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It is well known that biomedical signals, such as heart rate
variability (HRV), electrocardiogram (ECG), electroenceph-
alogram (EEG), and voice, arise from complex nonlinear
dynamical systems, as the cardiovascular, nervous, or phona-
tory ones. Information extracted from these signals provides
insights regarding the status of the underlying physiology.
Complexity measures are helpful to quantitatively describe
nonlinear biomedical systems and to detect changes in their
dynamics that can be associated with physiological or patho-
logical events [1–5]. These measures on biomedical signals
and images can be used in a wide field of applications as
pathology detection, decision support systems, treatment
monitoring, and temporal segmentation. They can also be
used to characterize biomedical systems that gave rise to
those images and time series. However, in practice, many
challenges emerge when these complexity measures are
applied, such as the influence of the noise, the quantization
effects, the lengths of the available data, or the parameter
tuning. Many of these issues are still unsolved [6–8]. How
to cope with these difficulties and how to obtain tools that
can be employed in clinical practice are the subjects of this
special issue. It is focused not only on the application of
existing complexity measures on biomedical signals and
images but also on the development of new complexity mea-
sure algorithms. Some interesting complexity-based works
are also associated with machine learning-based strategies,
automatization in parameter setting, and applications in

pattern recognition problems, as well as developments and
applications of novel complexity estimators for multivariate,
multiscale, or multimodal data [9, 10].

In this context, different proposals that explore theory and
applications of complexity-based measures related to bio-
medical signal problemswere selected. After a rigorous review
process, 8 papers have been accepted for this special issue.

M. Alves et al. contribute the paper entitled “Linear and
ComplexMeasures of Heart Rate Variability during Exposure
to Traffic Noise in Healthy Women” on the evaluation of the
complexity of HRV during traffic noise exposure. They ana-
lyze healthy female students exposed to traffic noise through
an earphone for a period of 20 minutes. The traffic noise was
recorded from a very busy city street (71–104 dB). They
observe no significant changes in the linear analysis approach.
Chaotic global analysis and Shannon, Renyi, and Tsallis
entropies are also considered. They conclude that traffic noise
under laboratory conditions increases the complexity of HRV
through chaotic global analysis and somemeasures of entropy
in healthy females.

In their article “Invariant Measures Based on the
U-Correlation Integral: An Application to the Study of
Human Voice”, J. F. Restrepo and G. Schlotthauer use
nonlinear measures such as the correlation dimension, the
correlation entropy, and the noise level to characterize nor-
mal and pathological voices. Following this line, the reader
can identify two original contributions. The first one is an
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automated algorithm, based on the recently proposed
U-correlation integral, to calculate the aforementioned
invariants. The second one is the idea of using the noise level
to quantitatively differentiate between voice types. These two
proposals are tested using the “Massachusetts Eye & Ear
Infirmary” Voice Disorders Database, distributed by Kay
Elemetrics. The results show that the voice dynamics has a
low dimension which increases during pathological states.
This suggests the presence of the inherent stochastic pertur-
bation that strengthens along with the voice type. Finally,
the authors conclude that the voice production dynamical
system increases in complexity in the presence of a pathology
and with the type of voice.

A. J. Ibáñez-Molina and S. Iglesias-Parro explore the
interesting problem of consciousness measures in their work
“A Comparison between Theoretical and Experimental
Measures of Consciousness as Integrated Information in
an Anatomically Based Network of Coupled Oscillators.”
Theories of consciousness have led to new measures to detect
consciousness in a system. The integrated information theory
(IIT) is possibly one of the best mathematical rooted
attempts to quantify the level of consciousness in a system.
From the experimental point of view, perturbational com-
plexity index (PCI) was introduced trying to detect conscious
states having almost perfect classification accuracy. In this
study, the authors explore the statistical correspondence
between theoretical and experimental measures through a
well-known neurocomputational model. This model consists
of coupled oscillators that can be artificially perturbed. Their
results show that both measures are statistically related, but,
in principle, this relationship is far to be perfect. These results
are discussed in the context of the model of coupled oscilla-
tors employed, which mainly focuses on the dynamics of
collective synchronization between subsets of brain areas.

