematical operator ΓCLP F modifying s[n]
sCLP F [n] = ΓCLP F {s[n]}

(5.1)
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Second, Baseline Cancellation (BLC) accomplished through a LPF that in
combination with spline interpolation, generates a trend signal to be subtracted from sCLP F [n]. In this block, several design options are available.
Let θbi denote the ith free parameter to be tuned during the design of block
1
2
b, then θBLC
accounts for the LPF type, and θBLC
is the window length for
the time interval between consecutive spline nodes. The output signal can
be expressed using a mathematical transformation with two free parameters
1
2
sBLC [n] = ΓBLC {sCLP F [n], θBLC
, θBLC
}

5.2.2

(5.2)

R-peak Detection Stage

In the R-peak detection stage, R-peaks are detected on sBLC [n] using three
consecutive blocks. First, a Band Pass Filter (BPF) is applied to preserve
the spectral content of QRS complexes. The output signal of this block can
be expressed in terms of the operator ΓBP F that has two free parameters,
1
2
the center frequency (θBP
F ) and the bandwidth (θBP F )
1
2
sBP F [n] = ΓBP F {sBLC [n], θBP
F , θBP F }

(5.3)

Second, the time instants of QRS complexes are determined on sBP F [n]
by using an adaptive threshold, where a signal sample is selected as QRS
index whenever it is higher than a given absolute amplitude after a specified
refractory period. The result is the set of QRS time instants, niqrs for i =
1, · · · , Q, where Q is the number
P of QRSi complexes. The output signal
can be expressed as qrs[n] = Q
i=1 δ[n − nqrs ], where δ[n] is the Kronecker
delta function. Finally, R-peaks are determined on sBLC [n] by finding the
maximum amplitude in a time interval around each niqrs , which yields the
P
i
i
binary valued signal r[n] = Q
i=1 δ[n − nr ], with nr containing the temporal
positions of R-peaks.

5.2.3

Non-Valid Beats Discarding Stage

TWA has been found to be related to heart rate (HR) [99, 100, 101], and
accordingly, ECG beats with HR outside the band 40-120 beats per minute
(bpm) are discarded, as well as those RR intervals differing more than 50%
from the previous or the next ones. For each discarded beat, the alternant
phase is preserved by also discarding the next beat. Note that this approach
does not take into consideration any possible change of phase of TWA, which
would affect the estimation. To obtain accurate estimates with changes of
phase, methods to estimate the phase of TWA should be implemented, as
in [102]. In our implementation, an ECG segment s[n] is fully discarded
whenever any of the following conditions are hold: (a) more than 10 beats
have been discarded; (b) the standard deviation of RR intervals is larger
than 10 % of mean RR. The output signal of this block is given by the
set of valid
positions niv , for i = 1, · · · , M , with M ≤ Q, i.e.
PM temporal
i
v[n] = i=1 δ[n − nv ].
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5.2.4

Segmentation and Synchronization Stage

Repolarization intervals (ST-T) are segmented and conditioned by using four
consecutive blocks. First, a Fine LPF (FLPF) is used to reject noise out of
the TWA band (0.3 - 15 Hz) [103], and the output signal is expressed in
terms of the operator ΓF LP F with cutoff frequency θF1 LP F as free parameter,
i.e.
sF LP F [n] = ΓF LP F {sBLC [n], θF1 LP F }

(5.4)

A subsequent block delineates each repolarization interval, yielding the
output M × N matrix T, where M is the number of valid beats in s[n], and
N is the number of samples of each segmented repolarization interval. The
free parameter θT1 corresponds to the segmentation type
T = ΓT {sF LP F [n], θT1 }

(5.5)

Two different options are analyzed for θT1 . In option A, a fixed segmentation
is used, taking a 400 ms window after a 50 ms gap following each R-wave.
In option B, an RR-adjusted time window based on [54] is used. Three
different T-wave onsets are defined, namely, 60, 100 and 150 ms after the R
peak for RR < 0.6,
p 0.6−1.1 and > 1.1 sec, respectively. The window length
is obtained as 0.4 mean(RR).
Next, the effect of possible high amplitude remaining samples from the
R-S segment in matrix T can be alleviated using an edge smoothing window
(Tukey window with a ratio of taper to constant section of 0.35) in each
row of T. The output matrix of this block can be expressed in terms of the
mathematical operator ΓW as follows
Tw = ΓW {T}

(5.6)

Most works use at this point some alignment strategy [15], hence, the output matrix of the synchronization block can be expressed in terms of the
1
operator ΓSY N modifying Tw with a free parameter θSY
N corresponding to
the alignment strategy
1
M = ΓSY N {Tw , θSY
N}

(5.7)

1
Two different options are tested for θSY
N . In option A, a T-wave template,
obtained as the median of 128 consecutive T-waves, is used to align each wave
by maximizing the cross-correlation, allowing a variation of ± 30 ms from
its initial position [54]. In option B, a normalization approach aims to align
the samples of each complex corresponding to the same cardiac activation
instant from consecutive heartbeats. For this purpose, each segmented Twave is normalized with respect to time, using an interpolation rate given
by the length of the segment divided by the length of the RR interval.
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TWA Detection and Estimation Stage

Now, M can be seen as a successive pattern of row vectors, Ai and Bi ,
consisting of A and B heartbeat patterns plus additive noise vi , as follows
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A
v1

   

 B  B  v 
 1     2 
 .  .  . 
.  .  . 
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(5.9)

vdM

where ε = A − B is the alternat wave, and vdi = vi − vi+1 .
Let mis be the ith row in Ms , then the TM estimates the TWA amplitude
as follows
1
Valt = max(|modd
− meven
|)
(5.10)
s
s
2
where modd
= Ei odd (mis ) and meven
= Ei even (mis ) are the TWA templates for
s
s
odd and even alternans, respectively, and E is the expected value, estimated
as the sample average.
Matrix Ms can also be columnwise analyzed in terms of time series sj ,
with 1 ≤ j ≤ N . The SM [44, 52] analyzes TWA by means of the periodogram of each sj , given by
pj =

