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Preface

The nexus between engineering and biological science including medicine is a rich area
of scientific endeavor in terms of understanding physiological and pathophysiological
processes. Advances in computer technology and medical instrumentation have led to
opportunities to improve data acquisition, signal processing, and analysis. Much has been
written about heart rate variability (HRV) with more to come as engineers, computer scien-
tists, physicists, mathematicians, and clinicians unravel its mysteries. Cardiac rhythms are
complex and reflect the physiological or pathophysiological neural control and feedback
mechanisms over time. HRV is a statistical measure of the changes in heart rate or the inter-
beat intervals over time, and may be obtained from recordings as short as 10 seconds or
several days in length. However, clinical diagnostic/therapeutic utility and the usefulness
of HRV are still being debated in the literature and are limited in application.

Automated stratification of cardiovascular diseases by HRV of patients at rest provides
an additional clinical tool with high accuracy and reliability that does not require patient
participation and can be corrected for age and gender. Recordings of HRV can be obtained
from a person either in a supine or sitting position or while on a head-up tilt device. In all
cases, short recordings with no active participation required provide a highly useful tool
in clinical settings.

It is not the intention of this book to provide detailed descriptions of the methods asso-
ciated with preprocessing of the heart rate time series and related analytical methods, but
rather to provide an overview of the field from an engineering and medical perspective,
describing the current state of the art applied to understanding pathophysiological pro-
cesses in disease and disease progression. This book aims to describe the complex time
series of the heart rate and how to interpret results for a better understanding of informa-
tion obtained by the diverse methods applied in HRV analysis and its role in health and
disease.

Developing engineering solutions allows clinical science and medical diagnostics to
move forward and improve patient care by identifying often asymptomatic disease pro-
gression early. HRV analysis has progressed from applying simple time-domain- and
frequency-domain-based methodology to applying more complex algorithms toward dis-
covering better and more meaningful descriptors of the inherent variability of the heart
rate over time and its meaning. Some of these algorithms are discussed in the following
chapters. Biosignal processing and analysis remains an exciting field as it continues to
expand, providing novel measures relevant to diverse fields such as biomedical engineer-
ing, computing, physics, mathematics, and medicine, to name a few. Linear methods of
time and frequency analysis have given way to nonlinear analysis such as fractal geometry
and entropy-based methods. These include multiscale entropy, where the scaled measures
are thought to provide additional useful information. In many cases, these have led to the
identification of subtle changes in the HRV associated with pathological processes even
though the physiological meaning is yet to be found.

For any analysis to provide meaningful results, the method applied has to match the
data to be analyzed. Hence the basis for HRV can be placed at the bidirectional regulatory
mechanisms of the autonomic nervous system (ANS). Parasympathetic input acts as a heart
rate brake, slowing heart rate, whereas the sympathetic component or withdrawing of the

vii
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parasympathetic input of the ANS increases heart rate. The ANS is further regulated by the
brainstem, subcortical, and cortical areas, with which it essentially has a closed loop. Anx-
iety, depression, and schizophrenia are examples of cortical pathologies that affect HRV.
Parkinson’s disease and brainstem pathology as well as peripheral pathophysiology such
as associated with diabetes further change the heart rate pattern. These changes in HRV
or the specific HRV results are not specific for a particular pathology but hint at a change
away from body homeostasis that can be used for supporting a clinical diagnosis and inter-
pretation with involvement of the ANS as well as an indicator of treatment effectiveness.

The first chapter of the book provides historical context and an introduction to basic
biosignals analysis, including some recent advances in HRV algorithm development. It is
intended mainly for physicians to familiarize themselves with this area of inquiry. The
remaining chapters provide biological and clinical examples of how various HRV mea-
sures are applied in biology and specifically in autonomic neuroscience, exercise physi-
ology, cardiac function, renal disease, mental health, fetal health, and pediatrics. The key
difference from contemporary HRV-related books is that the current book provides addi-
tional insights into the pathophysiological link between physiologically understandable
mathematical indices of HRV and ANS function in health and disease.

MATLAB® is a registered trademark of The MathWorks, Inc. For product information,
please contact:

The MathWorks, Inc.

3 Apple Hill Drive

Natick, MA 01760-2098

USA Tel: 508-647-7000

Fax: 508-647-7001

Email: info@mathworks.com
Web: www.mathworks.com
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Introduction to ECG Time Series Variability
Analysis: A Simple Overview

Herbert E Jelinek, David J. Cornforth, and Ahsan H. Khandoker
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Physiological rhythms or oscillations are the manifestation of a complex physiological sys-
tem. The clinical community has long recognized that alterations in physiological rhythms
are associated with disease and therefore have clinical value. Oscillations in cardiovascular
systems are reflected in electrocardiogram (ECG) time series variability. For example, beat
to beat variability in heart rate or heart rate variability (HRV) analysis has experienced a
tremendous increase in interest from both the engineering community and medical pro-
fession, as well as from the social science, economic, and health sectors. What follows is a
brief overview of the chapters included in this book, noting that each chapter was a team
effort by the various laboratories around the globe that work in this field. This book is
organized to provide a historical overview of the domain by Andreas Voss in Chapter 2
and a basic overview of HRV analysis and review of the basics of biosignal processing
by Dragana Baji¢ and her coauthors in Chapter 3. Chapter 3 is aimed at readers who are
new to this field or who need an overview of the basic concepts. From these introductory
chapters, the book moves on to provide some groundbreaking computational applications
by Gaetano Valenza and colleagues (Chapter 4) as well as the laboratory of Alberto Porta
and colleagues in Chapter 5. Danuta Makowiec and coauthors discuss how graph theory
may be applied to HRV analysis in Chapter 6. Many of these applications require on-site
coding and Mika Tarvainen introduces Kubios in Chapter 7, which is a shareware program
available from the World Wide Web that provides the opportunity to investigate biosignals
processing and obtain the fundamental time and frequency domain measures as well as
some nonlinear attributes of the biosignals. This software includes preprocessing options
and time and frequency domain analysis as well as nonlinear HRV analysis options, for
those that require a user-friendly application for HRV analysis. The remainder of the book
then concentrates on several areas of clinical applications with the aim to introduce the
reader to the utility of HRV. In some cases, other biosignal variability analysis methods are
discussed, such as blood pressure and electroencephalogram (EEG) analysis, which can be
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coupled to heart rate tachograms. An important aspect of the clinical chapters is the inclu-
sion by the authors of explanations of why they used the algorithms and they also propose
more advanced methods that address the research problem better.

Thus, in Chapter 8, David Cornforth and Herbert Jelinek ask the question of how com-
plexity measures deepen our understanding of pathophysiological processes associated
with cardiac rhythm. Chapter 9, by Tatjana Loncar-Turukalo et al., is the first chapter to
address biosignal coupling between blood pressure and HRV. Chandan Karmakar and
coauthors then take the reader, in Chapter 10, back to a fundamental aspect of heart rate
and its variability by discussing the tone-entropy feature at multiple scales.

This book does not only address how to classify or identify cardiac rhythm pathology
but also covers how HRV can be used to assess the effects of training in sport and as a
means of staying healthy, which is discussed in Chapter 11 by Kuno Hottenrott and Olaf
Hoos. Using HRYV to assess the patient response to a virtual reality neurological rehabili-
tation is the subject of Chapter 12, by Herbert Jelinek et al., while HRV compared to tra-
ditional outcome measures in cardiac rehabilitation is covered by Hosen Kiat’s group in
Chapter 13. In Chapter 14, Ian Baguley and Melissa Nott examine changes in autonomic
nervous system function in acute brain injury. Chapters 15 by Andrew Kemp and Daniel
Quintana and Chapter 16 by Karl-Jiirgen Bar and Andreas Voss discuss psychiatric disor-
ders and HRV. Ahsan Khandoker, in Chapter 17, presents the recent progress in fetal ECG
and fetal HRV technique. Chapter 18, by Janice Russell and Ian Spence, reviews HRV anal-
ysis in anorexia nervosa and eating disorders in general. In Chapter 19, Juha Perkiomaki
and Heikki Huikuri discuss applying HRV in clinical practice following an acute myocar-
dial infarction. Matthias Baumert outlines HRV analysis in cardiac control during normal
and hypertensive pregnancy (Chapter 20). Jaqueline Phillips and Cara Hildreth then intro-
duce, in Chapter 21, telemetry use in animal models of kidney disease. The last chapter
then reaches the cellular level and investigates beat-to-beat variability in cardiomyocytes
covered by Helmut Ahammer and colleagues from Graz.

However, before any biosignal analysis takes place, a number of issues have to be con-
sidered, which are briefly outlined below.

1.1 Preliminary Considerations When Measuring HRV

Methodological considerations form the crux of any research as they are a big part of using
HRYV as a tool in clinical practice. The number of methods proposed over the last 50 years
has risen dramatically as our understanding of the physiology and pathophysiology of
cardiac rhythm has grown. Time domain, frequency domain, and nonlinear methods of
HRYV analysis have to be chosen carefully depending on the information about the biosignal
that is required.

A standard ECG signal is shown in Figure 1.1. This type of signal has been exhaustively
studied and the diagnostic value of the different features is well established. The QRS com-
plex, with R being the peak of the wave or fiducial point, is used as a surrogate point to the
p-wave peak in determining the interbeat time for HRV analysis.

For HRV analysis, several preprocessing considerations have to be met. Noises in the
recording and ectopic beats have to be removed. How do we deal with removed or miss-
ing beats? Manual selection of noise and ectopics is time consuming and also less likely
to lead to identical outcomes if repeated. Therefore, automated preprocessing algorithms
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FIGURE 1.1
Normal ECG signal showing the RR interval.

have been proposed (Marzbanrad et al. 2013; Karlsson et al. 2012; Kim et al. 2009;
Thuraisingham 2006; Wessel et al. 2000; Sapoznikov et al. 1992). RR intervals are events
that are not evenly spaced and therefore for some HRV analysis, especially frequency
domain analysis, resampling is required and consequently the resampling frequency be-
comes important (Clifford and Tarassenko 2005; Struzik and Hayano 2006; Moody 1993).
Current algorithms for HRV analysis tend to be applied to tachograms with reduced
sampling frequency in order to minimize the data size, increase analysis speed, or as a
prerequisite for evenly distributed data, while retaining high clinical accuracy (Grant et al.
2011). Resampling frequencies that have been applied for HRV analysis vary between 1
and 10 Hz with low sampling frequencies possibly leading to a loss of information. In addi-
tion, the resampling frequency also affects the HRV results in particular frequency domain
measures (Singh et al. 2004). Choosing an appropriate resampling frequency is not only
a function of the Nyquist frequency of the signal of interest but also of the HRV analysis
employed (Abubaker et al. 2014). Within the context of preprocessing and resampling, the
length of the recording also needs to be considered. In clinical practice, 10-second, 12-lead
ECGs are routinely recorded in addition to longer Holter recordings, which are usually
recorded for between 24 and 72 hours. However, recording lengths of 2, 5, 10, 20, or 30
minutes as well as 2 hours are not uncommon and are often a function of the HRV method
used (Smith et al. 2013; Kemp et al. 2012; Grant et al. 2011; Dekker et al. 2000; de Bruyne
et al. 1999; Sinnreich et al. 1998; Saul et al. 1988). HRV algorithms such as very low fre-
quency power (VLF) or approximate entropy (ApEn) may not be suitable for use with very
short recording periods although when applying even these in clinical practice, they may
be sufficiently robust to provide useful information for the clinician (Jelinek et al. 2014).
Teich et al. have shown that some measures provide reliable results using recordings of
only a few minutes (Teich et al. 2001). In addition, when comparing HRV results, recording
lengths need to be of the same duration. Automated preprocessing to remove noise and
ectopic beats, resampling, and consideration of length of recording all play an important
role in obtaining meaningful results in clinical practice and research. Finally, testing for
stationarity is a step often neglected. Biological signals are inherently nonstationary and
measures such as the correlation dimension or power spectral analysis are strongly influ-
enced by the nonstationarity of the signal. To address this point rather than determining
the extent of nonstationarity, it is suggested that when applying the power spectral analy-
sis using a fast Fourier transform, 5-minute segments are analyzed and averaged to avoid
nonstationarity features. One reason for this is that there is currently a lack of understand-
ing relating to what constitutes too much nonstationarity when applying HRV measures
that are sensitive to this characteristic of biosignals. One solution is to divide a tachogram
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into segments and determine the average of the segments. A measure of nonstationarity is
a large standard deviation difference between the two segments (Palazzolo et al. 1998; Gao
et al. 2013; Camargo et al. 2013; Pacheco et al. 2012; Chen et al. 2002; Zebrowski et al. 1999;
Lempel and Ziv 1976).

1.2 HRV Methods: A Short Introduction

The interval between successive R peaks is known as the RR interval (inverse of heart
rate). RR intervals are obtained from the recorded ECG and the RR variation can be sub-
jected to further analysis through a variety of algorithms in order to yield variables with
good discriminant power, based on the difference of RR interval variability with respect to
the total recording interval (Pan and Tompkins 1985; Karlsson et al. 2012; Kim et al. 2009;
Marzbanrad et al. 2013; Storck et al. 2001; Thuraisingham 2006). For the purposes of fur-
ther analysis, the RR interval is expressed as the time between beats (measured in millisec-
onds), and this can be plotted against time to produce the graph shown in Figure 1.2, which
illustrates the natural variation of RR intervals over a recording period. The extent of vari-
ation is indicative of a healthy cardiac system, as the heart rate is continuously varied to
adapt to current needs of oxygenation and perfusion. It is the absence of such a variation
that can indicate cardiac disease, especially arrhythmia and risk of sudden cardiac death
(Friedman et al. 1975; Huikuri et al. 2003; Kong et al. 2011; Lane et al. 2005; Lombardi et al.
2001; Makikallio et al. 2005; Myerburg 2001; Sabir et al. 2013; Singer et al. 1988).

HRYV analysis is a simple, sensitive, and noninvasive method for measuring cardiac
rhythm and refers to the beat-to-beat variation in heart rate. It is the result of complex
interactions between the autonomic nervous system, endocrine influences, and vasomo-
tor and respiratory centers (Kautzner and Camm 1997; Chandra et al. 2003; Thayer et al.
2010; Porges 2007). A variety of measures can be derived from this, and fall into the three
categories of time series measures, frequency domain measures, and complex or nonlinear
measures. The analysis of HRV, applying time and frequency domain analysis, has been the
subject of extensive work (Akselrod et al. 1981; Billman et al. 2015; Schroeder et al. 2004;
Liu et al. 2003; Brennan et al. 2002a; Agelink et al. 2001; Umetani et al. 1998; Stein et al. 1994;
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FIGURE 1.2
Normal RR interval graph.
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Kleiger et al. 1992; Bigger et al. 1992a). These methods have either focused on the magni-
tude of RR interval fluctuations around its mean, or on the magnitude of fluctuations in
given frequency bands. More recent work has addressed the nonlinearity and nonstation-
arity characteristics of the ECG signal and development of suitable methods such as those
based on Poincaré plot analysis and entropy as well as fractal analysis (TFESC 1996; Cerutti
et al. 2009; Cornforth et al. 2015; Cysarz et al. 2000; Goldberger and West 1987; Ho et al.
2011; Hu et al. 2010; Karmakar et al. 2009; Lerma et al. 2003; Lombardi 2000; Peng et al. 1995;
Pincus 1991; Porta et al. 2007; Richman and Moorman 2000; Skinner et al. 2011; Stanley et al.
1999; Stein et al. 2005; Teich et al. 2001; Thuraisingham and Gottwald 2006; Voss et al. 2007;
Wessel et al. 2000). All of these can be derived from the RR interval time series through
suitable mathematical functions.

HRYV provides information only on the changes in the interval length between heartbeats
over the length of the recording. It is noninvasive and easy to obtain from an ECG recording
of any length and with most ECG recording equipment.

For example, an estimate of HRV using the standard deviation of RR intervals (SDRRs)
found that this is higher in well-functioning hearts but can be decreased in coronary
artery disease, congestive heart failure, and diabetic neuropathy (Kleiger et al. 1987).
Although time and frequency domain analysis are useful in disease detection, when
only a simple derived measure is required, such as the SDRRs, it is often no better
than the average heart rate and in fact contains less information for risk prediction after
acute myocardial infarction (Perkioméki 2011; Reed et al. 2005; Makikallio et al. 2005; de
Bruin et al. 2005; Anderson and Horne 2005; Huikuri et al. 2003; Abildstrom et al. 2003;
Makikallio et al. 2001; Odemuyiwa et al. 1991). This indicates that more advanced mea-
sures of HRV should be explored, which enable risk prediction based on single-patient
RCG recordings. Some of the measures derived from the RR interval fluctuations are now
discussed.

1.3 Time Domain Measures of HRV

Time domain measures include the mean and SDRRs recorded. The number of pairs of suc-
cessive intervals that differ by more than 50 ms, divided by the total number of intervals,
yields a parasympathetic measure (pNN50%). The root mean square of successive differ-
ences (RMSSD) and the triangular index (Triang. index) are also parasympathetic mea-
sures. The triangular interpolation of the interval histogram (TINN) is the estimated width
of the density distribution. This is believed to be sensitive to physical and emotional load
or to the intensity of the sympathetic nervous system tone.

The Poincaré plot is a visual representation of the time series and is constructed by plot-
ting each consecutive RR interval as a point where y =RR(t) and x =RR(t —1). From this
plot, a fitted ellipse leads to estimating SD1 (short-term correlation) and SD2 (long-term
correlation) (Figure 1.3; Kamen and Tonkin 1995; Tulppo et al. 1996; Brennan et al. 2002b).
An extension is the recurrence plot, which represents a sequence of length 7 as a point in
n-dimensional space, then represents similar pairs as points on a two-dimensional space.
The recurrence rate (REC) is the density of these similar points, determinism (DET) is the
percentage of recurring points, identified by diagonal lines, and Lmean is the mean length
of diagonal lines exceeding a threshold (Javorka et al. 2008; Chua et al. 2008).
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FIGURE 1.3
Poincaré plot for a sequence of RR intervals allows the estimation of SD1 and SD2.

1.4 Frequency Domain Measures of HRV

Frequency domain methods divide the spectral distribution into very low, low, and high
frequency regions (Figure 1.4). Low frequency power (LF) is believed to be indicative of
both parasympathetic and sympathetic activity, high frequency power (HF) is indicative of
parasympathetic activity, and VLF amplitude is closely connected with psycho-emotional
state and the functional condition of the brain (TFESC 1996). Other work has shown the
importance of VLF—range analysis, and that the capacity of VLF fluctuations of HRV is a
sensitive indicator of management of metabolic processes and reflects deficit energy states
(Kuusela et al. 2003; Bigger et al. 1992b). The ratio of low to high frequency components,
which is indicative of sympathovagal balance, may also be calculated as well as the total
power (TFESC 1996). Any component of the power spectrum may also be divided by the
total power, to express it in normalized units (n.u.).

1.5 Nonlinear Measures of HRV

The variation in cardiac rhythm has mainly been suggested to be of nonlinear determin-
istic nature rather than due to stochastic noise. Nonlinear methods include a vast sample
of biosignal processing algorithms. Examples are detrended fluctuation analysis (DFA),
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FIGURE 1.4
Power spectrum of RR intervals showing VLE, LF, and HF regions.

fractal dimension, symbolic dynamics, and entropy measures such as sample entropy,
Renyi entropy, and the Lyapunov exponent. DFA is an estimate of the fractal correlation of
the RR interval series; it provides an exponent expressing short-term correlations (alphal)
and another expressing long-term correlations (alpha2). Some of these measures are pre-
sented in other chapters of this book.

1.6 Clinical Utility of HRV

There is no consensus that any single technique is the single best means of characteriz-
ing and differentiating HRV signals in physiology from pathology; rather, investigators
agree that multiple techniques should be performed simultaneously to facilitate com-
parison between methods, techniques, and studies. Before the measurement of HRV can
be considered to be of any clinical value, however, therapeutic interventions are needed
in the patients who present with abnormal values. Ongoing research should provide
important information, for example, whether antiarrhythmic therapy or antidepressant
therapy can improve HR variability in patients with arrhythmia or depression. The mea-
surement of HRV by various methods remains a fascinating research subject but not
yet a routine clinical tool. If the intensive research into various aspects of HRV contin-
ues to increase exponentially as it has done during the last decade, it is possible that
the measurement of HRV methods will become a routine clinical procedure compara-
ble with the measurement of blood pressure or plasma cholesterol in the not-too-distant
future.
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Heart rate variability (HRV) is an expression of the immense complex interplay (Voss
et al. 2009) of various biological systems and subsystems (Figure 2.1). Heart rate (HR)
is strongly modulated by the combined effects of the sympathetic and parasympathetic
nervous systems that are effecting heartbeat generation in the sinoatrial node. Therefore,
measurement of changes in HR over time (HRV) provides information about physiolog-
ical and/or impaired autonomic functioning. In a healthy subject, these variations are
strongly correlated with central activity, breathing, circadian rhythm, vasomotion, and
exercise (Hainsworth 2004).

In healthy subjects, the sinoatrial node located at the posterior wall of the right atrium
initiates each beat of the heart. Due to the unstable membrane potential of the myocytes
located in this region, action potentials are generated periodically at a fairly constant fre-
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Simplified scheme of regulation of heart rate as an interplay of various biological systems and subsystems. (Cour-
tesy of Philos Transact A Math Phys Eng Sci.) (From Voss, A. et al., Philos Trans A Math Phys Eng Sci, 367 (1887),
277-96, 2009.)
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quency. This relatively constant frequency generated by the autorhythmicity of the sinoa-
trial node is modulated by many factors that add variability to the HR signal at different
frequencies (Stauss 2003; Task Force 1996) and over different scales (Cerutti et al. 2009).
Various studies (Ashkenazi et al. 1993; Busjahn et al. 1998; Voss et al. 1996a) suggest
that there is a genetic component in HR generation and HRYV, in addition to family envi-
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ronmental influences (Figure 2.2). Further on, there are partly considerably influences of
gender and age on short-term and long-term HRV (Murata et al. 1992; Ryan et al. 1994;
Voss et al. 2015; Boettger et al. 2010).

The measurement of HRV from the electrocardiogram (ECG) or pulse curve is a bed-
side or an ambulant, noninvasive, low-cost, and simple to perform method, requiring
standard medical equipment and dedicated software. The latter reflects the physiological
or impaired balance of autonomic nervous system (ANS) regulation based on dedicated
HR oscillations. Parasympathic (vagal) activation corresponding to rapid dynamic control
through acetylcholine targeting muscarinic receptors (high frequencies of the power spec-
trum) and sympathetic innervations have slower interaction via the p-adrenergic receptors.
However, the autonomic regulation on the ventricular repolarization is not limited to the
sinus nodal periodicity; there is a direct impact of the autonomic regulation on the cardiac
cell of the ventricles (Couderc 2009).

From an electrophysiological standpoint, the P-to-P (PP) intervals reflect the variability
of sinus node activity (Figure 2.3). However, reliable detection of P-waves is more diffi-
cult than QRS complex detection (dominant R peak) for several reasons, for example, low
amplitudes, low signal-to-noise ratio, amplitude and morphological variability, and others.
Nevertheless, RR intervals also reveal information about sinus node activity with sufficient
accuracy because the spontaneous fluctuations of the PR interval are mostly lower than 2—4
ms (Esperer 1992).

Excluding arrhythmic events and artifacts from the RR-interval time series, we obtain
the normal-to-normal (NN)-time series representing sinus node activity. The RR- or NN-
interval time series plotted over time or beats are called tachograms.

HRYV is a measure of variations in the HR over time (beats). Figure 2.4 shows the variation
of the HR in a healthy subject and in patients with different impairments of the autonomic
regulation.
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2.1 History of HRV

Oscillations of the blood pressure and HR (pulse) have been known for a very long time.
In the following review, some of the milestones in HR (pulse) detection and analysis are
discussed.

Papyrun Eburs, an Egyptian papyrus (Figure 2.5) from about 1552 BCE, is the oldest
preserved medical document. The papyrus contains chapters on different diseases and it

FIGURE 2.5

Papyrus Ebers, Kol.44, Universitatsbibliothek Leipzig (Courtesy of Reinhold Scholl). This page lists several possi-
bilities to treat heart diseases. Unfortunately, the original pages related to pulse analysis got lost over the postwar
years.
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also includes a surprisingly accurate description of the circulatory system, noting the exis-
tence of blood vessels throughout the body and the heart’s function as a center of the blood
supply (Enersen 2015). In this context, the heart pulse and changes of the heart pulse are
already mentioned. The Egyptians regarded the pulse as the voice of the heart and attempts
to understand that voice led to an extensive pulse lore (Van Praagh and Van Praagh 1983).

Herophilos of Chalcedon (fourth century BCE) is an outstanding representative of
ancient medicine. He is rightly counted as the father of anatomy. He was interested in
different branches of medicine. Herophilos also found that the pulse is the result of the
contractions and expansions of the arteries. However, he could not exactly explain where
the pressure (pneuma) came from and suggested that “pneuma in the arteries could come
from any proximate source.” He did not see the direct connection between pulse and the
heart (von Staden 1989).

Rufus of Ephesus, a famous ancient physician, lived approximately from 80 to 150 CE.
He was the first to describe the relation between heart and pulse. He proposed (Bujalkova
2011) that the heart—as the origin of warmth, life, and pulsation—consists of the head, the
bottom, and the heart cavities. The thicker left chamber is arterial, while the thinner right
chamber, which is wider than the left one, is venous. Along both sides of the heart-head,
he described wing-shaped free cavities which move synchronously with the pulsation of
the heart—the so-called “heart ears.”

Claudius Galen (Galen of Pergamon, about 129-200) and his scholarly teachings defined
the practice of medicine in Western Europe for 1500 years. Galen was also an expert on the
pulse; many consider him to be the originator of pulse diagnosis. He wrote at least 18 books
on the pulse including at least eight treatises that described using pulse for diagnosis and
predicting the prognosis of disease (Billman 2011). He stated that the power of pulsation
has its origin in the heart itself and further that the fact that the heart, removed from the
thorax, can be seen to move for a considerable time is a definite indication that it does not
need nerves to perform its own function. Although Galen did not discuss the mechanism
of the heart’s automatic activity, he concluded that the pulsative faculty of the heart has
its source in its own substance (Fye 1987). One of his more famous observations was that
a woman's pulse sped up when she heard the name of her lover (Fullerton and Silverman
2009).

Stephen Hales (1677-1761) was the first to report that the beat-to-beat interval (BBI) and
arterial pressure level varied during the respiratory cycle (Billman 2011).

Later on, in the eighteenth century, Albrecht von Haller’s (1708-1777) observations on
the heartbeat were his most significant contribution to cardiovascular physiology. He con-
firmed that the heart continues to beat despite the lack of any connection to the nervous
system. Based on these experiments, he proposed that the heart muscle had intrinsic irri-
tability that was stimulated by blood flowing over the organ’s walls (Fye 1995). He also
noticed that the beat of a healthy heart is not absolutely regular (Stys and Stys 1998).

Since its description by Carl Ludwig (1816-1895) in 1847 the mechanism of respiratory
sinus arrhythmia (RSA) has been the subject of considerable research interest (Galletly and
Larsen 1998). RSA is the variation in heartbeat interval with respiration.

This was followed in 1865 by Traube and in 1876 by Mayer, who published their results
about periodical vasomotion and periodical blood pressure variations; these variabilities
are known in the modern physiology (Esperer 1992).

In 1882, physiologist Augustus Desiré Waller recorded an ECG from his dog Jimmy
and, later in 1887, for the first time (published), an ECG recording from a human
(AlGhatrif and Lindsay 2012) using a capillary electrometer (Alexander Muirhead, an
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electrical engineer and pioneer of telegraphy, may have recorded a human ECG earlier
in 1870 but this is controversial).

Dr. Willem Einthoven (1860-1927), a Dutch physiologist inspired by the work of Waller,
refined the capillary electrometer even further and finally developed, in 1901, a new
string galvanometer with very high sensitivity, which he used in his electrocardiograph
(AlGhatrif and Lindsay 2012). This was the basis for future developments that made
electrocardiography available for clinical use. In 1924, Einthoven was awarded the Nobel
Prize in Physiology or Medicine for the invention of the electrocardiograph.

In 1935, Matthes performed the first pulse oximetry (PO) at the human ear (Matthes and
Hauss 1938), the basis of a simpler method to record HR than the ECG.

In 1936, Anrep, Pascual, and Rossler proposed that the HR sinus arrhythmia is caused
by the regulation of cardiac vagal outflow involving the same neuronal processes that
generate the respiratory rhythm and reside within the brainstem (Garcia et al. 2013). This
was more or less the introduction of interaction analyses in the investigation of couplings
within the ANS.

The first device for ambulatory electrocardiography monitoring was developed in 1947
by Norman Holter (1914-1983). To become convinced of the usefulness of the ambulatory
ECG in the late fifties, Holter conducted research on 200 patients in Great Falls (Gawlowska
2009). The experiment was successful in revealing some cases of exertional angina. This
opened the possibility of investigating long-term HRV under normal circumstances and
was at the same time the beginning of telemetry.

Hon and Lee (1963, 1965) noticed that fetal distress was accompanied by the changes in
beat-to-beat variation of the fetal heart, even before there was detectable change in HR.
This study was one of the very first applications of HRV analysis in clinical use.

Beginning in the early 1970s, several groups (Hyndman et al. 1971; Sayers 1973; Chess
et al. 1975; Penaz et al. 1978; Akselrod et al. 1981) applied power spectral analysis to inves-
tigate the physiological basis for the individual frequency components that compose the
periodic variations in HR (Billman 2011). Power spectral density (PSD) analysis performed
using the fast Fourier transform (FFT) of RR-interval series or autoregressive (AR) meth-
ods reveal mainly three spectral components. In humans, these components are the high
frequency (HF), the low frequency (LF), and the very low frequency (VLF) components.
Most research concentrates on the LF and HF components due to the length of recording
required for correct VLF analysis.

New developments following FFT or AR modeling are due to most of the biomedical sig-
nals recorded being nonlinear, nonstationary, and non-Gaussian in nature and therefore, it
can be more advantageous to analyze them with higher order statistics/spectra compared
to the use of second-order correlations and power spectra (Chua et al. 2010).

Although HRV was well recognized as a physiological phenomenon in the ensuing cen-
turies, it was only widely appreciated in the 1960s and 1970s that a decrease in HRV accom-
panied autonomic failure and that this loss of HRV could be used as a measure of impaired
autonomic function (Freeman and Chapleau 2013).

In 1978, Wolf et al. was the first to show that patients after a myocardial infarction (MI)
with a reduced HRV had increased mortality. This was confirmed by Myers et al. (1986)
who showed that HRV was reduced in cardiac patients known to be at increased risk of
sudden cardiac death (SCD), when compared to those who were not at increased risk.
These differences were greatest in power spectral methods. Then Kleiger et al. (1987) found
that in patients recovering from Mls, those with the smallest HRV (standard deviation of
RR intervals) had the greatest risk of dying suddenly. This finding set the basis for the
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use of HRV in post-acute myocardial infarction (AMI) risk stratification where it still holds
its place as a tool of established practical value. Numerous studies have since supported
the notion that decreased vagal activity, as indexed by HRV, predicts mortality in high risk
as well as low risk populations.

During the 1980s, personal and bedside computers were available worldwide to measure
and analyze HRV with simpler and more mobile computer-based techniques (Smith and
Smith 1981). This offered much more distributed computational power and led to an expo-
nential increase of studies that related to the analysis of HRV in the various fields of biology
and medicine. In 1977, we counted about 160 Pubmed HRYV references; this increased from
897 in 1987 to 3730 in 1997 and in 2015, we counted more than 17,500.

As a consequence of the outcomes from several studies, it became evident relatively early
that autonomic regulation cannot be sufficiently characterized by calculating only a single
index from the HRV (Cerutti et al. 2009). Therefore, combinations of indices only from HRV
analysis or combinations of indices from HRV analysis and indices either from other bio-
logical signals (Guzzetti et al. 1991; Voss et al. 1996b) and /or medical parameters (Pedretti
et al. 1993; Schmidt et al. 1996) were investigated in a multivariate approach.

One objective of coupling analyses was to characterize in more detail the behavior of
known interactions such as baroreflex and RSA to get information about their physiolog-
ical and pathophysiological developments. However, beneath these prominent autonom-
ically mediated coupling mechanisms, there were many more such couplings within the
ANS expected because of the very complex structure of HR generation (see Figure 2.1).
One of the first approaches to obtain more information about the interplay of systems
underlying autonomous regulation was introduced by Aarimaa et al. (1988); they inves-
tigated the interaction of HR and respiration in newborn babies by using the frequency
cross-spectral densities of HRV and an impedance respirogram (Aarimaa et al. 1988). An
overview of various available coupling analysis methods is provided in Schulz et al. (2013).
Some prominent methods are described in the following methods section.

Beginning with the introduction of chaos theory to many different research fields, it was
found that methods derived from nonlinear dynamics (NLD) provide new insights into the
HRYV changes under various physiological and pathophysiological conditions. They pro-
vide additional prognostic information and complement traditional time- and frequency-
domain analyses of HRV (Voss et al. 2009).

Pioneering work was performed by the group of Glass (Guevara et al. 1981; Glass 1988)
who introduced nonlinear approaches into heart rhythm analysis. Period-doubling bifur-
cations, in which the period of a regular oscillation doubles, were predicted theoretically
and observed experimentally in the heart cells of embryonic chickens. Form, qualitative
change, oscillation, stability, and other important biological notions found inherent expres-
sion in the new mathematical approach of NLD (Garfinkel 1983); Ritzenberg et al. (1984)
were the first to provide evidence of nonlinear behavior in the ECG with the arterial blood
pressure traces of a dog that had been injected with noradrenaline. The first approaches
of HRV analyses based on nonlinear fractal dynamics were performed by Goldberger and
West (1987). It was suggested that self-similar (fractal) scaling may underlie the 1/f-like
spectra (Kobayashi and Musha 1982) as seen in multiple systems (e.g., interbeat interval
variability and daily neutrophil fluctuations). They proposed that this fractal scale invari-
ance may provide a mechanism for the “constrained randomness” underlying physiolog-
ical variability and adaptability. Especially in the 1990s and later, various different NLD
approaches were developed. Some of the most prominent ones are described in more detail
in the methods section. To prove the ability of these methods, it is necessary to check the
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data for nonlinearity. One of the tests for nonlinearity is the surrogate data test. The method
of using surrogate data in nonlinear time series analysis was introduced by Theiler et al.
(1992).

In 1996—as a milestone in the history of HRV analysis—an international task force con-
sisting of members from the European Society of Cardiology and the North American Soci-
ety for Pacing and Electrophysiology published a report about standards of measurement,
physiological interpretation, and clinical use of HRV (Task Force 1996).

After usable PO monitoring devices were available for reasonable prices in the mid-
90s, they became standard equipment in clinical monitoring. A regular PO monitoring
device continuously displays the arterial oxygen saturation value, SpO,, and the cur-
rent HR (pulse rate), averaged over some time interval. This inspired some researchers to
assess the reliability of the detected PR and sometimes a photoplethysmographic (PPG)-
derived breathing rate, both of which are also very interesting in telecare or when moni-
toring outpatients. However, pulse rate variability as an estimate of HRV has proved to
be sufficiently accurate only for healthy (and mostly younger) subjects at rest (Schafer
and Vagedes 2013).

A selection of further important methods, discoveries, developments, and applications
are briefly discussed in Sections 2.2 through 2.5

2.2 Methods of HRV Analysis Based on Sinus Rhythm

In the following, we discuss some of the most prominent applied HRV analysis approaches
that have shown clinical relevance without claiming that the presented selection of
approaches is complete. These HRV approaches are further summarized in Table 2.1(Con-
tinued), with emphasis on their main properties regarding short- and long-term analyses,
requirement of stationarity of the HR time series, and main output indices as well as rec-
ommendations and limitations for their application.

2.2.1 Linear Methods—Time Domain

HRV analyses in the time domain evaluate variability by determining the variations of
normal-to-normal RR intervals (NN intervals) over a period of time. Here, a huge amount
of statistical and geometrical indices can be directly determined from the NN intervals or
can be derived from the differences between NN intervals. These indices involve mean,
standard deviation, counting of the samples above or below a certain threshold, and other
statistical measures that are based on the distribution of the data and not their order (Bravi
et al. 2011). The most commonly used statistical and geometrical time-domain indices are
as follows (Task Force 1996):

¢ meanNN: the mean value of NN intervals
* SDNN: the standard deviation of all NN intervals as a measure of global variability

* SDANN: the standard deviation of the averages of NN intervals in all 5-minute seg-
ments, which estimates the long-term components of HRV

* RMSSD: the square root of the mean squared differences of successive NN intervals,
which estimates the short-term components of HRV
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e SDNN index: the mean of the standard deviations of all NN intervals for all
5-minute segments

e SDSD: the standard deviation of differences between successive NN intervals

* NNB50: the number of successive NN intervals differing by more than 50 ms from the
preceding interval

¢ pNN50: NN50 divided by the total number of all NN intervals

* HTI: the HRV triangular index, which estimates overall HRV by determining the
ratio of the total number of NN intervals to the number of NN intervals in the modal
bin (128 Hz is the standard)

¢ TINN: the triangular interpolation of the NN interval histogram, created by deter-
mining the baseline width of the minimum square difference triangular interpolation
of the highest peak of the histogram of all NN intervals.

2.2.2 Linear Methods—Frequency Domain

HR fluctuations, which reflect modulation of sinus node activity by autonomic and other
homeostatic mechanisms, can be quantified and displayed using frequency-domain anal-
ysis. Frequency-domain measures use spectral analysis of a sequence of RR intervals and
provide information on how power (variance) is distributed as a function of frequency or as
a function of time and frequency. The introduction of power spectral analysis in HRV anal-
ysis provided a useful noninvasive technique for analyzing the autonomic mechanisms
that control HR (Akselrod et al. 1981). Spectral analysis of the resting HR commonly pro-
duces several prominent peaks (Sayers 1973). Several animal and human experiments with
pharmacological blockade of the ANS (Freeman 2006) have shown that the sympathetic
and parasympathetic nervous systems mediate HR fluctuations in different frequency
bands (Akselrod et al. 1981; Pagani et al. 1986).

Power spectrum analysis enables a quantitative representation of the contributing fre-
quencies to an underlying biosignal. Thereby, these frequencies are classified as VLF (< 0.04
Hz), LF (0.04-0.15 Hz), and HF (0.15-0.4 Hz) for short-term recordings. For long-term
recordings (24 hours), the VLF band can be further subdivided into the VLF (0.003-0.04 Hz)
and the ultralow frequency (ULF; <0.003 Hz) bands. The ULF band may represent the cir-
cadian rhythm, the VLF band is possibly affected by temperature regulation and humoral
systems, the LF band is sensitive to changes in cardiac sympathetic and parasympathetic
nerve activity, and the HF band is synchronized to the respiratory rhythm and is primar-
ily modulated by cardiac parasympathetic innervation (Stauss 2003; Valentini and Parati
2009). In addition, the components of higher frequencies (greater than 0.15 Hz) reflect oscil-
lations of HR mediated by respiration via the RSA. The HF peak is also known to represent
the respiratory frequency and is driven by the vagus nerve as indicated by the strong res-
piratory pattern of cardiac vagal motoneurons in the nucleus ambiguous (Rentero et al.
2002). In addjition to the frequency bands, the total power (TP) of the spectrum (area under
the curve) can be estimated as the variance of the NN interval segments (5 minutes, 24
hours) under investigation. The LF and HF power can also be represented in normalized
units as LFn = LF/(LF + HF) and HFn = HF/(LF + HF).

As discussed above, many studies have presumed that LF power, especially if adjusted
for HF power, TP, or respiration, provides an index of cardiac sympathetic “tone” and that
the ratio of LE/HF power indicates “sympathovagal balance.” However, recently, Gold-
stein et al. (2011) hypothesized that with or without adjustment for HF power, TP, or
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respiration, LF power seems to provide an index not of cardiac sympathetic tone but of
baroreflex function! Manipulations and drugs that change LF power or LF/HF may do so
not by affecting cardiac autonomic outflows directly but by affecting modulation of those
outflows by baroreflexes.

For spectral analyses, the PSD function can be calculated either by parametric (AR
models: Blackman-Tuckey’s method, Welch’s method, Burg’s method, and Yule-Walker’s
method) and nonparametric (FFT) approaches or at least by applying the Lomb peri-
odogram (a method to find periodicities in unevenly spaced data). Here, the Lomb method
seems to be superior for PSD estimation of the HR spectrum than the FFT or AR models
(Laguna et al. 1998).

To overcome the limitation of stationarity for estimating the power spectrum, several
time-frequency approaches were introduced: the short-time Fourier transform (STFT), the
Wigner-Ville transform (WVT), and the wavelet transform (WT).

2.2.3 Nonlinear Dynamics

Linear time and frequency-domain measures are often not sufficient to quantify the
complex dynamics of HR generation. Therefore, various efforts have been made to apply
nonlinear techniques (especially from NLD) to analyze HRV (Voss et al. 2009). These
methods differ from the traditional time- and frequency-domain HRV analyses because
they quantify the signal properties instead of assessing the magnitude of the HRV. They
assess the self-affinity of heartbeat fluctuations over multiple time scales (fractal measures);
the regularity/irregularity or randomness of heartbeat fluctuations (entropy measures);
the coarse-grained dynamics of HR fluctuations based on symbols (symbolic dynamics);
and the heartbeat dynamics based on a simplified phase-space embedding (Voss et al.
2009).

2.2.3.1 Power Law (Scaling Exponent {3)

The frequency dependence of the power spectrum of heartbeat fluctuations was first
reported in 1982 by Kobayashi and Musha in a normal young man. They found when
plotting the power spectrum and frequency, f, of these RR intervals on a log-log graph
(bilogarithmic scale), the plot can be described by a straight line with a slope equal to —1.
In a log-log plot, the power law slope between 1072 and 10~* Hz is linear with a negative
slope and reflects the degree to which the structure of the RR interval time series is self-
similar over a scale of minutes to hours (Kleiger et al. 2005). The so-called 1/f relationship
means that the power decreased approximately as a reciprocal of the underlying frequency,
f- The slope of the regression line is also referred to as the scaling exponent, , and provides
an index for the long-term scaling characteristics.