The paper entitled “ComplexityMeasures forQuantifying
Changes in Electroencephalogram in Alzheimer’s Disease”
by A. H. Husseen Al-Nuaimi et al. explores the application
of complexity-based measures as possible biomarkers for
Alzheimer’s Disease (AD). This is a progressive disorder that
starts many years before its clinical manifestations. For this
reason, it is important to find accurate, low-cost, and easy-
to-use biomarkers that provide quantitative measures of
changes in the brain in the early stages of AD. This is a
cross-sectional study that aims to demonstrate the usefulness
of EEG complexity measures in this context. Tsallis entropy
(TsEn), Higuchi fractal dimension (HFD), and Lempel-Ziv
complexity (LZC) methods were analyzed for this purpose.
In this study, the complexity measures are derived from
EEG frequency bands because of their relationship with brain
states. The results show that, for specific EEG frequency
bands/channels, the complexity-based measures here evalu-
ated and provided useful information to detect AD.

P. Castiglioni et al., in their paper “Multifractal-
Multiscale Analysis of Cardiovascular Signals: A DFA-
Based Characterization of Blood Pressure and Heart-Rate
Complexity by Gender,” present a new method based on
detrended fluctuation analysis for joint multifractal/multi-
scale analysis which is designed for overcoming the limita-
tions of the current methods for evaluating the multiscale

or multifractal features of cardiovascular signals. In this
work, the authors study the multifractal/multiscale nature
of the interbeat intervals, systolic blood pressure, and dia-
stolic blood pressure, in 42 female and 42 male healthy
volunteers. Their results shown that both scale coefficients
and degree of multifractality depend on the type of cardio-
vascular signal and on the temporal scale, with significant
gender differences.

The paper titled “Identification of Alcoholism Based on
Wavelet Renyi Entropy and Three-Segment Encoded Jaya
Algorithm” by S.-H. Wang et al. describes a processing pipe-
line of structural magnetic resonance imaging (MRI) data
where features are extracted via wavelet Renyi entropy and
a classifier is used to distinguish between people with alco-
holism and healthy controls. In addition to describing the
implementation of the classification approach in Java, this
manuscript illustrates the potential of nonlinear metrics to
be applied to clinical and biomedical data other than time
series. By considering two-dimensional objects such as
images, the authors show how entropy-based techniques
(Renyi entropy in this case) have potential to be applied in
more settings than the traditional analysis of time series.

In their paper entitled “Efficient Computation of Multi-
scale Entropy over Short Biomedical Time Series Based on
Linear State-Space Models,” L. Faes et al. propose a new
method to assess complexity, the so-called linear multiscale
entropy (MSE). Compared to other MSE-based methods,
such as the refined MSE (RMSE), linear MSE is based on the-
oretical rather than empirical grounds. Therefore, it can be
analytically computed from the parametric representation
of an observed stochastic process. For this purpose, linear
MSE uses linear state-space (SS) models. Simulations and
the analysis of short biomedical time series show that, for
linear stochastic processes, linear MSE outperforms RMSE.

The paper entitled “Complexity-Based Discrepancy
Measures Applied to Detection of Apnea-Hypopnea Events”
by R. E. Rolón et al. explores the use of complexity-based
discrepancy measures in the context of biomedical signal
classification. The authors proposed a method to construct
discriminative subdictionaries for sparse representations in
the particular case of pulse oximetry signals applied to
apnea-hypopnea event detection. Besides traditional discrep-
ancy measures, they study a simple and recently introduced
measure called difference of conditional activation frequency
(DCAF). They also explore the effect of overcompleteness
and redundancy of the dictionary as well as the sparsity level
of the representation. Their results show that complexity-
based measures are capable of adequately pointing out
discriminative atoms of the dictionary. Moreover, DCAF
yields competitive averaged detection accuracy rates at low
computational cost. This shows that discriminative sub-
dictionary construction methods for sparse representations
of pulse oximetry signals constitute a valuable tool for
apnea-hypopnea screening.
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In recent years, an increasing interest in the development of discriminative methods based on sparse representations with discrete
dictionaries for signal classification has been observed. It is still unclear, however, what is the most appropriate way for introducing
discriminative information into the sparse representation problem. It is also unknown which is the best discrepancy measure
for classification purposes. In the context of feature selection problems, several complexity-based measures have been
proposed. The main objective of this work is to explore a method that uses such measures for constructing discriminative
subdictionaries for detecting apnea-hypopnea events using pulse oximetry signals. Besides traditional discrepancy measures,
we study a simple one called Difference of Conditional Activation Frequency (DCAF). We additionally explore the combined
effect of overcompleteness and redundancy of the dictionary as well as the sparsity level of the representation. Results show that
complexity-based measures are capable of adequately pointing out discriminative atoms. Particularly, DCAF yields competitive
averaged detection accuracy rates of 72.57% at low computational cost. Additionally, ROC curve analyses show averaged
diagnostic sensitivity and specificity of 81.88% and 87.32%, respectively. This shows that discriminative subdictionary
construction methods for sparse representations of pulse oximetry signals constitute a valuable tool for apnea-hypopnea screening.