1
|F F T (sj )|2
M

(5.11)

and the averaged power spectrum is obtained as follows
p = Ej (pj )

(5.12)

Detection is made by means of the TWA Ratio (TWAR), given by
T W AR =

p0.5 − µnoise
σnoise

(5.13)

where p0.5 is the magnitude of p at 0.5 cpb (cycles per beat) frequency bin
of the spectrum, and µnoise (σnoise ) is the mean (standard deviation) of the
spectral noise measured in a reference spectral window. In this work, this
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window was set to 0.33-0.48 cpb, other works have used a narrower spectral
window starting above 0.4 cpb [104, 105]. TWA is considered significant if
T W AR > 3, and TWA amplitude is estimated as follows
Valt =

5.3

p

p0.5 − µnoise

(5.14)

Hypothesis Tests and Decision Statistics

In this section, the bootstrap resampling technique is described for its use
in two different scenarios: first, for performance analysis of TWA analysis
systems on a semi-synthetic dataset with known TWA activity; and second,
to measure the inter-group separation between two real populations for TWA
amplitude estimation.
In our proposal, a set of successive comparisons is made for block validation and optimization in a TWA analysis system. The label Model represents
a whole set of processing stages used in a TWA analysis system, with a concrete selection of the free parameters. We define two models, so-called Model
1 and Model 2, with one single processing difference between them. We need
to decide whether the performance differences between Model 1 and Model
2 are statistically significant in terms of a given performance statistic. Our
statistical hypothesis test will contrast the null hypothesis (H0 ) that Model
1 and Model 2 have the same performance, against the alternative hypothesis (H1 ) that they have different performance. Let uM 1 and uM 2 denote
the performance statistic obtained for each model, for example, the mean of
TWA amplitude estimation absolute errors. Then, the hypothesis test can
be stated as
(
H0 : ∆u = 0
(5.15)
H1 : ∆u 6= 0
with ∆u = uM 2 − uM 1 . In order to approximate the probability density
function (pdf ) of uM 1 , uM 2 , and subsequently of ∆u, we use the well-known
plug-in principle. In brief, let Z = {zj , j = 1, ..., L} be a set of L TWA
amplitude estimation absolute errors, and let u be a statistical magnitude
estimated by using an operator O on the observed set, i.e., u = O(Z). Since
actual fZ (Z) is unknown, only a finite number of samples are available,
and operator O can be complex, then fu (u) will be often impractical to
compute. Alternatively, we can approximate fZ (Z) for its plug-in empirical
distribution. We build sets Z ∗ (b) (so-called resamples from Z), by sampling
with replacement up to L elements of Z. Now, a replication of statistic u is
obtained as u∗ (b) = O(Z ∗ (b)), and it represents an estimate of this statistic.
By repeating the resampling procedure for b = 1, . . . , B, an estimated pdf is
given by
B
1 X
ˆ
δ(u − u∗ (b))
fu (u) =
B b=1

(5.16)
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(b)

Figure 5.2: Histograms for the possible results of the hypothesis test: (a)
Semi-synthetic signals; (b) Holter databases.
An estimation of the confidence interval for ∆u, can be readily obtained from
ordered statistics in ∆u∗ (b) resamples [81]. Bootstrap tests were performed
with B = 500. The test determines that the differences between the two
Models are statistically relevant in terms of statistic u when at least 97.5%
of the B values are at one side of the zero value.
Using both, central tendency and dispersion parameters, gives a global
statistical knowledge of the data being analyzed. In this work, operator
O stands for the Mean (M ), the Median (M d), the Standard Deviation
(SD), the Confidence Interval Width (CIW ), and the Power (P ), defined
as P = E[Z 2 ] = (E[Z])2 + Var(Z).

5.3.1

Analysis of the Semi-synthetic Data

Regarding the analysis of the semi-synthetic signal set with known TWA activity, and for TWA estimation, Z stands for the TWA amplitude estimation
absolute errors (Ae), given by
Aej = |aj − âj |

(5.17)

where aj and âj are the actual and the estimated TWA amplitudes respectively. Therefore
uM 1 = O(Ae1j )

(5.18)

uM 2 = O(Ae2j )

(5.19)

where Ae1j and Ae2j are the Aej for Model 1 and for Model 2 respectively.
Figure 5.2(a) shows the three possible results of the hypothesis test for ∆u
estimated from ∆u∗ (b) resamples: H0 is accepted, none of the Models is
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better in terms of u, since the zero value is overlapped and less than 97.5%
of the B values are at one side (top); H0 is rejected because Model 1 outperforms Model 2 in terms of u, all ∆u∗ (b) values are positive meaning that for
every resample uM 2 is larger than uM 1 (medium); and H0 is rejected because
Model 2 outperforms Model 1 in terms of u statistic since all ∆u∗ (b) values
are negative (bottom). For TWA detection, Z stands for the probability
error (P e), obtained as
P ej = (F Nj + F Pj )/Lj

(5.20)

where Lj is the number of semi-synthetic signals used to obtain each P ej
and F Nj , F Pj stand for False Negatives and False Positives respectively.
Similarly
uM 1 = O(P e1j )
(5.21)
uM 2 = O(P e2j )

(5.22)

where P e1j and P e2j are the P ej for Model 1 and for Model 2, respectively.