2.2.3.2 Detrended Fluctuation Analysis (Fractal Scaling Exponent a1 and o2)

This method is based on a modified random walk analysis and was introduced and applied
to physiologic time series by Peng et al. (1995). It quantifies the presence or absence of
fractal correlation properties in nonstationary time series. The detrended fluctuation anal-
ysis (DFA) is based on the computation of the fractal scaling exponent al for short-term
fractal scaling properties (calculated for the range n = 4-16 heartbeats) and the fractal scal-
ing exponent a2 of long-term fractal scaling properties (calculated for the range n=16-64
heartbeats; Peng et al. 1995). DFA offers clinicians the advantage of a means to investi-
gate long-range correlations within a biological signal due to the intrinsic properties of the
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system producing the signal, rather than external stimuli unrelated to the “health” of the
system (Seely and Macklem 2004).

2.2.3.3 Multifractal Analysis

Monofractal measures (DFA) assume that the same scaling properties are presented
throughout an entire time series (Seely and Macklem 2004). The multifractal DFA (MDFA),
introduced by Kantelhardt et al. (2002), is an alternative approach for the multifractal char-
acterization of nonstationary time series based on a generalization of the monofractal DFA.
Furthermore, Ivanov et al. (1999) demonstrated that the multifractal time series (biological
dynamical system) require a large number of local scaling exponents to fully characterize
their scaling properties. Multifractality in heartbeat dynamics indicates that the nonlinear
control mechanisms involve coupled cascades of feedback loops in a system operating far
from equilibrium (Goldberger et al. 2002). Thus, the multifractal method may add diag-
nostic power to contemporary analytic methods of the heartbeat (and other physiological)
time-series analysis. The multifractality of heartbeat time series also enables us to quantify
the greater complexity of the healthy dynamics compared to those of pathological condi-
tions. Ivanov et al. (1999) found a loss of multifractality for a life-threatening condition,
congestive heart failure (CHF), and that the healthy heartbeat is even more complex than
previously suspected.

2.2.3.4 Symbolic Dynamics

Kurths and Voss introduced symbolic dynamics into HRV analysis (Kurths et al. 1995; Voss
et al. 1996b) by developing special optimized measures for the analysis of HR dynamics.
The application of symbolic dynamics has been proven to be sufficient for the investi-
gation of complex systems and describes dynamic aspects within time series (Voss et al.
1996b). The concept of symbolic dynamics is based on a coarse-graining of the dynamics
of the original HR time series applying a defined number of symbols. To classify dynamic
changes within the NN interval time series, the NN intervals are first transformed into
a symbol sequence with symbols from a given alphabet A={0,1,2,3}. Thus, 64 differ-
ent word types using three successive symbols from the alphabet to characterize symbol
strings are obtained. The resulting histogram contains the distribution of each single word
within a word sequence. Based on the probability distribution of each word type, several
indices can be calculated: the Shannon and Renyi entropy of the word distribution, a com-
plexity measure; the number of seldom (p < 0.001) or never occurring word types referred
to as forbidden words; wpsum02, the relative portion of words consisting only of the sym-
bols “0” and “2” (measure for decreased HRV); wpsum13, the relative portion of words
consisting only of the symbols “1” and “3” (measure for increased HRV); wsdvar, the stan-
dard deviation of a word sequence; phvarX, the portion of high-variability patterns in the
NN interval time series >X ms; and plvarX, the portion of low-variability patterns in the
NN interval time series <X ms.

Porta et al. (2001) introduced short-term symbolic dynamics (SSD) by fulfilling the needs
of short-term analysis. Here, the short-term HR time series consisting of approximately
300 NN intervals can be analyzed. Thereby, the HR time series (NN interval) is trans-
formed into a symbol sequence with the alphabet A ={0,1,2,3,4,5} based on six equally
distributed class ranges and patterns of length 3 are constructed. These patterns are then
sorted into four families. These are patterns with zero variation (0V), patterns with one
variation (1V), patterns with two like variations (2LV), and patterns with two unlike varia-
tions (2UV). To obtain more detailed information about the dynamics of HR, some new



28 ECG Time Series Variability Analysis: Engineering and Medicine

pattern families can also be introduced (Heitmann et al. 2011; Schulz et al. 2010):
ramp/ASC (three successive symbols form an ascending ramp), decline/DESC (three suc-
cessive symbols form a descending ramp), PEAK (second symbol is larger than the other
two symbols forming a peak), and VAL (second symbol is smaller than the other two sym-
bols forming a valley). A further extension of the classical symbolic dynamic approach
represents the segmented SSD. The segmented SSD was introduced in order to describe
nonlinear aspects within long-term RR time series by applying a 24-hour segmentation
algorithm in an enhanced way (Voss et al. 2010b; Schulz et al. 2014).

2.2.3.5 Correlation Dimension

Correlation dimension (CD) analysis of the heartbeat time series is based on the algorithm
of Grassberger and Procaccia (1983). The CD can be thought of as a measure of the number
of independent variables needed to describe the total system in phase space (Bogaert et al.
2001). It can be used to quantify the complexity of a dynamic system or a HR time series. In
the presence of chaos, an attractor in phase space characterizes the dynamics of the system
and its complexity can be quantified in terms of the properties of the attractor (Beckers
et al. 2006). Low values of CD indicate that the complexity of the system is lost and that
sympathetic and vagal stimulation are necessary to create complex dynamical systems of
HR variations (Bogaert et al. 2001). Kanters et al. (1996) claimed that the CD of HRV signals
is mostly due to linear correlations between the RR intervals. In general, CD values are
decreased in cardiac diseases in comparison to healthy subjects. Hence, the algorithm of
Grassberger and Procaccia (1983) is only applicable for the long-term time series and an
increasing interest to overcome this limitation is under way.

Raab and Kurths (2001) introduced the method of large-scale dimension densities (LAS-
DID) that allows the analysis of very short data sets for higher dimensional spatio-temporal
systems and low-dimensional systems. Thus, it is possible to calculate the LASDID for
short time series and obtain an overview of the changes in the dimension density in long
time series (24 hours) (Raab et al. 2006a,b).

2.2.3.6 Lyapunov Exponent )\/Finite-Time Growth Rates A,

The Lyapunov exponent (A) is a quantitative nonlinear measure to characterize a dynam-
ical system and it quantifies the sensitivity of a system to initial conditions. A positive A
indicates a sensitive dependence on initial conditions and is considered the most relevant
index of the presence of chaos in data (Eckmann and Ruelle 1985). The Lyapunov exponent
determines the amount of instability or predictability of the system. A fully deterministic
system will have a zero A since it is fully predictable, whereas a random system will have
large positive A indicating no predictability (Yeragani et al. 2004). In practice, there are two
algorithms available to estimate A. The algorithm proposed by Wolf et al. (1978) is limited
because of the required large data sets, stationarity, and long computing time. The method
proposed by Rosenstein et al. (1993) overcomes these limitations and may be superior for
the application to small cardiovascular data sets. In healthy individuals, the HRV of sinus
rhythm has characteristics of chaos-like determinism, with a positive A (Hagerman et al.
1996). The Lyapunov exponent reflects the “overall” properties of the instantaneous HR
regulating system, which is why one cannot deduce from this measure-specific individual
changes in the regulating system. A decrease in A of the HR time series has been attributed
to a decreased cardiac vagal function (Hagerman et al. 1996; Zwiener et al. 1996). In gen-
eral, the Lyapunov exponent of HR time series is lower in diseased patients in comparison
to healthy subjects.
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Another approach derived from the concept of Lyapunov exponents to analyze the short-
term predictability in RR intervals is suggested by Wessel et al. (2000); the method of finite-
time growth rates ). For HR time series, A, can be interpreted as an index of regularity.
The smaller J; is the larger is the number of epochs with regular or predictable short-term
dynamics in the HRV time series indicating a loss of short-term variability (Meyerfeldt
et al. 2002).

2.2.3.7 Poincaré Plot Analysis

Poincaré plot analysis (PPA) represents a nonlinear quantitative technique of phase-space
characterization, whereby the shape of the plot can be categorized into functional classes,
as suggested by Kamen et al. (1996). PPA allows the calculation of HR dynamics with
trends (Kamen et al. 1996; Weiss et al. 1994). The Poincaré plots are the two-dimensional
graphical representation (scatter plots) of each NN interval or in the time series plotted
against the subsequent NN interval. PPA provides a visual and quantitative analysis of NN
interval sequences. Babloyantz and Destexhe (1988) qualitatively and quantitatively ana-
lyzed ECGs with Poincaré sections in 1988. Thereby, the shape of the plot that is assumed
to be influenced by changes in the vagal and sympathetic modulation. The plots provide
detailed beat-to-beat information on the behavior of the heart (Kamen et al. 1996). Typ-
ically, PPA shows an elongated cloud of points oriented along the line of identity. Only
for graphical illustration, an ellipse characterizing the shape of the cloud of points can
be drawn in the plot where the center of the ellipse is the mean NN value. In general,
three indices are calculated from the Poincaré plots: the standard deviation of the instan-
taneous NN-interval variability (minor axis of the ellipse—SD1), the standard deviation
of the long-term NN-interval variability (major axis of the ellipse—SD2), and the axes
ratio (SD1/SD2) (Brennan et al. 2002; Kamen and Tonkin 1995). Analysis of Poincaré plots
revealed increased randomness in beat-to-beat HR behavior demonstrated by an increase
in the ratio between short-term and long-term HRYV, suggesting that more random short-
term HR behavior may be associated with a complicated clinical course (Laitio et al. 2000).
This measure has not been used extensively for risk stratification and has proven useful
for detecting preprocessing problems that significantly influence the calculation of HRV
variables (Kleiger et al. 2005).

A further extension of the PPA is the segmented Poincaré plot analysis (SPPA), which
was introduced by Voss et al. (2010a) as a nonlinear approach of phase-space characteriza-
tion for the nonlinear quantification of NN time series based on the traditional PPA. Here,
the cloud of points is rotated 45° clockwise around the main focus of the plot. The cloud of
points is segmented into 12 X 12 equal rectangles whose size depends on the standard devi-
ations SD1 (height) and SD2 (width) of the NN time series of the Poincaré plot. The number
of points within each rectangle, related to the total number of points (IN), was counted to
obtain the single probabilities p;; (row number: i =1 —12, column number: j=1-12). Based
on these single probabilities, the individual probability of each row (SPPA , ;) and each col-
umn (SPPA ;) can be calculated by summation of the related single probabilities.

2.2.3.8 Recurrence Plots

Eckmann et al. (1987) introduced the method of recurrence plots (RPs) to visualize the
recurrences of a trajectory (dynamical system) in its phase space. RPs are used to obtain
information on nonstationary and aperiodicity of HR time series. The RPs can be quanti-
fied by four main features: isolated points (reflecting stochasticity in the signal), diagonal
lines (index of determinism), and horizontal/vertical lines (reflecting local stationarity in
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the signal) (Bravi et al. 2011). The combination of these elements creates large-scale and
small-scale patterns from which is possible to compute several features, mainly based on
the count of the number of points within each element (Bravi et al. 2011). For the quantifica-
tion of RP, Zbilut and Webber (1992) have provided the recurrence quantification analysis
(RQA) tool, where different indices derived from RP are defined as recurrence point den-
sity, diagonal segments and paling in the RP, recurrence rate, determinism, average length
of diagonal structures, entropy, and trend (Wessel et al. 2001).

The most important structures for RQA are diagonal and vertical lines. Diagonals reflect
the repetitive occurrence of similar sequences of states in the system dynamics and express
the similarity of system behavior in two distinct time sequences. Verticals result from a
persistence of one state during some time interval (Javorka et al. 2009; Marwan et al. 2002,
2007).

2.2.3.9 Approximate Entropy/Sample Entropy

The approximate entropy (ApEn) represents a simple index for the overall “complexity”
and “predictability” of time series (Pincus 1991). ApEn can be used to determine the degree
of irregularity or disorder within a HR time series, measuring the underlying complexity
of the system producing the dynamics. ApEn compares runs of patterns in time series; if
similar patterns in a HR time series are found, ApEn estimates the logarithmic likelihood
that the next intervals after each of the patterns will differ (i.e., the similarity of the patterns
is more coincidence and lacks predictive value) (Ho et al. 1997). Two input parameters, m,
the length of compared patterns and r, which defines the criterion of similarity, have to be
fixed prior to the computation of ApEn. ApEn has revealed good statistically validity for
m =2 and r =15% of the standard deviation of the HR time series. If a time series has more
regularity and less complexity, the value of ApEn will be small. On the other hand, if a
time series has more irregularity and complexity the value of ApEn will be higher. Pincus
and Goldberger (1994) suggested that the reduction in entropy during pathology repre-
sents the system decoupling from external inputs or a reduction in the influence of these
inputs.

The term “sample entropy” (SampEn) was introduced by Richman and Moorman (2000)
as an improvement over the ApEn, acting as a simple index for the overall complexity
and predictability of a time series (Pincus 1991). SampEn reflects the conditional proba-
bility that two sequences of m consecutive data points, which are similar to each other
(within given tolerance r), will remain similar when one consecutive point is included,
where self-matches are not included in calculating the probability. Changes in SampEn
were interpreted in terms of the altered ANS control of either the atrial or the ventricular
myocardium (or both) during discrete physiological states.

2.2.3.10 Multiscale Entropy

Entropy-based measures like ApEn and SampEn only evaluate regularity on one scale, the
shortest one, and ignore other scales. Costa et al. (2002) introduced a new method called
multiscale entropy analysis (MSE). Applying this method, multiple time scales were used
to measure system complexity because the time series that are derived from the complex
biological systems are likely to present structures on multiple spatiotemporal scales. The
main advantage of MSE over other analysis methods is its ability to measure complex-
ity according to the concept of complexity defined as “a meaningful structural richness”
(Costa et al. 2005). MSE is based on consecutive coarse-grained time series determined by
a scale factor t.These coarse-grained time series for scale t are obtained by taking the arith-
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metic mean of T neighboring original values without overlapping. For scale 1, the coarse-
grained time series is simply the original time series representing classical SampEn. MSE
demonstrates that healthy dynamics are the most complex dynamics. Under pathologic
conditions, MSE reveals a decrease in system complexity. Costa et al. (2002) found that the
pathologic dynamics associated with either increased regularity /decreased variability or
with increased variability due to loss of correlation properties are both characterized by a
reduction in complexity. MSE seems to provide useful insights into the control mechanisms
underlying physiologic dynamics over different scales (Costa et al. 2005). In the case of HR
interval time series, it was suggested to extract the slopes of the MSE curve over the scales
from t=1 to 5 and from © =6 to 20 (Costa et al. 2005; Bravi et al. 2011).

2.2.3.11 Compression Entropy

An approach to describe the entropy of a text was introduced in the framework of algo-
rithmic information theory. Here, the entropy (Kolmogorov—Chaitin complexity) of a given
text is defined as the smallest algorithm that is capable of generating the text (Li and Vitanyi
1997). Although it is theoretically impossible to develop such algorithm data, compres-
sion techniques might be a sufficient approximation. Ziv and Lempel (1977) introduced a
universal algorithm for lossless data compression (LZ77) using string-matching on a slid-
ing window. Today, this algorithm is widely used and implemented in compression utilities
such as GIF image compression and WinZip®. This algorithm can be applied in a modi-
fied way for analysis of HR time series (Baumert et al. 2004, 2005). Here, the compression
entropy Hcg of heartbeat time series is affected by the sample rate, the window length,
and the lookahead buffer size. Hg indicates to what extent data from HR time series can
be compressed using the detection of repetitive sequences. Reduced short-term fluctua-
tions of HRV result in increased compression. It seems that entropy reduction reflects a
change in sympathetic/parasympathetic HR control, probably an increase of the sympa-
thetic influence and reduced vagal tone (Baumert et al. 2005). Assuming that the com-
pressibility of a HR time series is a measure of its nonlinear complexity, the complexity of
HR in patients is reduced and, therefore, H-g decreases with increasing risk (Truebner et al.
2006).

2.2.3.11.1 Coupling Analyses of the Cardiovascular and Cardiorespiratory System

The analysis of the relationships within and between dynamic systems has become more
and more a topic of great interest in different fields of science, for example, economics,
physics, and life sciences. Especially in the medical field, the understanding of driver-
response relationships between regulatory systems and within subsystems is of growing
interest. In particular, the focus has recently moved toward the assessment of the strength
of the relations and the directionality of couplings as two major aspects of investigations for
a more detailed understanding of physiological regulatory mechanisms (Schulz et al. 2013;
Porta and Faes 2013). Thereby, the cardiovascular and cardiorespiratory systems are char-
acterized by a complex interplay of several linear and nonlinear subsystems. For the anal-
yses of the cardiovascular and cardiorespiratory regulatory systems as well as the quantifi-
cation of their interactions, a variety of linear as well as nonlinear uni-, bi-, and multivari-
ate approaches have been proposed. The most applied approaches used to assess direct
and indirect couplings can be grouped using traditional domain classification: Granger
causality (GC), nonlinear prediction, entropy, symbolization, and phase synchronization.
Commonly applied linear approaches include cross-correlation analysis in the time domain
and cross-spectral power density or coherence analysis in the frequency domain, both of
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which are used to investigate the interrelationships between two time series. However,
linear approaches are insufficient to quantify nonlinear structures and the complexity
of the interplay of physiological (sub) systems is why nonlinear time series analysis
seem to be often more suited to capture complex interactions between different time
series.

These coupling approaches are partly based on the notion of GC, implying that if one
time series has a causal influence on a second time series the knowledge of the past of the
first time series is useful to predict future values of the second time series (Granger 1969;
Wiener 1956). In biomedical applications, evaluation of causality is commonly performed
by looking for directional dependencies within a set of multiple time series measured in
the physiological system under investigation (Faes and Nollo 2010). There exist different
concepts to assess GC—Ilinear and nonlinear approaches.

Linear approaches based on parametric multivariate autoregressive models (MAR)
and favoring the time and frequency domain. Starting in 1982, in the time domain, the
linear GC (Geweke 1982), the causal transfer function (Faes et al. 2004), and, in 2012, the
F-test and the Wald test (Bassani et al. 2012), as well as approaches based on predictabil-
ity improvement and partial process decompositions (Porta et al. 2012), became of impor-
tance. The causal transfer function between closed loop interacting signals was proposed
by Faes et al. (2004) and was validated in the field of cardiovascular and cardiorespira-
tory variability. Thereby, two time series x and y were described by a bivariate AR model,
and the causal transfer function from x to y was estimated after imposing causality by
setting to zero and then the model coefficients representative of the reverse effects from
y tox.

In the frequency domain, these approaches targeting to the oscillatory nature of physi-
ological variables and the peculiarity of specific control mechanisms of working in accor-
dance to well defined time scales (Porta and Faes 2013). In this domain, partial directed
coherence (PDC; Baccala and Sameshima 2001) and enhanced versions of this (e.g., normal-
ized short time partial directed coherence [NSTPDC]) (Adochiei et al. 2013) are the most
famous ones. These approaches are based on a fitted AR model and can detect direct and
indirect causal information transfer since they measure exclusively direct effects between
time series in multivariate dynamic systems. NSTPDC was introduced in 2013 for nonsta-
tionary signals to evaluate dynamic coupling changes and to detect the level and direction
of couplings in multivariate- and complex dynamic systems.

Coupling approaches that are based on entropies have in common that they analyze
a putative information transfer between time series. The concept of entropy addresses
the uncertainty or predictability of a time series and was first introduced by Shannon in
1948 to quantify the information content within a time series. Here, the concept of mutual
information analysis (MUI) was first introduced by Pompe in 1993 and can be applied to
detect and quantify nondirectional linear and nonlinear interdependencies within one time
series (univariate) or between different (bi- and multivariate) time series. MUI measures
the information that x and y share in units called “bits” because of the application of log2
(Hoyer et al. 2002). Later on, Porta et al. (1999) introduced the cross-conditional entropy
(CEx/y) based on the conditional entropy as a modification of the Shannon entropy. CEx/y
quantifies the degree of coupling between two normalized time series (x, y) and repre-
sents a measure of the complexity of x with respect to y. In 2000, Schreiber introduced an
information theoretical approach—the transfer entropy (TE) (Schreiber 2000) that is able
to distinguish between driving and responding elements, to detect asymmetries in the
interaction and to quantify the extent to which the dynamics of one process influences
the conditioned transition probabilities of another. TE measures causality by a prediction
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improvement approach and extends the concept of Shannon entropy by taking into account
the probabilities of transitions rather than static probabilities.

In 1998, Schaefer et al. used the concept of phase synchronization of chaotic oscillators
(Schéfer et al. 1998) to analyze irregular nonstationary and noisy bivariate time series,
applying the cardiorespiratory synchrogram, which is able to detect different synchronous
states (n:m) and the transitions between the two time series (HR, respiration), and to distin-
guish between different periods of synchronization using their instantaneous phases. Here,
the term “phase synchronization” is used to denote the state when a relation only between
the phases (@1, ®2) of interacting signals sets in, but the amplitudes remain chaotic and
nearly uncorrelated (Pikovsky et al. 2001). Later on, in 2001, Rosenblum et al. proposed
an approach also based on phase synchronization to detect and quantify the direction of
the coupling of two time series by examining directly the oscillation phases. In 2010, Voss
et al. (2010a) introduced the SPPA approach as a nonlinear approach of phase-space char-
acterization for the nonlinear quantification of NN time series based on the traditional
PPA. Thereby, the cloud of points is segmented into 12 x 12 equal rectangles whose size
depends on the standard deviations SD1 (height) and SD2 (width) of the NN time series of
the Poincaré plot. For the quantification single probabilities (pij) within each rectangle, the
number of points within every rectangle is counted and normalized by the total number
of all points. Based on these single probabilities, all row (i) and column (j) probabilities
are calculated by summation of the related single probabilities. This approach was fur-
ther enhanced for bi and multivariate coupling analyses using two-dimensional segmented
Poincaré plot analysis (2DSPPA; Schulz et al. 2014; Seeck et al. 2013) and three-dimensional
segmented Poincaré plot analysis (3DSPPA; Fischer and Voss 2014).

Coupling approaches that are based on symbolization enable a coarse-grain quantitative
assessment of short-term dynamics of time series through the direct analysis of successive
signal amplitudes that are based on discrete states (symbols). In 2002, Baumert et al. pro-
posed the joint symbolic dynamics (JSD) approach that is based on the analysis of bivariate
dynamic processes by means of symbols. Here, two time series were transformed in sym-
bol sequences of different words. Therefore, a bivariate sample vector X of two time series
(x,y) is transformed into a bivariate symbol vector S where 1 is beat-to-beat values using
a given alphabet A = {0, 1}. JSD considers short-term beat-to-beat changes by allowing the
assessment of overall short-term cardiovascular and cardiorespiratory couplings (CRCs).
This approach was further enhanced in 2013 by Schulz et al. who introduced a new high-
resolution version of JSD (HRJSD) that is characterized by three symbols which are formed
on the basis of a threshold (1 # 0) for symbol transformation and which clusters the cou-
pling behavior into eight word-type families for the quantification of cardiovascular and
CRC patterns (Schulz et al. 2015). This circumvented the problems encountered by the clas-
sical JSD to distinguish between decreases and steady state as well as between small and
large changes of autonomic regulation due to /=0 and A ={0,1}. JSD approaches have the
main advantages that they are not sensitive to nonstationary time series and are capable of
capturing nonlinear bivariate couplings by a simple procedure.

In summary, linear and nonlinear coupling approaches that are used to quantify direct
or indirect interactions provide new insights into alterations of the cardiovascular and
cardiorespiratory system and lead to an improved knowledge of the interacting regula-
tory mechanisms under different physiological and pathophysiological conditions. These
approaches represent promising tools for detecting information flows in a multivariate
sense. They also might be able to provide additional prognostic information in the medi-
cal field and might overcome or at least complement other traditional univariate analysis
techniques.
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2.3 Methods of HRV Analysis Not Based on Sinus Rhythm
2.3.1 Heart Rate Turbulence

Since the description of an early acceleration and late deceleration in HR following
ventricular premature beats, called “heart rate turbulence” (HRT) (Schmidt et al. 1999),
considerable progress has been made in the understanding of physiological mechanisms
underlying this regulatory process (Voss et al. 2004). HRT characterizes short-term fluc-
tuations in sinus cycle length that follow spontaneous ventricular premature complexes
(VPCs) (Schmidt et al. 1999). The response to an endogenous disturbance of the HR-blood
pressure sequence provides unique insights into regulation phenomena. In contrast to
alternative methods that use exogenous stimuli as the baroreflex stimulation with phenyle-
phrine, the HRT method enables a quantification and characterization of blood pressure
regulation mechanisms caused by intrinsic triggers (Voss et al. 2004).

In normal subjects, the sinus rate briefly accelerates initially and subsequently decel-
erates compared with the pre-VPC rate, before returning to baseline. A similar pattern
can also be induced by pacing, either by programmed ventricular stimulation or by an
implanted device such as a cardiac defibrillator (Bauer et al. 2008).

The physiological mechanisms involved in HRT (the initiation of a short-term blood pres-
sure regulation via the baroreflex) offers not only an explanation of why this method is
particular suitable for risk stratification after MI but also gives new insights into different
consequences of arrhythmias on cardiac mortality (Voss et al. 2004).

HRYV, HRT, and baroreflex sensitivity, like many other physiological phenomena, reflect
complex interactions between cells, tissues, and organs. The Task Force on Sudden Car-
diac Death of the European Society of Cardiology recently recommended a risk stratifica-
tion strategy that combines a marker of structural damage (such as left ventricular ejection
fraction [LVEF]) with markers of autonomic imbalance (Papaioannou 2007).

2.4 Applications of HRV Analysis

Since the pioneering studies of the 1970s and 1980s, the field has rapidly expanded. Time
and frequency and NLD techniques have been used to quantify HRV in various diseases
and under various physiological conditions. Some of the most important application fields
are as follows:

¢ Heart disease

* Monitoring and anesthesia

¢ Hypertension

® Sleep disorders

¢ Diseases of the central nervous system and brain damage
¢ Fetal and neonatal development and pregnancy

* Autonomic neuropathies and diabetes

e Mental stress, fatigue, and concentration

¢ Mind-body exercises
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* Sports and physical activity
* Physiological influences on HRV
* Sepsis, inflammations, organ diseases, genetics, wellness, and so on

Some of these fields are discussed in more detail in the following sections. However,
because of the amount of available publications and findings, the provided information
must be incomplete and only a few references were selected.

2.4.1 Heart Disease

Heart failure is a clinical syndrome, with diagnosis based on a combination of typical
signs and symptoms together with appropriate clinical tests (Krum and Abraham 2009).
Considerable advances have been made in management of heart failure over the past few
decades. Nevertheless, heart failure remains a major public health issue, with high preva-
lence and poor outcomes. Enhanced diagnostic precision coupled with early intervention
could lessen the burden of disease. HRV has been proposed as an additional diagnostic tool
as low HRV also increases the relative risk of death from cardiovascular diseases (Dekker
et al. 2000) and increases the risk for SCD (Goldberger et al. 1984).

Reports from the original Framingham Heart Study cohort and the Framingham Off-
spring Study indicate that reduced HRV (decreased vagal tone or increased sympathetic
tone) predicts not only increased risk for all-cause mortality but also deaths from coronary
heart disease and CHF (Tsuji et al. 1996; Rubin et al. 2010).

Impaired autonomic activity has been shown to be an independent predictor of mor-
tality after MI. Early decreases in HRV were shown (Stapelberg et al. 2012) to occur fol-
lowing MI and were then linked prognostically to mortality risk (Kleiger et al. 1987, 2005;
Malik et al. 1990; Farrell et al. 1991; Casolo et al. 1992; Bigger et al. 1996; Voss et al. 1998;
Camm et al. 2004; Huikuri and Stein 2013). It was found that within 2 months follow-
ing MI, there is a significant recovery of HRV, which has been linked to the reestablish-
ment of autonomic cardiac control (Lombardi et al. 1987). After 12 months, there is further
significant recovery but HRV remains reduced compared to non-MI sufferers (Schwartz
et al. 1988; Bigger et al. 1991). Over periods greater than 1 year, several studies demon-
strated that HRV remains lowered post-MI and is associated with an increased risk of
death (Bigger et al. 1992). The relative risk of mortality after MI is significantly higher in
patients with decreased HRV (Kleiger et al. 1987; Bigger et al. 1988), regardless of time since
AML

Certain abnormalities of autonomic function in the setting of structural cardiovascu-
lar disease have been associated with an adverse prognosis, including various markers
of autonomic activity that have received increased attention as methods for identifying
patients at risk for sudden death. As such both the sympathetic and the parasympathetic
limbs can be characterized by tonic levels of activity, which are modulated by, and respond
reflexively to, physiological changes (Lahiri et al. 2008).

In the Defibrillator in Acute Myocardial Infarction Trial (DINAMIT), HRV was used as a
risk indicator and stratifying entry criterion but was not successful (Hohnloser et al. 2004).

An improvement in cardiac performance from cardiac resynchronization therapy (CRT)
positively alters the autonomic control of HR and beta-blocker therapy seems to potentiate
autonomic improvement combined with CRT (Gardini et al. 2010). Therefore, HRV might
be a useful parameter for identifying patients who respond to CRT and who may require
additional interventions (Xhyheri et al. 2012).
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Research has also concentrated on attempts to predict the timing of the onset of fatal
ventricular tachyarrhythmias (VTA; Wessel et al. 2000). However, the evidence of the value
of HRV in predicting VTAs is less clear (Reed et al. 2005).

For a long time risk stratification in patients with dilated cardiomyopathy (DCM) seemed
to be not or less successful (Grimm et al. 2003; Goldberger et al. 2014). However, the appli-
cation of blood pressure variability (BPV; Voss et al. 2012b) and later the introduction of
SPPA (Voss et al. 2010a, 2012a) led to a remarkable improved risk stratification in these
patients.

Most cardiovascular drugs that improve morbidity and mortality, including beta-
blockers, angiotensin converting enzyme (ACE) inhibitors, and statins, also increase HRV.
Metoprolol, quinapril, captopril, enalapril, and atorvastatin have been shown (Bilchick and
Berger 2006) in separate studies to increase HRV. The clinically observed increase in HRV
with beta-blockers is likely related to the concomitant beneficial effects on the parasympa-
thetic nervous system and renin-angiotensin—-aldosterone axis. Importantly, beta-blockers
may diminish the predictive value of HRV after MI, at least for sudden death (Huikuri
et al. 2003).

Although several studies have reported on the clinical and prognostic value of HRV
analysis in the assessment of patients with cardiovascular diseases, this technique has not
yet been fully incorporated into routine clinical practice (Xhyheri et al. 2012).

2.4.2 Monitoring and Anesthesia

ANS dysfunction may complicate the perioperative course in the surgical patient under-
going anesthesia, increasing morbidity and mortality, and, therefore, it should be consid-
ered as an additional risk factor during pre- and postoperative evaluation (Bauernschmitt
et al. 2004; Mazzeo et al. 2011). Furthermore, ANS dysfunction may complicate the clinical
course of the critically ill patients admitted to intensive care units, in the case of trauma,
sepsis, neurologic disorders, and cardiovascular diseases, and its occurrence adversely
affects the outcome. In the care of these patients, the assessment of autonomic function may
provide useful information concerning pathophysiology, risk stratification, early prognosis
prediction, and treatment strategies. Given the role of ANS in the maintenance of systemic
homeostasis, anesthesiologists, critical care specialists, and surgeons should recognize as
critical the evaluation of ANS function.

2.4.3 Hypertension

One of the most important risk factors for cardiovascular diseases is hypertension. This
association has been found in various studies. Autonomic dysfunction has been demon-
strated before hypertension is established as well as in its early stages (Singh et al. 1998).
Patients with hypertension exhibit increased LF power and reduced circadian patterns
(Guzzetti et al. 1991). Langewitz et al. (1994) found decreased HF power and also a loss
of circadian rhythm. The Framingham Heart Study (Singh et al. 1998) is one of the major
studies which found reduced HRV in men and women with systemic hypertension and
that LF power of HRV was associated with new onset hypertension in men.

The findings from large, epidemiological studies also provide strong evidence that vagal
tone, as measured by HRV, is lower in subjects with hypertension than in normotensives
even after adjustment for a range of covariates. Importantly, these studies suggest that
decreases in vagal tone may precede the development of this critical risk factor for cardio-
vascular disease (Thayer et al. 2010). Analyzing HRV and other related parameters may
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be useful at enhancing our knowledge of the underlying pathophysiology, which in turn
may improve therapeutic approaches for the subsets of hypertensive patients with signs of
autonomic dysfunction (Carthy 2014).

2.4.4 Sleep Disorders

HRYV has been applied to understand autonomic changes during different sleep stages. It
has also been applied to understand the effect of sleep-disordered breathing (SDB), peri-
odic limb movements, and insomnia both during sleep and during wakefulness. HRV has
been successfully used to screen people for possible referral to a sleep laboratory. It has also
been used to monitor the effects of continuous positive airway pressure (CPAP) therapy as
part of sleep apnea treatment (Stein and Pu 2012).

Sleep is not just the absence of wakefulness but a regulated process with an important
restorative function. Based on electroencephalographic recordings and characteristic pat-
terns and waveforms one can distinguish wakefulness and five sleep stages grouped into
light sleep, deep sleep, and rapid-eye-movement (REM) sleep. In order to explore the func-
tions of sleep and sleep stages, Penzel et al. (2003) investigated the dynamics of sleep stages
over the night and of HRV during the different sleep stages. Sleep is a complex biological
phenomenon regulated by different biological pathways. Sleep stages and intermediate
wake states have different distributions of their duration and this allowed Penzel et al. to
create a model for the temporal sequence of sleep stages and wake states, showing that the
sympathetic tone is strongly influenced by the sleep stages. Cardiovascular autonomic con-
trol plays a key role, varying among the transition to different sleep stages. In addition, the
sleep-autonomic link has to be considered bidirectional (Tobaldini et al. 2013); in fact, auto-
nomic changes can importantly alter sleep regulation and, on the other side, sleep distur-
bances can profoundly alter the physiological cardiac autonomic modulation. Nowadays,
an increasing prevalence of sleep disorders such as SDB and neurological sleep-related dis-
turbances have been described. The assessment of autonomic cardiovascular control using
classical linear (Burr 2007) and, more recently, nonlinear (Migliorini et al. 2011) analysis
of HRV has been widely used as a noninvasive tool to provide important information on
autonomic changes in physiological and pathological sleep.

2.4.5 Diseases of the Central Nervous System and Brain Damage

It was reported by Lowensohn et al. in 1937 that normal cyclic changes in HR are reduced in
the presence of severe brain damage (Lowensohn et al. 1977). Variability decreases rapidly
if intracranial pressure rises and the rate of return of variability reflects the subsequent
state of neuronal function, even when intracranial pressure has been restored to normal.
They suggested that HRV may reflect the functional state of the central nervous system.
However, these findings did not consider the influence of mean HR and of the respiratory
pattern (Jennett 1977).

Low HRYV has been observed in schizophrenic patients (Jindal et al. 2005; Bér et al. 2005).
The mechanisms by which the vagal activity is suppressed in schizophrenia are obscure
(Koponen et al. 2008), but disturbances in the corticosubcortical circuits modulating the
ANS have been suggested by Bér et al. (2005). Previous studies have also suggested a role
for the amygdala, insula, prefrontal cortex, and temporal lobes in cerebrogenic cardiovas-
cular disturbances and sudden death (Williams et al. 2004).

Low HRYV has also been found in association with the use of tricyclic antidepressants,
clozapine, and thioridazine (Silke et al. 2002; Bar et al. 2008). Thus, the dysfunction of the
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cardioregulatory system may also be associated with functional and medication-related
mechanisms rather than structural changes (Koponen et al. 2008).

Depressive patients frequently complain of symptoms of ANS dysfunction, such as dry
mouth, diarrhea, and insomnia. These clinical observations propose the assumption of
altered autonomic function in these patients. In contrast to these clinical assumptions,
inconsistent results have been found in the studies of HRV in depressive patients (Voss
et al. 2008; Stapelberg et al. 2012; Bér et al. 2004; Kemp et al. 2012).

2.4.6 Fetal and Neonatal Development and Pregnancy

Well-defined periods of active (AS) and quiet sleep (QS) are detected (Curzi-Dascalova
1995) as early as 27 weeks gestational age (w GA). Beyond 35 w GA, the amount of inde-
terminate sleep is reduced to <10% and, up to the normal term, sleep is marked by the
prevalence of AS. AS differs from QS by faster respiratory rate and HR, more central res-
piratory pauses, lower amplitude of HF HRV (parasympathetico-dependent), and higher
amplitude of LF HRV (sympathetico-dependent). In artificially ventilated infants, breath-
ing is more dependent on the ventilator in QS than in AS. When they reach term, compared
with normal full-term newborns, infants with intrauterine growth retardation or prema-
turity do not show significant differences of sleep structure, but present faster heart and
respiratory rates, more respiratory pauses, and less HRV in both AS and QS; however,
sleep-states-related cardiorespiratory modulations appear similar.

Pregnancy is discussed in more detail in Section 2.5.2.

The first postnatal period for preterm infants is characterized by periods of AS and QS
states, with intermediate undetermined sleep phases. Preterm newborns have an imma-
ture ANS regulating brain and metabolic activity, HR, respiration, blood pressure, and
body temperature. Porges and Furman (2011) showed that newborns initially use primitive
brainstem—visceral circuits via ingestive behaviors as the primary mechanism to regulate
physiological state (bodily functions). However, in addition to progressive maturation, cor-
tical regulation of the brainstem develops during the first year of life (Longin et al. 2006).
In QS, a decrease of HRV accompanied by less chaotic HR fluctuations has been investi-
gated by applying linear and nonlinear methods in healthy full-term and preterm neonates
with comorbidities (Doyle et al. 2009). Reulecke et al. (2012) found that CRC is not yet
completely developed in very preterm neonates with 26-31 w GA. Significantly differ-
ent regulation patterns in bivariate oscillations of HR and respiration during AS and QS
can be recognized. On the one hand, these patterns were characterized by predominant
monotonous regulating sequences originating from respiration independently from HR
time series in AS, and to a minor degree in QS, and on the other hand by some prominent
HR regulation sequences in QS independent of respiratory regulation.

2.4.7 Autonomic Neuropathies and Diabetes

Autonomic dysfunction has been related to a wide range of diabetic complications and
to progression of the disease. Wheeler and Watkins (1973) documented the reduction or
loss of beat-to-beat HRV of diabetics with autonomic neuropathy and demonstrated that
the HRV was “abolished” by atropine but “unaltered” by sympathetic blockade. These
authors hypothesized that the loss of HRV associated with diabetic autonomic neuropathy
was due to vagal cardiac denervation (Freeman and Chapleau 2013).

Autonomic dysfunction has been related to a wide range of diabetic complications and to
progression of the disease. Early detection of subclinical autonomic impairment through
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HRV measurements in diabetic individuals may be important for risk stratification and
subsequent therapeutic management, including pharmacologic and lifestyle interventions
(Singh et al. 2000; Liao et al. 2002; Astrup et al. 2006; Xhyheri et al. 2012).

Diabetic subjects show parasympathetic impairment as assessed by frequency-domain
measures, shifted toward the LF side and decline of the time-domain measures, namely
SDNN, RMSDD, NN50 count, and pNN50. Autonomic dysfunction is associated with
both an inadequate metabolic control of the disease and occurrence of diabetic neuropa-
thy (Vinik et al. 2003). Further on, in disease progression, diabetic patients with autonomic
dysfunction have a poor cardiovascular prognosis (8-year mortality up to 23%; Rathmann
et al. 1993).

The results from the Diabetes Control and Complications Trial in patients with type 1
diabetes show that intensive glycemic control can prevent HRV imbalance, slowing the
deterioration of autonomic dysfunction over time (Diabetes Control and Complications
Trial Research Group 1993).

The prospective association between autonomic dysfunction, indexed by high HR and
low HRV, and the development of diabetes was examined by Carnethon et al. in 8185
middle-aged men and women from the Atherosclerosis Risk in Communities (ARIC) Study
(Carnethon et al. 2003). During the 8-year follow-up period, 1063 persons developed type
2 diabetes. Compared to those in the highest quartile of LF power, those in the lowest
quartile had a 1.2-fold greater risk of developing diabetes after adjustment for age, race,
gender, study center, education, alcohol use, smoking, heart disease, physical activity, and
body mass index (BMI). Those with HR in the highest quartile had 1.6 greater risk of dia-
betes than those in the lowest HR quartile with similar results for analyses restricted to
those with normal fasting glucose (Thayer and Sternberg 2006). Thus, early identification
of cardiovascular autonomic neuropathy permits timely initiation of therapy (Xhyheri et al.
2012). Recently, it was found that in the general population aged 55-74 years, the preva-
lence of autonomic nervous dysfunction is increased not only in individuals with diabetes,
but also in those with different degrees of glucose intolerance. It is associated with mortal-
ity and modifiable cardiovascular risk factors that may be used to screen for diminished
HRV in clinical practice (Ziegler et al. 2015).