1. Introduction

Although it is widely used and accepted, the notion of com-
plexity has very often avoided a rigorous formalization. It is
therefore not surprising that no universally accepted measure
exists yet for quantifying such a concept. In particular, within
information theory, the complexity of any element of a code,
or of any feature of a signal representation in the context of
signal processing, is known to be strongly related to the infor-
mation it carries or, more precisely, to the value of its
entropy. It is important to point out however that, in the
context of signal classification, the more informative features
(in terms of classification) are not necessarily the ones with
larger entropy. Hence, more “ad hoc” measures are needed.
In fact, any appropriate complexity measure corresponding
to a given feature should be instead, strongly related to the
amount of information about class membership provided

by such a feature. One could then think of using as measure
of complexity the conditional entropy of the class given the
feature. However, features providing the most discriminative
information regarding a class are almost always those with
lower conditional entropy values, and hence, the best features
for classification purposes will be the least complex ones.

Information theory was originally based on the engi-
neering of noisy communication channels, and it is closely
associated to a large number of disciplines such as signal pro-
cessing, artificial intelligence, complex systems, and pattern
recognition, to name only a few. We are particularly inter-
ested in the latter. Pattern recognition is a discipline which
is mainly oriented to the generation of algorithms or
methods that can decide an action based upon certain
recognized similarities (patterns) in the input data. Within
signal classification, which is perhaps one of the most impor-
tant subfields of pattern recognition, several discrepancy
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measures have been used in problems coming from a wide
variety of areas such asmachine learning [1], image and speech
processing [2], neural networks [3], and biomedical signal
processing [4, 5]. Among them, the most commonly used
is probably the Kullback-Leibler (KL) divergence [6, 7].
This divergence, also known as relative entropy, was used
as a discriminative measure for selecting, from a large col-
lection of orthonormal bases, the one attaining maximum
information [1]. A more recent approach was introduced
by Gupta et al. [8] who used this divergence as a discrepancy
measure in the traditional k-nearest neighbor (k-NN) algo-
rithm, yielding competitive classification performances in
the context of raw electroencephalographic signal classifica-
tion. Although it provides certain computational and theoret-
ical advantages, the lack of symmetry of the KL divergence has
motivated the development of several symmetric versions
such as the so-called J divergence [9] and the well-known
and widely used Jensen-Shannon divergence [10].

Sparse representation of signals constitutes a useful tech-
nique which has drawn wide interest in recent years due to its
success in many applications such as signal and image pro-
cessing [11]. This technique allows the analysis of the signals
by means of only a few well-defined basic waveforms. Due to
its advantages, such as robustness to noise and dimension
reduction, sparse representation has acquired a large popu-
larity in the area of biomedical signal processing. For exam-
ple, this technique has been successfully applied to several
problems including the estimation of the human respiratory
rate [12] and electrocardiographic signal processing, both
for signal enhancement and QRS complex detection, for
improving heart disease analysis and diagnosis [13]. It is
timely to point out however that, up to our knowledge, no
applications of discrepancy measures to sparse representa-
tion for signal classification are known yet.