5.3.2

Analysis of the Holter Databases

To measure the inter-group separation between two real populations, Z
stands for the TWA amplitude estimations, âj , therefore
uPMmn = O((âj )PMmn )

(5.23)

where (âj )PMmn are the âj for population m and Model n. In this case, we first
study if Model 1 provides significantly higher TWA amplitude estimations
for one population (P 1) than for the other (P 2) or viceversa
δuM 1 = uPM21 − uPM11

(5.24)

δuM 2 = uPM22 − uPM12

(5.25)

and the same for Model 2

Furthermore, to test whether the inter-group separation between the two
populations is significantly higher with Model 1 or with Model 2, the difference between the estimated distributions δuM 1 and δuM 2 is obtained as
∆u = δuM 2 − δuM 1

(5.26)

Figure 5.2(b) shows an example of the δu∗M 1 (b) (top), δu∗M 2 (b) (medium)
and ∆u∗ (b) (bottom) resamples. In this example, the confidence intervals
for δuM 1 and δuM 2 indicate that both Model 1 and Model 2 provide significantly higher TWA amplitude estimations for P 2 than for P 1, since all
δu∗M 1 (b) and δu∗M 2 (b) values are positive. The estimated confidence interval
for ∆u indicates that the inter-group statistical separation between the two
populations is significantly higher with Model 1, in terms of statistic u, since
all ∆u∗ (b) values are negative.
Other non-parametric resampling test [106, 107, 108], and parametric
statistical algorithms [109] have been previously used in TWA studies.
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Figure 5.3: Representation of an original heartbeat from record 103 (dashed)
and the same heartbeat after the alternant wave inclusion (straight).

5.4
5.4.1

Experiments with Semi-synthetic Signals
Semi-synthetic Signals Database

A usual methodological problem when evaluating the performance of a TWA
processing system is that the actual presence of alternans is unknown in real
signals. Hence, our first experimental step was to generate a set of ECG
signals with artificial alternant waves, in order to have a perfect knowledge
of their actual magnitude and presence.
To obtain signals as realistic as possible, three minutes records were generated by adding noise and alternans to a set of 5 control ECG signals from
the MIT-BIH Arrhythmia Database (fs = 360 Hz; records 103, 112, 117,
121 and 123; first lead of each record) [63]. These ECG signals were selected
because 99% of their beats were annotated as normal, and they were found
with no positive TWA presence in [52].
An alternant wave with 35µV amplitude was added to every other beat.
Each realization had a random probability of alternans inclusion, i.e., some
of the resulting semi-synthetic signals had alternans, and the others did not.
The alternant waves were estimated from an ECG with clear TWA recorded
during a percutaneous coronary intervention, from the dataset used in [58].
These waves were smoothed and resampled to fit the control ECGs with
fs = 360 Hz. Figure 5.3 shows a heartbeat from record 103, before and after
alternant wave inclusion. Physiological noise from the MIT-BIH Noise Stress
Test Database [63] was added from three noise sources, namely, muscular
activity artifacts, electrode motion artifacts, and baseline wandering, for low
and high levels (15 and 25 dB) of SNR. In each realization, the noise segment
was extracted beginning at a random position in the complete record and
added to the corresponding control ECG. Fig. 5.4 shows an example of a
control ECG segment with added noise.
For TWA amplitude estimation, a set of L = 500 semi-synthetic signals
were obtained. For TWA detection, L = 50 sets of Lj = 100 signals were
used to obtain 50 Pe values.
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Figure 5.4: Example of a control ECG segment with added noise. SNR =
25 dB (top) and SNR = 15 dB (bottom).

5.4.2

Model Comparisons on Semi-synthetic Signals

A set of successive comparisons for block validation and optimization was
conducted on the semi-synthetic signal set.
In the Preprocessing Stage, the performance of the system was tested in
terms of: CLPF, for inclusion/exclusion; BLC, for inclusion/exclusion, as
1
= [mean filter, median filter ], and for
well as for θBLC
2
θBLC = [600, 700, 800, 900, 1000] ms.
In the R-peak Detection Stage, the performance of the system was tested
2
1
in terms of the BPF, for θBP
F = [10, 15, 20] Hz (and fixing θBP F = 10 Hz).
In the Repolarization Interval Segmentation and Synchronization Stage,
we first analyzed the FLPF for its relative position in the system, either
before repolarization interval segmentation, or row-wise in matrix M; then,
for its inclusion/exclusion; and finally, for θF1 LP F = [12, 15, 17, 20, 22, 25] Hz.
The segmentation block was tested in terms of option A and option B for
θT1 . The windowing block was tested for inclusion/exclusion. Finally, the
synchronization block was analyzed for inclusion/exclusion, and in terms of
1
option A and option B for θSY
N.

5.4.3

Results on Semi-synthetic Signals

Results are summarized for TWA amplitude estimation with TM (Table 5.1)
and with SM (Table 5.2), as well as for TWA detection with SM (Table 5.3).
Each table contains, first, the values of each decision statistic for each SN R,
for the Initial configuration of the TWA system, and for the Final configuration after the system optimization procedure. The Initial configuration
1
consisted of the following blocks and free parameters: CLPF, BLC (θBLC
=
2
1
2
median filter and θBLC = 700 ms), BPF (θBP F = 7.5 Hz, θBP F = 15 Hz),
FLPF (ECG filtering and θF1 LP F = 15 Hz), Repolarization Interval Segmen-
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0.68

0.35

15

∆CIW

13.93

21.68

25

CIW

-1.14

-0.04
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∆P
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25