2.4.8 Mental Stress, Fatigue, and Concentration

Mental stress is reported to enhance sympathetic activity, alter sympathovagal balance,
and reduce total HRV power (Malliani et al. 1991). Stress response is associated with
increased energy expenditure (Tyagi et al. 2014) along with associated changes in HR,
breath rate, and blood pressure. Psychosocial factors such as stressful life events, general
stress, hostility, depression, and anxiety are also emerging as risk factors for cardiovas-
cular diseases (Thayer and Sternberg 2006; Valentini and Parati 2009). Decreased HRV
has been associated with several psychosocial conditions and states. Among them, work
stress as a further psychosocial factor is strongly associated with HRV (Thayer et al. 2010).
Several studies implicate altered ANS function and decreased parasympathetic activity
as a possible mediator in this link. Low HRV is consistent with the cardiac symptoms
of panic anxiety as well as with its psychological expressions in poor attentional control
and emotion regulation, and behavioral inflexibility (Friedman and Thayer 1998). Simi-
lar reductions in HRV have been found in depression (Thayer et al. 1998), generalized
anxiety disorder (Thayer et al. 1996; Kemp et al. 2014), and posttraumatic stress disorder
(Cohen et al. 1999).
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2.4.9 Mind and Body Exercises

Mind-body interventions tend to facilitate autonomic flexibility, enhance self-regulation,
and induce relaxation that is characterized by parasympathetic dominance (Taylor et al.
2010) and increased HRV (Takahashi et al. 2005).

Yoga practitioners are reported to have lower HR, breath rate, blood pressure
(Bharshankar et al. 2003), higher HRV (Muralikrishnan et al. 2012), and greater metabolic
variability compared to nonyoga practitioners and metabolic syndrome patients with
reduced oxygen requirements during resting conditions and more rapid poststress recov-
ery (Tyagi et al. 2014). Regular yoga practitioners were also found to have higher vagal
tone at all baseline states and higher variance to autonomic and metabolic measures dur-
ing all active interventions with greater autonomic reactivity to, and recovery from, mental
arithmetic stress.

The analysis of the circadian patterns of cardiophysiological parameters before and after
eurhythmy therapy showed significant improvements in HRV in terms of greater day-
night contrast caused by an increase of vagal activity and calmer and more complex HRV
patterns during sleep (Seifert et al. 2013).

2.4.10 Sports and Physical Activity

The ANS is mainly involved in regulating the resting HR and the transient HR changes
accompanying physical activity and after physical activity (Borresen and Lambert 2008).

In recent years, time- and frequency-domain indices and NLD indices of HRV has also
gained increasing interest in sports and training sciences. In these fields, HRV is currently
used for the noninvasive assessment of autonomic changes associated with short-term and
long-term endurance exercise training in both leisure sports activity and high-performance
training. Furthermore, HRV is being investigated as a diagnostic marker of overreaching
and overtraining. A large body of evidence shows that, in healthy subjects and cardiovas-
cular patients of all ages, regular aerobic training usually results in a significant improve-
ment of overall as well as instantaneous HRV (Hottenrott et al. 2006). These changes, which
are accompanied by significant reductions in HR both at rest and during submaximal exer-
cise, reflect an increase in autonomic efferent activity and a shift in favor of enhanced vagal
modulation of the cardiac rhythm. Regular aerobic training of moderate volume and inten-
sity over a minimum period of 3 months seems to be necessary to ensure these effects,
which might be associated with a prognostic benefit regarding overall mortality.

Regular physical activity affects HR at rest and at submaximal exercise intensity, as well
as during the recovery after exercise (Borresen and Lambert 2008). From rest through
increasing intensities of exercise, HR shows a gradual increase up to a peak value. Sev-
eral studies using pharmacologic blockade have shown that such increase is primarily due
to parasympathetic withdrawal, whereas at greater workloads, more pronounced increases
of HR result from the combination of parasympathetic withdrawal and sympathetic activa-
tion, although even at very high-intensity exercise, there is never a total parasympathetic
withdrawal (Valentini and Parati 2009). Regular physical activity training at submaximal
exercise elicits a reduction of HR at rest (Wilmore et al. 2001; Smith et al. 1989) and at sub-
maximal exercise, whereas maximum HR slightly decreases or remains unchanged with
chronic training (Borresen and Lambert 2008). A number of studies with heterogeneous
protocols in terms of follow-up duration, frequency, and duration of exercise sessions sug-
gest that regular endurance training, besides increasing exercise tolerance and endurance,
decreases resting HR (Valentini and Parati 2009). A decrease in intrinsic rhythmicity, a
more predominant parasympathetic activity, and a slight decrease in the sympathetic
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contribution (Smith et al. 1989) have been suggested to mediate such change. Although
many reports agree in demonstrating a decrease in HR at submaximal load (Wilmore et al.
2001; Skinner et al. 2003), most of the evidence suggests that maximal HR shows a negligi-
ble change with regular endurance training.

2.4.11 Physiological Influences on HRV

The dynamical fluctuations of biological signals provide a unique window to investigate
the underlying mechanism of the biological systems in health and disease. However, before
characterizing and interpreting impaired (pathophysiological) autonomic regulation due
to an impaired HRYV, the physiological basis must be known.

2.4.11.1 Influences of Age, Gender, and Ethnicity

It has been shown that the HRV strongly depends on age and gender. HRV reduces with
aging and women up to the menopause exhibit higher vagal and reduced sympathetic
activity compared to men (Ryan et al. 1994; Voss et al. 2015).

Choi et al. (2006) showed that three short-term HRV indices (HF, LF power, and LF/HF)
were significantly related to age in Caucasian Americans but not in African Americans. The
effect of age, ethnicity, and the age-by-ethnicity interaction on HF and LF power was sig-
nificant, even after controlling for gender, BMI, and blood pressure. They concluded that
young African Americans manifested a pattern of HRV response similarly to older Cau-
casian Americans. These results suggest that young African American individuals might
show signs of premature aging in their ANS.

2.4.11.2 Influences of Lifestyle

Smokers exhibit increased sympathetic and reduced vagal activity as measured by HRV
analysis leading to reduced HRV. One of the mechanisms by which smoking impairs the
cardiovascular function is its effect on ANS control (Hayano et al. 1990; Niedermaier et al.
1993). Altered cardiac autonomic function, assessed by decrements in HRYV, is associated
with acute exposure to environmental tobacco smoke (ETS) and may be part of the patho-
physiologic mechanisms linking ETS exposure and increased cardiac vulnerability (Pope
et al. 2001). In addition, it was shown that the vagal modulation of the heart was blunted in
heavy smokers, particularly during a parasympathetic maneuver (Rajendra Acharya et al.
2006).

HRV reduces with the acute ingestion of alcohol, suggesting sympathetic activation
and/or parasympathetic withdrawal. Malpas et al. (1991) and Rajendra Acharya et al.
(2006) have demonstrated vagal neuropathy in men with chronic alcohol dependence using
24-hour HRV analysis. Many additional lifestyle factors and behaviors influence HRV such
as drugs, diet, sleep, and fitness, but these are not discussed here.

2.5 Time Course of HRV Analysis in Two Different Fields
2.5.1 HRYV in Patients with DCM

Cardiomyopathy diseases are characterized by modifications of the heart muscle accom-
panied by abnormal findings of chamber size and wall thickness and/or an inadequate
heart blood pumping function. The most common type of cardiomyopathy is DCM, which
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is defined by a left and/or right ventricular dilatation and dysfunction in the absence
of coronary artery disease, hypertension, valvular disease, or congenital heart disease
(Elliott et al. 2008). DCM is characterized by left ventricular dilation that is associated
with systolic dysfunction. Diastolic dysfunction and impaired right ventricular function
can develop (Jefferies and Towbin 2010). In the United States, the estimated incidence of
DCM is 5-8 cases /100,000 population per year and the prevalence is 36 cases /100,000 pop-
ulation (Cooper 2005). Based on extrapolations, the global incidence of DCM is approx-
imately 50 million new cases per year (Lassner et al. 2014). Furthermore, in the United
States, for heart failure patients of age less than 60 years, 45% of the heart transplanta-
tions result from the consequences of DCM (Cooper 2005). Alone in the United States, the
cost burden of caring for patients with DCM per year is $4-10 billion (Digiorgi et al. 2005;
O’Connell and Bristow 1994) and until now only limited success in health care has been
achieved. Therefore, in recent years, increased efforts have been made to investigate the
causes and the progression of DCM, to optimize the treatment of DCM patients, and for
early detection of patients at a high risk for a SCD contributing to the finding of an optimal
timing for either prophylactic defibrillator implantation or, at worst, a cardiac transplanta-
tion (Voss et al. 2013).

HRV analysis in the field of DCM research began in the 1990s, mostly applying linear
time, and frequency-domain HRV analysis. Recent studies of nonlinear HRV have become
of great interest for DCM since linear HRV analysis revealed insufficient results in risk
prediction of cardiac events.

In contrast to linear HRV indices providing only a small contribution to risk stratification
in DCM (Grimm et al. 2003, 2005), nonlinear HRV analyses (Voss et al. 2007) and methods
for analyzing BPV (Voss et al. 2012b) have shown new insights into the changed cardiovas-
cular variability especially in DCM patients at high risk for a cardiac event compared to low
risk patients. Nonlinear indices quantifying the structure and/or complexity of heartbeat
time series and thus providing additional independent prognostic information in DCM
will probably lead to improved risk prediction in DCM patients when combined with
linear HRV indices, clinical parameters, or biochemical markers. Furthermore, an inter-
esting approach to achieve improvements in the diagnosis of DCM and risk prediction
in DCM is the combination of HRV analysis methods with methods investigating several
other biosignals such as blood pressure, pulse wave, and respiration. Here, one obtains
information about interactions, couplings, and synchronizations between these different
regulatory systems.

The chronological order of HRV analysis in DCM below presents the most significant
research results received until now (without a guarantee of completeness).

In 1991, the spectral analysis technique of HRV was applied to obtain a more detailed
characterization of the changed autonomic profile in DCM (Binkley et al. 1991). This was
achieved by comparing the power density spectra (Welch method, duration of RR-interval
time series = 4 minutes) of 10 patients with idiopathic DCM (six males and four females,
age =49 + 11 years) and 15 healthy males (age =29 +7 years) at baseline and in response to
pharmacologic interventions stimulating the sympathetic drive and reducing the parasym-
pathetic tone. A parasympathetic withdrawal in DCM patients compared to healthy sub-
jects was demonstrated, characterized by a considerably reduced HF band (p <0.05) and
high to LF areas (p <0.01). Furthermore, parasympathetic withdrawal was demonstrated
as an integral component of the autonomic imbalance characteristic in DCM, which can be
detected noninvasively by the spectral analysis of HRV.

In 1993, researchers investigated possible mechanical influences leading to a reduced
HRYV in 20 DCM patients (Mbaissouroum et al. 1993). This was achieved by correlation of
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echocardiographic Doppler measures of the left ventricular function and sometime domain
indices (MeanNN, RMSSD, pNN50, SDNN, and SDANN). The authors found a strong
correlation between the left ventricular filling time and SDNN (r=81%) and SDANN
(r=79%), respectively. Thus, they suggested a shortened left ventricular filling time in
DCM as one important factor for the reduction of the HRV in DCM patients that usu-
ally have a higher HR than the healthy subjects. Because of the additional independent
means of HRV indices, they proposed to also apply HRV indices for the assessment of
DCM patients in addition to standard hemodynamic and imaging approaches.

In 1996, Fei et al. investigated long-term HRV (24-hour Holter ECG) in 41 patients with
CHEF secondary to idiopathic DCM performing a treadmill exercise test (Fei et al. 1996).
From the frequency domain, the TP (p =0.009) and LF (p =0.003), but not the HF compo-
nent of HRV were significantly lower in DCM patients (n = 10) with chronotropic incompe-
tence compared with those without chronotropic incompetence. SDNN but not MeanNN
from time-domain analysis was also significantly lower in DCM patients with chronotropic
incompetence (p=0.030). The authors assumed that decreased HRV in patients with
CHF who have chronotropic incompetence could be explained by a relation between
chronotropic incompetence and an abnormal autonomic influence on the heart in these
patients. Also in 1996, Ponikowski et al. demonstrated the use of depressed time and fre-
quency HRV indices calculated from 24-hour ambulatory ECGs for risk stratification of
ventricular tachycardia and cardiac death (Ponikowski et al. 1996). The authors investi-
gated 50 patients with moderate to severe CHF (1 =12 caused by idiopathic DCM and 38
caused by ischemic heart disease [IHD], 45 males and 5 females, age =59 +9 years, New
York Heart Association [NYHA] II-III). Applying multiple regression analysis, decreased
HF power was the only independent predictor of the presence of ventricular tachycardia
independently of LVEF and MeanNN. Performing a univariate Cox analysis, lower SDNN,
SDANN, SD, LFn, and HFn values (p < 0.01) were found to have the potential as indepen-
dent predictors of cardiac death in patients who subsequently died. The Kaplan-Meier
survival analysis revealed that SDNN and SDANN dichotomized at median values were
the best predictors of mortality. In 1997, Ponikowski et al. confirmed these results in a
study investigating a larger group of patients with moderate to severe CHF (90 males, 12
females, mean age 58 years, NYHA class II to IV) including CHF due to idiopathic DCM in
24 patients and IHD in 78 patients (Ponikowski et al. 1997). In multivariate analysis, they
obtained SDNN, SDANN, and LF as independent predictors of survival (83 survivors and
19 deaths during a 20-month follow-up). In 1996, Hoffmann et al. performing also 24-hour
HRYV analysis, found that “neither time- nor frequency-domain indices of HRV differed sig-
nificantly between idiopathic DCM patients with (n =10) and without (1 =61) subsequent
major arrhythmic events” (including sustained ventricular tachycardia, ventricular fibril-
lation, and SCD) (Hoffmann et al. 1996). They found only a trend toward lower SDANN
(p=0.06) and lower pNN50 (p =0.08) in patients with major arrhythmic events indicating
a tendency toward attenuated parasympathetic activity in these DCM patients compared
to arrhythmia-free DCM patients.

In 1997, Szab¢ et al. demonstrated the suitability of a decreased SDNN and pNN50 index
(from 24-hour ECG time series) reflecting an impaired vagal tone to predict an increased
risk of a cardiac death and death due to progressive pump failure (Szabo et al. 1997). They
investigated 159 patients from which 16 patients died due to SCD and 14 due to progressive
pump failure during a follow-up of 23 months. In the same year, Fauchier et al. found
that the patients with idiopathic DCM (n =93), even those without CHE, had significantly
decreased 24-hour time-domain indices (MeanNN, SDNN RMSSD) compared to healthy
subjects (n=63), which was related to left ventricular dysfunction and not to ventricular
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arrhythmias (Fauchier et al. 1997). The use of multivariate regression analysis determined
an increased left ventricular end-diastolic diameter (p =0.0001), a reduced SDNN (p =0.02),
and an increased pulmonary capillary wedge pressure (p=0.04) as predictors of cardiac
death (1 =12) or heart transplantation (1 =8).

In 1997, Yi et al. demonstrated that a SDNN value <50 ms (24-hour recording) was suit-
able to identify (p=0.0004) patients with idiopathic DCM who were at increased risk of
developing a progressive heart failure (n =28) from a group of 64 DCM patients includ-
ing also patients who remained clinically stable (1 =36) during a follow-up of 2 years (Yi
et al. 1997). Also in 1997, Mortara et al. found that in stable CHF (87 patients without
nonsustained ventricular tachycardia [NSVT] and 55 patients with presence of NSVT) the
assessment of arterial baroreflex function, but not HRV frequency-domain analysis (LF,
HF, and LF/HF), allows the identification of patients at high risk of NSVT (Mortara et al.
1997). Hoffmann et al. (2000) found a higher NYHA index, lower LVEEF, increased LVEDD
(all p <0.05), and only slightly lower SDNN value (p =0.08) in DCM patients with NSVT on
Holter (n =42) compared to patients without NSVT (n =95) (Hoffmann et al. 2000). RMSSD
and pNNb50, reflecting primarily tonic vagal activity, and BRS, reflecting predominantly
reflex vagal activity, were not different in patients with and without NSVT.

In 1998, Menz et al. compared baroreceptor sensitivity (BRS, phenylephrine method) and
24-hour time-domain HRV (SDNN, SDANN, and pNN50) as measures of cardiac auto-
nomic tone in patients with coronary artery disease (CAD, n=49) and idiopathic DCM
(n=130) (Menz et al. 1998). Only in a subgroup of patients with an LVEF <30% did they
find significant lower HRV indices (p < 0.05), but there was an unchanged BRS in patients
with CAD compared to patients with idiopathic DCM. CAD and idiopathic DCM patients
with an LVEF <30% showed comparable alterations in cardiac autonomic tone. In the same
year, Grimm et al. demonstrated preliminary results of the prospective Marburg Cardiomy-
opathy Study (MACAS, 24-hour Holter ECG recordings) based on 159 patients with idio-
pathic DCM (40 females, 119 males, age =49 + 12 years, LVEF =32+ 10%) (Grimm et al.
1998). They reported that patients with a depressed LVEF <30% (1 = 54) were characterized
(p < 0.05) by a higher occurrence of left bundle branch blocks, NSVT, and T-wave alternans
and by a decreased SDNN and BRS in comparison to patients with a preserved LVEF >30%
(n=76).

In 1999, Fauchier et al. performed a study to evaluate the prognostic value of 24-hour
time and frequency-domain HRV analysis for sudden death, resuscitated ventricular
fibrillation, or sustained ventricular tachycardia in 116 patients with idiopathic DCM
(91 males, age=>51+12 years, LVEF =34 +12%; Fauchier et al. 1999). Using multivari-
ate analysis, they could demonstrate that only a decreased SDNN index (p=0.02, opti-
mal cut-off level 100 ms) and ventricular tachycardia during the ECG recording (p =0.02)
predicted sudden death and/or arrhythmic events (1 =16 patients within a mean follow-
up of 53 +39 months). Also in 1999, Jansson et al. investigated the treatment effects of
captopril (ACE inhibitor) and metoprolol (selective beta-adrenergic receptor blocker) on
the long-term HRV in 38 DCM patients (29 males, 9 females) with mild to moderate symp-
toms of heart failure. After 6 months of therapy, captopril treatment increased TP and LF in
the frequency domain but there were no changes of time-domain indices found. Metoprolol
treatment increased both time- and frequency-domain indices of HRV. They concluded that
both drugs might have additive effects that are of prognostic importance in DCM patients.
In 1999 and 2002, Malberg et al. showed that DCM patients (1 =27) were characterized by
a 40%-50% lower number of systolic blood pressure/BBI fluctuations (p <0.05) and a sig-
nificantly lower BRS (p < 0.05) compared to healthy subjects (n =27), which was confirmed
for the first time using the short-term (30 minutes) linear dual sequence method (DSM;
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Malberg et al. 1999, 2002). Additionally, they determined a parameter set of six indices of
HRYV, BPV, and DSM that classified 96% of DCM patients and healthy subjects correctly. In
contrast to the standard baroreflex sequence method achieving 76% accuracy in classifying
DCM patients, the DSM method achieved an improved accuracy of 84%. Bonaduce et al.
(1999) demonstrated that LF/PF and pNN50 from 24-hour HRV analysis but not indices
from the Poincaré plot had an independent and incremental prognostic value for CHF
caused by CAD (n=57) and idiopathic DCM (n =40); this seemed useful in risk stratifica-
tion of patients at high risk of cardiac death (32 patients during a 39 + 18 months follow-up;
Bonaduce et al. 1999).

Galinier et al. (2000) obtained ITHD, cardiothoracic ratio >60%, and SDNN <67 ms as
independent predictors for all-cause mortality (n =55 patients during a 22 +18 months
follow-up) ina DCM patient group (n =190, age = 61 + 12 years; Galinier et al. 2000). For pre-
diction of SCD (n = 21), IHD and from the frequency domain at daytime (10:00h—19:00 h) InLF
power <3.3 were found to be independent predictors. In the same year, Lanza et al. found
an association between LF/HF ratio <1.2 and cardiac death (p <0.03), arrhythmic events
(p<0.004), and total cardiac events (p <0.002) investigating 24-hour Holter recordings of
56 patients with idiopathic DCM (age = 49 + 16 years; Lanza et al. 2000). Using a multi-
variate Cox analysis, a LF/HF ratio <1.2 was the only independent predictor of arrhythmic
events (p < 0.02) and the most powerful predictor of total cardiac events (p < 0.009).

In 2001, Malfatto et al. first investigated the correlation between an autonomic unbalance
present in CHF and the ethology of the disease in 21 patients with ischemic heart failure
and 21 with idiopathic DCM (Malfatto et al. 2001). In patients with ischemic heart failure, a
greater sympathetic activation at rest under spontaneous breathing was found (higher LF
and LF/HF, lower HF, p < 0.05) compared to patients with idiopathic DCM.

Mahon et al. found a significantly reduced (p =0.01) short-term scaling component al
(DFA on 24-hour Holter recordings) in both DCM patients (1 =24) and in asymptomatic
relatives of DCM patients (1 =22) who have a left ventricular enlargement compared to
healthy controls (n =14) (Mahon et al. 2002). Furthermore, the time-domain index SDNN,
the HRV triangular index and the frequency-domain indices ULF and VLF were markedly
lower (p<0.05) in DCM patients than in relatives or healthy controls. Also in 2002,
Schumann et al. (2002) found a parameter set consisting of two short-term indices, LF/ TP
from linear frequency-domain and WPSUM13 from nonlinear symbolic dynamics, which
was applicable for the early detection of several heart diseases (CAD: 30 males, 4 females,
age=62+11 years; DCM: 41 males, 9 females, age=>52+10 years; and MI: 42 males,
8 females, age=58 +9 years). For classification between the different heart diseases, a
parameter set consisting of 24-hour long-term linear time-domain indices (meanNN,
SDANN) and both a short- and a long-term Shannon entropy index of the AR spectrum
were optimally suited.

In the following year, Hohenloser et al. determined only the microvolt-level T-wave alter-
nans and BRS as significant univariate predictors of ventricular tachyarrhythmic events
(p<0.035 and p <0.015, respectively) in 137 DCM patients (18 patients with ventricular
tachyarrhythmic events during the 18-month follow-up) but not HRV indices from the
time domain (meanNN and SDNN; Hohnloser et al. 2003).

In 2003, Minamihaba et al. investigated 24-hour ambulatory electrocardiography
recordings from 32 IHD patients and 29 DCM patients presenting the ability of the HRV
triangular index and SDNN to be indicators of disease severity in myocardial dysfunc-
tion, while MeanNN and LF/HF did not have such ability (Minamihaba et al. 2003). In
the same year, Grimm et al. prospectively found in 343 patients with idiopathic DCM
from the MACAS study that a reduced LVEF and a lack of beta-blocker use are important
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arrhythmia risk predictors, whereas signal-averaged ECG, BRS, HRV, and T-wave alter-
nans do not seem to be helpful for arrhythmia risk stratification (46 patients during a
52 + 21-month follow-up had sustained ventricular tachycardia, ventricular fibrillation, or
sudden death; Grimm et al. 2003, 2005).

Following this work, Carvajal et al. reported on the ability of CD analysis to discrim-
inate between 55 DCM patients (45 males, age =52+ 10 years) and 55 healthy controls
(39 males, age=>50+10 years). CD values were significantly lower (p <0.01 for lag val-
ues >5) in DCM than in controls (Carvajal et al. 2005). In contrast to healthy subjects,
in DCM patients, no differences were found between CD values during day and night.
Also in 2005, Anastasiou-Nana et al. investigated the prognostic value of iodine-123-
metaiodobenzylguanidine myocardial uptake and HRV in 52 DCM patients (age =56 12
years of age) from which 14 patients died during a 2-year follow-up (Anastasiou-Nana
et al. 2005). They found similar time- and frequency-domain variables in survivors and
nonsurvivors. A univariate Cox regression analysis indicated HF to be a predictor for sud-
den death (p =0.041) but not a predictor for all-cause mortality.

In 2006, Rashba et al. demonstrated results from the Defibrillators in Nonischemic Car-
diomyopathy Treatment Evaluation (DEFINITE; 274 participants, 200 males, age =59 +12
years) trial showing that a preserved 24-hour HRV (SDNN >113 ms) was an indicator of
an excellent prognosis in DCM patients during a 3-year follow-up (Rashba et al. 2006).
Patients with preserved HRV may not benefit from prophylactic ICD placement.

Palacios et al. (2007) were the first to evaluate the prognostic value of nonlinear auto-
nomic information flow (AIF) measures in patients with idiopathic DCM compared to
linear standard HRV measures (Palacios et al. 2007). From AIF, most of the indices were
determined to be suitable in discrimination between healthy subjects (n =12, age=42+15
years of age) and DCM patients (n =32, age =48 + 11 years of age), but from the frequency
domain only InLF was suitable. For the prognosis of DCM patients, the linear indices
SDNN, HFn, LFn, and VLF, and the nonlinear AIF index PD(dHF) reflecting the HF band
information flow could significantly discriminate 10 high-risk patients after aborted SCD
from 22 low-risk patients without SCD after a 3-year follow-up.

In 2008, Klingenheben et al. found only a blunted BRS as a predictor of arrhythmic
events (15 patients during a 22 + 17-month follow-up) in 24-hour Holter recordings of 114
DCM patients (“Frankfurt DCM database”), whereas HRV and HRT achieved no predic-
tive power for detection of arrhythmic events (Klingenheben et al. 2008).

In the following year, Valencia et al. tried to improve the risk stratification for cardiac
death (n =26) and SCD (n =12) in 194 male patients with idiopathic DCM from the MUSIC2
database (Muerte Subita en Insuficiencia Cardiac; 3-year follow-up) using an entropy rate
methodology (Valencia et al. 2009). Left atrium size enlargement, decreased linear HRV
indices SDNN, and LFn during daytime and lower entropy rates during day- and night-
time were found to be independent predictors of an increased risk of death reflecting a
lower HRV and an increase in regularity of the short-term HRV in high-risk DCM patients.
A linear combination of entropy rate and SDNN determined during the daytime resulted
in a specificity of 95% (85%) and sensitivity of 83% (81%) in discrimination between low-
risk DCM patients and high-risk DCM patients at high risk for SCD (cardiac death).

Voss et al. first applied the SPPA in 2010 to assess its prognostic value for discriminat-
ing between idiopathic DCM patients at high risk (n =14, age =51 + 15 years) and low-risk
(n=77, age =529 years) for SCD (Voss et al. 2010a). Two nonlinear column indices from
SPPA (column 5 and column 8) demonstrated its suitability for a significant discrimination
(p <0.002) between the low- and high-risk DCM patients (Figure 2.6) whereas the linear
short-term indices SD1, SD2, and SD1/SD2 from Poincaré analysis were comparable in
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FIGURE 2.6

Results of segmented Poincaré plot analysis (SPPA) of a healthy subject (top), a low risk dilated cardiomyopathy
(DCM) patient (bottom, left) and a high risk DCM patient (bottom, right); the probability of occurrence of points
calculated from columns 5 and 8 is presented for each subject on the number line (center); light gray rectangles:
probability of occurrence <5%, dark gray: probability of occurrence >5%.

both risk groups. In addition, indices from the lagged SPPA, applied by Voss et al. (2012a),
obtained significant differences between low and high-risk DCM patients (p = 0.00002; sen-
sitivity = 86%; specificity = 71%; Voss et al. 2012a). The use of multivariate statistics led
to a sensitivity of 93%, specificity of 86%, and an area under the curve of 92% discrimi-
nating low and high risk. Considering the same low- and high-risk DCM patient groups,
Voss et al. (2012b) demonstrated that BPV analysis also seems be useful for risk stratifica-
tion of sudden death in patients with idiopathic DCM (Voss et al. 2012b). They found a
significantly changed dynamics of blood pressure regulation (increased BPV) in high-risk
patients. One BPV index from the nonlinear symbolic dynamics revealed especially signif-
icant univariate differences (p < 0.001; sensitivity: 86%; specificity 78%).

In 2013, Valencia et al. applied nonlinear HRV analysis methods (conditional entropy,
refined multiscale entropy [RMSE], DFA, and linear time and frequency HRV analysis
to the beat-to-beat series), for single and multiscale complexity analysis of HRV in 212
ischemic DCM patients (MUSIC2 database; Valencia et al. 2013). Beside an increase of N'T-
proBNP, NYHA, and left atrial size and a reduced LVEF, decreased nonlinear conditional
entropy during nighttime (p < 0.05) was found in patients with a high risk for a SCD (1 =13)
or a cardiac death (1 = 30) in general compared to low-risk patients. Additionally (p <0.05),
decreased SDNN, LF/HF, and LFn during daytime, decreased short-term scaling exponent
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al from DFA during daytime, decreased nonlinear SampEn, and increased long-term scal-
ing exponent from DFA during both day- and nighttime in patients at high risk for a cardiac
death in general were reported.

In 2014, Goldberger et al. performed a meta-analysis taking into account 45 studies with
6088 patients (77% were male, age =53 +15 years, LVEF=31+11%) to estimate the per-
formance of 12 commonly reported risk stratification tests as predictors of arrhythmic
events in patients with nonischemic DCM (Goldberger et al. 2014). For meta-analysis, they
extracted raw event rates and used mixed effects methodology in combination with a trim-
and-fill method to estimate the influence of missing studies on the results. The highest odds
ratio was determined for fragmented QRS and T-wave alternans (odds ratios: 6.73 and 4.66,
95% confidence intervals: 3.85-11.76 and 2.55-8.53, respectively). HRT and BRS were not
suited for the prediction of arrhythmic outcomes. They suggested that the most probably
combinations of risk stratification tests would be required to optimize risk stratification in
nonischemic DCM. However, from HRYV, only the index SDNN was considered! Also in
2014, Pezawas et al. investigated 60 DCM patients (median age = 57 years) and 30 healthy
subjects (median age = 59 years) at multiple time points (initial assessment, assessment
after 3 years and after a median follow-up of 7 years) applying the following methods:
pharmacological BRS testing, standard time- and frequency-domain HRV analysis (SDNN,
LF, and HF), exercise microvolt T-wave alternans and signal-averaged ECG, and corrected
QT-time (Pezawas et al. 2014). Performing single time point analysis, microvolt T-wave
alternans, BRS, and SDNN at initial testing added significant information regarding car-
diac death observed in 21 patients. In the multiple time points analysis, only the microvolt
T-wave alternans revealed additional information (p <0.001) on resuscitated cardiac arrest
(n=7) or arrhythmic death (1 =10).

Valencia et al. (2015) investigated the suitability of the nonlinear symbolic dynamics
analysis of RR and QT cardiac series for the differentiation between 44 ischemic DCM
patients (26 males, age=46+17 years) and 64 healthy subjects (39 males, age=50+15
years) from the Intercity Digital ECG Alliance (IDEAL) database (Valencia et al. 2015).
From the time-domain parameters a significantly decreased SDNN and increased MeanQT
and MeanQTc during day- and nighttime and the whole 24-hour period were observed in
the DCM group compared to the healthy group (p <0.01). Both LFn and LF/HF from the
frequency domain were significantly reduced (p <0.01) in DCM patients but only during
daytime or the whole 24-hour period. From symbolic dynamics, an increased occurrence
rate of patterns without variations (0V%) and a reduced occurrence rate of patterns with
one and two variation(s) (1V% and 2V%) were especially suitable indices for the detec-
tion of DCM patients (p <0.0005, accuracy >80%). In the same year, Bas et al. investi-
gated the suitability of the phase-rectified signal averaging (PRSA) method applied on
24-hour-ECG recordings for improved risk prediction in 42 idiopathic DCM patients from
the IDEAL database (Bas et al. 2015). Acceleration and deceleration indices from the PRSA
method demonstrated the capacity to significantly discriminate (p < 0.001) healthy subjects
from DCM patients and high-risk from low-risk patients on a higher level than tradi-
tional temporal and spectral measures, reflecting more regularity of the ANS in high-
risk DCM patients. Fischer et al. (2015) could significantly separate 56 low-risk (46 males,
age =55+ 10 years) and 13 high-risk (10 males, age =54 + 11 years) DCM patients having
an increased risk of SCD with indices from BPV and QT variability but not with indices
from time- and frequency-domain HRV analysis (MeanNN, SDNN, RMSSD, LF, HE, and
LE/HF) (Fischer et al. 2015). They found that QTV analysis in a multivariate approach
has the ability for improved risk stratification in DCM patients with an increased risk of
SCD. With a parameter set consisting of one diastolic BPV index (Shannon from symbolic
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dynamics) and one QT variability index (QTVlog), a sensitivity of 92.3% and specificity
of 89.3% for discrimination between high and low risk DCM patients was achieved. With
a parameter set consisting of two indices from the ECG analysis (indices from SPPA and
QT variability), a sensitivity of 92.3% and specificity of 80.4% for risk discrimination was
obtained.

In summary, studies about HRV analysis in DCM clearly present a reduced HRV and
increased regularity in beat-to-beat time series both in DCM patients compared to healthy
subjects and in DCM high-risk patients compared to DCM low-risk patients. However, in
the literature, there exists a large discrepancy about the prognostic value of linear time-
and frequency-domain HRV indices for risk identification in DCM patients. Several stud-
ies report on decreased linear HRV indices (SDNN, SDANN, RMSSD, pNN50, LE, HE, and
LF/HF) in DCM patients with a high risk for arrhythmia events and cardiac death but other
studies disprove the suitability of linear HRV indices for risk stratification. In all likelihood,
differences in recording and analysis conditions including the length of the analyzed NN
time series, methods, patient selection (inclusion and exclusion criteria), measurement con-
ditions, follow-up duration, and study end-point definitions could be responsible for dif-
ferent results.

From nonlinear HRV analysis, especially entropy measures (entropy rate, conditional
entropy, SampEn, and AIF), SSD indices and Poincaré plot indices (from SPPA and lagged
SPPA) were found to be useful for risk stratification in DCM. Improvements in diagnosing
DCM and in risk stratification were obtained by performing multivariate analysis and com-
bining nonlinear methods in HRV analysis with analysis of further cardiovascular signals,
for instance, blood pressure.

In general, HRV analysis, particularly in the nonlinear domain, seems to be a promising
tool for risk assessment in DCM patients, and should be further investigated in large cohort
studies.

2.5.2 HRV in Women Suffering from Preeclampsia

Hypertensive disorders during pregnancy are a leading cause of preterm birth, maternal
and fetal morbidity, and mortality; 6%-8% of all pregnant women are affected (NHBPEP
2000). Among them preeclampsia (PE) is the most severe one. Fetal growth restriction and
PE together affect around 10%-15% of all pregnancies worldwide (Cottrell and Sibley 2015).
There are currently no therapies available to treat these pregnancy disorders. In addition,
PE is linked to an increased risk for cardiovascular events, death, and stroke in women later
in life. Therefore, PE is a considerable risk factor for long-term health in women (Amaral
et al. 2015).

Early identification of pregnancy-induced hypertension (PIH) could facilitate treatment
to avoid severe complications. The identification of specific ANS impairments character-
ized by changed HRV (and BPV) could help to detect at an early stage the high-risk patients
in the group of women with PE.

The National High Blood Pressure Education Program Working Group on High Blood
Pressure in Pregnancy classifies hypertension in pregnancy to one of four conditions:
(1) chronic hypertension (CH), (2) gestational or PIH, (3) CH with superimposed PE, and
(4) PE.

CH is defined as a blood pressure of more than 140/90 mmHg on two measurements
before the 20th week of gestation or persisting beyond 12 weeks after delivery. PIH
describes the development of hypertension after 20 weeks of gestation without protein-
uria whereas PE is a multisystem disorder characterized by hypertension in combination
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with proteinuria in the second half of pregnancy (Zamorski and Green 2001, NHBPEP
2000; Leeman and Fontaine 2008). Although the etiology of PE is not yet fully under-
stood, it is well established that PE is accompanied by low circulating blood volume and
an increase in peripheral vascular resistance (Roberts and Redman 1993; Borghi et al. 2011).
It is associated with disturbed placental development followed by endothelial dysfunction
and can result in severe complications for the mother such as cerebral hemorrhage, lung
edema, or liver hemorrhage and rupture. For the fetus, intrauterine growth restriction and
preterm birth are possible consequences leading to a high risk of infant mortality or mor-
bidity (VanWijk et al. 2000; NHBPEP 2000).

The first applications of HRV on fetal ECGs were found by Hon and Lee (1965) investi-
gating fetal distress alterations in BBIs before HR changed. The application of HRV analysis
in women suffering from hypertensive disorders and especially from PE started mostly in
the middle of the 1990s.

In 1994, Eneroth-Grimfors et al. computed the variability in HR, blood pressure, and
breathing movements in 12 healthy pregnant women, 13 preeclamptic women, and 10 non-
pregnant controls using an AR spectral analysis algorithm (Eneroth-Grimfors et al. 1994).
HRV was quantitated as the area under the spectral curve and a f-test was performed on
logarithmic values. Women with PE were characterized by a significantly reduced HF peak
compared to healthy pregnant (p =0.03) and nonpregnant (p =0.02) women. The present
results indicate that PE is associated with decreased vagal control of the heart.

Ekholm et al. (1997) studied noninvasive electrocardiographic signals and arterial blood
pressure from 14 women with PIH and 16 women with uncomplicated pregnancies of sim-
ilar duration while breathing (1) with normal tidal volume at a frequency of 15 breaths per
minute and (2) breathing tidal volume as deeply as possible at a frequency of six breaths
per minute (Ekholm et al. 1997). For analysis of HR and systolic BPV, the AR model of spec-
tral analysis was calculated. HR and systolic BPV were significantly increased in women
with PIH compared to normotensive pregnant women (HF component of HRV [p=0.02]
while the women were breathing with a normal tidal volume).

In the following year, Eneroth et al. evaluated HRV applying time- and frequency-
domain measures of 24-hour Holter ECG (Eneroth and Storck 1998). They investigated
three groups of patients (15 preeclamptic, 15 women hospitalized due to other complica-
tions, and 15 healthy pregnant women) in the 28th-33rd weeks of gestation. Preeclamp-
tic women had significantly longer NN intervals during the daytime compared to the
other groups. Frequency-domain measures did not differ between the groups. Interest-
ingly, the power of the maternal HR spectrum was clearly depressed, which affects the
results. Nearly at the same time, Greenwood et al. performed standard microneurography
to quantify single impulses of action potentials, together with processed multiunit bursts
from fibers innervating the leg muscles, investigating vascular vasoconstrictive properties,
HR, and finger arterial blood pressure at rest and their responses to standard isometric
hand-grip exercise and cold pressor tests (Greenwood et al. 1998). Therefore, 13 patients
with PIH and 11 healthy pregnant women were analyzed; PIH had higher levels of finger
arterial blood pressure, more than 3 times the amount of single impulses of action poten-
tials (per min and per 100 cardiac beats) and twofold the amount of multi-unit bursts. In
the same year, Lewinsky et al. recorded 512 consecutive BBI maternal ECGs of 11 nonpreg-
nant, 25 healthy pregnant, and 15 preeclamptic women in the rest left-lateral and supine
positions and applied power spectral analysis to determine the relationship of sympathetic
and parasympathetic tone as well as RSA to HRV (Lewinsky and Riskin-Mashiah 1998).
As one result, healthy and preeclamptic women showed a significant decrease in RSA and
an increase in sympathetic tone compared with nonpregnant women. Furthermore, only
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preeclamptic women shifting from the left lateral to the supine position demonstrated
a marked increase in power within the VLF (0.04-0.15 Hz) range. In conclusion, PE is
characterized by sympathetic overactivity and mediated by an increase in sympathetic
nervous tone.

In 1999, Eneroth et al. analyzed the maternal power spectrum with an AR algorithm
(LF peak—attributed to sympathetic tone, HF peak power (0.15-0.40 Hz)—reflecting vagal
tone) of 24-hour Holter ECGs investigating 15 nonpregnant and preeclamptic women
in the 32nd-36th weeks of gestation and 3-6 months postpartum, respectively (Eneroth
et al. 1999). The power spectrum of maternal HRV did not differ between preeclamptic
and nonpregnant women. However, the amplitude of all components became significantly
higher after delivery compared to those during pregnancy except for the HF component in
preeclamptic women, but the HF component was significantly lower in preeclamptic than
in nonpregnant women (p=0.03). In conclusion, Eneroth et al. indicated impaired vagal
modulation even in the nonpregnant women, unlike those who had a normotensive preg-
nancy. In the same year, Ursem et al. applied 12 seconds of Doppler flow velocity waveform
recordings from the umbilical artery at 10-20 weeks of gestation in 12 nulliparous women
who subsequently developed PIH and gestational age-matched healthy nulliparous preg-
nant women, determining absolute values and beat-to-beat variability in fetal HR, peak
systolic velocity, and time-averaged velocity (Ursem et al. 1999). In the results only vari-
ability in peak systolic velocity and time-averaged velocity were decreased in women who
subsequently developed PIH. Therefore, the authors propose that the variability of the
umbilical artery flow velocity is associated with the mechanical changes in the vascular
bed of women who later develop PIH.

Yang et al. (2000) evaluated the changes of HRV in 17 nonpregnant, 17 healthy pregnant,
and 11 preeclamptic women applying frequency-domain analysis of short-term from sta-
tionary BBI measuring to evaluate the total variance, LF, HF, ratio of LF to HF (LF/HF),
and LF in normalized units (LF%; Yang et al. 2000). After that, the natural logarithm trans-
formation was applied to variance, LF, HF, and LF/HF for the adjustment of the skew-
ness of distribution. They found higher LF/HF and LF%, but lower RR value and HF in
the healthy pregnant group compared to the nonpregnant group as well as lower HF, but
higher LF/HF in the preeclamptic compared to all other groups. In conclusion, it was sug-
gested that a healthy pregnancy is associated with a facilitation of sympathetic regulation
and an attenuation of parasympathetic influence of HR, enhanced in preeclamptic preg-
nancy.

One year later, Greenwood et al. compared peripheral sympathetic discharge, its vaso-
constrictor effect, and its baroreceptor control during pregnancy and postpartum in
21 healthy pregnant, 21 nonpregnant women, and 18 women suffering from PIH by
muscle sympathetic nerve activity (MSNA) assessed from multiunit discharges and from
single units with defined vasoconstrictor properties (s-MSNA; Greenwood et al. 2001).
The s-MSNA in healthy pregnancies (38+/—6.6 impulses/100 beats) was greater (p < 0.05)
than in nonpregnant women (19+/—1.8 impulses /100 beats) despite similar age and body
weight, but less than in PIH women (p < 0.001) (146+/—-23.5 impulses /100 beats), whereby
MSNA followed a similar trend. Cardiac baroreceptor reflex sensitivity (BRS) was impaired
in healthy pregnant and PIH women relative to nonpregnant women. After delivery, sym-
pathetic activity decreased to values similar to those obtained in nonpregnant women
with an increase in BRS. Furthermore, sympathetic output decreased in healthy pregnant
women despite an insignificant change in blood pressure.