All reconstructive methods, such as principal component
analysis (PCA), independent component analysis (ICA), and
the previously mentioned sparse representations [14], pro-
duce particular types of signal representations minimizing a
given cost functional which usually involves both fidelity
and regularization terms. These methods have been success-
fully applied in a wide variety of problems such as signal
denoising, missing data, and outliers. On the other hand, dis-
criminative methods such as linear discriminant analysis
(LDA) are oriented to find optimal decision boundaries to
be used for classification tasks. It is well known that for signal
classification, which is our main interest in this work, dis-
criminative methods generally outperform reconstructive
methods. It is mainly for this reason that several authors have
recently developed supervised approaches based on sparse
representation which are simultaneously reconstructive and
discriminative [15, 16].

The obstructive sleep apnea-hypopnea (OSAH) syn-
drome [17] is one of the most common sleep disorders and
more often than not it remains undiagnosed and therefore
not treated. This syndrome is caused by repeated events of
partial or total blockage of the upper airway during sleeping,
which correspond to events of hypopnea and apnea, respec-
tively. To evaluate the severity degree of the OSAH syn-
drome, medical physicians have created the so-called

apnea-hypopnea index (AHI), which is defined as the aver-
age number of apnea-hypopnea events per hour of sleep. In
terms of this index, OSAH is classified as normal, mild, mod-
erate, or severe depending on whether such an index falls in
the interval 0, 5 , 5, 15 , 15, 30 or 30,∞ , respectively.
The gold standard test for OSAH diagnosis is a study called
polysomnography (PSG). However, PSG is both costly and
lengthy and the accessibility to this type of study is limited.
Additionally, PSG studies require information coming from
a variety of physiological signals such as electroencephalog-
raphy (EEG), airflow and pulse oximetry (SaO2). It is known
however that cessations of breathing associated with apnea-
hypopnea events are always accompanied by a drop in the
oxygen saturation level in the SaO2 signal record, although
quite often such a drop is very small and almost impossible
to detect by a human observer.

The main objective of this work is precisely to develop a
technique based on sparse representations and the use of
appropriate discriminative information that be able to accu-
rately and efficiently detect apnea-hypopnea events by
using only the SaO2 signal. Several ways exists for combin-
ing discriminative information and sparse representations
within the context of signal classification. We shall follow
one consisting of using the discriminative information for
detecting those atoms having the most frequent activations
in order to provide them as input for a classifier. This
approach was initially introduced in [4] where two methods
using the absolute value of the activation differences of the
atoms as a measure of the discriminative information for
the detection of OSAH were presented. In this work, a rig-
orous formalization of such a measure is introduced and
compared with several other discrepancy measures for clas-
sifying apnea-hypopnea events. Also, the combined effect of
using different sizes of nonredundant dictionaries and dif-
ferent sparsity degrees is explored in detail. Results show
clearly that the proposed measure is capable of adequately
pointing out discriminative atoms in a full dictionary, yield-
ing competitive accuracy rates in the detection of individual
apnea-hypopnea events. Additionally, this new approach is
computationally very cheap. In fact, it has proved to be at
least twice faster than those associated to all other discrep-
ancy measures.

The rest of this article is organized as follows: in Section
2, the obstructive sleep apnea-hypopnea syndrome is
explained. Sparse representation of signals is introduced in
Section 3. The problem of finding discriminative sub-
dictionaries is described in Section 4 while several discrimi-
native information measures are presented in Section 5. Sec-
tion 6 contains a detailed description about the performed
experiments. Results and discussions are introduced in Sec-
tion 7 while conclusions are presented in Section 8.

2. Sleep Apnea-Hypopnea

Apnea-hypopnea events occur as a consequence of a
functional-anatomic disturbance of the upper airway pro-
ducing its partial or total blockage. At the end of an apnea-
hypopnea event, a pronounced desaturation of the blood
hemoglobin commonly occurs. These desaturations generate
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characteristic patterns in the pulse oximetry record known as
intermittent hypoxemias. The hypoxemia-reoxygenation
cycles promote oxidative stress, angiogenesis, and tumor
growth and favor the sympathetic activation with increment
of blood pressure and systemic and vascular inflammation
with endothelial dysfunction which contributes to multior-
ganic chronic morbidity, metabolic abnormalities, and cogni-
tive impairment [18]. Additionally, strong correlations
between neoplastic diseases and the OSAH syndrome have
been described in [19]. Also, a recent study among male mice
suggests that OSAH’s intermittent hypoxia can be associated
to fertility reduction [20]. Currently, this pathology affects
more than 4% of the human population around the world
[21]. Additionally, it was found that aging, male gender, snor-
ing, and obesity are all risk factors for OSAH syndrome [22].