68.25
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25

P

Table 5.1: Results on Semi-synthetic signals.TM, TWA amplitude estimation absolute errors, decision statistics M d, M , CIW ,
SD, P (µV ). Mean values of the estimated confidence intervals for ∆M d, ∆M , ∆CIW , ∆SD, ∆P (µV ), in bold if H0 is rejected,
a positive sign indicating that Model 1 outperforms Model 2 and a negative sign indicating the opposite.
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Table 5.2: Results on Semi-synthetic signals.SM, TWA amplitude estimation absolute errors, decision statistics M d, M , CIW , SD,
P (µV ). Mean values of the estimated confidence intervals for ∆M d, ∆M , ∆CIW , ∆SD, ∆P (µV ), in bold if H0 is rejected, a
positive sign indicating that Model 1 outperforms Model 2 and a negative sign indicating the opposite.
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Table 5.3: Results on Semi-synthetic signals. SM TWA detection P e, decision statistics M d, M , CIW , SD, P . Mean values of the
estimated confidence intervals for ∆M d, ∆M , ∆CIW , ∆SD, ∆P , in bold if H0 is rejected, a positive sign indicating that Model 1
outperforms Model 2 and a negative sign indicating the opposite. All values x10−2 .
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tation (θT1 = option A). The mean values of the estimated confidence intervals for ∆M d, ∆M , ∆CIW , ∆SD, ∆P are next presented for each model
comparison described in 5.4.2. For rejected H0 , the mean value is shown
in bold, a positive (negative) sign indicating that Model 1 outperforms (underperforms) Model 2. For each row in the tables, the model comparisons
set-up was: in CLPF, BLC-1, FLPF-2 and Windowing, Model 1 and Model
1
2 with and without the respective block; in BLC-2, Model 1 with θBLC
=
1
2
median filter and Model 2 with θBLC = mean filter ; in BLC-3, θBLC values
were compared in pairs from the lowest to the highest, the tables show the
2
2
comparison Model 1 with θBLC
= 700 ms and Model 2 with θBLC
= 800 ms;
1
in BPF, θBP F values were compared in pairs from the lowest to the high1
est, tables show the comparison Model 1 with θBP
F = 10 Hz and Model 2
1
with θBP F = 20 Hz; in FLPF-1, in Model 1 the FLPF block before Repolarization Interval segmentation and in Model 2 filtering row-wise in matrix
M; in FLPF-3, θF1 LP F values were compared in pairs from the lowest to the
highest, the tables show the comparison Model 1 with θF1 LP F = 15 Hz and
Model 2 with θF1 LP F = 17 Hz; in Seg. & Sync., several comparisons were
conducted combining all the possibilities for segmentation and synchronization described in 5.4.2, the tables show the comparison of the Models which
1
outperformed the rest, Model 1 with θT1 = option A and θSY
N = option B,
1
1
and Model 2 with θT = option B and θSY N = option A.
TWA amplitude estimation with TM
From the Initial configuration to the Final configuration (Table 5.1), for
both 25 and 15 dB, a reduction of TWA amplitude estimation errors was
achieved in terms of M , CIW , SD and P , only M d showed an increase.
The percentage of reduction and increase of each statistic showed that dispersion parameters were more sensible than central tendency parameters to
the optimization procedure.
In the Preprocessing Stage, the CLPF block inclusion improved the performance in terms of all statistics except for M d (25 and 15 dB) and CIW
(15 dB). The inclusion of BLC block was controversial, since M d and M
indicated improvement without the block, and the other statistics showed
either improvement or not significant differences with the block. Studying
particular cases, we could notice that, in general, including the BLC block
yielded lower TWA amplitude estimations, which improved the estimation
when alternans were not present, but worsened when they were present. In
1
the same block, θBLC
= median filter resulted clearly better compared to the
2
mean filter, and the best values for θBLC
, in terms of number of significant
favourable statistics, were 800 ms (25 dB), and 700 and 800 ms (15 dB). In
1
1
the R-peak Detection Stage, θBP
F = 10 Hz outperformed both θBP F = 15
Hz and 20 Hz. In the Repolarization Interval Segmentation and Synchronization Stage, the position of the FLPF block before ECG segmentation
was better in terms of most of the statistics. Also, most of the statistics
indicated improvement with the inclusion of the FLPF block, all of them for
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the lowest SNR. Parameter θF1 LP F = 15 Hz was the best in terms of number
of significant statistics. The inclusion of the windowing block represented
an improvement on the performance, in terms of M d, M and P , and only
SD (25 dB) indicating the opposite. Finally, the combination θT1 = option
1
B and θSY
N = option A was better, in terms of CIW , SD and P , only M d
indicating the opposite.
TWA amplitude estimation with SM
From the Initial configuration to the Final configuration (Table 5.2), for
both 25 and 15 dB, a reduction of TWA amplitude estimation errors was
achieved in terms of M d, M , and P . Conversely, dispersion statistics CIW
and SD showed an increase.
In the Preprocessing Stage, and similarly to the TM, the CLPF block
inclusion improved the performance in terms of some statistics. The inclusion
of BLC block was controversial, as with the TM, for the same reason. Also
1
for SM, θBLC
= median filter resulted clearly better. Slightly different,
2
2
θBLC = 800 ms (25 dB) and θBLC
= 1000 ms (15 dB) were the best in terms of
number of significantly favourable statistics. In the R-peak Detection Stage,
1
1
similarly to the TM, θBP
F = 10 Hz outperformed both θBP F = 15 Hz and 20
Hz. In the Repolarization Interval Segmentation and Synchronization Stage,
and different from the TM, the position of the FLPF block was significant
in few cases, and among them, mostly in favour of matrix M filtering. The
inclusion of the FLPF block was mostly positive for 15 dB, but negative for
25 dB. In each θF1 LP F comparison, the significant statistics were in favor of
the highest value until θF1 LP F = 20 Hz. Similarly to the TM, the inclusion of
the windowing block represented an improvement in terms of most statistics.
1
Finally, the combination θT1 = option B and θSY
N = option A was better for
all statistics, except for M d.
TWA detection with SM
A pronounced reduction of the Pe was achieved in terms of all statistics,
from the Initial configuration to the Final configuration (Table 5.3).
In the Preprocessing Stage, oppositely to TWA estimation, the CLPF
block inclusion yielded no significant differences at all, and the inclusion
1
of BLC block was mostly positive. As in estimation, θBLC
= median filter resulted better than the mean filter, but with less number of favourable
2
2
statistics, and θBLC
= 700 ms and 800 ms (25 dB), together with θBLC
= 800
ms (15 dB), were the best in terms of number of significant favourable statis1
tics. In the R-peak Detection Stage, similarly to estimation, θBP
F = 10 Hz
outperformed the other options. In the Repolarization Interval Segmentation
and Synchronization Stage, as in estimation, the FLPF block was significant
in few cases, but in contrast to estimation, they were in favour of filtering before repolarization interval segmentation. The inclusion of the FLPF block
was positive in terms of M and P (25 and 15 dB) and M d (15 dB). Also different from the estimation case, for each θF1 LP F comparison, the significant
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statistics were always in favor of the lowest θF1 LP F value. The windowing
block had less impact in detection, but it improved the performance for 15
dB in terms of M d, M and P . Finally, and also for detection, the combina1
tion θT1 = option B and θSY
N = option A was better in terms of all statistics,
except for CIW .