In 2004, Faber et al. also recorded continuous HR and blood pressure in 80 healthy preg-
nant women, 19 women with CH, 18 with PIH, and 44 with PE assessed by time- and
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frequency-domain analysis, NLD, and BRS (Faber et al. 2004). One result of their study
was the markedly altered BPV in all three hypertensive groups compared to healthy preg-
nancies, especially in PE patients. Although the increase in PE patients did not lead to
elevated spontaneous baroreflex events, BPV changed in CH and PIH paralleled by alter-
ations in baroreflex parameters. The HRV is unaltered in CH and PE, but significantly
impaired in PIH. Faber et al. concluded that the parameters of the HRV, BPV, and BRS differ
between various hypertensive pregnancy disorders. Thus, distinct clinical manifestations
of hypertension in pregnancy have different pathophysiological, regulatory, and compen-
satory mechanisms. In the same year, Rang et al. recorded the continuous HR and blood
pressure by Portapres (TNO, Amsterdam, The Netherlands) during orthostatic stress, dur-
ing rest in a supine and sitting position, and during paced breathing for periods of 1 minute
at breathing frequencies of 6, 10, and 15 breaths/min (Rang et al. 2004). They applied HRV
analysis for 21 pregnant woman with (multigravid) and without (primigravid) a history of
PE, before pregnancy and at 6, 8, 12, 16, 20, and 32 weeks of gestation as well as 15 weeks
after delivery with a classification after delivery as healthy pregnancy or PE (eight women).
In this study, the spectral analysis was applied by analyzing baroreflex gain HRV and BPV
as well as the phase angle between both the signals at LF (approximately 0.1 Hz) and HF
(respiratory rate). Summarizing, women suffering from PE showed a significantly higher
mean arterial pressure before and during pregnancy (p=0.001), a significantly larger ini-
tial blood pressure drop to orthostatic stress before and in the first half of pregnancy
(p=0.002), and a significantly larger negative phase difference during supine rest at LF
from 8 weeks onward (p =0.003). These findings are compatible with increased resting
sympathetic activity and decreased circulating volume, already present before and early in
pregnancy.

The difference of instability and frequency-domain variability in HRs among healthy
fetuses, preeclamptic fetuses, and fetuses affected by PE and growth restriction was inves-
tigated through of the antepartum fetal HRs by Yum et al. (2004). Very short-term inter-
mittency (Clalpha) and the spectral powers were calculated to evaluate the instability and
frequency-domain variability, respectively. The preeclamptic fetuses showed abnormally
high Clalpha and LF as well as HF. The fetuses affected by PE and growth restriction
showed even higher Clalpha and abnormally reduced LF than that of the preeclamptic
fetuses. Conclusively, preeclamptic fetuses and fetuses affected by severe PE and growth
restriction showed a greater abnormal instability and an abnormally reduced variability at
LF range when compared to the HRs.

In 2005, Walther et al. recorded 30 minutes continuous blood pressure (Portapres sig-
nals, 200 Hz) under resting conditions from 16 pregnant women with CH (mean age:
30 years; range: 25-33 years) and 35 healthy pregnant women (mean age: 28 years; range:
24-30 years) starting at the 20th week of pregnancy every 4th week until delivery (Walther
etal. 2005). As oneresult, the CH group had significantly increased blood pressure compared
to healthy pregnant women (140 mmHg [132]-[148] vs. 111 mmHg [105]-[132]; p < 0.001)
and an increased HR was found in both groups during the second half of pregnancy. Conse-
quently, decreased HRV was distinctively presented in the CON group. Furthermore, both
groups indicated increasing LF/HF related to a decrease in HF and a significant increase in
LFn (LF power in normalized units), but no significant difference in HRV. In the contrast,
VLF increased exclusively in woman suffering from CON.

Baier et al. (2006) applied discrete hidden Markov models (HMMs) to classify preg-
nancy disorders by recording RR and systolic blood pressure time series from 15 women
with PIH, 34 with PE, and 41 healthy pregnant women beyond the 30th gestational
week (Baier et al. 2006). The observation sequence was analyzed by symbolic dynamics.
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HMMs were found to be sufficient to characterize different BPV with five to ten hidden
states and HRV using 15 hidden states. PE and PIH revealed different pathophysiologi-
cal autonomous regulation. In the same year, Voss et al. recorded high-resolution ECGs
and noninvasive continuous blood pressure signals simultaneously for 30 minutes to ana-
lyze HRV, BPV, and BRS (Voss et al. 2006). Thirty-two healthy pregnant women (age 28
years, range 24-31 years), 16 women with abnormal uterine perfusion and normal out-
come (AP-NO, age 29 years, range 28-33 years), and 19 women with abnormal uterine
perfusion and pathologic (e.g., PIH or PE) outcome (AP-PO, age 26 years, range 25-30
years) were monitored every fourth week from the 20th week of pregnancy until delivery.
The healthy pregnant women presented pregnancy-induced adaptation of cardiovascu-
lar control; in the course of gestation, BPV was increased while parameters of HRV and
BRS were reduced. However, no changes during the second half of pregnancy could be
observed in pregnancies with abnormal perfusion. Additionally, variability parameters
were significantly altered in women with abnormal perfusion compared with healthy preg-
nant women, more pronounced in AP-PO compared with AP-NO. Abnormal uterine per-
fusion, independently of the pregnancy outcome, had a significant impact on maternal
cardiovascular control. In the same year, Walther et al. recorded 30 minutes of noninva-
sive continuous blood pressure recordings to extract time series of systolic blood pressure
(SBP) as well as diastolic blood pressure (DBP) values for the further analysis of HRV, BPV,
and BRS (Walther et al. 2005). The data from 102 pregnancies with different uterine perfu-
sions (pulsatility index >1.45: n=17; bilateral notch: n =11; pulsatility index and bilateral
notch: n =30; normal uterine Doppler: n = 44) were investigated to predict the PE (1 =16).
The authors identified a combination of two variability indices (HF of DBP, VLE/TP of
HRYV) and one index from extend baroreflex sensitivity analysis, the number of tachycardic
baroreflex events (Malberg et al. 2007), to predict PE several weeks before clinical manifes-
tation with a sensitivity of 87.5%, a specificity of 83.7%, and a positive predictive accuracy
(PPA) of 50.0%. While combining these results with Doppler investigations of uterine arter-
ies, PPA increased to 71.4% (with a sensitivity of 93.7% and a specificity of 85.7%).
Baumert et al. investigated the monthly recorded ECGs from 32 healthy pregnant women
with normal outcome, 32 pregnant women with abnormal perfusion (15 women with
normal outcome and 17 women with developed PE or PIH), and 10 healthy nonpreg-
nant women as controls (CON), starting from the 20th week of gestation until 3 days
postpartum (Baumert et al. 2010). The objective of this study was to quantify longitudi-
nal changes in ventricular repolarization during pregnancy. The QT(c) interval was unal-
tered in healthy pregnant women compared to CON, but the QT interval-HR hystere-
sis lag was shorter and the QT interval-HR regression residual was higher. Significantly
smaller QT interval-HR regression residuals and a trend toward shorter QT(c) intervals
could be found in pregnancies with abnormal uterine perfusion compared with healthy
pregnant women. In conclusion, pregnancy has a significant effect on ventricular repo-
larization, whereby pregnancies with abnormal uterine perfusion and subsequent patho-
logical outcomes have equal ventricular repolarization that precedes clinical symptoms.
In the same year, Riedl et al. investigated the couplings between respiration, SBP and
DBP, and HR from the data of 13 healthy pregnant women and 10 women suffering
from PE applying nonlinear additive AR models with external input for a model-based
coupling analysis following the idea of GC (Riedl et al. 2010). As the main result, they
found that the coupling structure among HR, SBP, DBP, and respiration for healthy and
preeclamptic women is the same and reliable. However, a significant increased respira-
tory influence on DBP could be found for preeclamptic women (p =0.003) and the non-
linear respiratory influence on the HR is significantly different between the two groups
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(p=0.002). Interestingly, the influence of SBP on HR is not selected, which indicates that
the BRS estimation strongly demands the consideration of causal relationships between
HR, blood pressure, and respiration. Finally, their results point to a potential role of respi-
ration for understanding the pathogenesis of PE. Stutzman et al. (2010) studied the effects
of an exercise program in normal weight and overweight/obese pregnant women on blood
pressure and cardiac autonomic function determined by HRV and BRS (Stutzman et al.
2010). Twenty-two healthy pregnant women were recruited at 20 w GA (normal weight,
n=10; overweight/obese, n=12) and assigned to either an exercise (walking) group or
control (nonwalking) group, randomly. Women in the walking groups participated in a
16-week, low-intensity walking program and blood pressure, HRV and BRS were measured
at rest and during exercise at the beginning (20 w GA) and end (36 w GA) of the walking
program. One result indicated that women in the control groups (especially overweight
women) showed changes in blood pressure, HRV, and BRS compared to the nonwalking
group. Overweight women in the control group revealed an increased resting SBP of 10
mmHg and DBP of 7 mmHg. In addition, the authors found a declined HRV in the control
group, but not in the walking group and a reduction in BRS and NN interval at rest in all
groups except the walking normal weight group.

In the same year, Voss et al. (2010c) investigated alterations in cardiovascular regula-
tions, applying the JDS method and revealing nonlinear interactions/couplings between
two time series. Therefore, they investigated continuous, noninvasive 30-minute blood
pressure and ECG from 20 healthy pregnant women before and after the 25th week of
gestation as well as nine women with CH, nine with PIH, and 17 suffering from PE. It
was shown that couplings in the cardiovascular regulation system were changed consid-
erably between the first and the second part of gestation in healthy pregnancy. Further on,
significant changes of these couplings led to a significant differentiation between healthy
pregnancy and PE and between the CH or PIH and PE.

Seeck et al. investigated the differences in women suffering from PE with various other
hypertensive pregnancy disorders (mean age 28.2 years, range 19-38 years, standard devi-
ation 5.2 years) by applying the SPPA for the first time (Seeck et al. 2011). Continuous blood
pressure was recorded for 30 minutes from 69 pregnant women with hypertensive disor-
ders (29 with PE, 18 with CH, and 22 with PIH). The SPPA method as well as the traditional
PPA method found highly significant differences (p <0.001) between PE and other hyper-
tensive disorders analyzing the DBP, but only the SPPA method revealed highly significant
differences regarding the SBP. With SPPA they could increase the power of discrimina-
tion between chronic and gestational hypertension and PE to an area under the receiver
operating characteristic (ROC) curve of 0.85 (versus 0.69 without using SPPA). In the same
year, Tejera et al. applied an artificial neural network for the classification of women with
healthy, hypertensive, and preeclamptic pregnancies in different gestational ages using
maternal HRV indices composed by time intervals between consecutive NN heartbeats
(Tejera et al. 2011). Considering also maternal history and blood pressure they obtained for
PE a discrimination sensitivity of about 80% and a specificity of 85%-90%. Later on, they
performed a comparative analysis of BPV and HRV complexity during pregnancy, apply-
ing a mixed unbalanced model for longitudinal statistical analysis as well as conventional
spectral analysis, Lempel-Ziv complexity (see compression entropy), SampEn, approxi-
mated entropy, and DFA (Tejera et al. 2012a). In this study, they recorded 563 short (10
minute) ECGs from 217 pregnant women (135 healthy, 55 hypertensive, and 27 preeclamp-
tic women) in several gestational ages in the sitting position. They reported significant
differences between the hypertensive and healthy pregnant women with important con-
siderations related to pregnancy adaptability and progression as well as the relationship
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of complexity and blood pressure with factors such as maternal age, familial history of
diabetes, or hypertension. In a further study, they explored the correlations between HRV
indices (complexity and spectral variables, calculated from short-term EGCs) and biochem-
ical markers during the third trimester of the same healthy, hypertensive, and preeclamptic
pregnancies (Tejera et al. 2012b). They found positive relations of complexity indices with
hemoglobin concentration in the pathologic group and uric acid blood levels. The LF was
negatively correlated with uric acid and creatinine concentration but positively correlated
with platelet levels.

In 2013, Ramirez Avila et al. applied recurrence-based methods (RQA and the novel
epsilon-recurrence networks) to distinguish pregnancies that develop life-threatening PE
prior to the manifestation of the disease in the second trimester (Ramirez Avila et al. 2013).
Therefore, they investigated HRV and systolic and diastolic BPV. They examined the cou-
pling structures in the phase space, considering certain indices, for example, recurrence
rate, determinism, laminarity, trapping time, and longest diagonal and vertical lines. The
result of a quadratic discriminant analysis classified healthy pregnancies and upcoming
preeclamptic patients with a sensitivity of 91.7% and a specificity of 45.8% in the case of
RQA and 91.7% and 68% when using epsilon-recurrence networks, respectively.

In 2014, Voss et al. applied the bivariate segmented Poincaré plot analysis (BSPPA) to
data of 35 pregnant women suffering from CH, PIH, and PE, investigating 30 minutes of
noninvasive SBP and BBIs to quantify their couplings. They revealed significant differ-
ent couplings between CH, PIH, and PE indicating that cardiovascular regulation can be
considerably altered depending on the type of hypertensive disorder. An optimal mul-
tivariate set to distinguish best between CH and PE was estimated (sensitivity of 100%,
specificity of 77.8%, and AUC of 90.8%) consisting of two BSPPA indices. In the same year,
Fischer and Voss introduced the new 3DSPPAs, investigating 30 minutes of BBISs, respi-
ration phase (RESP), noninvasive SBP, and DBP from 10 healthy nonpregnant women, 66
healthy pregnant women, and 56 hypertensive pregnant women (CH, PIH, and PE; Fis-
cher and Voss 2014). SPPA3 discriminated the best between PIH and PE concerning cou-
pling analysis of two or three different systems (BBI, DBP, RESP and BBI, SBP, DBP) reach-
ing an accuracy of up to 82.9% (Figure 2.7). This could be increased to an accuracy of up
to 91.2% by applying multivariate analysis differentiating between all pregnant women
and PE.

Walther et al. (2014) recorded high-resolution ECG and noninvasive continuous blood
pressure monitoring from 14 healthy pregnant women and 13 women with PE within
4 days before and 4 days after delivery and compared this to the values of 14 nonpreg-
nant women. Blood pressure remained elevated 4 days postpartum, but markers for arte-
rial stiffness normalized in women suffering from PE. However, none of the HRV and BRS
parameters, altered due to either pregnancy or disease, returned back to normal levels 96
hours after the delivery, suggesting that 4 days after the delivery, the maternal cardiovas-
cular system is still strongly affected by pregnancy independent of the health status.

The recently introduced new laboratory test, Elecsys (Roche, Penzberg, Germany), ana-
lyzes the angiogenic and antiangiogenic factors soluble fms-like tyrosine kinase (sFlt-1) and
placental growth factor (PIGF) and their ratio (sFlt-1)/PIGF to assess PE (Verlohren et al.
2010). Maternal serum concentrations of sFlt-1 and PIGF significantly separated healthy
women and women with PE. The best performance was obtained in the identification of
early-onset PE (area under the ROC of 0.97).

Pregnant women with suspected PE require intensive monitoring or hospitalization.
The prediction of PE using Elecsys is successful starting from a gestational age of greater
than 20 weeks. A combination of this test together with HRV and/or BPV analysis could
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Nonpregnant woman Healthy pregnant woman Preeclampsia

FIGURE 2.7

Three-dimensional segmented Poincaré plot analysis (SPPA3) shows the coupling between the three signals BBI,
SBP, and RESP from a healthy nonpregnant woman (left), healthy pregnant woman (middle), and a woman suf-
fering from preeclampsia (right). BBI, beat-to-beat intervals; RESP, respiratory rate; SBP, systolic blood pressure.

probably lead to an earlier prediction. Further on, HRV is known to be a risk stratifier in
various heart diseases. Therefore, HRV and BPV analyses could be applied to determine
the individual risk for the future development of cardiovascular diseases in PE women.

2.6 Outlook

The neuronal control of breathing and HR are closely linked, functionally as well as
anatomically. CRC is strongly related to the occurrence of RSA. RSA is characterized by
an HR increase during inspiration and a decrease during expiration and is dependent on
both the frequency and the depth of respiration. Respiratory-mediated HRV is the most
widely used index of cardiac parasympathetic function. The beat-to-beat variability of HR
is predominantly mediated by the vagus nerve. The amplitude of the beat-to-beat varia-
tion with respiration is the most commonly used measure (Freeman 2006). Many disease
states are present with cardiorespiratory instabilities and dysautonomia. Such cardiorespi-
ratory dysautonomias include apnea of prematurity, sudden infant death syndrome (SIDS),
obstructive sleep apnea, familial dysautonomia, and Rett syndrome (Garcia et al. 2013).
Cardiovascular homeostasis is maintained by input from baroreceptors in the carotid
sinus and aortic arch (the “high pressure baroreceptors”) and cardiopulmonary volume
receptors in the atria, great veins, and ventricles (the “low pressure baroreceptors”). An
increase in blood pressure inhibits efferent sympathetic outflow to the heart and peripheral
vasculature and promotes efferent parasympathetic activity to the heart. This leads to a
decrease in HR, systemic vascular resistance, and blood pressure. In contrast, a fall in blood
pressure leads to an increase in HR and blood pressure (Fritsch et al. 1986; Andresen 1984).
The most specific classification domains of variability such as the time domain, the fre-
quency domain, and the generalized nonlinear domain are still valid since the introduc-
tion of the task force. The task force itself was originally created to provide guidelines.
With the help of these guidelines, medical science made considerable progress in discov-
ery of physiological interrelations of autonomic regulation and its impairment. However,
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nowadays, these guidelines are (at least partly) out of date (Bravi et al. 2011). For instance,
they recommended that equipment designed to analyze the HRV include the three spe-
cific statistical measures, plus one specific geometrical measure (Bravi et al. 2011). Several
suggested methods (e.g., the power law approach) could not be proven to contribute to
medical-oriented HRV analyses. The HF band, for instance, is limited to 0.4 Hz, leading in
cases of elevated breathing rates (e.g., in patients with DCM or in schizophrenic patients) to
miscalculations. Most of the positive validated methods from NLD were developed during
the last 15-20 years and, therefore, are not included in the task force. Even though recently
an updated paper was published (Sassi et al. 2015) several of these restrictions remained.

A new classification system is therefore needed to create new guidelines, one that is capa-
ble of giving a place to the increased number of techniques that currently are not classified
but have been proved in representative studies to be effective in disease identification and
assessment of health risk.

Although various studies have reported on the clinical and prognostic value of HRV
analysis in the assessment of patients with different diseases, in most cases, this technique
has not been fully established in medical practice. The reasons for this are manifold, lead-
ing to different or partly opposite results of HRV analyses for specific disease processes.
Among the most important ones are as follows:

¢ Specific differences in the patient groups (inclusion and exclusion criteria, medica-
tion, comorbidities, risk factors, reference groups, etc.)

¢ Different length of the investigated time intervals
¢ Poor signal quality (increases the error in the precision of QRS complex detection)

¢ Dependency on signal preprocessing techniques (sampling frequency, applied filter
technique, etc.)

® Recording conditions, as daytime (dependency on circadian rhythm), same/
changing investigators (subjective influences), activity (lying in bed, ambulant, exer-
cise), position (sitting, laying), and so on

* Same indices calculated with different methods (e.g., spectral indices as LFn, HFn
from Fourier transform or from AR methods)

e Too low number of enrolled patients
¢ Univariate versus multivariate analyses

* Mostly retrospective studies, missing prospective and randomized studies

The analysis of causal and noncausal relationships within and between dynamic sys-
tems has become more and more a topic of great interest in different fields of science, for
example, economics, physics, and life sciences. Especially in the medical field, the under-
standing of driver-response relationships between the regulatory systems and within sub-
systems is of growing interest. In particular, the focus has recently moved toward the
assessment of the strength of the relations and the directionality of couplings as two major
aspects of investigations for a more detailed understanding of physiological regulatory
mechanisms and physiological networks (Schulz et al. 2013; Schulz and Voss 2014; Bashan
et al. 2012).

The cardiovascular and cardiorespiratory systems are characterized by a complex inter-
play of several linear and nonlinear subsystems. For the analyses of the cardiovascular
(Fischer and Voss 2014) and cardiorespiratory regulatory systems (Garcia et al. 2013) as well
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as the quantification of their interactions, a variety of linear as well as nonlinear uni-, bi-,
and multivariate approaches have been proposed. However, linear approaches are insuf-
ficient to quantify nonlinear structures and the complexity of physiological (sub)systems’
interplay suggests that nonlinear time series analysis may be often more suited to cap-
ture complex interactions between different time series (Schulz et al. 2013; Schulz and Voss
2014).

For the investigation of these systems, bivariate approaches are commonly applied.
However, it can be assumed that the application of multivariate approaches (e.g., 3DSP-
PAs (Fischer and Voss 2014), partial transfer entropy (pTE; Vakorin et al. 2009), nonuni-
form multivariate embedding (Faes et al. 2012), and PDC (Baccala and Sameshima 2001)
will be increasingly used instead of bivariate ones since they improve the characterization
of causal or noncausal interrelationships. Thereby, the assessment of these couplings and
their causality can be performed by applying either linear or nonlinear time series analysis
approaches. While nonlinear methods study complex signal interactions, linear methods
favor the frequency-domain representation of biological signals (characterization of con-
nectivity between specific oscillatory components). The application of linear and nonlinear
approaches used to quantify direct or indirect as well as causal or noncausal relationships
might provide new insights into alterations of the cardiovascular and cardiorespiratory
system and possibly will lead to improved knowledge of the interacting regulatory mech-
anisms under different physiological and pathophysiological conditions. These approaches
represent promising tools for detecting information flows in a multivariate sense. They also
might be able to provide additional prognostic information in the medical field and might
overcome or at least complement other traditional univariate analysis techniques (Schulz
et al. 2013).

While HRYV is a very simple and noninvasive method for recording data, the data itself,
and its meaning, remain at least partly difficult to interpret. More research is needed to clar-
ify further the interpretation of HRV; such research is promising in terms of better under-
standing both diseases and also their treatments.
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3.1 Introduction

Digital signal processing is a tool that is used not only in classic engineering but also in
a range of multidisciplinary applications. To understand the benefits that a particular sig-
nal processing method offers, the researchers must be aware of the theory underlying the
method, as well as the limitations thereof.

At first glance, there is a wide range of excellent introductory books, primers, and tutori-
als on signal processing. Unfortunately, many such texts assume that the reader is familiar
with mathematics and stochastic processes theory at university level and sometimes with
fundaments of communications theory. The reader should be fluent in mathematical terms,
theorems, and lemmas in order to benefit from such material. On the one hand, signal pro-
cessing penetrates all aspects of contemporary life, but on the other, a would-be consumer
of the benefits that signal processing offers may find this material challenging.

The aim of this chapter is to describe the introductory topics of signal processing using no
mathematical terms and no mathematical expression. Another important issue is to show
that signal processing is not a magic wand that gives a solution at a single sweep. Signal
processing has its limitations and wielding the powerful tools it offers requires carefulness
and understanding. A correct approach is based on interdisciplinary teamwork.

This chapter is not intended for signal processing experts, who might find the descriptive
approach without the mathematical strictness too simplified. It is intended for the absolute
beginners who do not wish to study mathematics in order to understand, for example,
what power spectrum density estimation really means.
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3.2 From Analog to Digital: A Necessary Prerequisite for Signal Processing

A classical electrocardiograph (ECG) is an analog signal. It is continuous in time, mean-
ing that it is defined at any instant in time. It is also continuous in space, meaning that
its amplitude can assume any possible value. The resolution of analog signals is infinitesi-
mally small and such signals appear in a continuous manner, just like the sinusoidal signal
presented in Figure 3.1a.

On the other hand, most computers are digital machines that do not have an infinitesi-
mally small resolution. Digital computers are fundamentally based on discrete or discon-
tinuous numbers and cannot process a signal that is continuous in time or continuous in
amplitude. An analog signal needs to be converted into digital form to become fit for com-
puter input and for subsequent processing. For this reason, almost every research paper on
cardiovascular signal analysis contains a statement similar to the following: “The arterial
blood pressure signal was digitized at 1000 Hz and transmitted to the computer equipped
with the corresponding receiver.” This statement describes the process of conversion from
a continuous analog biomedical signal into a digital representation of that signal. This pro-
cess is achieved by an analog-to-digital (A /D) conversion performed in the electronic cir-
cuits of the computer or in some attached electronic device, in order to provide a sequence
of numbers that is readable and treatable by the computer.

The A/D conversion consists of two processes:

* Sampling (to make a signal discrete in time)
* Quantization (to make a signal discrete in space)

The final output of an A/D convertor is a stream of numbers expressed as binary digits
(bits), which only consist of two symbols—zero and one. For example, the number “35”
could be represented as “00100011,” although there are several alternate representations.

3.2.1 The Sampling Theorem

While analog signals are appropriate for ECG signals written on millimeter paper, digi-
talization offers many possibilities to all aspects of medical data analysis, from electronic
wristbands that record sleep patterns to the most sophisticated diagnostic devices.
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FIGURE 3.1

(a) Analog sinusoidal signal. (b) Discrete signal samples (light gray dots) and the signal reconstructed from the
samples (gray line, the same as the original signal).
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The concept of digital medical data relies upon findings published in a historic paper by
Claude Shannon, an American mathematician and cryptographer, in 1949: “Communica-
tion in the presence of noise” (Shannon 1949). Shannon proved that a signal, under some
constraints, can be represented by a series of its discrete samples. So the sinusoidal sig-
nal from Figure 3.1a can be represented by a series of its amplitudes (samples) shown in
Figure 3.1b. From these samples, a likeness of the original signal can be reconstructed. The
fidelity of that reconstruction depends upon the quality of the digitization process. In the
example above, the “blood pressure signal was digitized at 1000 Hz.” This rate of 1000 Hz
indicates that the signal was sampled 1000 times per second, which is appropriate for the
blood pressure signal and would enable the original signal to be constructed with no loss
of information. Shannon’s theory is able to predict the sampling rate necessary to allow the
signal to be perfectly reconstructed.

Before Shannon’s work, there existed some abstract mathematical elaborations, as well as
heuristic engineering trials, but without a clear application possibility. The only compara-
ble achievement on sampling was “On the transmission capacity of the ‘ether” and of cables
in electrical communications” (Kotelnikov 1933). The paper was written and presented in
Russian and its importance was recognized immediately. But, according to Lukatela (1979,
1982), the Soviet authorities locked the paper in, thus successfully removing it from the
eyes of outer world. In spite of this obstacle, Kotelnikov’s contribution was (much later)
acknowledged and praised worldwide. In the year 2000, at age 92, Vladimir Aleksandovich
Kotelnikov received the US IEEE Alexander Graham Bell Medal.

3.2.2 Quantization

The previous section treated sampling in time, but it is also necessary to perform quantiza-
tion, since an analog signal can take any possible amplitude value, so it is still continuous
in space and far from the required stream of zeros and ones.

This procedure—quantization—is illustrated in Figure 3.2. The upper panel (a) shows
a continuous signal. Its time samples (dark gray dots) lie within the regions called

110 111 101 100 110 101 110 111 110 101
(b)

FIGURE 3.2
(a) Original signal and its samples (light gray dots). (b) Discrete amplitude values of the signal samples (red dots);
discrete samples can get one out of four possible values, coded as 100, 101, 110, or 111.
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quantization levels, bounded by light gray dashed borders. To each signal sample placed
within the same quantization region, the same value is associated. It is shown by light gray
dots in panel (b). Since there are four pairs of light gray dashed borders (four quantization
levels), the light gray dots—that is, quantized samples—can assume only one out of four
different values. The signal becomes double discrete: after the sampling made it discrete in
time, the quantization made it discrete in space.

The A/D conversion is complete when the doubly discrete signal is coded, and there are
many ways of doing this, which depend on the equipment being used. The four discrete
amplitude levels shown in Figure 3.3 could be coded using the numbers +1, +2, +3, and
+4. But it is more convenient to present them as binary numbers. In this example, the four
amplitude levels are finally coded using three bits per sample and denoted 1 00, 1 01, 1 10,
and 1 11 (the first “1” is the sign “+”). The original signal and its final form—a stream of
binary digits (bits)—are presented in Figure 3.3, where black rectangles correspond to the
ones and zeros.

Unfortunately, as Figure 3.2b shows, the dark gray dots (original samples) and light gray
dots (quantized samples) do not overlap; the quantization procedure has induced errors, in
the form of quantization noise. These errors are irreversible; they remain within the signal
reconstructed from the quantized samples. The amount of error introduced depends on the
number of quantization levels in the quantization process. The quantization levels define
an important parameter—a resolution of the signal.

Intuitively, if the number of quantization levels increase, the region borders would be
closer together, so the difference between the original signal sample and its quantized
counterpart (the error) would be smaller and the signal resolution would increase. This is
illustrated in Figure 3.4. The upper panel (a) presents the original signal quantized in two
ways: with eight levels and with 64 levels. Both quantized signals are a staircase-shaped
approximation of the original one, but the 64-level approximation looks much better. The
“much better” appearance is justified in the lower panel that shows the quantization error,
which is much lower for the 64-level case.

The theoretical measure that describes the relationship between the signal and the cor-
responding error induced by quantization is called signal-to-(quantization) noise ratio. If
this ratio is large, then the signal is much stronger than the noise and the noise can be
neglected. Biomedical signal acquisition systems are as a rule designed to keep the signal
resolution sufficiently high, keeping the quantization error unnoticeable.

LT LT T

The original signal (gray line) and its digital counterpart—a binary stream of “ones” and “zeros.”
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FIGURE 3.4
(a) A sinusoidal signal quantized using eight levels and 64 levels. (b) Error induced by quantization: error
decreases and signal resolution increases if the number of levels increases.
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FIGURE 3.5
An outcome of the inadequate sampling frequency: the reconstructed signal differs from the original signal

3.2.3 Limits of Digitalization

To recap, A/D conversion consists of sampling and quantization. The latter procedure
induces negligible errors, while the first one allows for perfect signal reconstruction if some
constraints are satisfied. These constraints are an important issue. To illustrate the problem,
consider an example presented in Figure 3.5. It presents the same sinusoidal signal as in
Figure 3.1a, but with samples taken at wider intervals apart. The signal reconstructed from
these samples is obviously wrong, but it does not mean that the sampling theorem does not
work. It only means that it is not applied correctly. The sampling theorem acknowledges
that any signal is made up of a range of frequencies, but can be completely determined by
sampling at twice the rate of the highest frequency. Figure 3.1b illustrates this principle, as
the sampling intervals, shown by the gray dots, occur at twice the frequency of the signal.

An example that illustrates the difference between signals with “quick” and “slow”
changes is shown in Figure 3.6. It presents the heart rate recorded from two different
species—from a healthy human in lying position and from a freely moving rat. The points
in time when the samples are taken are marked with dashed lines. The sampling rate that
is sufficient for a human signal fails to capture most of the changes in the faster signal
recorded from a small animal. So, for small animals, the sampling instants should be more
frequent.
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FIGURE 3.6
Signal with “quick” changes (black line) and “slow” changes (gray line); sampling epochs (vertical dashed lines)
are not “dense” enough so most of the quick changes in the black signal are “missed.”

Relying on the observations of “quick” and “slow” is not a precise method for assess-
ment of the maximum frequency component of the signal, and therefore, to calculate the
sampling rate required. A useful approach to achieve this is to describe the signal in the
frequency domain.

3.3 Frequency Domain and Power Density Spectrum

While it is quite simple to observe the signal as it is recorded in time, as health care profes-
sionals have done since the first commercial ECG equipment appeared—a presentation of
a signal in the frequency domain might appear quite abstract. One of the most well-known
methods to achieve this is the Fourier transform. This is based on the theory that a signal
can be represented as a sum of sine and cosine signals. A sine signal periodically repeats
itself along the time axis, like the one shown in Figure 3.1a. It has the properties of ampli-
tude, which refers to the vertical range of the signal, and frequency, which is the number
of repetitions that occur during one second. If a period of a sine is equal to 0.1 seconds,
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than the sine repeats 10 times during a second and its frequency is 10 cycles per second or
10 Hz (Hertz). A cosine is the same as a sine, except that it is shifted in time. These sine and
cosine components are known collectively as the spectrum of the signal.

A simple example is a decomposition of a rectangular signal. A perfect decomposition
would have an infinite number of frequency components but only the first four are pre-
sented in Figure 3.7, upper panel. The first component has the largest amplitude and the
lowest frequency. The subsequent components are smaller in amplitude but larger in fre-
quency. The middle panel shows the successive summation of sine components. The more
sine signals that are added, the better is the approximation of the rectangular signal. In the
lower panel, each component is represented by a point with the same color as the ones
in the top panel. The difference is that in the lower panel, the horizontal axis shows fre-
quency and the vertical axis the amplitude of the spectral component. This is known as a
frequency domain presentation. Such a graph can be used to determine which frequency

Sine signal components
(zero mean)
T I T T A I |
S

Sums of sine signals
g

(2)
(3) @)

Amplitude of
frequency component

T I I I T B B |
—
—
=

T T T T T T T T
2 3 4 5 6 7 8 9 0
Frequency (Hz)

(©

o
—

FIGURE 3.7
(a) Four sine components in time domain: from bottom to top their respective frequency is increasing. (b) Rectan-

gular waveform approximated by summing the first two, three, and four sine components. (c) Sine components
in the frequency domain.
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components are significant: the higher ones have lower amplitudes and can be neglected.
The fast changes in the signal are a consequence of high frequency components.

Observing Figure 3.7c, the highest significant frequency may be determined. The mini-
mum sampling rate (i.e., sampling frequency) that must be used to reconstruct the original
signal up to and including this frequency component is two times this frequency.

This analysis is possible if the signal can be decomposed into the sum of sine and cosine
waveforms and obtain their ordinates in the frequency domain. However, the Fourier
transform treats periodic signals of infinite duration: if the signals do not repeat over infi-
nite time, this process is not strictly valid. Biomedical signals do not fit into this category
so some tricks have to be applied. As an illustration of this problem, a spectrum of a sam-
pled sine signal with a frequency of 1000 Hz and of finite duration is shown alongside
its ideal theoretical counterpart in Figure 3.8. The gray dot shows the frequency ordinate
obtained using a Fourier transform if the signal is periodic and infinite. If the signal is not
infinite, the black figure centered around 1000 Hz is obtained, along with side lobes repre-
senting other frequencies that are introduced by the discontinuities of a finite signal. If the
act of sampling is also taken into account, further reflections are obtained above and below
1000 Hz, shown by the additional mirror images of the central figure shown at left and
right.

In order to present a finite aperiodic biomedical signal in the frequency domain, a math-
ematical technique is used to estimate its strength at different frequencies, to obtain an
estimate of its power spectral density (PSD). This is a different but related process: the
Fourier transform calculates the exact amplitude of a signal at an exact frequency, while
from biomedical signals, an estimate is made to represent what is happening in the vicin-
ity of a particular frequency.

It is important to stress that this is an estimate and not an exact process. Consequently,
there exists a range of parametric and nonparametric methods, each one yielding esti-
mates that are similar, but not exactly the same. The parameters taken from such esti-
mates are also similar, but not exactly the same. There is no standard that would sug-
gest which estimation method should be used, so researchers are free to choose one out
of the numerous approved methods. The maximal frequency component that could be
extracted from a signal is at a half of the sampling frequency. An illustrative example
is presented in Figure 3.9, which shows the estimates of PSD of an animal (rat) heart
rate signal. The estimates are evaluated using three usual methods: periodogram, Weltch,

Infinite sine signal in

frequency domain
C Sine signal of finite
onsequence duration Consequence
of sampling of sampli
pling
1000 f(Hz)

FIGURE 3.8
Sine signal in the frequency domain: gray dots indicate ideal sine signal; the finite sampled sine signal contains
some other spectral components.
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FIGURE 3.9
Alternative estimates of the power spectral density of a heart rate signal from Wistar rat. (a) Periodogram method.

(b) Weltch method. (c) Burg method.

and Burg. Although the estimates obtained using different methods seems to be different,
they all point out the frequency regions where most of the signal power is concentrated.
All methods clearly show that the heart rate signal of a Wistar rat has increased power
in the vicinities of 1 and 2.25 Hz. The estimates differ in smoothness, not in component

estimation.



84 ECG Time Series Variability Analysis: Engineering and Medicine

3.4 Stationary Signals

In addition to the fact that spectral components of a signal can only be estimated, there is
another fact that must be considered: the estimation of PSD may have to be stationary for
the entire length of the signal. Statistical theory defines the stationarity at many levels. But
in practical applications, it is usually assumed that signals are wide sense stationary (WSS).
One reason for such an assumption lies in a fact that strict sense stationarity is difficult, if
not impossible, to prove.

WSS implies that statistical parameters, such as mean and variance, have to be stable,
no matter at what point in the signal they are estimated. Since the estimation of statistical
parameters is based on time averages, a test for stationarity checks whether the parts of
signal are turbulent or not. For example, the heart rate signal shown in Figure 3.10 is not
stationary in mean, since its partial mean values (time averages), taken at different places
along the time axis, differ too much. It is possible to perform an informal test for stationar-
ity by visually inspecting the graph of such a signal.

The stationarity is of particular importance in PSD estimation because, although the dis-
cussion so far has covered the detection of the fast-changing components of the signal, the
slow components are also important. This is illustrated in Figure 3.11. The signal available
is a sinusoidal signal that is gradually increasing because it is added to another sine signal
of much lower frequency. The composite signal is obviously not stationary. Unfortunately,
the signal is too short to deduce which one out of the two low-frequency sine signals is a
cause of the increasing trend in the short signal from Figure 3.11. The only solution is to
measure the signal over a longer time period, so that the spectrum estimation would give
the correct result.

For this reason, the signals for estimation cannot be too short. Knowing this limitation,
one must be careful not to make conclusions based on signals that are too short. On the
other hand, if the signal is long, there are more chances that it would become nonstation-
ary. This is usually a consequence of subject movement. It can be easily recognized and
removed from the signal.
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Nonstationary high-resolution signal of Wistar rat subjected to air-jet stress.
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FIGURE 3.11
Nonstationary sine signal (dark gray line), too short to find out which one out of two low-frequency sine signals
is a cause of the increasing trend.

3.5 Conclusion

This chapter provides an explanation of signal processing basic functions, without going
into the mathematics of probability and random processes. However, just as a medical
doctor can talk to a patient without highly sophisticated medical terms, anatomic names,
and chemical formulae, signal processing features can be explained without the mathe-
matical formulae, strict theorems, or lemmas. It is the hope that this text will contribute to
interdisciplinary understanding of biosignal time series analysis. For the same reason, the
literature list is quite small. For deeper insight into the problems, there are many books
written for engineers, since they contain less mathematics and more application examples.
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4.1 Introducing Physiological Models of Cardiovascular Control and Related
Parametric Formulation

In the last few decades, mathematical modeling and signal processing techniques have
played an important role in the study of cardiovascular control physiology and heartbeat
dynamics. An example application of these methodological approaches is given by the
extensive number of studies on cardiovascular control dynamics mediated by the auto-
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nomic nervous system (ANS). This system is very often investigated through analysis of
event series obtained by computing the time intervals between two consecutive R-waves
as detected from the electrocardiogram (ECG), that is, the RR intervals. Because the heart-
beat is controlled by the ANS, the RR series show preferred oscillations around their mean
value, defined as heart rate variability (HRV) [1,2]. The parametric models discussed later
in this chapter have been extensively used to characterize each RR interval value as depen-
dent on a linear regression of its previous RR values, providing an effective formulation to
explain these peculiar periodic oscillations.

4.1.1 ANS Control of the Heart Rate

The ANS comprises the sympathetic nervous system (SNS) and parasympathetic nervous
system (PNS). In general, increased SNS activity (and/or diminished PNS tone) leads to
an increase in heart rate (HR), whereas low SNS activity or high PNS activity causes HR
to decrease. The two autonomic branches act synergically to modulate the heartbeat in
order to maintain blood pressure at controlled levels, and HRYV is the result of their bal-
ancing action. Several studies report on a significant relationship between ANS dynamics
and cardiovascular mortality [1,2]. Consequently, a huge effort has been devoted to the
analysis and modeling of HRV in order to provide effective and reliable quantifiers of
ANS dynamics. Extensive description of the physiological mechanisms behind the gen-
eration of HR fluctuations can be found in Refs. [1-4]. The effect of these SNS-PNS inter-
actions results in two main oscillatory components that are usually differentiated in the
HRYV spectral profile [1-4]: (a) the high-frequency (HF) band (0.15-0.40 Hz), which reflects
effects of respiration on HR, also referred to as respiratory sinus arrhythmia (RSA); and
(b) the low-frequency (LF) band (0.04-0.15 Hz), which represents oscillations related to reg-
ulation of blood pressure and vasomotor tone including the so-called 0.1 Hz fluctuation.
The less studied very low-frequency (VLF) band (<0.04 Hz) is thought to relate, among
other factors, to thermoregulation and kidney functioning. In this sense, linear analysis
and parametric modeling aimed at identifying a limited number of oscillatory compo-
nents represent a very efficient and parsimonious methodological tool. Nevertheless, the
information behind heartbeat dynamics goes beyond the simplistic identification of lin-
ear components. Several nonlinear measures of HRV, in fact, such as Lyapunov exponents,
1/f slope, approximate entropy (ApEn), and detrended fluctuation analysis (DFA), have
been widely used to uncover nonlinear fluctuations in HR that are not otherwise apparent
[1,2,5]. Consequently, such measures provided important quantifiers of cardiovascular con-
trol dynamics, mediated by the ANS, and they have been found to be of prognostic value
in aging and diseases [6-13]. Although the detailed physiology behind complex dynamics
of heartbeat variations has not been completely clarified, nonlinear HRV dynamics may be
partly explained by the various nonlinear neural interactions and integrations occurring at
the neuron and receptor levels, and they underlie the complex output of the sinoatrial node
in response to changing levels of efferent autonomic inputs [14]. It is thought that the com-
plexity of healthy dynamics can be understood to be an essential part of their capability to
adapt to a varying environment.