5.4.4

Final Configurations

For TWA amplitude estimation with TM (Table 5.1), the optimization procedure, i.e., the set of successive comparisons for block validation and optimization, and the trade-off between results for 25 and 15 dB, led to the
1
final configuration, which consists of: CLPF, BLC (θBLC
= median filter
2
1
and θBLC = 800 ms), BPF (θBP F = 10 Hz), FLPF (ECG filtering and θF1 LP F
=15 Hz), Repolarization Interval Segmentation (θT1 = option B), Windowing
1
and Synchronization (θSY
N = option A).
For the SM, the optimization procedure along with the trade-off between
the results for 15 and 25 dB and the results for estimation and detection,
yielded to the same Final configuration as for the TM, except for the block
FLPF, in which matrix M filtering was selected.

5.5
5.5.1

Experiments with Holter Databases
Model Comparisons on Holter Databases

The 24-hour Holter databases described in Sec. 2.5 were used in this study.
As the actual alternans amplitude and presence is unknown in the current
scenario, several model comparisons defined in terms of free parameters tuning presented in Sec. 5.4.2 were hard to benchmark. Notice that in this experiment, the inter-group separation between databases was analyzed. Hence,
for some of the blocks, only the inclusion/exclusion was compared. Finally,
we also studied with this real dataset the performance of the system for the
Discard Non Valid Beats Stage, in terms of DNVB block inclusion/exclusion.

5.5.2

Results on Holter Databases

The Initial configuration for the experiments in this section was composed
1
of the following blocks and free parameters: CLPF, BLC (θBLC
= median
2
1
2
filter and θBLC = 800 ms), BPF (θBP F = 5 Hz, θBP F = 15 Hz), FLPF (ECG
filtering and θF1 LP F = 15 Hz), and Repolarization Interval Segmentation
(θT1 = option A). In every model comparison described in Sec. 5.5.1, the
estimated confidence intervals for δuM 1 and δuM 2 allowed always to reject
H0 . Both Model 1 and Model 2 provided always significantly higher TWA
estimated amplitude for SCDDB than for the NSRDB, with the SM for all
the statistics, with the TM for all statistics except for M d, which oppositely
was always significantly lower for the SCDDB.
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Table 5.4: Results on Holter databases. Mean values of the estimated confidence intervals for ∆M d, ∆M , ∆CIW , ∆SD, ∆P (µV ).
Bold for H0 rejected, a positive sign indicating higher inter-group separation with Model 2 than with Model 1, a negative sign the
opposite.
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Table 5.4 summarizes the results (mean values of the estimated confidence
intervals for ∆u) for the inter-group TWA amplitude differences between
the two databases, with the TM and with the SM. For rejected H0 , the
mean value is shown in bold, a positive sign indicating that the inter-group
separation is significantly higher with Model 2 than with Model 1, and a
negative sign indicating the opposite. For each row, the model comparisons
setup was: in DNVB, CLPF, BLC, FLPF, Windowing and Normalization,
1
Model 1 and Model 2 with and without the respective block; in BPF, θBP
F
values were compared in pairs from the lowest to the highest (Table 5.4 shows
1
1
the comparison Model 1 with θBP
F = 10 Hz, and Model 2 with θBP F = 20
Hz); in Synchronization, Model 1 with θT1 = option A and without alignment,
1
and Model 2 with θT1 = option B and θSY
N = option A; in Seg. & Sync.,
1
1
Model 1 with θT = option A and θSY N = option B, and Model 2 with θT1 =
1
option B and θSY
N = option A.
Non-valid Beats Discarding Stage
The inter-group separation between NSRDB and SCDDB was significantly
higher without the DNVB block in terms of all statistics. However, without
this block, we found that artifacts yielded to spurious amplitude estimations,
mainly in SCDDB, therefore, DNVB is a necessary block and it was included
in the remaining experiments in this section. Figure 5.5(a) shows TWA
amplitude estimations distribution (SM) with and without the DNVB block,
for NSRDB and SCDDB. Given that the existing noise in the databases
may affect the detection capability of the system, Fig. 5.5(a) also shows, the
variability results corresponding to the TWAR parameter, which conveys
information regarding noise variance. It can be seen that the exclusion of
the DNVB block also modifies the detection results, in the same way as the
amplitude estimation. For the sake of comparison, the vertical axis for both
NSRDB and SCDDB results have been equalized, though for the SCDDB,
the outliers of the box-plot representation extent to 987.21 µV for TWA
amplitude estimation, and to 3152 for TWAR.
ECG Preprocessing Stage
The CLPF block did not involve a substantial difference in the final performance of the system, and only with the TM, and in terms of P , the intergroup separation between the databases was significantly higher without the
CLPF block. Figure 5.6 (a) shows the scatter plots for TWA amplitude
estimations with the TM. Note that values close to the diagonal represent
no change when including (or not) the block, whereas values below (above)
the diagonal represent higher (lower) amplitude estimates when including
the block. With the TM, including the BLC block in general led to lower
TWA amplitudes estimations. However, when strong baseline wandering
was present in the recording, excluding the BLC block resulted in misleading TWA amplitude estimations. This can be inspected by estimating the
signal to baseline noise ratio as the power of sCLP F [n] divided by the power
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(a)

(b)
Figure 5.5: TWA amplitude estimations and TWAR distributions obtained
with the SM, for NSRDB and SCDDB: (a) with and without the DNVB
block; (b) with and without the BLC block.
of the residual signal after the BLC block, resBL [n] = sBLC [n] − sCLP F [n],
resulting in 109.5 ± 119.8 (mean ±std) for the NSRDB and 15.65 ± 27.38
for the SCDDB. With these values, we may see that the SCDDB is more
affected by baseline noise, and excluding the BLC block has a deeper impact in this database, which leads to higher inter-group separation in terms
of all statistics except for M d. For the SM, excluding the BLC block suppressed most low amplitude detections, and only high amplitude detections
remained, mainly for the SCDDB (Fig. 5.5(b)), hence this was the reason
for the increased separation between databases in terms of M d, M and P .
R-peak Detection Stage
1
The different θBP
F options did not involve a substantial difference in the performance of the system, and the inter-group separation was only significantly
1
higher with θBP
F = 10 Hz in terms of M with the TM.

Repolarization Interval Segmentation and Synchronization Stage
We estimated the signal to HF noise ratio as the power of SBLC [n] divided by the power of the residual signal after the FLPF block, resHF =
SBLC [n] − SF LP F [n], resulting in 3.3 ± 2.88 for the NSRDB and 58.74 ± 110.6
for the SCDDB. Therefore, the NSRDB is more affected by HF noise. With
the TM, excluding the FLPF block led to higher estimated amplitudes, but
mainly for the NSRDB (Fig. 5.6(b)). For this reason, higher inter-group
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(a)

(b)

(c)

(d)

(e)
Figure 5.6: Scatter plots of TWA amplitude estimations with the TM, for
NSRDB (left) and SCDDB (right). Amplitudes in the horizontal (vertical)
axis obtained including (excluding): (a) CLPF, (b) FLPF and (c) windowing blocks; (d) horizontal axis using normalization as alignment strategy,
vertical axis without any alignment strategy; (e) horizontal axis using RRadjusted segmentation + synchronization, vertical using fix segmentation +
synchronization.
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and
Figure 5.7: TWA odd (straight line) and even (dashed) templates (modd
s
even
ms ) without (top) and with (bottom) Tukey windowing.
separation between the databases was obtained with its inclusion. Differently, with SM, when the FLPF block was excluded, some low amplitude
detections disappeared, but mainly for the SCDDB, and the databases separation became higher in terms of P . With the TM, the inter-group separation between databases was significantly higher, in terms of all statistics,
when including the windowing block. Figure 5.6 (c) shows that TWA amplitude estimations were often higher without Tukey windowing, mostly for the
NSRDB. Figure 5.7 presents an example showing that without Tukey windowing, TWA amplitude estimation can be distorted due to lasting R-wave
effect (for Fig. 5.7 (top), Valt was 19.28 µV , and for Fig. 5.7 (bottom) 7.08
µV ). This effect also was present in the SM, but in a lesser extent, due to
the power spectrum averaging. The inter-group separation was significantly
higher when including the windowing block in terms of SD and P .
The use of no alignment strategy can, in some cases, underestimate TWA
amplitudes due to differences in RR interval length inside an analysis win1
dow. Including the normalization approach (θSY
N = option B ) had strong
impact, with both the TM and the SM (Fig. 5.6 (d)), leading to significantly
higher separation between databases, for all statistics except for M d with the
TM. The variable segmentation together with the synchronization approach
1
(θT1 =option B and θSY
N = option A) had the same effect, but mainly with
the TM and for the NSRDB (see Fig. 5.6(e)), resulting in a significantly
higher inter-group separation in terms of all statistics only with the TM.
Comparing both alignment approaches (Seg. & Sync.), the combination
1
1
θT = option A and θSY
N = option B provided higher amplitude estimations,
mainly for the SCDB, and led to significantly higher inter-group separation,
for all statistics (except M d with TM).

5.5.3

Final Configuration

Considering the inter-group separation as optimization criterion, but also
taking into account the noise characteristics of these particular databases,
the final configuration was composed of the following blocks and free param-
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1
2
1
eters: BLC (θBLC
= median filter and θBLC
= 800 ms), BPF (θBP
F = 10
1
Hz), FLPF (ECG filtering and θF LP F =15 Hz), Repolarization Interval Seg1
mentation (θT1 = option A), Windowing and Synchronization (θSY
N = option
B ).