4.1.2 A Brief History of Linear and Nonlinear Parametric Models of Heartbeat Dynamics

HRYV is the discrete time series that serves as a gold standard to evaluate autonomic func-
tions in healthy subjects and in patients with different pathologies, which can or cannot be
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strictly related to the cardiovascular system. The first historical studies (from 1920) high-
lighting the emergence of HRV as a physiologically meaningful measure were focused on
RSA. Since 1978, when Wolf et al. [15] described the relationship between decreased RR
variability and mortality in postmyocardial infarction, several methodologies and mea-
sures have been proposed and are now described in the literature [1,2] ranging from simple
descriptors to nonlinear models.

In 1973, Sayers first proposed a spectral analysis of HRV, although it was used to evalu-
ate autonomic control on the cardiovascular dynamics since 1981 [16]. Since then, spectral
analysis has been taken as a reference method for the identification and quantification of
the principal oscillations that characterize HRV, especially during significant parasympa-
thetic changes. Fourier-based techniques were initially pursued for HRV spectral analy-
sis, maybe for their simplicity and widespread diffusion. However, a major limitation of
this approach is related to poor spectral resolution, especially when short time frames are
used [17].

Parametric modeling based on a simple linear regression on the past heartbeat event,
instead, is able to achieve a better spectral resolution even for short frames of data [18]
(although the model order and parameter estimation have to be optimized). As mentioned
above, parametric modeling refers to a (proper) mathematical description of the physio-
logical system under study. Such a mathematical description is characterized by a formula
defined by parameters that have to be estimated and tuned by looking at observed physio-
logical data. In the case of the linear autoregressive (AR) model of ANS dynamics through
HRYV data, parametrization means that the prediction of the next heartbeat is defined as
an algebraic sum (i.e., positive and negative weighted sums) of past RR intervals. The first
parametric estimates of HRV started being published in the early 1980s by Jarisch et al. [19],
Brovelli et al. [20], Baselli et al. [21], Giddens et al. [22], Bartoli et al. [23], Kitney et al. [24],
Pagani et al. [25], and Lombardi et al. [26]. In 2005, Barbieri et al. [27] proposed to embed
such widely used parametric linear modeling within a point-process framework through
which the RR interval series is seen as a binary stochastic (i.e, having a random proba-
bility distribution or pattern that may be analyzed statistically but may not be precisely
predicted) series characterized by interevent probability functions. With this approach, the
methodological knowledge gained so far was enriched with instantaneous estimates in the
time and frequency domain, and goodness-of-fit measures (see details in Section 4.2.3).

Since the early 1990s, several studies suggesting the use of nonlinear autoregressive
(NAR) models for heartbeat dynamics have been published [28-30]. In particular, NAR
modeling has been used to determine whether chaotic determinism is present in a resting-
state heartbeat time series through Lyapunov exponents [28], and to evaluate the degree
of nonlinearity of HRV [29] and low-dimensional chaotic dynamics [30]. Of note, in 2002,
the application of nonlinear autoregressive moving average (NARMA) models for heart-
beat dynamics [31-33] was proposed. These NARMA models have been used to describe
the closed loop between HR and baroreflex control [32] to predict the outcome of inva-
sive cardiac electrophysiological studies through Lyapunov exponents [31] and to search
the possible presence of determinism in HRV series [33]. As a clinical outcome, it has
been shown that NAR model-based HRV analysis improves the assessment of several
clinical conditions including dilated cardiomyopathy [34], obstructive sleep apnea syn-
drome with and without hypertension [35], and postural changes [36,37]. Recently, we
built on this literature by embedding NAR modeling within a point-process framework
[38—44]. In this case, a major methodological improvement was the use of the Laguerre
expansion of the Wiener—Volterra AR terms in order to achieve a more effective system
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identification [38,40,45]. Of note, this method is ideal for modeling physiological systems
because it accounts for the nonlinear and time-varying behavior of stochastic systems. The
basic mathematical formulation related to all these pioneering studies is reported in the
following sections.

Finally, it is worthwhile mentioning that a significant part of the parametric modeling
proposed in the literature to assess cardiovascular functions involves multivariate model-
ing. As an example, multivariate parametric models were proposed to assess the relation-
ship between arterial blood pressure, HR, and respiratory control [46—49]

In this chapter, we describe the use of linear and nonlinear parametric models whose
definition is governed by stochastic mathematical functions with a finite number of param-
eters, which are able to provide a better spectral resolution on short frames of data. In the
case of heartbeat dynamics, these models refer to autoregressive (AR) models. A general
block scheme for the kinds of parametric modeling considered in this chapter is shown in
Figure 4.1.

The RR interval series is seen as the output of an AR system (the cardiovascular sys-
tem) which is controlled by the ANS. The regression can take into account linear and
nonlinear combinations of the past events. In the case of nonlinear regression models, the
Wiener—Volterra models can be considered. Finally, it is possible to perform the regression
on the actual RR intervals or on its variations, that is, considering the derivative series.
Once the model parameters are estimated, it is possible to extract several features of ANS
dynamics through proper quantitative tools. In the next section, linear parametric mod-
els are described considering the standard and point-process formulation, followed by the
related quantitative tools and feature extraction. The same logical flow is adopted for the
description of the nonlinear parametric models. Concluding the chapter, exemplary appli-
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FIGURE 4.1
An overview of the linear and nonlinear parametric modeling described in detail in this chapter. ARL and
NARL stand for linear and nonlinear autoregressive (AR) model with the Laguerre expansion of the kernel,
respectively.
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cations including HRV assessment through point-process nonlinear models during postu-
ral change protocols and after cardiac heart failure (CHF) are reported.

4.2 Linear Parametric Models
4.2.1 Preprocessing

Before estimating the RR interval series, a preprocessing step with the ECG signal is usually
required. This step aims at increasing the signal-to-noise ratio (SNR) of the signal as well
as extracting and subtracting the signal baseline. Removing such an oscillation, in fact,
usually improves the performance of the algorithms for automatic wave detection. The
baseline can be defined as a deviation from the ECG isoelectric line below approximately
0.5 Hz and is due to electrode movement artifacts, and respiration activity. Once the ECG is
preprocessed, an R-wave (or more generally a QRS complex) detection algorithm should be
used. This choice depends on the characteristics of the specific ECG signal (see reviews in
Refs. [50,51]), for example, SNR, signal power, and ECG leads. Nevertheless, not all of the
RR intervals obtained by the automatic QRS detection algorithm are correct. Any technical
artifact (i.e., errors due to the R-peak detection algorithm) in the RR interval time series
may interfere with the analysis of these signals. Therefore, an artifact correction algorithm
is needed. In this case, a proper piecewise cubic spline interpolation method [52,53] can be
adopted. Moreover, physiological artifacts could also be present in the RR series as ectopic
beats and arrhythmic events. Therefore, checking by visual inspection for physiological
artifacts should always be performed and only artifact-free sections must be included in
further analysis. Next, a previously developed algorithm [54] based on the point process
statistics (local likelihood) that is able to perform a real-time RR interval error detection
and correction is also presented.

As a standard definition, the interval between two successive QRS complexes is defined
as the RR interval (fz_g) and the HR (beats per minute) is given as

60
fR-R

HR = (4.1)

As HR is a time series comprised of a sequence of nonuniform RR intervals, this signal
should be further resampled at a certain frequency before performing further processing.
Many studies report resampling rates between 2 and 4 Hz. Of note, a resampling rate of 7
Hz has been suggested in Refs. [55-57] as the most appropriate value. A popular heartbeat
resampling algorithm is the one proposed by Berger et al. [58]. This algorithm is based on
using an arbitrary frequency at which the HR samples will be evenly spaced in time and
using a local time window defined at each HR sample point as the time interval extending
from the previous sample to the next. Successively, the number of RR intervals (including
fractions of them) that occur within this local window are counted. The value r; of the HR
at each sample point is taken to be r; =f, —n;/2, where f, was the sampling frequency of the
resulting HR signal and #; was the number of RR intervals falling into the local window
centered at the ith sample point [58].

Note that interpolation is not mandatorily required to perform a parametric HRV anal-
ysis. It is possible, in fact, to consider the RR interval series as an intrinsically discrete
stochastic series, or as a non-uniform discretization of a continuous signal.
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4.2.2 The AR Model

Considering the heartbeat dynamics as a sequence of N samples {y(1), ..., (1)} represent-
ing a single realization of a discrete-time AR stochastic process, it is possible to write the
following model:

P
ym =Y a(®)y(n—k+wm) 4.2)
k=1

where 7 is the discrete-time index, a(k) are AR coefficients, p is the model order, and w(n) is
a zero-mean white noise of variance equal to 62. Consequently, the AR(p) model is charac-
terized by the AR parameters {a[1],a([2], ...,a[p], c2}. Equation 4.2 can also be expressed in
the z-transform domain:

p
Y(2)=Y(z) (2 az ) +W(@) =HE@)W(@) (4.3)
k=1
where Y(z) and W(z) are the z-transform of y(1) and w(n), respectively, and
Hz)=— L (4.4)

3]

Several methods can be used to estimate the AR model parameters. A standard approach
is a last square-based method, which estimates the g, coefficients by minimizing the fol-
lowing cost function:

N
Tn= D, wN ey (n)? (4.5)
n=1
where ey (1) =y(n) — Z:l a(k)y (n—k) and 0 <y <1 is the forgetting factor.

Of note, as a step further, in order to take into account the nonstationarity of the RR inter-
val series, the AR model estimation has been made time-varying [37,59-62] such that its
parameters are estimated sample-by-sample through a recursive relationship a(n +1,k) =
Fla(n, k)] [59], with F standing for a linear or nonlinear function.

Concerning the model order, its estimation can be performed using Akaike’s final predic-
tion error, Akaike’s information criterion [63], the Bayesian information criterion, Parzen’s
criterion of AR transfer function, and Riassen’s minimum description length method [64].
However, it has been demonstrated that these criteria underestimate the actual model
order [64], and it has been recommended that an order not less than p =16 should be used
for spectral analysis of short RR time series resampled at 4 Hz [64]. Suggestions concern-
ing other practical issues using parametric modeling of heartbeat dynamics can be found
in Refs. [65-67].

Of note, the abovementioned standard parametric modeling has been successful in a
huge number of clinical applications including hemodialysis [68], presence of ectopic beats
[69], and postural changes [70].

4.2.3 Point-Process Framework

The point-process framework primarily defines the probability of having a heartbeat event
at each moment in time. Defining ¢ € (0, T] as the observation interval and 0 <u; < -+ <1 <
Uy < - <ug <T as the times of the events, it is possible to define N(t) =max{k : u; <t}
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as the sample path of the associated counting process. Its differential, dN(t), denotes a
continuous-time indicator function, where dN(f)=1 when there is an event (the ventric-
ular contraction), or dN(t) =0 otherwise. The left continuous sample path is defined as
K](t) =lim__, ;- N(t)=max{k : u; <t}. Given the R-wave events {u]- }]],=1 detected from the
ECG, RR;=u;—u;_; >0 denotes the jth RR interval. Assuming history dependence, the
inverse Gaussian probability distribution of the waiting time f —1; until the next R-wave
event is [27]

1
2 DIt — u; — prr(t, Hy, E)1?
éo(t))] o {_%é()( =10 = g (t Hy (1) we)

tHH,, E(t)) =
JH: E0) lZn(t up? e (E, 7y, SO~ 1)
where j= N (t) is the index of the previous R-wave event before time ¢, H,= (u RR
RR;_j, ... RR;_p111) is the history of events, £(t) is the vector of the time-varing parameters,
pRR(t, Ht,é(t)) is the first-moment statistic (mean) of the distribution, and &y(#) >0 is the
shape parameter of the inverse Gaussian distribution. Since f(t|H;, &(t)) indicates the prob-
ability of having a beat at time ¢ given that a previous beat has occurred at u;, ugg(t, H;, E(t))
can be interpreted as the expected waiting time until the next event occurs. The use of an
inverse Gaussian distribution f(t|H;, &(f)), characterized at each moment in time, is moti-
vated both physiologically (the integrate-and-fire initiating the cardiac contraction [27])
and by goodness-of-fit comparisons [71]. Here, the instantaneous mean pgg(t, H;, &) is
expressed as a linear combination of present and past RR intervals:

P
MRR(E Hi EED =10 + X ¥1(, H RRyy_; (4.7)
i=1

It has been shown that performing the estimations on the derivative RR interval series
improves model performance and the achievement of stationarity within the sliding time
window W (usually 70 < W <90 seconds) [38—44,72-74]:

p
HRR(t’ Ht, g(t)) = RRK](,}) + Yo + Z Y1 (l, t) <RRﬁ(t)—i - RRN'(t)—i—l > (48)
i=1

In both equations, the coefficients y, and {y,(i)} correspond to the time-varying zero- and
first-order coefficients, respectively. Since pgr(t, H;, E(t)) is defined in continuous time, it
is possible to obtain an instantaneous RR mean estimate at a very fine timescale (with an
arbitrarily small bin size A), which requires no interpolation between the arrival times of
two beats. Given the proposed parametric model, all linear indices are defined as a time-
varying function of the parameters &(t) = [E(f), Yo(£), Y1 (1, 1), .... Y1 (p, D)].

The unknown time-varying parameter vector &(t) is estimated by means of a local max-
imum likelihood method [27,75,76]. Briefly, given a local observation interval (t—1, ] of
duration /, a subset U,,.,, of the R-wave events is considered. Specifically, m=N(—1)+1
and n =N(t). At each time ¢, the unknown time-varying parameter vector () is found such
that the following local log-likelihood is maximized:

n—1

LED | Uy = D w(t — thyy) logl gy | My, EB)] +log / fa|H.Etydr (49)

k=m+P-1
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where w(t) =¢™" is an exponential weighting function for the local likelihood. In Equation
4.9, the latter term accounts for the next, not yet observed, RR interval (right censoring). A
Newton-Raphson procedure is used to maximize the local log-likelihood in Equation 4.9
and compute the local maximum likelihood estimate of &(t) [75]. Because there is signifi-
cant overlap between adjacent local likelihood intervals, the Newton-Raphson procedure
is started at t with the previous local maximum likelihood estimate at time f — A, where A
defines the time interval shift to compute the next parameter update.

The model goodness-of-fit is based on the Kolmogorov-Smirnov (KS) test and associ-
ated KS statistics (see details in [27,77]). Autocorrelation plots are considered to test the
independence of the model-transformed intervals [27]. Once the order {p} is determined,
the initial model coefficients are estimated by the method of least squares [78]. In order
to provide reliable results, just like other dynamical methods, these point-process-based
processing techniques require an uninterrupted series of RR intervals, with a minimum
recommended length of 60 seconds. Nevertheless, peak detection errors and ectopic beats
often determine abrupt changes in the RR interval series that may result in substantial devi-
ations of the HRV indices, especially in changes in the dynamics. In addition, they could
potentially bias the statistical outcomes. Therefore, the actual heartbeat data can be prepro-
cessed using a previously developed algorithm [54] based on the point-process statistics
(local likelihood) that is able to perform real-time RR interval error detection and correc-
tion. Specifically, the algorithm assesses whether the actual observation is in agreement
with the resulting model or if, instead, the alternative hypothesis of an erroneous beat is
more likely.

4.2.4 Quantitative Tools and Feature Extraction

The abovementioned approaches based on linear parametric modeling allow for two levels
of quantitative characterization of heartbeat dynamics: time-domain estimation and linear
power spectrum estimation. Namely, given the RR interval series, estimates of mean RR,
RR interval standard deviation, mean HR, and HR standard deviation can be extracted.
Of note, using the point-process framework, instantaneous time-domain and frequency-
domain estimates of heartbeat dynamics can be derived. In particular, the instantaneous
time-domain characterization is based on the first- and the second-order moments of the
underlying probability structure of heartbeat generation [27].

Although features defined in the time domain are simple and widely used, they are
unable to discern between SNS and PNS activity (although RMSSD can be considered to
reflect mainly PNS activity since it is computed as differences between successive beats).
Frequency-domain analysis has been extensively pursued, contributing to the understand-
ing of the autonomic background of RR interval fluctuations in the HR record. The linear
power spectrum estimation, in fact, reveals the linear mechanisms governing the heartbeat
dynamics in the frequency domain as regulated by the ANS.

Using a standard linear parametric AR model, the power spectral density (PSD) of y(n)
can be calculated as follows:

2At
P,(f)= ° (4.10)
y -
11—~ ZL 4z K2 _ g

where At is the sampling rate of y(n).
Using a point-process linear model, it is possible to compute the time-varying para-
metric (linear) autospectrum Py( f.,t) given the time-varying parameter set &(t) for the
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instantaneous RR interval mean prg(t, H;, £(t)). In order to facilitate the description of the
spectral and bispectral estimation using point-process nonlinear models, Equation 4.10 can
be rewritten as follows [79]:

Q(f . H =S (f, ODH (f, HH (=f. D) (4.11)

where S, (f, )= 6%{[{/ and H{(f) = F’l (f Y~ with F’l (f1) standing for the Fourier transform of
the extended AR kernel y’l (i) defined as

. 1, ifi=0
O e (4.12)
1) fl1<i<M

When performing the regression on the derivative RR interval series (see Equation 4.8),
the time-varying parametric autospectrum of the RR intervals is given by multiplying its
derivative spectrum Q(f, t) in Equation 4.11 by the quantity 2(1 — cos(®)) [40,72].

Three main oscillatory components are usually differentiated in the HRV spectral profile
[1,2]: the HF band (0.15-0.40 Hz), which reflects the effects of respiration on HR, historically
also referred to as RSA; the LF band (0.04-0.15 Hz), which represents oscillations related to
regulation of blood pressure and vasomotor tone; and the VLF band (<0.04 Hz), which is
thought to relate, among other factors, to thermoregulation and kidney functioning. How-
ever, the VLF band is usually <0.04 Hz and is almost never considered as an ANS marker
because it is related more to thermal regulation [80]. Broad evidence supports vagal origin
of the HF component [1,2,81]. In contrast, the interpretation of the LF band is controversial.
In fact, the current opinion on the fact that the LF power and LF/HF ratio are indices of
sympathetic cardiac control and autonomic balance, respectively, is highly challenged and
suggest that the HRV power spectrum, including its LF components, is mainly determined
by the parasympathetic dynamics [81]. Moreover, the LF and HF power in normalized
units (i.e.,, LFnorm = LF /(LF + HF) and HFnorm = HF /(LF + HF)) are proposed to give more
information about the sympathovagal balance [1].

Concerning the calculation of the abovementioned spectral features, by integrating Equa-
tion 4.10 (when considering standard linear AR models) and by integrating Equation 4.11
(when considering standard point-process linear AR models) in each frequency band, it is
possible to compute the VLF, LF, and HF indices.

4.3 Nonlinear Parametric Models

In this section, nonlinear parametric models are formally defined and applied to exemplary
nonlinear physiological dynamics such as heartbeat dynamics. Here, the prediction of the
next heartbeat is defined as an algebraic sum of past RR intervals, including higher order
combinations of such values. In our exemplary applications reported below, we focus on
quadratic and cubic combinations.

4.3.1 NAR and NARMA Models

A NAR model can be expressed, in a general form, as follows:

yk)=Fyk—1),yk=2),...,y(k = M)) + e(k) (4.13)
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where y(k) is a time series, M is the maximum lags considered for the process, and e(k) are
independent, identically distributed Gaussian random variables, which account for uncer-
tainties and possible unmodelled dynamics. This model can be can be written as a Taylor
expansion:

y(k) =y, + Zyl(z) y(k—z)+z 2 Z Valins i) [ [yt =) + ek (4.14)

n=2i;=1 i,=1 j=1

where the quadratic kernel y, (i, j) is assumed to be symmetric. We also define the extended
kernels y’l(i) and yg(i, j)as

1, ifi=0
_ 415
7= { —yy() if1<i<M (4.15)
ifij=0Aitj<M

- . 4.16
V()= {yZ(zj) if1<i<sMA1<j<M (216)

The AR structure of Equation 4.14 allows for system identification with only exact knowl-
edge on output data and with only a few assumptions on input data (noise assumptions).

NAR models can be seen as a special case of NARMA models, which can be expressed,
in a general form, as follows:

y&) =Fytk-1),ytk-2),..,ytk - M,), ek),etk—1),....,e(k—M,)) (4.17)

where e(k) are independent, identically distributed Gaussian random variables, and My
and M, are the maximum lags considered for the process and noise terms, respectively.
Consequently, an extended version of the NARMA model can be can be written as

yo) = vo+2vl<z>y<k—z>+22 Zvnm,...,in)]'[y(k—i,-)
=1

n=2 z] =1 1,,—1

+ Z¢1(z)e(k—z)+ Z Z Z Gt ..o i) [ ek =i (4.18)
j=1

n=2 =1 i,=1

4.3.2 Laguerre Expansion of the Input-Output Volterra Kernels

Let the jth-order discrete-time orthonormal Laguerre function be (see Figure 4.2)

I a1 i I\ iic1 — oy
dk=a7 1-0? Z( ”()@“ (1-a), (k20)

i=0

where a is the discrete-time Laguerre parameter (0 <a<1), which determines the rate
of exponential asymptotic decline of these functions. Usually, the choice of the Laguerre
parameter a is rather critical in achieving efficient expansions.
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FIGURE 4.2

(Left) First four Laguerre functions for «=0.2 plotted over the first 25 lags. The order of each Laguerre basis is

indicated under brackets. (Right) The third Laguerre functions for «=0.1,0.2,0.3,0.4. The corresponding o value
is indicated in parentheses.

Given the Laguerre function, d)j(k), and the signal, y(k), the jth-order Laguerre filter out-
putis

= ¢ yk—1) (4.19)
i=0

whose computation can be accelerated significantly by use of the following recursive rela-
tion [82]:

I =v/alyk—=1)+ V1 -aytk—1) (4.20)
Lo =valk—1)+ val_ () + (4.21)
Val_y(k=1), j>1 (4.22)

Using Laguerre expansion up to order P for the linear terms and up to order Q for the
nonlinear ones, since the {¢$;(t)} form a complete orthonormal set in functional space £,,
we can write [83]

Yo=80 (4.23)
P
N= Y, gm0 (4.24)
m=0
Q m
2=, Y 820mm)y ()b, () (4.25)

m=0n=0
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Here gy, g1(m), and g,(m, n) are constant coefficients. As the expansion goes to zero as i and
j go to infinity, the expansion can be truncated at delay M. Using Equations 4.19 and 4.23
through 4.25, it is possible to write

Q i

y(k) =gy + Z i) Lk =1)+ D Y &0, )1tk = 1) [itk— 1) +e(k) (4.26)
i=0 j=0

Equation 4.26 is the nonlinear autoregressive with Laguerre expansion (NARL) model. In
this case, the number of parameters to estimate is N={1}+ {(P+ 1)} + {(Q+ 1)(Q+2)/2}.
The AR order M of the NAR model corresponding to the NARL model depends on how
fast the Laguerre functions decay to 0. It is also noteworthy that when o =0 the filter output
becomes (k) = (=1Yy(k - j) and the NARL model corresponds, apart from the sign, to the
NAR model.

Quantitative tools of NAR or NARL modeling are defined through their equivalent
input-output Wiener-Volterra models. The general scheme of such a quantitative char-
acterization is shown in Figure 4.3.

The input-output model of a general NAR dynamical system can be written using a
Wiener—Volterra [84] series as

y(k) = h0+2hl(z)e(k—1)+z Z Zh (i1, ..o iy) [ T etk =i (4.27)
j=l

n=2i;=1 i,=1

where the functions h, (14, ..., 7,,) are the Volterra kernels, which represent the nonlinear
dynamic system.

Just like for a linear AR model, there is an equivalent infinite-memory moving average
model, in fact, a quadratic NAR (or NARL) model can be linked to an input-output Volterra
model, driven by the same noise term. The transformation between Equations 4.14 and
4.27 can be performed in the frequency domain by using the following relationships [85]
between the Fourier transforms of the Volterra kernels of order p, H,(f;,....f,), and the

Autoregressive Input—output Quantitative
kernels kernels tools
AR
} Linear
Wiener—Volterra "+ Spectrum
ARL —} —--} kernels
Laguerre
deconvolution Bispectrum
NARL ’ -“} Higher order -.-}
Wiener—Volterra i
NAR kernels i Nth-order
» -> spectra

FIGURE 4.3
Block diagram of the point-process quantitative tools derivation.
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Fourier transforms of the extended NAR terms, F’l (f1) and I“;( f1.f2):

P
Z Z Hi(fo1)s - s for)» Por+1) o2y - s foo-1) T o)) X Fi (foy) = Fi (for)

k=mid(p) 6€Eo,

XUy foratys for+2) * To(foo-1) fo() =0 (4.28)

where p is a given integer representing the kernel order, mid(p) = [p/2], r=2k—pand 5, is
the permutation set of N,,. Obviously, there is the need to truncate the series to a reasonable
order for actual application. In this chapter, we model cardiovascular activity with a cubic
input-output Volterra by means of the following relationships with the NARI:

1
H - 4.29
100 AT (4.29)
o (f1.f2)
_
Hy(f1.fo)= —F’l(fl)r’l(fZ)Hl(f1+f2) (4.30)
17 ( fos1)sfe
1 2 \ fos:fos2)
Ha(fifofd==3 Y. ( 31020 ) x H, <f63(1)+f63(2),f03(3)>. 4.31)

o I <f63(1)> I <f03(2>>

Once the vector of the AR time-varing parameters (t) is estimated, it is possible to derive
instantaneous quantitative tools such as the nth-order spectral representations.

4.3.3 Point-Process Framework

A nonlinear stochastic model embedded within a point-process framework is able to
instantaneously assess the complex cardiovascular dynamics. Just like the previous for-
mulation of point-process linear models, the core of the framework is the definition of the
interbeat probability function to predict the waiting time of the next heartbeat, that is, the
R-wave event, which in this case is a linear and nonlinear combination of the previous
R-wave events. In particular, we describe the most performant model we developed so
far which combines the inhomogeneous inverse Gaussian point-process framework previ-
ously defined in Refs. [27,86] with a novel AR structure linked to input—output definitions
based on Laguerre expansions of the Volterra kernels [82,87-90]. This method employs
the orthonormal basis of the discrete-time Laguerre functions to expand the kernels and
reduces the number of unknown parameters that need be estimated. In order to define the
related quantitative tools, we link a second-order NAR model with Laguerre expansion
of kernels (hereinafter called NARL) to an equivalent infinite-order input-output Volterra
model, which we then truncate at the third order. Therefore, NARL estimates allow for
the instantaneous estimation of the high-order polyspectra [85], such as bispectrum and
trispectrum [91,92].

Here, we propose a novel formulation based on the Laguerre expansions where the pre-
vious RR intervals are embedded, with the instantaneous RR mean defined as

P 9 9
HRr(E Hy, §(D) = RRyy ) +80(F) + Z §1@HLE) + Z Qo j, D L;E) (1) (4.32)
i=0 i=0 j=0
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where B
N

() = 2_’1 ¢ (R, RRN@_"_l) (4.33)

is the output of the Laguerre filters just before time ¢. The coefficients gy,{g1())} and {g,(, )}
correspond to the time-varying zero-, first-, and second-order NARL coefficients, respec-
tively.

The corresponding NAR Wiener—Volterra model with degree of nonlinearity 2 and long-
term memory [82] becomes

HRR(t7 Ht, i(t)) = RRNQ) + Yo + Z Yl(ia t) (RRKI(t)—i - RRKI(t)—i—l)
i=1

M

+ A Yo(i, ], 1) (RRN(t)—i - RRN(t)—i—l) X (RRKI(t)—j - RRN(t)—j—l) (4.34)

[;

]
_

[Se]
=1
Note that, even if there is a parallel in the degree of nonlinearities between the NAR and the

NARL models (e.g., you can explicate the quadratic function of the previous observation
RR intervals), the latter reflects a very different characterization.

4.3.4 Quantitative Tools and Feature Extraction

The abovementioned approaches based on nonlinear parametric modeling allow for three
levels of quantitative characterization of heartbeat dynamics: time-domain estimation, lin-
ear power spectrum estimation, and higher order spectral (HOS) representation. Next,
the parametric estimation of spectrum, bispectrum, and trispectrum is described in detail
considering the point-process formulation as a reference model. It is straightforward, in
fact, to consider the estimates from the standard nonlinear parametric formulation as
a particular case of the point-process dynamical estimates occurring at t=t*. Note that
the bispectrum complements the linear dynamical information given by the spectrum by
providing a quantification of the nonlinear interactions between the system frequencies.
Through bispectral analysis, for instance, it is possible to obtain enhanced estimates of
the parasympathetic dynamics (see the bispectral HH index) as well as estimates of the
dynamical interaction between low frequencies and high frequencies (see the bispectral
LH index).

To summarize, the necessary steps to estimate the quantitative tools from nonlinear mod-
els are as follows:

1. From v,,(...) find v/ (...).
2. Compute the Fourier transforms I/ (...) of the kernels ¥/ (...).
3. Compute the input-output Volterra kernels Hi(...) from the F;(...) of the AR model.

4. Estimate the nth-order spectra such as the instantaneous spectrum Q(f, t) and bis-
pectrum Bis(fy,f>, ).

4.3.4.1 Dynamic Spectrum Estimation

The linear power spectrum estimation reveals the linear mechanisms governing the heart-
beat dynamics in the frequency domain. In particular, given the input-output Volterra ker-
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nels of a NAR model for the instantaneous RR interval mean pgg(t, H;, &(1)), it is possible
to compute the time-varying parametric (linear) autospectrum [79]:

Q(f’ t) = Sxx(f9 t)Hl(f’ t)Hl(_f’ t) - % / H3(f’f2’ _f2’ t)sxx(fZ’ t)de (435)

where S,.(f, t)=cs§R. The time-varying parametric autospectrum of the RR intervals is
given by multiplying its derivative spectrum Q(f,t) by the quantity 2(1 — cos(w)) [72]. Of
note, estimates from standard parametric nonlinear models are defined by Equation 4.35
at a certain time as t =t*. Just like described for linear modeling (see Section 4.2.4), by inte-
grating Equation 4.35 in each frequency band, it is possible to compute the index within
the VLF (VLF = 0.01-0.05 Hz), LF (LF = 0.05-0.15 Hz), and HF (HF = 0.15-0.5 Hz) ranges.

4.3.4.2 Bispectrum Estimation

The HOS representation allows for the consideration of statistics beyond the second order,
and phase relations between frequency components otherwise suppressed [92,93]. HOS,
also known as polyspectra, are spectral representations of higher order statistics, that is,
moments and cumulants of third order and beyond. HOS can detect deviations from lin-
earity, stationarity, or Gaussianity. Particular cases of HOS are the third-order spectrum
(bispectrum) and the fourth-order spectrum (trispectrum) [93].

A general definition of the bispectrum is as follows:

+o0
B(fi.f)= [ c3(ty, tp) e T@hN+20t)gy 4, (4.36)

tl,t2=—00

with the condition
oy, || <= for o =2xf

The c5(t, t,) variable represents the third-order cumulant, which is defined as follows:

c3(ty, tp) = E{s(ty)s(tp)s(ty +1)} (4.37)

where s(t) is a square integrable stationary signal with zero mean. Thus, the bispectrum
measures the correlation among three spectral peaks, o, ®,, and (o +®,) and estimates
the phase coupling.

Concerning the bispectral parametric estimation of nonlinear models, let Hy(f;,f>,1)
denote the Fourier transform of the second-order Volterra kernel coefficients. The analyti-
cal solution for the bispectrum of a nonlinear system response with stationary, zero-mean
Gaussian input is [94]

Bis(f1.fp, ) = 2Hy(f1 +fp, =f2, DH1(=f1 = f2, DH  (f2, ) X S (fi + 2, DS (f2, 1)
+2H,(f1 +fo, =f1. ) X Hi(=f1 = f2, DH 1 (f1, DSy (f1 +f2, DS (f10 1)
+2H,(=f1, —fo. BDH1(f1, DH  (f2. 1) X S (f1, DS (fo0 1) (4.38)

Of note, an expression similar to Equation 4.38 was derived in the early work of Brillinger
[95], and later in the appendix of Ref. [96].

Given the dynamical bispectrum Bis(f;,f,,t), at each t, it is possible to estimate the bis-
pectral features as described in detail in the following section.
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4.3.4.3 Feature Extraction

Of note, it has been demonstrated that the bispectrum has several symmetry properties
[97], which divide the (fi,f,) plane in symmetric zones. Therefore, the bispectrum of a real
signal is uniquely defined by its values in the triangular region of computation, 0 <f; <
fo £f1 +f, <1, provided there is no bispectral aliasing [98-100]. Specifically introducing the
bispectral parameter, P(a), which is invariant to translation, DC level, amplification, and
scale. It is defined as follows:

_ Ii(@)
P(a) = arctan <Ir(a) > (4.39)
where
i
fi=0*

for0<a<landj= V—1 where a is the slope of the straight line on which the bispectrum is
integrated.

Mean magnitude and phase entropy [101] are also calculated within the triangular region
of computation. Mean magnitude is defined as

1
Mmeanzz ZQ: |B(f1,5lf1)| (4.41)
and phase entropy is
Po_ Y p(®,)log(p(P,) (4.42)
1
P =7 % 1(® (B(fy.afy) €¥,,) (4.43)
¥Y,={®|-n+2mn/N<dp<—n+2n(n+1)/N} (4.44)

withn=0,1,...,N — 1, where L is the number of points within the triangular region of com-
putation, ® refers to the phase angle of the bispectrum, Q refers to the space of the defined
triangular region of computation, and 1(.) is an indicator function, which is equal to 1 when
the phase angle @ is within the range of bin ¥, in Equation 4.44.

The mean magnitude of the bispectrum can be useful in discriminating between pro-
cesses with similar power spectra but different third-order statistics. However, it is sensi-
tive to amplitude changes.

The normalized bispectral entropy (P;) is equal to

Py== p,logp,) (4.45)

where

|B(f1.afDI

=N B(fafl 44
Pn = S o 1By afy)l (4.46)
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and Q is the triangular region of computation.
The normalized bispectral squared entropy (P,) is calculated as

Py== p,logp,) (4.47)

where

B(f1,af)|?

= Y7 4.48
P S o B af P2 (249)

and Q is the triangular region of computation.
In addition, the sum of logarithmic amplitudes of the bispectrum can be computed
as [102]

Hbis; (t) = ) log(|Bis(f;. f. ) (4.49)
Q

As is well known, the sympathovagal linear effects on HRV are mainly characterized by
the LF and HF spectral powers. Through bispectral analysis, it is possible to further eval-
uate the nonlinear sympathovagal interactions by integrating |B(f;,f,)| in the appropriate
frequency bands. Specifically, it is possible to evaluate

0.15 0.15
f1=0% f,=0*
0.15 0.4
1ﬁm=/ / Bis(fy.fo. bifydfy (451)
fiZ0+ fy=0.15+
0.4 0.4
Hmm=/ /'%mﬁMMﬁ (4.52)

£,=0.15% f,=0.15+

4.3.4.4 Dynamic Trispectrum Estimation

Brillinger [103], Billings [84], Priestley [104], and others have demonstrated that there is a
closed-form solution for homogeneous systems with Gaussian inputs. Thus, the transfer
function of a m-order homogeneous system is estimated by the following relation:

Syx'__x(_fl’ B _fm)
m!Sxx(fl) Sxx(fm)

Hy(frs ooos fn) = (4.53)
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where the numerator is the m+1—nth order cross-polyspectrum between y and x. This
result is a generalization of the classical result from the transfer function of a linear system
resulting from m = 1. Therefore, the cross-trispectrum (Fourier transform of the third-order
moment) can be estimated as

T (f1:fo: 13, 1) % 318y (f1. DS (fo, DSi(f3, ) X H3(f1, f2. f3: 1) (4.54)

4.4 Exemplary Applications

In this section, we describe two exemplary applications of the above-described point-
process NARL model on actual heartbeat data gathered from healthy subjects undergoing
postural changes, and patients with severe CHFE.

4.4.1 Postural Changes

In this study, we validate the point-process NARL as related to real physiological dynam-
ics in a study of the RR interval time series recorded from 10 healthy subjects under-
going a tilt-table protocol (75° head-up tilt over 50 seconds); see further details in Refs.
[27,105,106]. Briefly, each subject was first placed horizontally in a supine position, with
restraints used to secure him/her at the waist, arms, and hands. The subject was then tilted
from the horizontal to the vertical position and returned to the horizontal position. The
study was conducted at the Massachusetts Institute of Technology (MIT), General Clin-
ical Research Center (GCRC) and was approved by the MIT Institutional Review Board
and the GCRC Scientific Advisory Committee. Of note, tilt-table recordings have been
widely recommended for the study of both stationary and nonstationary HRV assessment
[1,27,105,107,108]. A single-lead ECG was continuously recorded for each subject during
the study, and the RR intervals were extracted using a curve length-based QRS detection
algorithm [109].

To perform a proper model order selection, we integrated the KS and autocorrelation
analysis by considering the AIC criterion (for comparison analysis exclusively) using the
first 5-minute recordings of resting state. For the NARL model, we obtained 4 <P <8 as the
optimal linear order and 3 < P <4 and 2 < Q < 3 for the nonlinear model. One representative
KS and autocorrelation plot is shown in Figure 4.4. For all the considered subjects, nearly
all of the KS plots and more than 97% of the autocorrelation samples were within the 95%
confidence bounds. The tracking results are shown in Figure 4.5.

We further applied an established time-domain method [110] to the RR time series in
order to test the presence of nonlinearity in the heartbeat intervals. The outcomes from the
nonlinearity test further validate that the nonlinear terms estimated by our goodness-of-fit
procedures are not a result of an overfitting identification. Specifically, data coming from
the tilt-table protocol is characterized by a relevant presence of nonlinearity and nonsta-
tionarity in the RR time series for all the considered subjects (see [40]).

We also evaluated the statistical differences between the supine and upright epochs
before and after the slow transitions of the tilt-table protocol. The difference was expressed
in terms of P-values from a nonparametric rank-sum test [111], under the null hypothe-
sis that the medians of the two sample groups are equal. Given the rank-sum statistics,
we also calculated the area under the receiver operating characteristic (ROC) curve [112],
hereinafter area under the curve (AUC). The results from the tilt-table dataset are shown in
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FIGURE 4.4
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KS plot (left) and autocorrelation plot (right) from a representative subject of the tilt-table protocol using a point-
process nonlinear model. The dashed lines in all plots indicate the 95% confidence bounds.
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Instantaneous heartbeat statistics computed from a representative subject (N. 1, left column) and averaged along
all 10 subjects of the tilt-table protocol (right column) using a NARL model. In the first panel, the estimated pgg ()
is superimposed on the recorded RR series. Below, the instantaneous heartbeat power spectra evaluated in low
frequency (LF) and in high frequency (HF), the sympatho-vagal balance (LF/HF), and several bispectral statistics
are reported. Given a considered feature X, plots on the right panels are expressed as X = Median(X) + MAD(X).
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Tables 4.1 and 4.2. We computed standard recommended time domain and morphological
features such as the root mean square of successive differences of intervals (RMSSD), the
percentage of successive differences of intervals which differ by more than 50 ms (pNN50%
expressed as a percentage of the total number of heartbeats analyzed), and the triangular
index (TINN) [1].

From our model linear coefficients, we computed the instantaneous RR standard devi-
ation (a time-varying version of the SDNN [1]) as well the LF and the HF power and

TABLE 4.1

Standard and Instantaneous Measures of HRV: Results from the Tilt-Table
Experimental Dataset.

Standard Time-Domain Measures of HRV

Statistical Index Rest Tilt P value AUC
RMSSD(ms) 321+126 19.7+45 <0.05 0.699
NN50(count) 31.0+29.0 6.0+5.5 <0.02 0.728
PNNS50(%) 10.2+9.5 1.74+14 <0.02 0.728
HRV_tri_ind 8.03+14 73x1.6 >0.05 0.661
TINN (ms) 195.0+70.0 150.0 +45.0 >0.05 0.641
ogr(ms) 21.3+6.7 14.81+4.7 <0.03 0.717

Instantaneous Standard Frequency-Domain Measures of HRV

Statistical Index Rest Tilt P value AUC
LF (ms?) 373.4+217.0 287.7+135.9 >0.05 0.420
HF (ms?) 242.4+140.4 82.04+61.1 <0.03 0.719
LF/HF (n.u.) 0.96 +0.57 2.30+2.13 >0.05 0.632

P values are obtained by rank-sum test between the Rest and Tilt epochs. Values are
expressed as X =Median(X) + MAD(X).

TABLE 4.2

Instantaneous Higher Order Measures of HRV: Results from the Tilt-Table
Experimental Dataset

Instantaneous Higher Order Measures of HRV

Statistical Index Rest Tilt P value AUC
% 0.02+0.45 -0.22+0.72 >0.05 0.599
Sp() 0.71+0.19 0.36 £0.19 <0.02 0.739
Mpean(10%) 67.4+28.8 40.7+21.4 <0.05 0.653
P, 5.19+0.08 5.33+0.06 <0.05 0.747
Py 8.81+0.24 9.03+0.27 >0.05 0.578
p, 7.61+0.42 7.83+0.8 >0.05 0.554
Hbisl(103) 162.7 +6.4 153.0+3.5 <0.02 0.742
LL(10%) 163.9 +146.2 162.2+135.4 >0.05 0.542
LH(10°) 429.7 +229.8 183.2+82.9 <0.02 0.743
HH(10°) 974.5+632.1 289 +194.5 <0.005 0.789

P values are obtained by rank-sum test between the Rest and Tilt epochs. Values are
expressed as X =Median(X) + MAD(X).
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their ratio (i.e., sympato-vagal balance, LF/HF), whereas by estimating the dynamic bis-
pectrum by the nonlinear coefficients (see Equation 4.38), we computed all the bispec-
tral features defined in Section 4.3.4.3. All features were calculated instantaneously with
a 5-ms temporal resolution. To average among the group, we considered the median
values over the estimated instantaneous time series according to the protocol timeline.
Values are expressed as median and its respective absolute deviation (i.e., for a feature
X, X =Median(X) + MAD(X), where MAD(X) = Median(| X — Median(X)|)). As a first out-
come, we can observe that the values and the confidence intervals of all the linear features
are quite similar among the different models, thus demonstrating that the inclusion of non-
linear terms in the model does not effect the linear part of the signal. Nevertheless, it is
important to note that the NARL model provides the best overall results in terms of sta-
tistical difference between the rest and tilt conditions. This demonstrates that choosing the
most proper model is important even in the computation of less complex measures, such as
variance. Also note that all significant higher order indices show better P-value and AUC
when compared with standard measures.