5.5.4

Effect of window size

In our study we fixed an analysis window length (L) of 128 beats with
32 beats overlapping (D), however different L values are employed in the
literature. To evaluate the effect of L, we also simulated L = 64 (D = 16)
and L = 32 (D = 8) beats to analyze the Holter recordings.
For both the TM and the SM, and in contrast with L = 128, for L = 64
and L = 32, we obtained either no significant differences, or significantly
higher TWA estimated amplitudes for the NSRDB than for the SCDDB in
terms of most of the statistics. The inter-group separation between NSRDB
and SCDDB was significantly higher with L = 128 than with L = 64 and
L = 32, in terms of most of the statistics.
The differences obtained in the results when decreasing the value of L
can be due to the different noise levels in the two databases. On one hand,
in Section 5.5.2 we estimated higher noise level for the NSRDB than for the
SCDDB. On the other hand, decreasing the value of L leads to a lower noise
reduction effect due to the averaging of less beats. Therefore, decreasing L
affects more to the NSRDB than to the SCDDB, yielding a higher increase of
TWA estimated amplitudes due to noise effects, and leading also to a lower
inter-group separation between the two databases.

5.6

Discusion and Conclusions

In this chapter, we studied the dependence of TWA analysis systems output
quality with respect to several widely used signal processing stages. Our aim
was to optimize the final performance of the system using a set of decision
statistics and a nonparametric hypothesis test. For this purpose, two scenarios were chosen. First, a set of semi-synthetic signals with known TWA
activity allowed a clear gold standard for benchmarking. Second, the statistical inter-group separation was used as the optimization criterion in two
publicly available Holter databases.
Results on semi-synthetic signals showed that optimal free parameters
and block inclusion/exclusion differ for the TM and for the SM, and also for
detection and for estimation with the SM. After the optimization procedure,
the TWA amplitude estimation errors were significantly reduced in terms
of most of the decision statistics. This reduction was larger with the TM
than with the SM, and for TWA detection with the SM, the Pe was largely
reduced in terms of all of the statistics. With respect to each analyzed block,
the CLPF improved TWA amplitude estimation with both the TM and the
SM, but it made no difference in TWA detection. The BLC block provided
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unclear results for estimation, however its inclusion was mostly positive for
detection, and its tuning made important differences on the performance of
the system. The FLPF block relative position was also significantly influential. Its inclusion was mainly positive for estimation and detection (except
for estimation with SM for high SNR). Finally, appropriate tuning of T-wave
segmentation and synchronization also improved the final performance of the
system.
Results on Holter databases showed that caution has to be taken when
designing a system to be used in different sets of recordings, since their signal
characteristics may be rather different (due to noise level and type, amount
of artifacts, and others), and this has noticeable impact on the global performance. In addition, appropriate tuning of some of the processing blocks,
namely, windowing, segmentation and synchronization, yielded to a larger
statistical separation between two patient populations with different documented risk of SCD, and the results from these block configurations were
mostly in agreement with the ones on semi-synthetic signals. Note that the
statistical inter-group separation is often used in the trials for risk stratification analysis, and this has been the reason to have chosen this parameter as
optimization criterion in this work. In order to be sure that the statistical
differences pointed out by the test are not due to artifacts or noise conditions, but rather due to actual differences on the TWA phenomena between
the two populations, special caution has to be taken when evaluating the
blocks that specifically deal with noise. In this work, the SNR for different
noise types has been estimated in order to explain the results according to
the noise content.
Our objective was to present a global system optimization procedure,
which can be used for scrutinizing and tuning any TWA analysis system
from a digital signal processing point of view, and to have a set of tests
for measuring the impact of different signal processing blocks depending
on the designer’s purpose. Our efforts were not directed to propose any
improvement to the several blocks that form the whole TWA analysis system.
Therefore, some important aspects such as, for example, the change of the
phase of TWA [105] are not fully treated in this work due to its complexity,
so its study falls beyond the scope of the present work.
The widespread research in the development of TWA signal processing
methods has led to a wide amount of algorithms with different signal processing options. However, there is no clear evidence on which is the best
algorithm to be used on clinical applications. A straightforward clinical implication is to take into account that, when conducting clinical trials, given
a specific TWA analysis method for a specific type of application (Holter
recordings, stress test recordings, ...), a previous signal processing optimization, to condition the signals, may substantially improve the performance of
the system. The methodology developed in this work aims to be a useful
tool for this purpose

Chapter 6
Conclusions and Future Work
6.1

Conclusions

As stated in Chapter 1, the general objective of this Thesis was to develop
tools to improve the analysis of long-term monitoring cardiac data. To this
end, signal processing techniques have been developed and non-parametric
statistical frameworks have been designed in three selected areas of application. The original contributions and conclusions of each of them are next
summarized.
HRV on 7-Day Holter Using a Bootstrap Rhythmometric Procedure
An automatic rhythmometric method has been proposed to extract the infradian, circadian, and ultradian components of a signal. The method leans
on a bootstrap hypothesis test to construct a rhythmometric model, for each
patient, by automatically selecting the relevant spectral components in each
signal. This rhythmometric method has been applied to study, for the first
time in a population, the 7-day evolution of linear and non-linear HRV indices in a database of HF patients.
A clear conclusion is that different HRV indices in different patients are
better explained with models comprising different number of components.
The number of components to be included in the rhythmometric model is
a technical issue, and the developed nonparametric test allows us to automatically obtain the number of components, hence giving a particular time
description for each index in each patient.
We found that the contribution to the rhythmometric patterns in HF patients is significant not only for the circadian, but also for the infradian and
the ultradian components. Regarding ultradian components, the 12 hour
component is the most relevant for all the indices. Infradian components are
markedly present in all indices, but predominantly in N N 50, HF n, LF/HF ,
α1 , and SampEn. This shows evidence of infradian rhythms affecting the
state of the ANS, together with the circadian and the ultradian rhythms.
All the indices show the highest ultradian power for the circaseptan compo77
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nent, except for SDN N and LF , which present the highest power for the
semicircaseptan component.
The infradian components of HRV may be of clinical interest because they
could show the presence of rhythm patterns with prognostic value. This fact
could be used to determine the decompensation level of HF and the effect of
providing a drug treatment to these patients. Furthermore, the presence of
infradian rhythms suggests that 24 hours may be not informative enough to
accurately estimate the HRV indices.
The main technical contribution of this study has been the proposal of
an automatic procedure for giving a rhythmometric model able to deal with
long-term series, which given the cyclostationary nature of cardiac indices,
is expected to be useful for this kind of analysis.
Long-Term Characterization of Persistent AF
Temporal characterization of f-wave morphology by means of r3 has been
proposed. This parameter is based on PCA and it was noted that the decay rate of the eigenvalues conveys information about temporal variability of
f-wave morphology; thus, fast decay relates to low variability of f-wave morphology, and vice versa. Furthermore, the analysis of Holter recordings is
often equivalent to the analysis of AF signals corrupted by noise due to muscular activity or insufficient QRST cancellation, and many of the parameters
traditionally used to characterize de AF signal are sensitive to noise. Since
r3 reflects the variance of the three largest principal components, the influence of noise is considerably reduced, thereby it is well-suited for analysis of
Holter recordings.
The time evolution over 7 days was assessed for SampEn, SampEnM AW ,
AF frequency, and r3 . The results showed that these parameters reflect complementary aspects of the AF signal since there was not always a correlation
between their values. Higher AF frequency or higher irregularity parameters
were usually not followed by lower r3 , therefore the different parameters exhibited different periodicities. The parameters varied considerably over time
and the patterns differed from patient to patient. Such long-term information could be potentially useful in AF studies since short-term evaluation of
parameters characterizing AF is prone to bias.
Circadian rhythms were found in most patients and reflected by most
parameters, and infradian rhythms were also found, namely the circaseptan rhythm. This fact represents an additional piece of information about
chronic AF mechanisms being related to the physiological equilibrium of patients and the long-term regulation mechanisms of the cardiovascular system.
The presence of long-term rhythms in different aspects, such as morphology,
time domain, and spectral domain parameters, points to the presence of
long-term mechanisms in chronic AF. A study on the reproducibility of these
rhythms verified that different results are obtained when using 24-h and 7day recordings, the latter producing a more accurate detection of circadian
variation.
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A new methodology has been developed for optimizing the final performance
of a system in terms of its signal processing options. This methodology relies
on a set of decision statistics and a non-parametric hypothesis test based on
bootstrap resampling. It has been applied here to study the dependence of
TWA analysis systems output quality with respect to several widely used
signal processing stages. For this purpose, two scenarios were chosen. First,
a set of semi-synthetic signals with known TWA activity allowed a clear
gold standard for benchmarking. Second, the statistical inter-group separation was used as the optimization criterion in two publicly available Holter
databases.
Results on semi-synthetic signals showed that optimal free parameters
and block inclusion/exclusion differ for the two studied TWA analysis methods, the TM and the SM, and also for detection and estimation with the
SM. After the optimization procedure, the TWA amplitude estimation errors were significantly reduced in terms of most of the decision statistics.
This reduction was larger with the TM than with the SM, and for TWA
detection with the SM, the Pe was largely reduced in terms of all of the
statistics.
Results on Holter databases showed that an appropriate tuning of some
of the processing blocks, namely, windowing, segmentation and synchronization, yielded a larger statistical separation between two patient populations
with different documented risk of SCD. In order to be sure that the statistical differences pointed out by the test are not due to artifacts or noise
conditions, but rather due to actual differences on the TWA phenomena between the two populations, special caution has to be taken when evaluating
the blocks that specifically deal with noise.
The widespread research in the development of TWA signal processing
methods has led to a wide amount of algorithms with different signal processing options. However, there is no clear evidence on which is the best
algorithm to be used on clinical applications. A straightforward clinical implication is that, when conducting clinical trials, and for a given a specific
analysis method for each application, a previous signal processing optimization may substantially improve the performance of the system. The methodology developed in this work aims to be a useful tool for this purpose.
The long-term analysis of cardiac series is probably becoming in the
near future an active research area, either from long-term Holter, or from
implantable devices, or from other sources. The main contribution of this
Thesis has been the proposal of tools capable of dealing with this new kind
of long-term series. However, further studies are needed to go deeper into
the evaluation of the proposed tools.
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6.2

Future Work

Following, some future extensions are described, which aim to deepen the
understanding of the proposed tools.
• Rythmometric analysis have been carried out in a database of HF patients and in a database of patients suffering from chronic AF. However,
a higher number of patients, specially in the AF population, would help
to the interpretation of the results. Also, we consider that further studies with long-term databases including control groups would be highly
informative. Furthermore, the proposed rhythmometric model gives a
set of parameters characterizing the long-term rhythmometric evolution for 7-day time series. For these parameters to be useful in risk
stratification, a specific study and follow-up needs to be addressed.
• The proposed methodology for optimizing the final performance of a
system in terms of its signal processing options has been applied here
to two simple TWA analysis method. Thus, the next step is to use the
optimization procedure with more advanced TWA analysis methods,
such us multilead schemes. Moreover, this methodology can be used to
set the signal processing options in any other analysis system further
from TWA analysis methods, for example for the processing previous
to the computation of the HRV indices.
• While 24-hour and 7-day Holter monitoring are useful sources of longterm information, they are uncomfortable to use during longer periods. Other monitoring devices, such as implantable defibrillators or
implantable loop recorders, are currently capable of recording longterm bioelectric information for much longer periods (months to years).
With further evidence concerning the clinical relevance of rhythmometric and long-term information for CVD, the use of such devices
will yield highly relevant diagnostic support.
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