From a clinical point of view, our results suggest that linear AR parametric models clearly
relate to the sympathovagal physiological model. In addition, a more comprehensive and
reliable characterization of the ANS functions on cardiovascular control can be performed
through nonlinear models and related estimates. Our results also demonstrate that time-
varying models and related estimates are also needed to properly identify critical events
in heartbeat dynamics. On the other hand, it is important to point out that, although non-
linear features derived by the nonlinear parametric model have proved very effective in
characterizing autonomic dynamics, current knowledge on the nonlinear correlates does
not relate to specific physiological processes, thus calling for more evolved nonlinear mod-
els that can go beyond the black box approach. A major achievement of linking nonlin-
ear estimates to specific physiological mechanisms would be to obtain specific biomarkers
allowing effective clinical stratifications in health and disease.

4.4.2 Cardiac Heart Failure

The second heartbeat dataset was retrieved from a public source: Physionet (http://
www.physionet.org/) [113]. It consists of RR time series recorded from 14 CHF patients
(from the BIDMC-CHF Database) and 16 healthy subjects (from the MIT-BIH Nor-
mal Sinus Rhythm Database: http:/ /www.physionet.org/physiobank/database/nsrdb/).
Each RR time series was artifact-free (upon human visual inspection and artifact rejection)
and lasted about 50 minutes (small segments of the original over 20-hour recordings).These
recordings have been taken as a landmark for studying complex heartbeat interval dynam-
ics [6,7,10,114]. Of note, the NARL model gives the best fit results for 27 of the 30 sub-
jects [40]. This is due to the capability of the Laguerre coefficients to intrinsically embed
all the previous information (i.e., long-term memory). In addition, having less regressors
improves the performance of the parameter identification. Using this data, we studied the
difference between healthy and CHF subjects. The difference was expressed in terms of P-
values from a nonparametric rank-sum test [111], under the null hypothesis that the medi-
ans of the two sample groups are equal. Given the rank-sum statistics, we also calculated
the area under the ROC curve [112], hereinafter AUC. These longer recordings provide an
ideal dataset for nonlinear and complex HRV analysis, as demonstrated by the large num-
ber of published outcomes [7,10,114]). Results are shown in Tables 4.3 and 4.4. Here, in
addition to the standard measures considered for the first protocol we also computed sev-
eral widely used nonlinear features such as the ApEn [115], the sample entropy (SampEn)
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TABLE 4.3
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Standard and Instantaneous Measures of HRV: Results from the Second
Experimental Dataset

Standard Time-Domain and Nonlinear Measures of HRV

CHF (n=14) Healthy (17 =16) P value AUC
RMSSD 0.0121 +0.0036 0.0432 +0.0145 >de~4 0.888
NN50 13.5+12.00 912.50 +633.00 >3¢™4 0.892
PNN50 0.2357 +0.2246 21.5406 +15.4908 >le 0.919
TINN 0.1575 +0.0650 0.2975 +0.0500 >3 0.892
ApEn 1.2130 +0.1032 1.2177 +£0.1066 >0.05 0.495
SampEn 1.5670 +0.2690 1.4092 +0.1522 >0.05 0.633
DFA-o4 0.8498 +0.2191 1.0820 +0.1467 >0.05 0.709
DFA-a, 1.1552+0.1335 0.9286 + 0.0544 <0.05 0.736
ogr(ms) 8.31+22 24.7+7.0 >5e4 0.875

Instantaneous Standard Frequency-Domain Measures of HRV

CHF (n=14) Healthy (1 =16) P value AUC
LE(ms?) 7.28+6.1 316.0+127.2 >1.5¢75 0.973
HF(ms?) 30.59 +21.0 606.1+344.7 >5¢4 0.879
LF/HF (n.u.) 0.08+0.1 0.86+0.7 >0.04 0.728

P values are obtained from the rank-sum test between the CHF and healthy subject
groups. Values are expressed as X =Median(X) + MAD(X).

TABLE 4.4

Instantaneous Higher Order Measures of HRV: Results from the CHF
Experimental Dataset.

Instantaneous Higher Order Measures of HRV

CHF (n=14) Healthy (1 =16) P value AUC
P(a) -0.33+0.29 -0.21+0.3 >0.05 0.518
Spw) 0.62 +0.22 0.48 +0.06 >0.05 0.312
M pean (10%) 16.65 +8.24 81.6+57.9 >2¢73 0.848
P, 5.05+0.14 5.26 +0.04 >3e73 0.830
P, 9.25+0.06 8.76 +0.42 >5¢73 0.808
P, 8.57+0.20 7.34+0.75 >3e73 0.821
Hbis, (10%) 146.7 +7.06 166.5+6.7 >4e~4 0.853
LL(10°) 8.6+7.8 211.9+£134.0 >2¢75 0.960
LH(10°) 46.6 +34.0 549.6 +351.5 >2e74 0.911
HH(107) 19.2+14.5 230.1+190.9 >7e73 0.795

P values are obtained from the rank-sum test between the CHF and healthy subject
groups. Values are expressed as X = Median(X) + MAD(X).

[116], and the DFA [114]. Results show that, on average, the CHF patients show signif-
icantly lower ogg. However, ozr depends on linear estimates exclusively, leading to the
need for complementary nonlinear measures. If we reasonably hypothesize that the NARL
bispectral estimation allows for the evaluation of the interactions between the sympathetic
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and parasympathetic systems, our results indicate that on average the CHF patients show
lower interactions between the two peripheral nervous systems, evaluated by means of LL,
LH, and HH. These findings are in agreement with the current literature whereby disorders
in these interactions may lead to abnormalities (e.g., heart failure [117]). With respect to
the considered standard morphological and nonlinear features, most of the NARL spectral
and bispectral features show more significant results. Specifically, differently than what is
found in the shorter tilt-table protocol, here the LF and the LL values related to slower auto-
nomic influences (possibly sympathetic) show the most significant decrease, with the high-
est AUC among all other parameters. This relevant outcome may be possibly attributed to
the capability of the Laguerre coefficients to better capture the slow dynamics (i.e., long-
term memory) when longer data are available.

4.5 Final Remarks and Perspectives

In this chapter, a mathematical overview of parametric models used for HRV analysis is
presented. These parametric models are usually based on AR relationships and are pre-
ferred over the nonparametric ones because of the high resolution in the frequency-domain
analysis even with short time series (once the model parameters are estimated, reliable
AR-based estimates can be obtained using only a few seconds of heartbeat dynamics). The
model order and the parameter vector, however, need to be effectively estimated in order
to obtain reliable features in the time and frequency domain. We split the chapter into two
main logical parts, which are related to linear and nonlinear models. Each part includes
the standard and point-process mathematical formulation, followed by the most common
quantitative tools and feature extraction that can be applied.

As a general consideration, the parameter estimation of linear models is easier to per-
form with respect to nonlinear models. This is due to the higher number of parameters
and higher sensitivity to the input signal amplitude variation that are intrinsic in the non-
linear formulation (because of the quadratic and cubic history dependence). Nevertheless,
nonlinear models are able to provide the same quantitative tools as linear models (i.e.,
measures defined in the time and frequency domain), with additional estimates related
to higher order statistics such as bispectrum and trispectrum. Last but not least, series of
heartbeat dynamics can be seen as the output of the cardiovascular system, which is indeed
a nonlinear system in normal conditions [14]. Of note, as described in Section 4.2.3, by
performing the regression on the derivative series, the NARL model improves the achieve-
ment of stationarity [40,72] and consequently improves system identification. These state-
ments are also confirmed by the experimental results reported in Section 4.4. The results
from nonlinearity tests performed on actual RR interval series gathered on healthy subjects
undergoing structured (postural changes) and unstructured activities, in fact, demonstrate
that the RR interval series is indeed an output of a nonlinear system [40]. Moreover, such
nonlinearity tends to be lost during pathological conditions such as severe CHF. Moreover,
goodness-of-fit analyses through KS statistics and autocorrelation plots demonstrate that
nonlinear models outperform the linear ones by achieving a better prediction of the next
heartbeat event [40]. Of note, nonlinear models also allow the definition of other measures
of complexity related to entropy [44,118,119] and Lyapunov exponents [41,73,120].

Concerning the difference between the standard (linear and nonlinear) and point-
process implementation, it has been demonstrated how the latter approach outperforms
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the former one by significantly improving the prediction of the next heartbeat event [27].
Moreover, the point-process approach is exclusively able to provide goodness-of-fit mea-
sure as well as instantaneous estimates in the time and frequency domain, both relevant
features required by an effective statistical signal processing tool.

4.6 Summary

One of the greatest advancements in applied mathematics has been its use in the func-
tioning of biological and physiological systems. The nature and complexity of the mod-
eling mathematical framework of choice spans from very high dimensional mathematical
objects aimed at reproducing each single element participating in the biological /physiolog-
ical system in question, to very simple (often black box) formulations aimed at characteriz-
ing the overall dynamics of selective features and variables of interest. Among these mod-
els, parametric models (as opposed to nonparametric models, which do not assume any
basic structure of the system generating the experimental data) are defined by mathemati-
cal formulations derived by using a finite number of parameters associated with the phys-
iological system dynamics under study. These parameters are usually collected together
to form a single k-dimensional vector revealing the physiological dynamics under study.
Once estimated, the model is fixed, and does not change to accommodate the complexity
of the data, as can easily happen when using nonparametric models. Throughout a his-
torical overview of the most relevant methodologies based on parametric models for HRV
analysis, this chapter points out how parametric models have proven to be a fundamental
methodological tool for the assessment of the ANS control of heartbeat dynamics.

The chapter further reports details on advanced probabilistic models for instantaneous
HRV assessment. Specifically, we focus on one of the most recent advances in linear and
nonlinear regressive models used for HRV analysis where point-process theory is exploited
to characterize the probability of any heartbeat occurrence. As the interbeat probability
function is defined at each moment in time, it is possible to obtain instantaneous esti-
mates of heartbeat dynamics, opening new dramatic scenarios in understanding under-
lying physiological linear and nonlinear processes.

Finally, we report the most significant features that can be extracted from both linear and
nonlinear parametric models and conclude the presentation with some exemplary appli-
cations, such as HRV assessment during postural change protocols and after CHF.
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5.1 Introduction

Heart rate variability, that is, the spontaneous fluctuations of the inverse of heart period
(HP) over time, is one of the most studied physiological time series. The key features of
its success are: the relevance of the information encoded in it (Akselrod et al., 1981; Task
Force of the European Society of Cardiology and the North American Society of Pacing
and Electrophysiology, 1996), thus making more and more clinically relevant HP vari-
ability assessment; and the richness of the observed dynamics (Goldberger, 1996), thus
prompting for the application of virtually any tool for signal processing to it. Most of the
approaches applied to HP variability are model-based, being spectral analysis grounded
on autoregressive modeling of the most frequently exploited one in univariate applica-
tions (Pagani et al., 1986). Model-based approaches are largely utilized in multivariate
applications as well (Xiao et al., 2005; Porta et al., 2006, 2009) to describe the influences
of determinants driving HP fluctuations through well-known physiological pathways.
Among the determinants of HP variability, systolic arterial pressure (SAP) variability
and respiration (RESP) play a relevant role by contributing directly to HP oscillations
through the baroreflex (Baselli et al., 1994; Mullen et al., 1997; Porta et al., 2000b) and the
coupling between respiratory centers and vagal outflow (Baselli et al., 1994; Triedman
et al., 1995; Eckberg, 2003; Porta et al., 2012b), respectively. While the univariate model-
based approach allows the description of the time course and frequency content of HP
variability (Task Force of the European Society of Cardiology and the North American
Society of Pacing and Electrophysiology, 1996), the multivariate model-based techniques
permit the description of the relationship between HP variability and its determinants in
terms of gain (Baselli et al., 1994; Patton et al., 1996), phase (Halamek et al., 2003; Porta
et al., 2011), correlation (Porta et al., 2000b), degree of association along a given temporal
direction (Porta et al., 2002; Nollo et al., 2005), and directionality of the interactions (Porta
et al., 2012a, 2013b; Faes et al., 2013).

While the importance of model-based approaches is indubitable, model-free data-driven
multivariate techniques are gaining more and more attention. This interest is motivated
by the awareness that the description of the multivariate data set might be imprecise, and
even incorrect, when the predefined model class does not match with the mechanism gen-
erating the recorded dynamics. Since, in physiological systems, the full description of the
data—generating mechanism is more an exception than a rule, especially in integrated sys-
tem physiology, the likelihood that the data-generating mechanism is perfectly described
by a given model class is very low. In addition, even in the fortunate case of matching
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between a model class and data-generating mechanism, model parameters and their num-
ber should be estimated from noisy realizations, thus leading to discrepancies between the
true parameters and the estimated ones and, consequently, between the dynamics gener-
ated by the model and by the original system (Soderstrom and Stoica, 1988). The waiver
of making assumptions about the data-generating mechanism not only has contributed to
an increase the appeal and popularity of model-free data-driven multivariate approaches
but also has enlarged the possibility to describe time series dynamics without forcing them
to fulfill to hypotheses that clearly do not hold in reality (e.g., linearity and/or Gaussian
distributions).

The aim of this study is to emphasize the importance of model-free data-driven mul-
tivariate approaches in describing HP variability and cardiovascular control mechanisms
responsible for inducing HP changes via modifications of different cardiovascular vari-
ables such as SAP and RESP. The goal was achieved through the application of a previously
proposed model-free data-driven multivariate framework devised to assess complexity
and causality over a multivariate set composed by several, simultaneously recorded, car-
diovascular variability series (Porta et al., 2014). The approach was applied to assess: the
complexity of the cardiac control, through the evaluation of the amount of irregularity of
HP variability in a multivariate space accounting for HP, SAP, and RESP; and the degree of
involvement of the cardiac baroreflex and cardiopulmonary pathway in governing cardio-
vascular interactions, through the evaluation of the strength of the causal link from SAP
and RESP to HP variability. Modifications of complexity and causality during supine rest-
ing condition (REST) and during the orthostatic challenge resulting from active standing
(STAND) were quantified as a function of age.

5.2 Methods

5.2.1 Estimating Complexity from HP Series via a Model-Free Data-Driven Multivariate
Approach

We make reference to Porta et al. (2014) for the description of the model-free data-
driven multivariate framework for the assessment of complexity of HP variability given
the universe of knowledge Q= {HPSAPRESP}. Two approaches were considered (Porta
et al., 2014). The first approach exploited a local predictability (LP) technique based on a
k-nearest-neighbor approach (Farmer and Sidorowich, 1987; Abarbanel et al., 1994; Porta
et al.,, 2007c). The HP complexity was estimated as the degree of HP unpredictability
when past values of the same series and present and past samples of SAP and RESP
were known. The degree of unpredictability was assessed as the degree of uncorrelation
between the original and predicted signals (Porta et al., 2007c). It ranged from 0 to 1,
where 0 indicated perfect predictability and null complexity, while 1 indicated null pre-
dictability and maximal complexity. The second approach computed the HP complexity
as the residual HP uncertainty given past samples of the same series and present and
past values of SAP and RESP. The residual HP uncertainty was quantified via conditional
entropy (CE) estimated again via a k-nearest-neighbor approach (Porta et al., 2013a). The
CE was divided by the Shannon entropy of HP series to obtain an index of complexity
ranging again from 0 to 1, where 0 indicated perfect predictability and null complexity,
while 1 indicated null predictability and maximal complexity (Porta et al., 2007a). The key
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feature of both LP and CE methods for the assessment of HP complexity was the con-
struction of a multivariate nonuniform optimal embedding space where the dynamical
interactions among HP, SAP, and RESP were unfolded and univocally described (Vla-
chos and Kugiumtzis, 2010; Faes et al., 2011; Porta et al., 2014). The embedding space
was multivariate, nonuniform, and optimal because it could be formed by time-delayed
components of different signals (here HP, SAP, and RESP); the time separation between
adjacent components could be variable and the components were selected such a way to
produce the maximal reduction of unpredictability or uncertainty in the case of LP and
CE methods, respectively (Porta et al., 2014). The overall procedure was iterated until
the minimum of HP unpredictability or uncertainty was reached (Porta et al., 2014) and
the number of components at the minimum was labeled as qgpLro and qyypceo, respec-
tively. The degree of unpredictability and uncertainty at qyypLro and qypceo, respectively,
was indicated as the normalized complexity index (NCI) and indicated as NClypie and
NClIypce. Since the optimal embedding space could be formed by components of HP, SAP,
and RESP, all these signals could contribute to qg;pLro. We indicated in the following with
qpip_ppLPor Agap ppLPo, AN qrpep_, pypLpo the number of components of HP, SAP, and RESP
contributing to qyypre With qpypLro = qpp_ ypLro+ Ggap_ppLPo+ drpsp_pyplPe- The relations
ep_pptre =0, ggap_pgptro =0, and qgpep_pypLre =0, respectively, indicated that HP, SAP,
or RESP did not influence the current value of HP. When qyyp_ yptro #0, qgap_pyptro # 0,
and qgpgp_, pypLre # 0, the minimal delay of past values of HP, SAP, and RESP on the cur-
rent value of HP could be estimated, respectively. Similar decomposition of qyypce. could
be obtained with qpceo = qpp_, pypCEo+ gap_ppCEot qrpsp_ppcie and the minimal delay
of interactions from HP, SAP, and RESP to HP could be estimated as well provided that

Apgp_ppCEo # 0, qgap_ppcio # 0, and qppgp_, pypceo # 0, Tespectively.

5.2.2 Estimating Causality Indexes from SAP and RESP to HP a via a Model-Free Data-Driven
Multivariate Approach

We make reference to Porta et al. (2014) for the description of the model-free data-driven
multivariate framework for the assessment of causality indexes from SAP to HP along
the cardiac baroreflex and from RESP to HP along the cardiopulmonary pathway given
the universe of knowledge Q ={HPSAPRESP}. Two approaches were considered (Porta
et al., 2014), based on the notion of Granger causality (Granger, 1980) and transfer entropy
(Schreiber, 2000).

The first approach estimated the strength of the causal relation from a cause series to an
effect one via a causality ratio (CR) quantifying the fractional decrement of the unpredictabil-
ity of the assigned effect resulting from the inclusion of the presumed cause in the restricted
set of signals that intentionally excluded the presumed cause (Granger, 1980). More specifi-
cally, if the presumed cause was SAP, the effect was HP and the reduced set was {HP,RESP};
the fractional decrement of the HP unpredictability due to the inclusion of SAP measured
the strength of the causal relation from SAP to HP along the cardiac baroreflex (Porta et al.,
2014). This index is indicated as CRg,p_, iypLr in the following. If the presumed cause was
RESP, the effect was HP and the restricted set was {HP,SAP}; the fractional decrement of
the HP unpredictability due to the inclusion of RESP quantified the strength of the causal
relation from RESP to HP along the cardiopulmonary pathway (Porta et al., 2014). This
index is indicated as CRypgp_ pypre in the following. CRg,p_ yypre =0 and CRypgp_ pype =0
indicated that the enlargement of the embedding space by including SAP and RESP respec-
tively did not lead to the addition of any components of SAP and RESP, respectively, thus
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suggesting the absence of causality from SAP and RESP to HP. Conversely, CRg, p_, 1ypte <0
and CRypep_, pypLr < Oindicated that SAP and RESP, respectively, carried unique information
about the future HP evolution that could not be derived from any signal in the restricted set,
and according to the concept of Granger causality (Granger, 1980), it could be stated that
SAP and RESP Granger-caused HP, respectively.

The second approach assessed the strength of the causal relation from a cause series to
an effect one via a CR quantifying the fractional decrement of the information carried by
the effect series resulting from the inclusion of the presumed cause in the restricted set of
signals that deliberately excluded the presumed cause (Schreiber, 2000). In this case, the
indexes measuring the strength of the casual relation from SAP and RESP to HP along the
cardiac baroreflex and cardiopulmonary pathway respectively are labeled as CRg,p_, ypce
and CRyggp_ pypce in the following. Analogously to the LP approach, CRg,p_ 1ypce =0 and
CRypgp_ppce =0 suggested the absence of causality from SAP and RESP to HP, while
CRgpp_ppre <0 and CRypgp_, pypre <0 indicated the presence of a causal relation from SAP
and RESP to HP, respectively.

5.3 Experimental Protocol and Data Analysis
5.3.1 Experimental Protocol

We studied 100 nonsmoking healthy humans (54 males). The age of the subjects ranges
from 21 to 70 years. The overall range of age was uniformly divided into five bins of size
of 10 years. Table 5.1 summarizes the characteristics of the overall population and of any
subgroup in the considered bins of age. The population was balanced in terms of gender to
limit the influences of this confounding factor on the analysis (Barnett et al., 1999). All the
subjects were apparently healthy, had no history, and no clinical evidence of any disease
based on clinical and physical examinations, laboratory tests, standard electrocardiogram
(ECG), and a maximum cardiopulmonary exercise test conducted by a physician. They
were not taking any medication known to interfere with cardiovascular control. Smokers
and habitual drinkers were excluded from this study. All subjects were evaluated in the
afternoon. The experiments were carried out in a climatically controlled room (22-23° C)
with relative air humidity at 40%-60%. Subjects were instructed not to consume caffeinated
and alcoholic beverages as well as not to perform strenuous exercises on the day before the
recording. They were also instructed to ingest a light meal at least 2 hours prior to the test.

TABLE 5.1

Characteristics of the Population

Age Bin (Years) All Ages 21-30 31-40 41-50 51-60 61-70
Number of 100 (54 M/46 F) 20 (10M/10F) 20 (11M/9F) 20 (10M/10F) 20 (10 M/10F) 20 (13 M/7F)
subjects

Age (years) 45 (21-70) 26 34 45 55 65

Weight (kg) 71 (43-100) 71 69 70 71 72

Height (cm) 167 (146-197) 168 168 167 169 164

BMI (kg - m~2) 25(17.4-334) 239 248 25.4 25.1 26.7

M = male; F = female; BMI = body mass index. Values are given as median (1st quartile-3rd quartile).
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On the day of the experiment, the subjects were interviewed and examined before the
test to verify whether they were in good health and had a regular night of sleep. Prior to
the recording, the volunteers were made familiar with the equipment and with the experi-
mental procedure. During the entire protocol, the subjects breathed spontaneously but they
were not allowed to talk. The study was performed according to the Declaration of Helsinki
and it was approved by the Human Research Ethics Committee of the Federal University
of Sao Carlos (protocol number 173/2011). A written informed consent was obtained from
all subjects.

ECG (modified lead I), continuous plethysmographic arterial pressure (Finometer PRO,
Finapress Medical System, The Netherlands), and respiratory movements via thoracic belt
(Marazza, Monza, Italy) were digitalized using a commercial device (BioAmp Power Lab,
AD Instruments, Australia). Signals were sampled at 400 Hz. The arterial pressure was
measured from the middle finger of the left hand maintained at the level of heart by fixing
the subject’s arm to his/her thorax. All the experimental sessions of the protocol included
two periods in the same order: (1) 15 minutes at REST and (2) 15 minutes during STAND.
Before REST, we allowed 10 minutes for stabilization. The arterial pressure signal was
cross-calibrated in each session using a measure provided by a sphygmomanometer at the
onset of REST. The autocalibration procedure of the arterial pressure device was switched
off after the first automatic calibration at the onset of the session. Analyses were performed
after about 2 minutes from the start of each period.

5.3.2 Beat-to-Beat Variability Series Extraction and Index Calculation

After detecting the QRS complex on the ECG and locating the peak of the QRS complex
using parabolic interpolation, HP was approximated as the temporal distance between
two consecutive parabolic apexes. The maximum arterial pressure inside of the nth HP,
HP(n), was taken as the nth SAP, SAP(n). The signal of the thoracic movements was
downsampled once per cardiac beat at the occurrence of the first QRS peak delimit-
ing HP(n), thus obtaining the nth RESP measure, RESP(n). The occurrences of QRS and
SAP peaks were carefully checked to avoid erroneous detections or missed beats. After
extracting the series HP = {HP(n),n=1,...,N},SAP={SAP(n),n=1,...,N} and RESP =
{RESP(n),n=1,...,N}, where n is the progressive cardiac beat counter and N is the total
cardiac beat number, sequences of 256 consecutive measures were randomly selected
inside REST and STAND periods, thus focusing on short-term cardiovascular regulatory
mechanisms (Task Force of the European Society of Cardiology and the North Amer-
ican Society of Pacing and Electrophysiology, 1996). If evident nonstationarities, such
as very slow drifting of the mean or sudden changes of the variance, were present
despite the linear detrending, the random selection was carried out again. Traditional
time domain parameters such as the mean and the variance of HP and SAP were cal-
culated and indicated as pp, Hgap, 012{1,, and oé Ap- Lhey were expressed in ms, mmHg,
ms?, and mmHg?, respectively. RESP values were expressed in arbitrary units (a.u.). The
possible immediate (i.e., within the same cardiac beat) effects of SAP and RESP on HP
(Eckberg, 1976; Porta et al., 2012a) were accounted for by testing the presence of zero-
lag interactions of SAP(n) and RESP(n) on HP(n). The number of nearest neighbors, k,
was set to 30 for both LP and CE approaches (Porta et al., 2014). The maximal num-
ber of lagged components derived from each series and tested for the construction of
the optimal embedding space was fixed to 10 and the maximal number of components
forming the multivariate embedding space was fixed to 15. This choice imposed that
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QP pptPos GsAP—HPLPor IRESP—HPLPor QP HPCEes 5P pipCho, AN Grpgp_ prpcko Tanged from
0 to 10, while qyyprro and qyypceo ranged from 0 to 15.

5.3.3 Statistical Analysis

After pooling together all the data regardless of age and the experimental condition (i.e.,
REST and STAND), we performed a paired t-test to check the significance of the difference
between the optimal number of samples, qypo, leading to the minimal unpredictability or
uncertainty of the HP series assessed according to the LP and CE approaches, respectively.
If the normality test (Kolmogorov-Smirnov test) was not fulfilled, the Wilcoxon signed
rank test was utilized. After pooling together all the data regardless of age, the same test
was exploited to evaluate the effect of the orthostatic challenge (i.e., STAND) on traditional
parameters (i.e., pyp, 62HP, psap, and Gg Ap) and, after having assigned the method (i.e.,
LP or CE), on NCI and CR. Two-way repeated measures analysis of variance (one factor
repetition, Holm-Sidak test for multiple comparisons) was utilized to test the significance
of the differences between the number of samples of HP, SAP, and RESP contributing to
qupe within the same method (i.e., LP and CE) and between methods within the same
parameter. The y2 test was utilized to test the effect of the experimental condition within
the method (i.e., LP or CE) and the effect of the method within the experimental condition
(i.e., REST or STAND) on the percentage of subjects with immediate influences from SAP
and RESP to HP (McNemar'’s test). Linear regression analysis of pyp, 612{13, pgap, and Gé AP
on age was carried out. Pearson product-moment correlation coefficient was calculated.
The same analysis was carried out to check the dependence of NCI and CR, as computed
from LP and CE approaches, on age. Statistical analysis was carried out using a commercial
statistical program (Sigmaplot, ver.11, Systat Software, San Jose, CA, USA). A p <.05 was
always considered significant.

5.4 Results
5.4.1 Representative Examples of Complexity and Causality Analyses of HP Dynamics

Figure 5.1 shows a representative example of HP, SAP, and RESP series recorded at REST
in a healthy young subject (age = 26 years) and in a healthy old individual (age = 70 years).
This example shows a tendency of the HP series toward a reduction of HP variance,
cfﬂ,, with age in the presence of an unchanged HP mean, pyp: pygp and G%H, are 899
ms and 1758 ms?, respectively in Figure 5.1a and 871 ms and 579 ms?, respectively in
Figure 5.1d. Conversely, SAP mean, pgsp, and variance, G% Ap- tend to increase: psap and
cé Ap are 119 mmHg and 8 mmHg? in Figure 5.1b and 155 mmHg and 64 mmHg? in
Figure 5.1e. In this example, NCIHPLP and NCIHPCE are 0.35 and 0.78, respectively, in the
young subject and they are lower in the old individual (i.e., 0.19 and 0.68), thus indicating
a reduction of complexity in terms of unpredictability and amount of information of the HP
series. In the young subject, CRg , p_, yyprr and CRg , p_ 1ypce are —0.03 and 0 and CRypgp_ pypLp
and CRppgp_, pypce are —0.59 and —0.19. In the old individual, CRgp_, pypre and CRgp_, yypcE
are equal to those derived from the young one. Conversely, in the old subject, CRypgp_, jypLr
and CRypep_, pypcE are less negative (—0.34 and —0.06).

Figure 5.2 shows a representative example of HP, SAP, and RESP series recorded dur-
ing STAND in a healthy young subject (age = 30 years) and in a healthy old individual
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FIGURE 5.1
HP, SAP, and RESP series recorded at REST in a healthy young (age = 26 years) subject are shown in (a), (b),
and (c), respectively, while those recorded in the same condition in a healthy old (age = 70 years) individual are

depicted in (d), (e), and (f), respectively.
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FIGURE 5.2

HP, SAP, and RESP series recorded during STAND in a healthy young (age = 30 years) subject are shown in (a),
(b), and (c), respectively, while those recorded in the same condition in a healthy old (age = 70 years) individual
are depicted in (d), (e), and (f), respectively.
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(age =70 years). This example shows a tendency toward an increase of pyp and to a
decrease of G%H, with age: pyp and 6%{1., were 588 ms and 784 ms? in Figure 5.2a and 732 ms
and 201 ms? in Figure 5.2d. pgap exhibits a marked increase from 117 (Figure 5.2b) to
162 mmHg (Figure 5.2e), while cé Ap 18 similar (e, 21 and 17 mmHg?). In this example,
NClIprr is 0.13 in the young subject and higher in the old individual (i.e., 0.19), thus indi-
cating an increase of complexity in terms of unpredictability of the HP series. NCIpce is
more balanced, 0.61 and 0.62 in the young and old subject, respectively. In the young sub-
ject, CRgap_ piptPs CRg A p_ 11pcEs CRypgp_ pyprp, and CRypop_ pypee are —0.36, 0, 0, and 0. In the
old subject, CRg p_, ;ypLr becomes less negative (i.e., —0.09) and CRgpp_, pypcE, CRypgp_, pypLP
and CRypgp_, pypce are similar (i.e., 0, —0.02, and 0, respectively).

5.4.2 Optimal Number of Components and Zero-Lag Interactions

The bar graph in Figure 5.3 shows the mean (plus standard deviation) of the total num-
ber of components (i.e., the optimal embedding dimension), qypo, leading to the smallest
unpredictability of the HP series according to the LP technique, and to the minimal amount
of information carried by the HP series according to CE. Values of qype were pooled
together independently of the experimental condition (i.e., REST and STAND) and age.
The LP and CE approaches had different levels of parsimoniousness: the number of com-
ponents necessary to reduce the HP uncertainty to the minimum was significantly smaller
than the one needed to decrease the unpredictability to the nadir (the median value of
qyypLro and qypceo Was 4 and 2, respectively).

qupe was decomposed into three terms, qyp_,zpo, Gsap—ppe, and qresp_pype, featuring
the number of HP, SAP, and RESP samples contributing to the reduction of unpredictabil-
ity and uncertainty of the HP series. Figure 5.4 reports the mean (plus standard deviation)
of qup_ppe (White bar), qgap_ppe (gray bar), and qrrsp_ppe (black bar) as a function of
the method (i.e., LP and CE). Values of qyp_ppo, 9sap—ppe, and qresp_ppe Were pooled
together regardless of the experimental condition (i.e., REST and STAND) and age. The
LP approach led to values of qyp_ yyprro larger than qg,p_ yyprro and qppgp_, pypLro, While
9sap_pptPe and qppep_pypiro Were similar. The CE technique clearly suggested a differ-
ent importance of HP, SAP, and RESP in diminishing HP uncertainty. Indeed, qgp_ jypcEo
was the largest value and qg,p_, ;pceo Was the smallest one. The difference between qypLro

qHp

FIGURE 5.3

Bar graph shows mean plus standard deviation of the optimal total number of components, qpo, leading to the
smallest unpredictability of HP series according to the LP approach (i.e., gypLro) and to the minimal amount of
information carried by HP series according to CE (i.e., qypceo ). The values of ggpo were pooled together regardless
of the experimental conditions (i.e., REST and STAND) and age. The symbol * indicates a significant difference
with p <.001.
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Grouped bar graph shows mean plus standard deviation of the number of HP (qyp_ypo, White bar), SAP
(9sap_Hpo, gray bar), and RESP (qggsp_ypo, black bar) samples contributing to the optimal number of compo-
nents, gyypo, leading to the smallest unpredictability of HP series according to the LP approach (i.e., qgp_ yypLpo,
Jsap_pptPe and qrpgp_,pgpLre) and to the minimal amount of information carried by HP series according to CE
(i-e., Gyp_pypCEo, Ggap_ppCEo, @A qrpgp_ pypcEo)- The values of qyyp_pipe, Gsap—ppe, and qresp_ppe Were pooled
together regardless of the experimental condition (i.e., REST and STAND) and age. The symbol * indicates a
significant difference with p <.05 within the same index while varying the method. The symbol # indicates a
significant difference with p < .05 within the same method while varying the index.
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FIGURE 5.5

Grouped bar graphs show the percentage of subjects with immediate effects (i.e., zero-lag interactions) from SAP
to HP (a) and from RESP to HP (b) as a function of the experimental condition (REST and STAND). The percentage
was calculated by accounting solely for subjects with qgap_,gpo #0 and qrgsp_ppo #0 in (a) and (b), respectively.
Black bars represent the percentage of subjects with immediate effects assessed according to LP approach, while
the white bars represent that computed according to CE. Subjects were pooled together independently of age. No
significant difference was detected.

and qyypceo, reported in Figure 5.3, was explained in Figure 5.4 in terms of a significant
decline of qyp_ ypcko, Gsap_ppcko, aNd qggsp_ppcro compared t0 qyp_gpLro, Gsap_ HptPos
and qgrpgp_, ypLro, TESpectively.

Figure 5.5 shows the effect of the orthostatic stimulus on the percentage of subjects
exhibiting immediate effects (i.e., zero-lag interactions) from SAP to HP (Figure 5.5a)
and from RESP to HP (Figure 5.5b). Subjects were pooled together independently of age.
Among subjects with ggap_,pgpe #0 and qrgsp_ppe #0, the percentage of subjects with
immediate effects did not vary with the type of approach (i.e., LP or CE) and the exper-
imental condition (i.e., REST or STAND).
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FIGURE 5.6

Bar graphs show mean plus standard deviation of HP mean, pyp (a), HP variance, G%H) (b), SAP mean, pgap (c),
and SAP variance, cé p (d) as a function of the experimental condition (i.e., REST and STAND). Values of pyp,
G%IP, Hsap, and cé Ap Were pooled together regardless of age. The symbols * and § indicate a significant difference
with p <.001 and p < .05, respectively.

5.4.3 Effects of Orthostatic Challenge on HP Complexity and Causality Indexes

Figure 5.6 shows the bar graphs of pyp, c%ﬂ,, Hgap, and cé Ap (mean plus standard devia-
tion) as a function of the experimental condition (i.e., REST and STAND). Values of pyp,
c%{P, Msap, and cg Ap Were pooled together independently of age. STAND induced a signif-
icant decrease of pyp (Figure 5.6a) and GIZ{P (Figure 5.6b) and a significant increase of pgap
(Figure 5.6c) and cé Ap (Figure 5.6d).

Figure 5.7 reports the bar graphs of NCIp (mean plus standard deviation) as a func-
tion of the experimental condition (i.e., REST and STAND) estimated by the LP and CE
approaches. Values of NClyp were pooled together independently of age. Both LP (Fig-
ure 5.7a) and CE (Figure 5.7b) techniques detected a significant decrease of NClp during
STAND, thus suggesting that the orthostatic challenge reduced unpredictability and uncer-
tainty of the HP series.

Figure 5.8 reports the bar graphs of CRgsp_pp and CRrpsp_,gp (mean minus standard
deviation) as a function of the experimental condition (i.e., REST and STAND) estimated
by the LP and CE approaches. Values of CRgap_,iyp and CRrgsp_,yp Were pooled together
independently of age. CRg,p_pLr became significantly more negative during STAND
(Figure 5.8a) and this trend revealed an augmentation of the strength of the causal link
from SAP to HP. CRg, p_, ;ypce Was unable to detect the same effect of STAND (Figure 5.8b).
STAND affected CRgrgsp_pp as well (Figure 5.8c and d). Indeed, CRrgsp_,yp significantly
moved toward 0, thus indicating a reduced strength of the causal link from RESP to
HP. This finding was confirmed both by CRyprep yprr (Figure 5.8c) and CRypgp_,pypcE
(Figure 5.8d).
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(a)

(b)

Bar graphs show mean plus standard deviation of NCI of the HP series, NCIyp, in (a) and (b), as a function of the
experimental condition (REST and STAND). The bar graph in (a) is relevant to indexes computed according to
the LP approach, while the bar graph in (b) is relevant to those calculated according to CE. Values of NCIyp were
pooled together regardless of age. The symbol * indicates a significant difference with p <.001.

0.0 0.00
= g
£~ [=3
jess jen)
T T
~y ~
] 3
~ ~
O . O
-0.5 ! . 0.03 ! L
(@) (b)
0.0 0.00
(=¥ 93]
e L
2 J 7
53 oL
~ 0~
O O N
*
05 RE*ST * 0.15 :

STAND
(© (d

STAND

FIGURE 5.8

Bar graphs show mean minus standard deviation of CR from SAP to HP, CRgap_pp, in (a) and (b), and of CR
from RESP to HP, CRggsp_pp, in (c) and (d) as a function of the experimental condition (REST and STAND). The
bar graphs in (a) and (c) are relevant to indexes computed according to the LP approach, while bar graphs (b) and
(d) are relevant to those calculated according to CE. Values of CRgpp_yp and CRrggp_,pyp Were pooled together
regardless of age. The symbol * indicates a significant difference with p <.001.

5.4.4 Linear Regression Analysis on HP Complexity and Causality Indexes on Age

Table 5.2 reviews the results of linear regression analysis of time domain HP and SAP
variability parameters on age at REST. .While Pggp Was unre}ated to age, G%_IP, psap, and cé AP
were found significantly correlated with age. The correlation coefficient, rp, was negative
in the case of G%H,, thus indicating that the magnitude of the HP variations progressively

decreased with age and was positive in the case of pgap and cé Aps thus evidencing that
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TABLE 5.2

Linear Regression Analysis of Time-Domain HP and SAP Variability
Parameters on Age at REST

rp p Significance
Hpgp 0.0418 6.80x 1071 No
o -0.391 5.77x1075 Yes
Hgap 0.243 1.48x1072 Yes
Ooap 0.403 322x107° Yes

- L 62 = ; . - L 62 = ; C o
pup =HP mean; of,, =HP variance; psap =SAP mean; o7, , =SAP variance; rp =

Pearson product-moment correlation coefficient; p= probability of type-I error;
Yes/No = the variable is/is not significantly related to age with p <.05.

TABLE 5.3

Linear Regression Analysis of Time-Domain HP and SAP Variability
Parameters on Age during STAND

rp P Significance
Hep 0.306 1.97x 1073 Yes
e -0.430 7.88x107° Yes
Hgap 0.299 2.54x 1073 Yes
Ooap 0.0104 9.18x 107! No

pp = HP mean; cf[P:HP variance.,' pSAP:.Sl.%P mean; Gé AP .:'SAP variance; rp =
Pearson product-moment correlation coefficient; p =probability of type-I error;

Yes/No = the variable is/is not significantly related to age with p <.05.

TABLE 5.4

Linear Regression Analysis of Model-Free Data-Driven Multivariate
Indexes of HP Complexity on Age at REST

p p Significance
NCIpLp —0.357 2.69x107* Yes
NClIpce —-0.317 1.33x1073 Yes

NCIprr, NCIjpce =normalized complexity index of HP series derived from LP and
CE approaches; rp =Pearson product-moment correlation coefficient; p = probability
of type-I error; Yes/No=the variable is/is not significantly related to age with
p <.05.

both SAP and the magnitude of its changes increased with age. It is worth noting that p
assessed over 62, , was three orders of magnitude larger than that relevant to pgup.

Table 5.3 summarizes the results of linear regression analysis of time-domain HP and
SAP parameters on age during STAND. Different from REST, pyyp was significantly linearly
correlated with age. rp was positive, thus suggesting that orthostatic challenge induced a
tachycardic response becoming less and less important with age. Similarly to REST, the
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progressive decrease of G%IP and the gradual increase of pgap were significant. During
STAND no linear relation was detected between cé Ap and age.

Table 5.4 reports the results of linear regression analysis of HP complexity parameters
on age at REST. NCI;pr and NCIpce were significantly linearly correlated with age. rp
was negative, thus suggesting a progressive loss of complexity of HP dynamics with age.
Table 5.5 summarizes the results of linear regression analysis of HP complexity indexes
on age during STAND. This table suggests a different behavior between HP complexity
indexes assessed according to LP and CE techniques. Only NCI,,.r was found signifi-
cantly related to age (the type-I error probability of the linear relation of NCI,ce on age
was close to the significance level). rp of NCI,r on age was positive, thus suggesting that
HP variability during STAND became more and more unpredictable with age.

Table 5.6 reports the results of linear regression analysis of parameters assessing causal-
ity from SAP and RESP to HP on age at REST. Both CRg,p_ yprr and CRg,p_ ¢ypce were
unrelated to age. Conversely, both CRypep_ ypre and CRypgp_ pypce progressively became
less negative with age (rp was positive), thus suggesting that aging reduced the strength
of the causal link from RESP to HP. Table 5.7 summarizes the results of linear regres-
sion analysis of parameters assessing causality from SAP and RESP to HP on age dur-
ing STAND. Causality analysis indicated another different behavior between the LP and
CE approaches. Indeed, while CRg,p_ jjpLr Was significantly linearly correlated with age,
CRgpp_pypce Was unrelated to it. 7p of CRg,p_pypLr ON age was positive, thus indicating
that the strength of the causal link from SAP to HP became gradually weaker and weaker

TABLE 5.5

Linear Regression Analysis of Model-Free Data-Driven Multivariate
Indexes of HP Complexity on Age during STAND

rp p Significance
NClyypre 0.244 1.42x1072 Yes
NCIjpce 0.179 7.52x 1072 No

NCIyypre, NCIyypee =normalized complexity index of HP series derived from LP and
CE approaches; rp =Pearson product-moment correlation coefficient; p = probability
of type-I error; Yes/No=the variable is/is not significantly related to age with
p<.05.

TABLE 5.6

Linear Regression Analysis of Model-Free Data-Driven Multivariate
Causality Indexes from SAP and RESP to HP on Age at REST

rp 4 Significance
CRSAPqHPLP -0.0677 5.03x1071 No
CRgp_papce 0.0203 8.41x10°! No
CRgesp_ppt? 0.201 4.47x1072 Yes
CRppsp_ pCE 0.380 9.47 x107° Yes

CRgpp_pptp, CRgpp_ pypcE = causality ratio from SAP to HP series derived from LP
and CE approaches; CRypep_, 1iptPs CRypop_, pypce = causality ratio from RESP to HP
series derived from LP and CE approaches; rp =Pearson product-moment correla-
tion coefficient; p = probability of type-I error; Yes/No = the variable is/is not signif-
icantly related to age with p <.05.
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TABLE 5.7

Linear Regression Analysis of Model-Free Data-Driven Multivariate
Causality Indexes from SAP and RESP to HP on Age during STAND

e p Significance
CRgpp_ppL? 0.326 9.51x107% Yes
CRSAPqHPCE 0.00152 9.88x 1071 No
CRyesp_ppt? —-0.149 1.40x 1071 No
CRppsp_, ppCE -0.182 7.00x 1072 No

CRgpp_pptP CRgpp_ pypcE = causality ratio from SAP to HP series derived from LP
and CE approaches; CRppep_,1yptP, CRypep_, pypce = causality ratio from RESP to HP
series derived from LP and CE approaches; rp =Pearson product-moment correla-
tion coefficient; p = probability of type-I error; Yes/No = the variable is/is not signif-
icantly related to age with p <.05.

with age. The LP and CE approaches provided similar results in the case of causality from
RESP to HP: indeed, both CRyppep_,pyprr and CRypop_, pypce Were unrelated to age.

5.5 Discussion
5.5.1 Discussion of the Methodological Findings

The first part of the discussion is mainly devoted to methodological issues supporting the
relevance of applying model-free data-driven multivariate techniques in studies carried
out to elucidate mechanisms underpinning cardiovascular regulation and, more specif-
ically, to quantify the complexity of the cardiac control and the strength of the causal
relations among cardiovascular variables. In this section, a subsection is devoted to the
comparison between two traditional approaches for the assessment of complexity and
causality (i.e., LP and CE) in the context of the analysis of cardiovascular control. This com-
parison was allowed by the peculiar characteristic of the specific model-free data-driven
multivariate framework adopted in this study (Porta et al., 2014).

5.5.1.1 On the Importance of Applying a Model-Free Data-Driven Multivariate Framework
for the Evaluation of the Cardiovascular Control from Spontaneous Physiological
Variations

The present study stresses the importance of applying a model-free data-driven multi-
variate approach for the characterization of HP variability and its dependence on varia-
tions of physiological variables different from HP such as SAP and RESP. Traditionally,
parameters helpful to describe HP variability were computed via both model-free (Aksel-
rod et al., 1981) and model-based (Pagani et al., 1986) univariate techniques. However, the
univariate approach fails in accounting for possible influences of physiological variables
over HP variability, thus providing a limited interpretation of the HP dynamics, prevent-
ing the understanding of the origin of HP changes and limiting the clinical application of
HP variability indexes due to the lack of association to specific physiological mechanisms.
In order to overcome these shortcomings, multivariate model-based approaches have been
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proposed (Baselli et al., 1994; Mullen et al., 1997; Xiao et al., 2005; Porta et al., 2006, 2009).
These methods were found very helpful in providing a more complete picture of HP vari-
ability via the quantification of transfer functions linking fluctuations of cardiovascular
variables to HP changes (Mullen et al., 1997; Xiao et al., 2005) and the decomposition of HP
variability into the contributions attributable to specific physiological mechanisms (Porta
et al., 2006, 2012b). However, these methods hypothesize that the interactions among vari-
ability series could be faithfully explained in terms of linear relations usually described
by standard linear multivariate regression models (Baselli et al., 1994; Mullen et al., 1997;
Xiao et al., 2005; Porta et al., 2006, 2009). Even though the hypothesis of linearity might
hold in several experimental conditions and the small amount of HP changes, especially in
pathological subjects, might allow the linearization of a nonlinear system about the mean
values of the variables, linear dynamics or small variations cannot be considered ubiqui-
tous features in HP variability studies. In addition, even if one of the two abovementioned
prerequisites holds, the general structure of the adopted model class might lead to inef-
ficient reproduction of the HP dynamics especially when the model order was kept low
to avoid overparametrization. According to these considerations, model-free data-driven
techniques should be favored in exploratory studies based on little information about the
underlying system, while model-based approaches should be considered as a secondary
option. Conversely, due to the usual superior computational efficiency of model-based
approaches compared to model-free ones, model-based techniques should be privileged
when more robust information about the system’s behavior is provided. However, even
in this case the application of a model-free data-driven multivariate approach should not
be discarded because it can provide an additional check about the final conclusions of the
analysis.

5.5.1.2 Application of a Model-Free Data-Driven Multivariate Framework for the Evaluation
of Complexity of HP Dynamics and the Causal Relations from SAP and RESP to HP
Variability

The model-free data-driven multivariate approach to the assessment of complexity of a
time series and to the evaluation of the strength of the causal relations between two series
while accounting for the confounding influences of signals different from the presumed
cause and assigned effect proposed in Porta et al. (2014) was applied to HP, SAP, and
RESP series recorded to quantify the influences of aging on cardiovascular regulation. The
adopted approach is completely different from more traditional techniques for the assess-
ment of complexity of HP variability and this difference is the consequence of its multi-
variate nature. Indeed, in the usual definition, complexity is evaluated according to the
degree of irregularity of the HP dynamics computed solely on the basis of the past history
of HP series via both LP (Sugihara et al., 1996; Porta et al.,, 2000a, 2007c) and CE
(Pincus et al., 1993; Porta et al., 2000c, 2007b, 2013a; Richman and Moorman, 2000; Javorka
et al., 2008). Conversely, complexity evaluation provided by the adopted approach is based
on the past history of all the signals included in the multivariate universe of knowledge
Q= {HPSAPRESP}. Therefore, while traditional indexes measure low complexity only in
the presence of repetitive patterns in the designated effect signal (i.e., HP), with our defini-
tion, low complexity may also be encountered when complex dynamics of the effect signal
are explained by the dynamics of the other signals included in Q.

The exploitation of a multivariate universe of knowledge © = {HP,SAPRESP} is partic-
ularly attractive in cardiovascular variability studies. Indeed, even though the vast major-
ity of the applications assessing cardiovascular variability interactions are based on a
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bivariate universe of knowledge Q= {HPSAP}, for example, in the case of the assess-
ment of baroreflex sensitivity (Laude et al., 2004), it was demonstrated that RESP is a
latent confounder for the HP-SAP variability interactions (Porta et al., 2012a; Bassani et al.,
2013) due to contemporaneous RESP actions on both HP and SAP variability (Saul et al.,
1991; Baselli et al., 1994). Therefore, conditioning for RESP is mandatory to correctly dis-
ambiguate the temporal directions of the interactions between HP and SAP, thus sug-
gesting that the minimal set of cardiovascular variability series deserving attention to
describe cardiovascular regulation is € ={HPSAP,RESP}. The importance of consider-
ing Q= {HPSAPRESP} is dramatically evident in experimental conditions in which the
RESP drive is particularly powerful such as during controlled respiration especially at
slow breathing rates (Porta et al., 2012a) and under mechanical ventilation during gen-
eral anesthesia (Bassani et al., 2013). However, it is worth stressing that, since the forma-
tion of Q is arbitrary, results are fully dependent on the specific view underpinning its
construction. Defining Q = {HP,SAPRESP} and HP as the assigned effect, the underlying
view mainly accounts for baroreflex control of HP and respiratory-related influences on
HP mainly mediated by the variations of the vagal outflow, while modifications of HP
due to changes of peripheral resistances or sympathetic outflow independent of cardiac
baroreflex are disregarded. Nevertheless, the adopted fully multivariate approach might
allow future enlargement of Q, thus virtually accounting for any correlation between the
assigned effect and the presumed cause and due to the common action of sources on
both.

5.5.1.3 Comparison between LP and CE Approaches for the Assessment of Complexity of
HP Dynamics and Causal Relations from SAP and RESP to HP Variability

The model-free data-driven multivariate approach adopted in this study allowed the com-
parison between two different approaches for the assessment of complexity HP dynamics
and causal relations from SAP and RESP to HP variability. The two approaches, largely
exploited in the literature for the assessment of both complexity (Sugihara et al., 1996; Porta
et al., 2000a,c; Pincus et al., 1993; Richman and Moorman, 2000) and causality (Granger,
1980; Schreiber, 2000; Porta et al., 2014) are based on LP and CE. The comparison of the
two approaches in the context of HP variability analysis pointed out that the both the LP
and CE methods found an amount of past HP samples helpful to reduce unpredictabil-
ity and uncertainty of HP dynamics, qyp_,ppo, significantly different from 0. This finding
suggests that exogenous sources taken into account in this study (i.e., SAP and RESP) were
unable to account for all the prima facie causes of HP changes, thus prompting for the search
for additional, significant determinants of the HP dynamics. Alternatively, resonance prop-
erties of mechanisms capable of regulating HP independently of SAP and RESP should be
hypothesized.

Regardless of age and experimental conditions, the LP approach identified a total num-
ber of components helpful to reduce HP unpredictability and uncertainty to a minimum,
qupe, greater than the CE technique. It might be hypothesized that comparison between
original and predicted HP dynamics might unveil dependencies over past samples that the
direct assessment of degree of HP uncertainty cannot discover. This difference between the
LP and CE approaches leads to the different ability of the two approaches in detecting
the effects of STAND. Indeed, while both the LP and CE approaches detected the decrease
of complexity of HP dynamics and of the strength of the causal relation from RESP to HP
during REST, the increase of the strength of the causal link from SAP to HP was detected
only by the LP method during STAND. Since a major involvement of cardiac baroreflex
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control is expected during STAND, the disappointing performance of CE might indicate
an excessive parsimoniousness of CE preventing the inclusion of a sufficient number of
SAP samples in the optimal embedding space. This parsimoniousness is certainly help-
ful to limit the rate of false detection of causality when causality is not present (i.e., false
positives), but it might increase the rate of false negatives (i.e., the probability of missing
causality when a causal link exists). The greater parsimoniousness of CE might also explain
the reduced statistical power of the CE approach in detecting the progressive increase of
complexity of HP dynamics with age during STAND (the probability of type-I error was
close to the significance value) compared to the LP approach.

5.5.2 Discussion of the Experimental Findings

The second part of the discussion is mainly devoted to experimental considerations rele-
vant to the application of a model-free data-driven multivariate technique to HP, SAP, and
RESP series for the evaluation of the complexity of the cardiac control, as assessed through
HP variability, and of the degree of involvement of cardiac baroreflex and cardiopulmonary
pathway, as evaluated via the quantification of the strength of the casual relation from SAP
and RESP to HP variability, respectively. This part discusses findings linked to orthostatic
challenge and to senescence.

5.5.2.1 Effect of Orthostatic Challenge on HP and SAP Traditional Parameters

After pooling together all the subjects independently of age, orthostatic challenge induces
a decrease of HP mean and variance and an increase of SAP mean and variance. This result
is in agreement with (Cooke et al., 1999; Laitinen et al., 2004; Porta et al., 2011; Turianikova
et al., 2011) considering cohorts of subjects with narrower ranges of age. This finding was
interpreted as a consequence of the vagal withdrawal and/or sympathetic enhancement
induced by the caudal shift of blood induced by the postural change. While the increase
of tonic sympathetic activity and/or its modulation (i.e., the amplitude of the changes of
sympathetic activity about its mean value) was proved (Cooke et al., 1999; Furlan et al.,
2000), changes of vagal activity and its modulation were usually inferred from HP vari-
ability (Montano et al., 1994; Cooke et al., 1999; Porta et al., 2007d).

5.5.2.2 Kffect of Orthostatic Challenge on Complexity of HP Dynamics and Causal Relations
from SAP and RESP to HP Variability

This study confirms that STAND induces a significant decrease of complexity of HP
dynamics (Turianikova et al., 2011). The most likely mechanism responsible for this finding
is the decrease of vagal modulation directed to the heart limiting respiratory sinus arrhyth-
mia (Montano et al., 1994; Cooke et al., 1999; Porta et al., 2007d; Turianikova et al., 2011).
The reduction of vagal influences directed to the heart prevents fast HP changes, thus lim-
iting the number of temporal scales that can be exploited by the cardiovascular control to
regulate HP and, consequently, the dynamical complexity of HP variability (Porta et al.,
2007b, 2012c). This finding corroborates previous results indicating that the complexity of
HP dynamics is under vagal control. Indeed, it decreased gradually with the magnitude
of the orthostatic challenge during graded head-up tilt (Porta et al., 2007b, 2012c), it was
markedly reduced during cholinergic blockade induced by high dose of atropine (Porta
et al., 2007c, 2012c), and it was unaffected by beta-adrenergic blockade induced by pro-
pranolol or after central blockade of the sympathetic outflow to the heart and vasculature
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carried out by clonidine (Porta et al., 2012c). Our study supports further the hypothesis
of the inability of respiratory influences to impinge on the heart. Indeed, the strength
of the causal relation from RESP to HP was significantly reduced during STAND (Porta
et al., 2012b). This finding suggests that the reduction of the respiratory sinus arrhythmia
observed during STAND (Montano et al., 1994; Cooke et al., 1999; Porta et al., 2007d; Turi-
anikova et al., 2011) is more likely to be the result of the uncoupling of the HP dynamics
from the respiratory-related fluctuations of the vagal outflow than the effect of a decrease of
the gain of the transfer function between the vagal outflow and HP variability. In addition,
this study suggests a further possible explanation for the decrease of complexity of HP vari-
ability during STAND. Indeed, we found that the magnitude of the causal link from SAP
to HP increased during STAND (Porta et al., 2012b), thus indicating an increased impact
of SAP variability on HP dynamics and, consequently, an augmented role of baroreflex
in the HP regulation during STAND. The increased impact of SAP on HP during STAND
played a direct role in decreasing HP complexity because it produces a larger decrement
of unpredictability and of information carried by HP. The major involvement of baroreflex
in regulating HP during orthostatic stress is not surprising: indeed, baroreflex is the main
reflex involved in the maintenance of blood pressure levels in the presence of the reduction
of venous return induced by the change of posture. This observation corroborates previous
findings suggesting the increased role played by baroreflex in governing HP-SAP variabil-
ity interactions during passive orthostatic stress (Nollo et al., 2002, 2005; Porta et al., 2011,
2013c). This result is particularly robust because it is independent of the type of approach
actually exploited to estimate causality; indeed, it was found by both the LP and CE tech-
niques in the present study, a model-free approach in the information domain in Porta et al.
(2011) and Nollo et al. (2002), a model-based approach in the time domain in Porta et al.
(2013c), and a model-based approach in the frequency domain in Nollo et al. (2005).

5.5.2.3 Effect of Age on HP and SAP Traditional Parameters

We confirm that at REST, the mean HP is unrelated to age (Laitinen et al., 2004), mean
SAP progressively increases with age (Laitinen et al., 2004), and HP variance gradually
decreases (Beckers et al., 2006; Kaplan et al., 1991; O’Brien et al., 1986). The tendency of
SAP variance to increase with age at REST observed in Laitinen et al. (1999) was found to
be to significant in this study. Several mechanisms have been advocated to explain these
relations with age: (1) the depressed pacemaker activity of sinoatrial node myocytes (Larson
et al., 2013); (2) the gradual augmentation of tonic sympathetic activity as measured from
postganglionic sympathetic nerves directed to skeletal muscles (Seals and Esler, 2000; Parker
Jones et al., 2003); (3) the progressive increase of norepinephrine concentrations (Ziegler
et al., 1976; Parker Jones et al., 2003; Barnett et al., 1999); (4) the continuing decline of vagal
modulation as assessed from the amplitude of respiratory sinus arrhythmia in the time or
frequency domain (Hrushesky et al., 1984; Beckers et al., 2006); (5) the gradual alteration
of the adrenoceptor function (Kelly and O’Malley, 1984); (6) the progressive diminution of
the responsiveness of the sinus node to sympathetic outflow (Lakatta, 1993; Barnett et al.,
1999; Laitinen et al., 2004); and (7) the regular decrease of baroreflex sensitivity (Laitinen
et al., 2004; Barnett et al., 1999; Veermann et al., 1994; Parker Jones et al., 2003).

During STAND, we confirm the positive dependence of HP mean and the negative rela-
tion of HP variance on age (O’Brien et al., 1986; Barnett et al., 1999), the positive correlation
of SAP mean with age (Veermann et al., 1994), and the lack of a linear relation between SAP
variance and age (Veermann et al., 1994; Barnett et al., 1999). These results were explained
by the reduced effect of the postural maneuver on the cardiovascular variables due to
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the diminished responsiveness of the sinus node to neural inputs in response to stressors
(Lakatta, 1993; Esler et al., 1995; Barnett et al., 1999; Laitinen et al., 2004), by the reduced
responsiveness of the vasculature to vasodilatator agents (Elliott et al., 1982) and in reaction
to stimuli (Veermann et al., 1994; Barnett et al., 1999; Laitinen et al., 2004), by the increase
of peripheral resistances (Laitinen et al., 2004), and by the decreased baroreflex efficiency
in response to the postural challenge (Laitinen et al., 2004).

5.5.2.4 Effect of Age on Complexity of HP Dynamics and Causal Relations from SAP and
RESP to HP Variability

This study confirms the gradual decrease of complexity of HP dynamics with age (Kaplan
et al., 1991; Pikkujamsa et al., 1999; Takahashi et al., 2012; Viola et al., 2011; Beckers et al.,
2006). The result was obtained by exploiting a multivariate set of information about the
behavior of the cardiovascular control system (i.e., HP, SAP, and RESP series), thus possi-
bly avoiding inaccuracies of the reconstruction of the system dynamics that might happen
using only one signal due to the presence of subsystems unobservable from HP series. As a
consequence of its multivariate nature, the exploited approach is completely different from
traditional approaches using only HP series to quantify the complexity of the cardiac con-
trol (Kaplan et al., 1991; Pikkujamsa et al., 1999; Takahashi et al., 2012; Viola et al., 2011). The
gradual decrease of the complexity of HP variability appears to be robust because it was
detected by both the LP and CE approaches. As a new finding, STAND was associated with
a progressive increase of HP complexity with age measured according to the LP approach.
Since HP complexity during STAND decreased as a result of the sympathetic activation
and vagal withdrawal, this finding indicates a reduced ability of the cardiovascular sys-
tem to cope with the postural challenge leading to more and more limited reduction of HP
complexity in response to postural challenge with age. This finding is less evident with CE
(the type-I error probability is larger than the selected level of significance but close to it),
although the tendency is the same (i.e., correlation coefficient is positive). Therefore, we
suggest the use of complexity indexes and the response to orthostatic challenge to quantify
the reduced ability of cardiovascular control of elderly subjects to cope with stressors.
Regardless of the technique exploited to assess causality at REST, we did not find any
linear relation of the strength of the causal link from SAP to HP on age. This finding sug-
gests that the importance of the causal link from SAP to HP was not modified by aging.
This result might appear surprising at the first sight because it was observed that baroreflex
sensitivity gradually fell with age (Barnett et al., 1999; Parker Jones et al., 2003; Laitinen
et al., 1998). However, it is worth recalling that the decrease of the gain of the relation from
SAP to HP does not necessarily imply diminished strength of the causal link from SAP to HP
because the two indexes bring complementary information (Porta et al., 2013b,c). In addi-
tion, since at REST, the dominant direction of interactions is from HP to SAP (Porta et al.,
2011, 2013b), the unmodified importance of the causal relation from SAP to HP with age
stresses again the negligible involvement of the cardiac baroreflex in governing the HP-SAP
variability interactions during REST. During STAND, we observed a gradual reduction of
the strength of the causal link from SAP to HP with age, thus suggesting a progressively less
efficient baroreflex control with age. This result was pointed out only by the LP approach
likely because it is easier for this approach to explore higher dimensional phase spaces
compared to the CE technique. We suggest that causality indexes from SAP to HP might
be fruitfully exploited to monitor the degree of efficiency of cardiac baroreflex control and
its deterioration with senescence, especially during a baroreflex challenge such as STAND.
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Another relevant finding of this study is the progressive decrease with age of the strength
of the causal link from RESP to HP at REST. This finding was independent of the paradigm
utilized to assess causality; indeed, the same result was obtained using both the LP and CE
approaches. This finding corroborates recent observations (Nemati et al., 2013; latsenko
et al., 2013). This result might be the consequence of the progressive increase of tonic sym-
pathetic activity and vagal withdrawal leading to a gradual uncoupling between respira-
tory centers and the heart. During STAND, the strength of the causal link from RESP to
HP was unrelated to age. This result was independent of the technique utilized to assess
causality. Since STAND induces a sympathetic activation and vagal withdrawal (Cooke
et al., 1999; Furlan et al., 2000) and, consequently, a reduction of the respiratory sinus
arrhythmia (Veermann et al., 1994; Javorka et al., 2008), it can be concluded that the residual
respiratory sinus arrhythmia might be insufficient for tracking modification of the strength
of the HP-RESP causal coupling with age or, alternatively, HP changes at the respiratory
rate might be driven by SAP changes through the stimulated cardiac baroreflex instead of
being the result of central respiratory influences.

5.6 Conclusions

This study applied a model-free data-driven multivariate framework for the assessment of
the complexity of HP variability and its causal interactions with SAP and RESP series. The
study demonstrated the practical usefulness of the approach in describing HP variability
and its ability to quantify the contribution of specific physiological mechanisms to cardio-
vascular regulation. Indeed, the method was found helpful to monitor changes associated
to the senescence process and to assess the response of the cardiovascular control to an
orthostatic challenge. The approach does not require prior assumptions about the physio-
logical mechanisms underpinning HP dynamics and its relation with SAP and RESP and
produces practical indexes necessitating the setting of very few parameters, essentially
limited to the number of nearest neighbors necessary for coarse graining the multivariate
embedding space. Given these features, the adopted model-free data-driven multivariate
approach is highly recommended in any exploratory analysis in which classical multivari-
ate model-based approach might be inappropriate due to the presence of nonlinearities
and/or the absence of any reasonable physiological hypothesis about the mathematical
relations linking the cardiovascular variables. Given the promising results, the proposed
indexes should be tested on larger databases of healthy and pathological individuals along
with more traditional HP variability indexes with the aim at assessing their extra value.
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6.1 Introduction

Network methods have been successfully used to capture and represent properties of
multilevel complex man-made systems (Havlin et al. 2012) and living organisms (Bashan
et al. 2012). The use of network representations in the characterization of time series com-
plexity is a relatively new but quickly developing branch of time series analysis (Donner
et al. 2010; Fortunato 2010). The most direct method is to map a time series into a graph
in which the vertices represent signal values, while edges link values that are consec-
utive in a signal. The correspondence between the time series formed by consecutive
cardiac interbeat intervals, so-called RR-intervals, and such networks was studied by
Campanharo et al. (Campanharo et al. 2011). The topology in these networks appeared
as a clique, that is, each state is reachable from any other in a single step. Understanding
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RR-interval dynamics arising from a network with such a structure is not straightforward.
It appears, in general, that information provided by a network graph strongly depends
on the nature of sequences and our knowledge about the underlying dynamics (Fortunato
2010; Havlin et al. 2012). Therefore, the use of network methods, for example, visualization
or/and structure decomposition, is effective only if they are used in conjunction with other
sources of learning. We show how the tools developed within the scope of complex net-
works can be fruitfully applied to the qualification and quantification of short-term heart
period dynamics. Fluctuations in RR-intervals are known to have a scale-invariant struc-
ture which demonstrates fractal (Kobayashi and Musha 1982; Yamamoto and Hughson
1991; Peng et al. 1995) and multifractal (Ivanov et al. 1999) properties. These fluctuations
appear as a result of many component interactions acting over a wide range of time and
space scale. Competing stimuli from the autonomic nervous system are assumed to be
the reason for the fractal organization observed in RR-intervals (Struzik et al. 2004). By
observing subsequent changes in RR-intervals—ARR—Dbeat-to-beat information about the
resulting force of these interactions is obtained, and important dynamical aspects about the
autonomic competitive regulation can be described by changes in RR-intervals, namely by
RR-increments (Makowiec et al. 2013a, 2014). Signal increments of ARR can be decomposed
into their magnitude (absolute value) and their direction (sign). Magnitude of |ARR| and
sign of ARR analysis have been used to investigate the scaling properties of RR-intervals
(Ashkenazy et al. 2001). It has been found by detrended fluctuation analysis that magni-
tude series are long-range correlated, while sign series are anticorrelated (i.e., correlation
follows the power-law with exponents 0.74 for |[ARR| and 0.40 for sign(ARR)). Further-
more, it has also been shown that during sleep, the strength of these correlations varies
depending on the stage of the sleep: rapid-eye-movement (REM) or other (non-REM) sleep
stages (Kantelhardt et al. 2002). It appears that both the strongest anticorrelations in the
sign signals, and largest exponents for long-range correlations for the magnitude signals
are in REM sleep. Furthermore, the nonlinear properties of the heartbeat dynamics are
more pronounced during REM sleep (Schmitt et al. 2009). During sleep, the heart rate
is mostly regulated by the autonomic nervous system and is less influenced by physical
or mental activity. Moreover, during the night, vagal (parasympathetic) predominance is
present, which makes this period a useful state to observe autonomic activity (Bonnemeier
et al. 2003). The nonlinear tools (Shannon entropy, corrected conditional entropy) applied
to measuring heart rate variability during physiological sleep have shown that the REM
stage is characterized by a likely sympathetic predominance associated with a vagal with-
drawal, while the opposite trend is observed during non-REM sleep (Tobaldini et al. 2013).
Previous studies have also shown that alternations in nocturnal heart rate variability have
clinical importance, for example, may explain why sudden cardiac death in many cases
occurs during sleep (Huikuri et al. 1994; Vanoli et al. 1995).

Heart transplantation surgery destroys the nerve connections between the organism and
the graft—the donor heart is completely denervated, the vagal ganglia at the sinus node
are cut off from medulla oblongata and brain-stem system signals. The regulation is driven
by the intrinsic heart mechanisms and the concentration of many circulating humoral sub-
stances (e.g., adrenal catecholamines, angiotensin II, aldosterone), which follow the activ-
ity of sympathetic nerves (Klabunde 2012). The lack of vagal activity has the effect, for
example, that heart transplant recipients have a resting heart rate higher than the aver-
age in healthy people, and their heart rate variability is significantly reduced (Bigger et al.
1996). The exception is a small respiratory sinus arrhythmia (Radaelli et al. 1996; Eckberg
2003), which is assumed to be an effect of the intracardiac reflex (Armour 2008; Zarzoso
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et al. 2013) or mechanical stretch of the sinus node. Cardiac reinnervation has been demon-
strated in long-term heart transplant recipients (van de Borne et al. 2001; Porta et al. 2011;
Cornelissen et al. 2012), but it seems that it is limited to the sympathetic nerves. Therefore,
a comparison of the nocturnal heart rate variability in healthy young individuals and heart
transplant patients gives a unique opportunity to show the impact of autonomic (espe-
cially vagal) activity on heart rate regulation. Following Ashkenazy et al. (2001), to dis-
cover in which way properties of networks constructed from RR-increments demonstrate
nonlinear or/and linear dependences among consecutive RR-intervals, we investigated
properties of artificially modified RR-interval data (Schreiber and Schmitz 2000). In the fol-
lowing, we argue that network methods are successful in detecting nonlinear properties in
the dynamics of autonomic nocturnal regulation in short-term variability. Two modes of
visualization of networks constructed from RR-increments are proposed. The first is based
on the handling of a state space. The state space of RR-increments can be modified by a bin
size used to code a signal and by the role of a given vertex as the representation of events
occurring in a signal. The second mode relies on the matrix representation of the network
on the two-dimensional plane. This approach is similar to the accepted method, known
as the Poincaré plot representation of time series for evaluation of heart rate variability.
The methods introduced will be applied to nocturnal Holter signals recorded from healthy
young people and from cardiac transplant recipients. Thus, we obtain a way to filter out the
intrinsic heart rate variability from the autonomic drive and then to quantify complexity in
the short-term RR-interval variability related to nocturnal rest. Changes in RR-increments
in a heart deprived of autonomic control provide insight into beat-to-beat dependences in
forces governing the intrinsic heart dynamics.

6.2 Method
6.2.1 Groups and Signals Studied

Twenty-four-hour Holter electrocardiogram (ECG) recordings during a normal sleep-wake
rhythm were analyzed in two study groups. The first group, the Young, consisted of healthy
young volunteers (18 females, 18 males, ages 19-32). The second group, the HTX, com-
prised heart transplant patients (surgery at ages 28-65). Data from the HTX group was
constructed of 20 recordings obtained from 10 patients without any signs of heart graft
rejection, who had undergone surgery more than 12 months previously. The Holter record-
ings were first analyzed using Del Mar Reynolds Impresario software and screened for
premature, supraventricular and ventricular beats, missed beats and pauses. Finally, the
signals were thoroughly manually corrected and annotated.

As the method of signal preprocessing may impact the results, only long, good-quality
fragments of ECG were analyzed. Since the analysis concentrates on hours of sleep, the
RR-intervals were analyzed from 24:00 to 04:00 in the case of the Young group and from
22:00 to 05:00 in the case of signals from the HTX group. Such time intervals were long
enough to build a sequence containing 10,000 RR-intervals obtained by joining the parts
which had more than 500 normal-to-normal RR-intervals, that is, RR-intervals between
two subsequent heart contractions initiated by the sinus node. What is worth noting is that
all the signals constructed were built from less than seven consistent parts. Selection of the
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parts was independent of the sleep stage—REM or non-REM. The number of 10,000 points
was chosen to ensure proper statistical relevance.

6.2.2 Signal Preprocessing

Our Holter equipment provides data with a 128 Hz sampling frequency. Therefore, the
RR-intervals have a limited resolution: 1s/128 =7.8125 ms, which can be approximated as
8 ms. This value, denoted as A, is accepted as the signal resolution. To decrease the number
of different values appearing in a sequence of RR-intervals, we use a binning procedure
based on multiples of Ay. Namely, we always set the bin size to Ay, as Ay, =kA, for k=
1,2, .... The bin quantization described has the effect that RR-intervals take values which
are multiples of the bin size Ay;,. As a consequence, RR-increments are also multiples of
Ay, namely, ARR; € {0, +Ap;,, £2A;,, £3Apn0, - .- }. The two types of artificially modified
cardiac signals were constructed for their further use in statistical tests:

e Shuffled signals, which were obtained by random shuffling of RR-intervals

* Surrogate signals, which were calculated by randomization of phases in the Fourier
transform of RR-intervals

The analysis of shuffled signals tests the presence of dependencies in the signals studied,
while the analysis of surrogate signals provides information about whether these depen-
dences are linear or not (Schreiber and Schmitz 2000). Signals of both types were prepared
with the help of the TISEAN software (Hegger et al. 1999). For each cardiac signal, we pre-
pared 10 shuffled signals (surrogates -i0 -I)and 10 surrogate signals (surrogates
-S -1I) with different random seeds. A network was constructed separately for each sig-
nal analyzed. Then the mean network for each of the groups of signals studied was estab-
lished by collecting networks corresponding to the same class of subjects. The confidence
interval (CI) for each element of the mean network was also estimated. Calculations were
performed with the special software prepared by us.

6.2.3 Transition Network for RR-Increments

Let RRy, ={RRg,RRy,...,RR;, ..., RRy} be a time sequence of RR-intervals binned with
a Ay Let ARR = {ARRl, ARR,, ..., ARRy} be a time sequence of RR-increments, that is,
ARR; =RR; — RR;_;. Discrete values of the set ARR serve as states in the state space of the
transition network indexed by the bin value A;,,.

Let K denote the number of different states in the network state space, and let us arrange
them as follows. If the smallest state is A™" =min, ARR and the greatest state is A™3 =
max; ARR, then the vertices of a network are labeled consecutively as

AD =Amin . AQ =AD LA o AR =AM AD L (K= 1) Ay, (6.1)

A directed edge (AD, AD) from a vertex AD to a vertex A is established if A and AD
represent a pair of consecutive events in a time sequence ARR. Namely, there is a moment
in time t=1,...,N —1, for which (ARR;, ARR;,1) = (AD, ADY. If a given pair of increments
occurs many times in ARR, the weight of this edge w(AD, AV) increases accordingly to
represent counts of occurrences.
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Note that the weight of the edge w(A®D, AD) measures the size of a set consisting of the
following events:

w(A®,AP) = [{(RR;_1,RR;,RR,1): where 6.2)
AD=RR, -RR,_;, AD=RR,;; -RR, fort=1,...N-1}|

This means that

if AD . AD >0, both increments are negative or both are positive, we observe a run of
accelerations or decelerations, accordingly

if AW . AD <0, we observe an alternation between an acceleration and a deceleration
or vice versa

This completes the construction of the transition network from a given time series. The
resulting network is directed and weighted. The sums of weights of edges adjacent to a
given vertex (total number of incoming and total number of outgoing edges) provide the
basic network characteristics (called the in degree and out degree, respectively), which
quantify the role of the vertex in a network. But a network constructed from time series is
specific in that each outgoing edge from a given vertex is accompanied by an edge incoming
to this vertex (with the exception of vertices representing the first and last events in con-
sistent parts of a signal), which implies that the in and out degrees of each vertex can be
considered to be equal to each other. This degree, if normalized by the length of time series,
is directly related to the probability p that an event represented by A occurs in a signal.

The modular structures, also called the community structure in networks, have been
shown to be relevant to the understanding of the structure and dynamics of the system
studied (Havlin et al. 2012). However, this problem has been found to be difficult and has
not yet been satisfactorily solved (Kumpula et al. 2008; Fortunato 2010). Here, we propose
to investigate modularity in the transition network by the so-called p-core graph (Seidman
1983; Kumpula et al. 2008). The p-core graph is constructed from a given network by the
removal of all the vertices with a probability less than p. Then, all the edges which con-
nected these deleted vertices with the other parts of a network are removed. The sum of
normalized weights in the resulting subgraph is called the volume of the p-core graph. A
decay in this volume with an increasing p value is known as the network disintegration
(Makowiec et al. 2013b).

6.2.4 Transition Network Graph

Visualization of a transition network is challenging because usually a transition network
consists of many vertices which are densely, often completely, interconnected. The plot
of such a network may be barely readable. Therefore, the graph organization requires a
special effort.

There are parameters in the method which have to be thoroughly tuned:

Ap;,—the bin size which is used in preprocessing RR-intervals and which determines
the number of states in the state space

p—the probability of neglected events, which also allows a reduction in the number
of states
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Since states in the state space are ordered according to the values of their labels, see
Equation 6.1, we plot them in a circle arranged clockwise according to increasing value of
the vertex label from A™" to A™aX, Moreover, if we call two vertices A-neighboring when
the magnitude of difference between their labels is equal to A, then we can code transitions
between A-neighboring vertices by colors.

Here, we use the following color code:

- Violet to mark O-neighboring vertices, that is, loops describing events of two adjacent
accelerations or decelerations of the same value; the case of the 0 — 0 loop denotes
the situation when three consecutive RR-intervals have the same value.

- Green to mark Ay;,-neighboring vertices, that is, transitions to the nearest neighbors
in the state space; they denote the smallest possible observable changes in subse-
quent accelerations and /or decelerations within a given binning.

- Blue to mark transitions for 2A,;,-neighboring vertices.
- Red to mark transitions between 3A;,-neighboring vertices.
- Yellow to mark the transitions linking 4A;,-neighboring vertices.

- Black to mark transitions of a size larger than 4Ay;, which, for example, in the case
of Ap;, =8 ms means changes of at least of 40 ms.

Moreover, we use also the width of an edge to visualize the weight of a given transition.
In the following, we use the popular software PAJEK (Batagelj and Mrvar 1998) to plot
graphs of transition networks.

6.2.5 Matrix Representation of a Transition Network

Adjacency matrixes and transition matrixes are standard representations of any network
(Fortunato 2010). For a transition network with K vertices, the adjacency matrix A is a
K x K matrix. The number of the outgoing edges from vertex A? to vertex AD is counted
and designated as A ;. If there is no edge between these vertices, then A ;y;, =0. Hence

w(AD, AD)  total number of edges from AD to AD;
Angp = :
0 in other cases.

In the following, we normalize counts w(A®D, AV) by the total number of events. As a result,
A stands for the probability of a given transition. When referring to a signal with RR-
increments, A j;, stands for the probability that the value AV occurs after A in a signal.
The transition matrix T is obtained by dividing elements of each row (I) : (1), ..., (K) of the
matrix A by the total weight of vertex A, Thus,

T w(AD, AD)
O — ZA(D w(A(D, A(]))'

Therefore, T describes a Markov walk on a network where a walker being in vertex A®D
moves to AV with a probability Tiryp)-

It appears that the contour plots of adjacency and transition matrices provide a readable
visualization of transition networks obtained from RR-increments even in the case when
the bin size is equal to the resolution of signals. Manipulations in the range of the axes allow
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one to pass through the whole range of values obtained. However, when departing from
(0,0), less probable events with larger standard errors are estimated. The large variations
between neighboring points lead to an unclear picture if the plots are constructed from
signals binned with a small bin size. Therefore, in the following, we limit our interest to the
ranges of RR-increments which contain the most probable events, ignoring the remaining
ones. In the case of the Young group, the range is (—100, 100) and for the HTX group the
range is (=30, 30).

Each point (A, AD) of the contour plots can be resolved into the three RR-interval pat-
terns as described by Equation (6.2). Moreover, these events can be translated into codes
of short-term variability proposed by Porta et al. (2007): 0V—O0 variation, 1V—1 variation,
2LV—2 likely variations, and 2UV—2 unlikely variations. The relation between three RR-
interval patterns and their description by 0, 1, or 2 variations is shown in Figure 6.1.

6.3 Results
6.3.1 Graphs of Transition Networks for the Young Group

In the presentation of our results, we first refer to some graphs which demonstrate the
possibilities of the introduced visualization method. In particular, these graphs clarify
the influence of the parameters Ay, and p on the graph shape. In Figure 6.2, there
are six graphs which represent networks obtained from the signals of the Young group
(Figure 6.2a through d) and their surrogates (Figure 6.2e and f). The left column networks
were prepared with signals binned with Ay;, =8 ms, while the right column graphs come
from signals binned with Ay;, =64 ms. The graphs in the first and third rows show vertices

4 RR
R R(Hl) (t+1)
N
o RRyy v
RR
® 2uV 2LV
1y oy i
b
SRRy o . >
RR(t)
2LV 22UV,
m(ul)
SRR
1V

(b)

FIGURE 6.1

The patterns of changes in RR-intervals corresponding to particular parts of the matrix representation of a net-
work of RR-increments (a) and their interpretation as variations 0V, 1V, 2LV, and 2UV—codes proposed by Porta
et al. (2007) (b). Red arrows indicate decelerations, green arrows denote accelerations, and blue arrows corre-
spond to no-change events.
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Young: Ay, =8, p=.05

Young: Ay;,, = 64, p = .05

34 +0.6

(a)

Young: Ay, =8, p=.01

(e) ()

FIGURE 6.2

The p-core graphs with p=5% (a, b, e, and f) and p =1% (c and d) of the mean networks obtained from signals of
young persons binned in Ay, = Ay =8 ms (a, ¢, and e) and Ay;, =8A( =64 ms (b, d, and f), and surrogates obtained
from signals from young persons (e and f). The crucial transitions—the thickest edges—are described by the mean
of probability given in percentages +95% CI. (c and d have the same weights as a and b, respectively). The colors
of the values match the colors of the edges.
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which correspond to deceleration/acceleration events appearing in a signal with proba-
bility p > 5%. The graphs in the second row contain vertices representing more rare events
because only vertices with p>1% are plotted. All the graphs are complete, which means
that each vertex is connected to all the others. The color of the edges corresponds to the
size of the change in the way defined in Section 6.2.4. The weight of an edge is represented
by its width. The global weights of the most important transitions are described addition-
ally by giving their probability value in percentages and +95% CI. We see that the (0,0)
transition is the most frequent in all the graphs, namely the transition from no-change to
no-change occurs the most often. However, the probability of observing such an event is
different depending on the binning applied to the signals. The bin size works like a magni-
fying glass, making it possible to perceive the event in greater detail. For example, vertex 0
in the network constructed from signals binned at 64 ms (Figure 6.2b) represents the whole
p-core graph (a) obtained at p=5%. The graphs in Figure 6.2 specify the ingredients of
heart period variability. The widths of arrows, hence the numbers in the graphs, describe
the roles played by the particular changes in the overall heart dynamics. Then, a clinician
can decide whether the structure of such a decomposition is regular or whether it exhibits
some peculiar patterns since different pathophysiologic processes alter the heart period
variability. Figure 6.2 also gives graphs obtained from networks constructed from surro-
gates of cardiac signals of the Young group—see parts (Figure 6.2e and f). It follows that
with 5% accuracy and at Ay;, =8 ms, the basic spectrum of events constituting the cardiac
dynamics is similar to the spectrum of events resulting from the linear dynamics left in the
surrogate signals. This might indicate that dynamical relationships among the most impor-
tant events are of a linear type. However, when the analysis is performed with Ay, =64 ms,
we see that the cardiac graph is significantly different from the graph of the surrogates.
The difference lies in the presence of the vertex —128, which indicates that nonlinear mech-
anisms are present and they are involved in sharp accelerations. Surprisingly, the lack of
a symmetrical vertex representing decelerations +128 may additionally point to the com-
plex mechanisms engaged only in sharp accelerations. Graphs obtained for the shuffled
signals of the Young group are not presented because they are barely readable. Moreover,
when signals are binned with A, the p-core graph of p=5% consists of only a few vertices
(Figure 6.2a), while the number of vertices grows sharply, if we decrease the probability
p to 1% (Figure 6.2c). Hence, the graph in Figure 6.2a, rather superficially describes the
dynamics of the system, since a slight change in any parameter strongly influences the
graph shape. This is a typical observation with complex dynamics. This is different in
the case of signals binned with Ap;, =64 ms; compare Figure 6.2b and d. Therefore, the
volume of a given p-core graph gives an important message about how dynamical forces
presented by a graph are meaningful for the overall dynamics of the system studied.
Here, the volumes of the p-cores presented in Figure 6.2 are (a): 27 +14%, (b): 89.1 +1.0%,
(c): 84.7+£1.4%, (d): 97.1 £ 0.2%, (e): 26.3 £3.2%, (f): 76.2 + 1.0% (mean +95%CI).

6.3.2 Graphs of Transition Networks for HTX Group

The signals with RR-intervals obtained from patients after HTX are plain in the sense that
consecutive RR-increments do not differ much. Therefore, it becomes possible to present
readable p-core graphs even when p is low, for example, p=1%, and the bin size is equal
to the signal resolution Ay;, =8 ms. Moreover, graphs obtained from modified HTX sig-
nals, their surrogates and shuffled signals, are also clear. All these graphs are shown in
Figure 6.3.
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HTX: Ay, =8, p = .01 HTX_surr: Ay, =8, p=.01 HTX_shuff: Ay =8, p=.01

20+06 89+04 22 +2

1.6+03

(@)

FIGURE 6.3

The p-core subgraphs of the mean transition networks obtained from signals from HTX (a) and their surrogates
(b), and shuffled signals (c) at p=0.01 in bin Aj =8 ms. The most important transitions—the thickest edges—are
described by their probabilities given in percentages +95% CI.

Figure 6.3 demonstrates the following:

* How different the graph obtained from HTX_shuffled is from all the other graphs.
This indicates that adjacent RR-intervals resulting from intrinsic mechanisms of vari-
ability are strongly correlated.

¢ There is similarity between graphs representing signals HT'X and HTX_surrogates.
However, note that there is a noticeable difference in the probability of transitions
between no-change vertex 0 and vertices 0, +8. This observation may indicate that
dependences between RR-intervals cannot be approximated by linear relationships.

* There is a similarity between graphs of HTX and those of the Young which are
binned at an interval eight times longer than the HTX series; see Figure 6.2d. This
approximate similarity may give rise to the conjecture that the variability driven
by autonomic regulation enhances eight times the magnitude of fluctuations of the
intrinsic heart period variability.

6.3.3 Network Disintegration

The decay of the volume of the p-core when p is increasing can provide information about
the collective structures in the system dynamics. Figure 6.4 shows these decays for all sig-
nals studied binned at Ap;, =8 ms. It appears that the network formed from signals of the
HTX group is significantly more resistant to the vertex removal than all the other net-
works. This network decays the slowest. Moreover, its p-core volume stays unchanged at
83.2+1.3% for 8% <p <18%. This firmed core is built from transitions between the three
vertices 0 and +8. A similar network core also emerges from the network constructed from
surrogate signals of the HTX group. Its volume of 76.8 + 1.5% is significantly lower than
the volume of the network constructed from original cardiac signals (by Mann-Whitney
U test, p=.011) for all p in the interval described. This fact may indicate that the network
organization resulting from the cardiac signals relies on important nonlinear dependences.

On the contrary, a similar property does not hold in the case of the disintegration of the
network constructed from the Young group signals. The volume of the p-core decays in the
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FIGURE 6.4
Network disintegration by the volume of p-core resulting from subsequent removal of vertices with probability
less than p.

same way in both networks: the network made from cardiac signals and the network made
from surrogate signals. The disintegration of both networks goes fast, for example at p=
10%, the network volume is about 5+ 2% in both cases. Obviously, the networks obtained
from shuffled signals decay more quickly when compared to the networks produced from
cardiac series (Figure 6.4).

6.3.4 Adjacency and Transition Matrices for the Young Group

Figure 6.5 shows contour plots of both matrices: adjacency A and transition T obtained
from signals recorded from the Young group. Together, the plots obtained from surrogates
of these signals and shuffled RR-intervals are presented. All the plots represent signals
binned at A and for changes smaller than 100 ms for A and smaller than 70 ms in case
of T.

From the plots in Figure 6.5, it is evident that shuffled RR-intervals provide different
matrix representations. The meaningful smaller probability of events corresponding to
small accelerations or decelerations (i.e., probability of events around (0,0)) is a noticeable
effect of the independence of RR-intervals. Moreover, the symmetry in these matrices is
different from symmetries which are present in other plots. These symmetric features can
be explained by elementary counting of the sets built from the three RR-interval events of
the specific type. Since the state space of RR-intervals is discrete and limited, the values of
RR; for any t=1,2, ..., N take one of the values from the set of K’ different values:

RRV=minRR,, <RR®=RRV + Ay, < < RRE)=maxRR,, . (6.3)

For simplicity, let us assume that all events of Equation 6.3 are equally probable, p(RRV) =
K'/N. Then, the number of possible monotonically growing three-element sequences
(RRD, RRD, RRM) with I <] <M constructed from these values, namely patterns of the
2LV type, is K'(K’ = 1)(K’ —2)/3. On the other hand, from each sequence of the 2LV type,
one can construct two different three-element sequences of the 2UV type. Hence, the total
probability of events of the 2UV type is twice as large as of the 2LV type. In the case when
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A from surrogates of Young (bin = 8, [log %]) A from Young shuffled (bin = 8, [log %])
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FIGURE 6.5

Adjacency matrices A (first row) and transition matrices T (second row) for cardiac signals of the Young group
(left column), for their surrogates (middle column) and shuffled signals (right column). Contour representations of
A show logarithms of A values given in percentages from 0.001% to 1%. Contours representing T are plotted in
linear scale from 0.0 to 0.1 with step 0.02.

events from the list described in Equation 6.3 are not distributed uniformly, the calcula-
tions are more demanding, but finally they lead to the conclusion that if AVAD <0, then
events (A, AD) are more probable than (=A®D, AD) or (AD, —AD).

In addition, comparing A matrices obtained from cardiac signals and their surrogates,
Figure 6.5 first row, we see:

1. There is a small deficiency of events close to (0,0) in cardiac signals when com-
pared to signals with surrogates.

2. There are three regions in A in which cardiac signals dominate their surrogates.
They can be described as three RR-interval events of the type:
(a) 2LV, but related only to large decelerations
(b) 1V, when after a small change, a large acceleration occurs
(c) 2UV, but only for a large deceleration after a large acceleration

By large changes above, we mean RR-increments greater than 30 ms.

6.3.5 Adjacency and Transition Matrices for HTX Group

In the absence of any influence of the autonomic nervous system, the network representa-
tion of RR-increments consists of considerably fewer vertices than for a typical healthy
person, as has been already shown in Figure 6.3. Figure 6.6 presents results aimed at
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FIGURE 6.6

Adjacency matrices A (first row) and transition matrices T (second row) for cardiac signals of HTX group (left
column), for their surrogates (middle column) and shuffled signals (right column). Values of A are shown as loga-
rithms of percentages from 0.01% to 10%. Ts are plotted in a linear scale from 0.0 to 0.3 with step 0.1.

widening our understanding of the nonlinear effects of the intrinsic mechanisms con-
trolling the heart contractions. Note that the contour plots in Figure 6.6 are in different
scales from the plots representing signals of the Young group in Figure 6.5. We see in
Figure 6.6 similar symmetric features in all three plots with A matrices, namely that alter-
nating changes with A . A() <( are more dominant than monotonic changes. Following
our discussion in the previous subsection about the imprints of randomness, this observa-
tion may imply stochastic independence of the underlying dynamics. However, the cardiac
dynamics is more concentrated around transitions from a no-change event to the small-
est increments possible, namely to +8,+16 ms, than if it resulted from random sources.
Furthermore, a closer analysis of A (compare Figure 6.3a and b) reveals that the system
represented by the cardiac signals is less likely to stay in the no-change vertex, and changes
of size 16 ms between vertices representing transitions of +8 and —8 ms in size occur
more often in the cardiac signals [p(8, —8) =p(—8, 8) =11 + 1%] than in their surrogate series
[p(8,-8)=p(-8,8)~8.4+0.2%]. Additionally, a comparison between the corresponding T
matrices provides important distinctions between cardiac signals and their surrogates in
the system reaction after the larger accelerations, namely, if A <—16 ms. It appears that
when accelerating, the system is more resistant to a pendulum-like reaction. This has the
effect that the RR-interval is able to retain the shorter rhythm for the next contraction. In
Figure 6.7, we show plots of differences between matrix graphs arising from cardiac sig-
nals of the Young group when the signals are binned with Ay;,, =64 ms, and the HTX group.
We see that a similarity is apparent between the dynamics underlying these two systems.
The basic distinction relies on events of the 2LV type, where two subsequent accelerations
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FIGURE 6.7

Difference between adjacency matrices (a) and transition matrices (b) obtained from cardiac signals of the Young
group when the signals were binned with Ap;, =64 ms and from recordings of the HTX group. Values of differ-
ences in A are in percentages. The more reddish areas are the regions of greater cardiac superiority. The more blue
areas are the regions of greater superiority of surrogates.

or two subsequent decelerations are involved. Since such persistence could be involved in
some overall purpose like actual bodily needs, the next supposition can be formulated as
follows. While the intrinsic heart control mechanisms are devoted to keeping the home-
ostasis, the control of the autonomic nervous system aims at satisfying physical demands.

6.4 Conclusions

Network structure methods are able to visualize, describe, and differentiate heart rate
dynamics in healthy young subjects and HTX patients. The resulting plots can be consid-
ered as an alternative way of assessing heart rate variability. Our method, based on beat-
to-beat dependencies, provides the spectrum of short-term correlations. This spectrum
resolves the heart rate variability at the required accuracy (if tuned by p the probability of
neglected events) and/or zoomed (by changes in the bin size A;,). Using these methods,
the general dynamical properties of heart rate can be defined as correlated or not correlated
(employing the comparison of raw and shuffled signals), and linearly or nonlinearly cor-
related (comparing raw signals and signals with shuffled phases of the Fourier transform).
The essential feature of complex dependencies in nocturnal heart rhythm in our group of
healthy young persons is related to large RR-increments, both decelerations and accelera-
tions. This feature manifests itself in that large accelerations are more likely antipersistent,
while large decelerations are more likely persistent. This observation also seems to be an
important indicator of healthy heart rate.

Moreover, since the vagal part of autonomic regulation is considered responsible for
large RR-increments, we may hypothesize that vagal activity is a crucial source of com-
plexity in short-term heart rate variability. In healthy young individuals, the change in
vagal tone during sleep (e.g., change from high vagal activity to its withdrawal between
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non-REM and REM sleep stages) allows us to observe the specific patterns of heart rate
dynamics. We interpret the nonlinear relationship observed between consecutive acceler-
ations and decelerations in the case of bigger changes (accelerations and decelerations of
more than 35 ms) as an effect of vagal activity. Although in HTX patients, heart rate regu-
lation is mostly intrinsic with no autonomic control, the relationship between consecutive
accelerations and decelerations is also observed, but in this case, the scale of changes is
much lower. RR-increments vary as fluctuations around a homeostatic state. However, the
organization of this homeostatic state in the case of raw signals shows that it involves
dynamical forces more strongly than if the dynamics were driven by linear forces only. In
posttransplant patients, the nonlinear dependencies are also characterized by the appear-
ance of sequences made of bigger (>20 ms) accelerations followed by smaller decelerations
(<10 ms). This means that an increase in heart rate is not so effective as in healthy individ-
uals but is still possible. We hypothesize that this pattern of heart rate in HTX patients may
be a result of gradual sympathetic reinnervation.
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7.1 Introduction

Heart rate variability (HRV) is a commonly used tool when trying to assess the function-
ing of cardiac autonomic regulation. It has been used in a multitude of studies related to
cardiovascular research and different human well-being applications, as an indirect tool to
evaluate the functioning and balance of the autonomic nervous system (ANS) [1]. One of
the main clinical scenarios where HRV has been found valuable is the risk stratification of
sudden cardiac death after acute myocardial infarction [1-4]. In addition, decreased HRV
is generally accepted to provide an early warning sign of diabetic cardiovascular auto-
nomic neuropathy [1,2], the most significant decrease in HRV being found within the first
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5-10 years of diabetes [5,6]. Besides these two main clinical scenarios, HRV has been stud-
ied with relation to several cardiovascular diseases, renal failure, physical exercise, occupa-
tional and psychosocial stress, gender, age, drugs, alcohol, smoking, and sleep [1,2,7-10].

Both sympathetic and parasympathetic branches of the ANS are involved in the reg-
ulation of heart rate (HR). Sympathetic nervous system (SNS) activity increases the HR
and decreases the HRV, whereas parasympathetic nervous system (PNS) activity decreases
the HR and increases the HRV [11]. The control of the autonomic output involves several
interconnected areas of the central nervous system, which form the so-called central auto-
nomic network. In addition to this central control, arterial baroreceptor reflex as well as
respiration are known to induce quick changes in the HR. Typically, the most conspicuous
oscillatory component of HRV is the respiratory sinus arrhythmia (RSA), where the vagus
nerve stimulation is being cut off during inhalation, and thus, the HR increases during
inhalation and decreases during exhalation. This high frequency (HF) component of HRV
is thus centered at respiratory frequency and is considered to range from 0.15 to 0.4 Hz.
Another conspicuous component of HRV is the low frequency (LF) component ranging
from 0.04 to 0.15 Hz. The HF component is mediated almost solely by the PNS activity,
whereas the LF component is mediated by both SNS and PNS activities and is also affected
by baroreflex activity [1,3,11]. The origin of the LF oscillations is however considered to be
dominated by the SNS and the normalized power of the LF component could be used to
assess sympathetic efferent activity [12,13].

This chapter introduces the commonly used time-domain, frequency-domain, and non-
linear HRV analysis methods, also giving some ideas as to how to extend these methods
for analysis of nonstationary HRV time series. The computations of these analysis methods
are described with enough detail to be able to make correct interpretations of the results
and to understand the interdependencies between the different parameters. In the presen-
tation of the HRV analysis methods, we focus on the ones available on the Kubios HRV
software [14,15] (available at http://www.kubios.com), which is an easy to use software
package making the various HRV analysis methods usable by physiologists and clinicians
all over the world.

In addition to the presentation of the analysis methods, some important issues in the
assessment of HRV time series are presented. These include two preprocessing steps and
estimation of the RSA component. The two preprocessing steps, which both can have a
major impact on the assessment of HRV, are (1) correction of ectopic and other aberrant
beats and (2) removal of the very low frequency (VLF) trend from the HRV time series. The
effects of these preprocessing steps are illustrated with real data in order to fully under-
stand their impact on HRV analysis results and possible misinterpretations. The effect of
respiratory rate on the HRV is then demonstrated and ways to incorporate this in the HRV
analysis are described.

7.2 HRV Time Series

The HRYV time series is a series of consecutive heartbeat time intervals, that is, time intervals
between consecutive R-waves in an electrocardiogram (ECG) or simply RR intervals. The
R-wave occurrence times can be detected using a QRS detection algorithm such as the
well-known Pan-Tompkins algorithm [16]. The term normal-to-normal (NN) is sometimes
used when referring to these beat-to-beat intervals, merely to indicate that the consecutive
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QRS complexes result from normal SA-node depolarization, excluding for example pre-
mature ventricular beats and other arrhythmic events. Throughout this chapter, the term
RR is used to denote beat-to-beat intervals resulting from the normal sinoatrial (SA)-node
depolarization.

Derivation of RR interval time series from ECG is illustrated in Figure 7.1. If we assume
that the ECG recording includes N +1 heartbeats, then the RR interval series has N data
points

RR = (RR;.RR,, ... ,RRy) 7.1)

This time series is not equidistantly sampled, but needs to be presented as a function of
time, that is, the nth RR interval is observed at time f,,. Equidistant sampling is assumed by
standard spectral estimation techniques such as those based on discrete Fourier transform
or autoregressive (AR) modeling. This aspect has not been considered in all the early HRV
studies where the spectrum is calculated directly from the RR interval tachogram (see Fig-
ure 7.1). When using the tachogram for spectrum estimation, an assumption of equidistant
sampling is erroneously made, which can cause distortion to the spectrum and the spec-
trum can not be considered to be a function of frequency but rather is a function of cycles
per beat [17,18].

One commonly used approach to take care of the nonequidistant sampling of the RR
time series is to use interpolation methods in converting the nonequidistantly sampled
time series to equidistantly sampled time series [1]. Several different interpolation methods

Detected RR intervals
RR; RR, RR; RR, RR;
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el . RR RR;

RRI.;")/ - - RRﬁ(,f”

4 & t3 [ t5

FIGURE 7.1
Derivation of RR interval time series: detection of RR intervals from ECG (top panel), RR interval tachogram
(middle panel), and interpolated RR interval time series (bottom panel). In the bottom panel, linear (dashed
line) and cubic spline interpolation (dotted line) trajectories of the nonequidistantly sampled RR time series are
illustrated.
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have been applied for this task among which cubic spline interpolation, providing smooth
interpolation over the beat-to-beat intervals, has been used in several studies and is also
adopted in the Kubios HRV software package. After interpolation, standard spectrum esti-
mation methods can be applied to assess the HRV spectra. The interpolation rate should be
selected high enough to avoid aliasing, basically at least as high as the baseline HR. Typ-
ical choices for the interpolation rate are 2-4 Hz. Regardless of the interpolation rate, the
baseline HR needs to be high enough when compared to the respiratory rate in order to
avoid aliasing in the RSA component [19]. For example, a respiratory rate of 0.3 Hz can be
observed successfully (without aliasing) from RR time series only if the HR is higher than
36 beats/min (0.6 Hz). Normally, this is not an issue because respiratory rate is decreased
in rest and increases during exercise, that is, the changes are parallel to those in the HR.

Other approaches for HRV spectral estimation, which do not assume equidistant
sampling, include the Lomb-Scargle periodogram [20-22], the integral pulse frequency
modulation (IPFM) model [17,23], and the point-process model [24]. The Lomb-Scargle
periodogram is a generalization of discrete Fourier transform, which does not assume
equidistant sampling. The IPFM models the neural modulation of the SA node from the
beat occurrence times (sequence of delta functions). According to this model, the mod-
ulating signal is integrated until a reference level is achieved after which an impulse is
emitted and the integrator is set to zero. The spectrum for the sequence of delta functions,
also called spectrum of counts, is finally computed using the estimated modulation signal.
The point-process model relies on the assumption that the stochastic properties of the RR
intervals are governed by an inverse Gaussian renewal model.

7.3 Time-Domain Analysis Methods

The time-domain analysis methods described below are computationally simple linear
methods that are applied directly in the time domain to the series of consecutive RR inter-
val values. All of these time-domain methods are included in the Kubios HRV software
and are summarized in Section 7.1.

Given the N point beat-to-beat RR interval time series RR = (RR,RR,, ..., RRy), the mean
RR interval (RR), and the mean HR(HR) are computed as

z

60
TS (7.2)

N
—_ 1 N
RR=N Z}RR]. and HR=
]= ]

Z|=
JIN

It should be noted that the mean HR (HR) is not equal to 60 /RR due to the nonlinear rela-
tionship between beat-to-beat RR interval and HR values. This means that the distributions
of these two time series are also different as illustrated in Figure 7.2.

In addition to mean values, several parameters that measure the variability within the
beat-to-beat RR interval values have been defined. The standard deviation of RR intervals
(SDNN) is defined as

N
I . _RR)2
SDNN= | | —— ];(RR] RR) (7.3)
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FIGURE 7.2

Interrelationship between RR interval and heart rate. (a) Mathematical relationship between RR interval and HR.
(b) Ilustrations of RR interval and HR time series histograms extracted from 1-hour HRV recording of healthy
female subject.

Both short-term and long-term HRV influence SDNN, and thus, it is a measure of overall
HRV. Short-term, beat-to-beat HRV is better captured by the standard deviation of succes-
sive RR interval differences (SDSD) defined by

SDSD = \/ E { ARR? } - { ARR, }2 (7.4)

If the RR series is stationary E{ARR;} =E{RR;;;} - E{RR;} =0 and SDSD is approximated
by the root mean square of successive differences (RMSSD) parameter, which is defined as

RMSSD = NL Y (RR;,; ~RR))? (7.5)

Another HRV parameter calculated from successive RR interval differences is the NN50,
which is defined as the number of successive intervals differing more than 50 ms and is
often reported as a percentage value (pNN50), that is,

NN50 = nbr of {RRjH, RR; j=1--N-1|(RR;,; —RR))>50 ms} (7.6)
pNN50= II\\T[NF’;) %100 % 7.7)

In addition to the above time-domain measures of HRYV, there are two geometric mea-
sures that are commonly used to assess HRV data. These are the HRV triangular index
(HRVi) and the triangular interpolation of the RR interval histogram (TINN). Both of these
geometric measures are calculated from the RR interval histogram. HRVi is obtained by
dividing the integral of the histogram (i.e., the total number of RR intervals) by the height
of the histogram (i.e., the number of RR intervals at the modal bin). The value of this
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parameter is affected by the selected bin width, and thus, a bin width of 1/128 seconds
was recommended in [1] to obtain comparable results between different studies. TINN is
defined as the baseline width of a triangle fitted on the RR interval histogram. HRVi mea-
sures the peakedness of the RR interval distribution, smaller values of HRVi indicating a
more peaked distribution. TINN, on the other hand, estimates the baseline width of the RR
interval distribution, thus providing an estimate of overall HRV.

7.4 Frequency-Domain Analysis Methods

The frequency-domain measures of HRV assess the HRV time series in the frequency
domain, that is, through power spectral density (PSD) analysis. In the Kubios HRV
software, the spectrum of the RR interval time series is estimated using two standard
approaches: Welch’s periodogram based on discrete Fourier transform and AR spectrum
estimation. Both of these spectrum estimation methods assume equidistant sampling, and
thus, the RR interval time series is interpolated using cubic spline interpolation (the default
interpolation rate in Kubios HRV being 4 Hz) prior to spectrum estimation. Let us denote
the interpolated RR interval time series with x = (x{, x5, ..., x; ), where L is the length of the
interpolated series.

7.4.1 Welch’s Periodogram

A periodogram power spectrum estimate is defined as the squared absolute value of sig-
nals discrete Fourier transform [35], that is,

= 2
P.(f) = IF xje~ kL (7.8)
5 0

j=

where L is the length of the signal, f; is the sampling frequency, and f; = % fo k=0...L-1.Tt
can be shown that the periodogram is an asymptotically unbiased estimate of the spectrum,
meaning that the expected value of the periodogram approaches the true spectrum when
data length approaches infinity. However, the periodogram is not a consistent estimate
of the spectrum because the variance of the periodogram is approximately equal to true
spectral power and does not approach zero when data length approaches infinity.

The variance of the periodogram can be reduced by using certain periodogram modifica-
tions such as Welch'’s periodogram. In this periodogram modification, the signal is divided
into overlapping segments, each segment is windowed to decrease the leakage effect, and
the periodograms of these windowed segments are finally averaged to reduce the variance.
Welch’s periodogram is defined as

2

M D-1
_1 1 (m) —i2mjk/D
Peachf) =17 Z bRl | & e 7 (7.9)
m=1 s j=0

where ¥ =x(,,_1p_g;; is the mth overlapping segment (segment length D points and
overlap s points), M is the number of overlapping segments and w; is the window function



Analysis and Preprocessing of HRV—Kubios HRV Software 165

(in Kubios HRV, a smooth Hanning window is used). The periodogram of each segment
needs to be scaled with the segment length (D) and, sampling frequency (f;) as well as
the energy of the window function (U=1/D Z]DZ 61 w?) in order for the Parsevals theorem
(preservation of energy) to hold. If the individual segment periodograms are independent
(observations of spectrum), the variance of Welch’s periodogram is reduced in relation to
the number of segments M due to averaging, that is, to minimize variance M should be as
high as possible. The number of segments can be increased by decreasing segment length
(D) or by increasing overlap (s) between successive segments. By increasing segment over-
lap the correlation between the segments increases, and thus, the variance is not expected
to decrease in relation to increase in M. Furthermore, decreasing of the segment length
leads to decrease in frequency resolution. In the Kubios HRV software, the default value
for segment overlap is 50% and the segment length needs to be defined based on the length
of the available data.

7.4.2 AR Spectral Estimate

In the AR spectrum estimation approach, the interpolated RR time series is modeled with
an AR model of specific order and the spectrum estimate can be produced from the esti-
mated model parameters. An AR model of order p is given by

p
X = Z ax,_j+e (7.10)
j=1

where a; (j=1...p) is the AR(p) parameters and ¢, is the model residual. The AR model can
be considered as one-step prediction equations where the current value of the time series
is predicted as a weighted sum of p previous values, the weights being the AR parameters
to be solved. Equation 7.10 also has a system interpretation where ¢; (a noise process) is
the input and x; is the output of an infinite impulse response (IIR) system defined by the
AR parameters. Parameters of the AR model can be estimated, for example, by solving
the set of linear equations, t=1...L in 7.10, using least squares (LS) estimation, that is,
minimizing the squared norm of the model residual terms. In the Kubios HRV software,
the AR parameters are estimated using a combined forward and backward prediction LS
solution [35].

The AR spectrum estimate can be obtained from the estimated AR parameters and is
defined as

o, /fs

Par(f) = — (7.11)
‘1 + Zf:l a]»e‘lz"/f /fs

where 62 is the variance of model residual, f; is the sampling rate, and a; are the AR param-
eters. Equation 7.11 rises from the system interpretation of the AR model, where 62 /f, is the
spectrum of a white noise process and the remaining part (on the right-hand side of Equa-
tion 7.11) is the spectrum of the IIR system defined by the AR parameters. The model resid-
ual e; is white noise only when the AR model is fitted into a pure AR process. Real-world
signals are, however, rarely AR processes that cause bias to the AR spectrum estimate, but
this bias can be minimized by choosing the AR model order optimally.

The basic idea in optimal AR model order selection is to observe the improvement in
model fit (decrease of 62) as a function of model order p. The optimal model order is

obtained from the point where the curve o2 as a function of p levels off. Detection of this



166 ECG Time Series Variability Analysis: Engineering and Medicine

point is not always easy and several model order selection criteria, such as Akaikes infor-
mation criteria (AIC), final prediction error (FPE), and minimum description length (MDL),
have been developed to simplify this selection. For HRV analysis, it has been recommended
that an AR model order not less than p =16 should be used [36].

Figure 7.3 illustrates the effect of the model order on the AR spectrum quality. Three
different model order selection criteria (AIC, FPE, and MDL) are computed for a 5-minute
RR interval data recording from a healthy male subject during supine rest. It is observed
that all three criteria level off at around order p=16 which could thus be taken to the
optimal model order. The AR spectrum with model order 16 does show similar structure
to the Fourier fast transform (FFT)-based spectrum (Welch’s periodogram computed with
150-second window and 50% overlap), but a higher model order (p =24) produces even
better correspondence between the two spectrum estimation techniques. However, if an
order substantially lower than what is indicated by the model order selection criteria (e.g.,
p=38) is selected, the AR model can not fully model the oscillations within the RR time
series (i.e., the model residual is not white noise) and the spectrum estimate is thus missing
details.

RR interval time series

AR model order selection criteria
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FIGURE 7.3

An illustration of autoregressive (AR) model order selection showing how the AR spectrum estimate compares
to Welch’s periodogram at different model orders.
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One property, which is especially advantageous in assessing HRV spectrum, is that the
AR spectrum estimate can be decomposed into distinct spectral components [37]. The
decomposition is based on the factored form of Equation 7.11 given by

Gz/fs )
Par(f) = g . z=e2H s (7.12)
B VST

where «; is the roots of the AR polynomial given in the denominator of Equation 7.11 and
o is the complex conjugates of the roots. Each root produces a peak in the spectrum and
the power of the spectral peak depends on how close to the unit circle the root is in the
complex domain. The spectral component produced by a single root «; can be estimated
by assuming the effect of other roots is constant in the vicinity of frequency f;, where the
specific root ; is positioned. The sum of the spectral components of all roots should be
equal to the overall AR spectrum.

7.4.3 Parameterization of the Spectrum

The HRV spectrum is typically divided into VLF (0-0.04 Hz), LF (0.04-0.15 Hz), and HF
(0.15-0.4 Hz) bands. This division is based on the current physiological understanding
regarding cardiovascular regulatory systems. For example, the HF component is known
to reflect parasympathetic nervous activity, whereas the LF component is affected by both
SNS and PNS activations. Changes in cardiac autonomic regulation can thus be evaluated
from these spectral features. Standard frequency-domain parameters computed from HRV
spectra are summarized in Table 7.1 and their computations are described below.

Let us next denote the power spectrum estimate, computed using any relevant method
(e.g., Welch’s periodogram or AR spectrum), as P(f), where f; is the discrete frequencies
between zero and the Nyquist frequency (half of the sampling frequency). The power
within some specific frequency band is computed by integrating the spectrum, that is, by
evaluating the area under the curve as illustrated in Figure 7.4. The powers of VLF, LF, and
HF bands are thus computed from

Pyrp= z P(f)Af (7.13)
£¢€[0-0.04] Hz
Pip= ) P(faf (7.14)
f1€[0.04-0.15] Hz
Pyr = > P(fAf (7.15)

£€10.15-0.4] Hz

where Af =f; —f;_; is the bin width of a bar chart representing the spectrum and P(f;) is the
heights of the columns in the bar chart (see Figure 7.4). As mentioned in Section 7.4.2, the
AR spectrum can be divided into distinct spectral components as illustrated in Figure 7.4.
In such case, the band powers are not computed by summing over frequencies within a
prespecified frequency band as in Equations 7.13 through 7.15, but summing over the fre-
quency components lying within a prespecified frequency band. The absolute band powers
described above are usually given in units ms? or s? and a logarithm is often taken from
the absolute power values in order to make these values normally distributed (e.g., over
the patient population) for statistical analyses.
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TABLE 7.1

ECG Time Series Variability Analysis: Engineering and Medicine

Summary of Standard HRV Parameters Divided into Time-Domain, Frequency-Domain, and

Nonlinear Categories

Parameter (Units)

Description of the Parameter

Time-Domain Parameters

Mean RR (ms) The mean of the beat-to-beat RR intervals

Mean HR (bpm) The mean of beat-to-beat heart-rate values in beats per minute

SDNN (ms) Standard deviation of RR intervals

RMSSD (ms) Square root of the mean-squared differences between successive RR intervals

NN50 (beats) Number of successive RR intervals that differ more than 50 ms

PNN50 (%)  Percentage of successive RR intervals differing more than 50 ms (NN50
divided by the total number of RR intervals)

HRVi HRYV triangular index, obtained by dividing the area of the RR interval
histogram by the number of RR intervals at the modal bin of the histogram [1]

TINN (ms) Triangular interpolation of RR interval histogram, which provides the

Frequency-Domain Parameters

baseline width of a triangle fitted to the histogram [1]

VLF power (ms?, %)  Spectral power of the VLF component (typically ranging from 0 to 0.04 Hz)
presented in absolute units (ms?) or in percentage of total power (%):
VLF power (%) = VLF power (ms?)/Total power (ms2) x 100%
LF power (ms?, %, n.u.)  Spectral power of the LF component (typically ranging from 0.04 to 0.15 Hz)
presented in absolute units (ms?), percentage of total power (%) or
normalized units (n.u.):
LF power (%) = LF power (ms?)/Total power (ms2) x 100%
LF power (n.u.) = LF power (ms?)/[Total power (ms?) — VLF power (ms?)] x 100%
HF power (ms?, %, n.u.)  Spectral power of the HF component (typically ranging from 0.15 to 0.4 Hz)
presented in absolute units (ms?), percentage of total power (%) or
normalized units (n.u.):
HF power (%) = HF power (ms?)/Total power (ms?) x 100%
HF power (n.u.) = HF power (ms?)/[Total power (ms?) — VLF power (ms?)] x 100%
LE/HF Ratio between LF and HF component powers
Peak frequency (Hz) LF and HF component peak frequencies (frequency corresponding to the
maximum power within the frequency band)
Nonlinear Parameters
SD1, SD2 (ms) Standard deviation of the Poincaré plot perpendicular to the line-of-identity
(SD1) and along the line-of-identity (SD2) [25,26]
oy, O Slopes of short term (a;) and long-term (a,) fluctuations in DFA [27,28]
ApEn Approximate entropy [29,30]
SampEn Sample entropy [30]
D2 Correlation dimension [31,32]
Lmean, Lmax (beats) Mean and maximum line lengths of diagonal lines in RP [33,34]
REC, DET (%)  Recurrence rate (percentage of recurrence points in RP) and determinism
(percentage of recurrence points which form diagonal lines in RP)
ShanEn Shannon entropy of diagonal line lengths probability distribution

DET, determinism; HE, high frequency; HR, heart rate; HRV, heart rate variability; LF, low frequency; RP, recur-
rence plot; REC, recurrence rate; RMSSD, root mean square of successive differences; TINN, triangular interpola-
tion of RR interval histogram; VLE, very low frequency.
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FIGURE 7.4
Computation of LF and HF powers from power spectral density estimates.

The relative powers of the VLF, LE, and HF bands can be presented in percentage val-
ues as

P 2
Pyrp (%) = %msz) % 100% (7.16)
PTotal (ms )
P 2
Py (%)= Lms; x 100% (7.17)
PTotal (ms )
P 2
Py (%) = —HEMS) 1009 (7.18)

P Total (msz)

In addition, the relative powers of the LF and HF bands can be presented in normalized
units (n.u.) as

P 2
P ()= N (ms?) X 100% (7.19)
Prytal (Ms?) — Pyp g (ms?)
P 2
Pyp (nou) = e (S°) x 100% (7.20)

Protar (Ms?) — Py g (ms?)

and the power ratio between them can be simply computed as

PLF (mSZ)

LF/HF = (7.21)

P HE (msz)

The relative powers of different frequency components and the LF/HF ratio are useful
when examining the proportion of LF to HF, which is known to reflect sympatho-vagal
balance. One advantage in using relative powers is that the high interindividual variability
known to exist in the absolute HRV power values is not an issue, because the values are
normalized with the total power.
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7.5 Nonlinear Analysis Methods

Considering the complex regulation of the cardiovascular system, it is quite obvious that
the HRV time series features cannot be fully captured using linear methods. Therefore,
various nonlinear methods have been applied to HRV to fully capture the characteristics
of the beat-to-beat variability. However, nonlinearity of a method per se is not a guarantee
of capturing useful information from the HRV time series. Furthermore, the physiologi-
cal interpretation of the results obtained using nonlinear methods is sometimes difficult.
Therefore, it is important to compare the results from nonlinear methods against those
obtained from the standard linear methods.

In Kubios HRV software, nonlinear properties of HRV can be assessed using measures
such as Poincaré plot, approximate (ApEn) and sample entropy (SampEn), correlation
dimension, detrended fluctuation analysis (DFA), and recurrence plot (RP) analysis. The
nonlinear methods implemented in Kubios are summarized in Table 7.1 and described
shortly in the following.

7.5.1 Poincaré Plot Analysis

The Poincaré plot is a graphical presentation of the correlation between consecutive RR
intervals, that is, a plot of RR]» 41 as a function of RR]- [25,26]. The shape of the plot is
quantified by fitting an ellipse into the data points (RR;,RR; ;) oriented along the line of
identity (LOI) where RR; =RR;,;. The width and length of the ellipse are determined by
the standard deviations of the points perpendicular to and along the LOI as illustrated in
Figure 7.5. The standard deviation perpendicular to the LOI is denoted by SD1 and stan-
dard deviation along the LOI by SD2. SD1 is considered to reflect short-term (beat-to-beat)
variability, which is mainly caused by RSA. It can be shown that the SD1 is related to the
time-domain measures SDSD (or RMSSD) by [25]

2 2
Sp1 1 /SDSD? _  /RMSSD 722)
2 2

The standard deviation along the LOI denoted by SD2, on the other hand, measures overall
variability, that is, aggregate of short-term and long-term variabilities and has been shown
to be related to the time-domain measures SDNN and SDSD (or RMSSD) by [25]

2 2
SD2 = \/ 2 SDNN2 — SDSD ~ \/ 2 SDNNZ — % (7.23)

The ratio of these two standard deviations, that is, SD1/SD2 can thus be considered to
yield a nonlinear index for the balance between short-term beat-to-beat variability and
longer term variability.

7.5.2 Entropy Measures

ApEn and SampEn are two commonly used entropy measures, both measuring the com-
plexity or irregularity of the signal [29,30]. A generalization of SampEn is provided by
multiscale entropy (MSE) described after ApEn and SampEn. These three entropy mea-
sures are included in the Kubios HRV software. Another entropy measure that has drawn
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FIGURE 7.5
Parametrization of the Poincaré plot with the ellipse fitting procedure. SD1 and SD2 are standard deviations at
directions x; and x,, where x, is the line of identity (LOI) having RR;=RR;,;.

attention lately is Renyi entropy, which is also an MSE measure including Shannon entropy
as a special case [38].

Considering the values of ApEn or SampEn, large values indicate high irregularity
whereas smaller values indicate a more regular signal. The computations of these entropy

values starts by forming length m embedding vectors u;:

= <RRj,RRj+1, ,RRj+m_1> . j=12....N-m+1 (7.24)
where m is the embedding dimension and N is the number of beats. Then, for every uj, the
relative number of vectors 1, for which the distance to u; is small enough, is calculated.
At this point, the computations of ApEn and SampEn diverge, but in both measures the
distance between any two vectors 1; and 1y is defined as the maximum absolute element-
wise difference:

d(uj, 1) = max { IRR,, ~ Ry, | [ =0, ... - 1} (7.25)

In ApEn, the relative number of vectors u; for which d(ui, uy) <ris defined as

nbr of {uk ’ d(u;, uy) < 7’}
N-m+1

C;.”(r) = Vk (7.26)
The value of C]T”(r) is always between 1/(N —m+1) < C;.”(r) <1. ApEn is obtained by first
averaging the natural logarithms of every C}”(r) as

1 N-m+1
mNpy= — m 7.27
D7(r) Nom+1 2 In C] ) (7.27)
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Equations 7.24 through 7.27 are then reevaluated for embedding dimension m+1 and
ApEn is obtained as

AppEn(m, r, N) = ®"(r) — "+ (7). (7.28)

In SampEn, the self-comparison of u; is excluded when computing C]T"(r), that is,
Equation (7.26) is replaced with

nbr of {uk ’d(u]», Uy) SV}
N-m

Ccrn= V] (7.29)

where now 0 < C}“(r) < 1. SampkEn is obtained by first averaging the terms C}"(r) with

N-m+1

(Dm(r)=N; z} ) (7.30)
j=

-m+1

and then (after reevaluating the same for embedding dimension m + 1) evaluating

(7.31)

SampEn(m,r,N):ln( O"(r) >

(I)m+l (1’)

The values of ApEn and SampEn depend on three factors, the embedding dimension
m, the tolerance value r, and number of beats N. Both entropy measures are estimates for
the negative natural logarithm of the conditional probability that a time series of length
N, having repeated itself within a tolerance r for m points, will also repeat itself for m + 1
points. In the Kubios HRV software, the default values for the embedding dimension and
tolerance are m =2 and r=0.2 SDNN. Fixing the tolerance value on standard deviation of
the time series enables comparison of different time series acquisitions. Finally, it should be
mentioned that the length N of the time series also has an effect on the entropy measures,
but when N increases both ApEn and SampEn approach their asymptotic values.

7.5.2.1 Multiscale Entropy

MSE is an extension of SampEn in the sense that it provides sample entropy values as a
function of a scale factor [39]. A course-graining process is applied to extract different scales
from the original RR interval time series. Computation of MSE involves the following two
steps:

1. Several course-grained time series are extracted from the measured RR data by
averaging the beat-to-beat data within nonoverlapping windows of increasing
length 7. In the Kubios HRV software, the scale factor 7 is selected to range between
t=1,2,...,20 and the length of the course-grained time series is N/t (N being the
number of beats).

2. SampEn is calculated for each course-grained time series and the MSE is obtained

by presenting the SampEn values as a function of the scale factor . MSE for scale
factor =1 involves no course graining and returns standard SampEn.
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7.5.3 Correlation Dimension

The correlation dimension is also a measure of the complexity or strangeness of the data,
and is expected to give information on the minimum number of dynamic variables needed
to model the complex system [31,32]. The computation of the correlation dimension starts
similarly as for the entropy measures described above, that is, length m embedding vectors
are first formed according to Equation 7.24 and then the relative number of vectors u
for which the distance to u; is below a prespecified tolerance is computed according to
Equation 7.26. The distance between two embedding vectors u; and u; is now, however,
defined a