Although very limited in many countries, overnight poly-
somnography (PSG) is currently the gold standard tool for
diagnosing OSAH syndrome. As previously mentioned, a full
PSG consists of the simultaneous measurement of several
physiological signals such as EEG, electrocardiography
(ECG), respiratory effort, airflow, SaO2, and electrical activity
produced by skeletal muscles (EMG). Mainly due to its ease
of acquisition, we are particularly interested in the SaO2 sig-
nal. Figure 1 shows a typical temporal plot of just a few phys-
iological signals coming from a full PSG. This figure also
depicts a portion of an original raw airflow signal as well as
the corresponding portion of the SaO2 signal. The corre-
sponding labels of apnea-hypopnea events (dashed lines)
are also shown. Finally, at the bottom of this figure, the elec-
trical activity of the heart as well as the sleep stages are
shown. In a typical PSG study, after a normal period of sleep,
the recorded signals are provided to medical experts who
analyze the whole record and mark the apnea-hypopnea
events and sleep stages, needed for the posterior evaluation
the AHI index. Due to its complexity and cost, a few alterna-
tives to PSG have been adopted. One of the most popular
ones is the so-called home respiratory polygraphy (HRP)
[23] which requires no neurophysiological signals. Although

studies have shown that there exists a high correlation
between AHI values generated by HRP and PSG studies
[24], HRP still needs of several physiological signals, whose
acquisition strongly affects the normal sleeping of the person.
It is therefore highly desirable to develop a reliable OSAH
screening system which makes use of as few as possible phys-
iological signals. In this regard, pulse oximetry, being a cheap
and noninvasive technique, has become a suitable alternative
for screening purposes [25].

In this work, we shall develop a method for the detection
of apnea-hypopnea events that uses only the SaO2 signals.
Our approach leads to a binary classification problem whose
main purpose is the detection of the presence (or not) of
events of apnea and hypopnea. It is timely to point out that
although our method does take into consideration an appro-
priate fidelity term, we are by no means interested in achiev-
ing accurate signal representation.

3. Sparse Representations

As previously mentioned, one of the most popular recon-
structive methods is based on sparse representations of the
signals involved. Sparsity can be enforced by including
upper bounds for the number of nonzero coefficients in
the representation of the given signals in terms of atoms in
a dictionary.

Formally, the problem of sparse representations of sig-
nals can be separated into two subproblems, the so-called
sparse coding problem and the dictionary learning prob-
lem. We shall now proceed to describe in detail each
one of these subproblems. To be more precise, let x ∈ℝN

be a discrete signal and let Φ ∈ℝN×M (generally withM ≥N)
be adictionarywhose columnsϕj ∈ℝ

N are atoms thatwewant
to use for obtaining a representation of x of the form x =Φa.
Here, and in the sequel, we shall refer to the vector a =
a1 a2,… , aM

T ∈ℝM as a “representation” of x. Sparsity
consists essentially of obtaining a representation with as
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Figure 1: A portion of a few number of physiological signals coming from a full PSG. Dashed lines (brown) are apnea-hypopnea labels
introduced by the medical expert.
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few nonzero elements as possible. A way of obtaining such
a representation consists of solving the following problem:

P0 : min
a

  a 0

subject to x =Φa,
1

where ∥a∥0 denotes the l0 pseudonorm, defined as the num-
ber of nonzero elements of a.

Several questions regarding problem P0 immediately
arise. Among them are the following: (i) does there exist an
exact representation x =Φa?, (ii) if an exact representation
exists, is it unique?, (iii) in the case of nonuniqueness, how
do we find the “sparsest” representation? and (iv) how diffi-
cult is it, from the computational point of view, to solve prob-
lem P0 ?. Although it is not an objective of this article to get
into details about the answers to these questions, it turns out
that imposing exact representation is most often a too restric-
tive and therefore inappropriate constrain and, on the other
hand, solving P0 is generally an NP-hard problem yielding
this approach highly unsuitable for most applications. For
more details, we refer the reader to ([26], § 1.8).

In order to overcome some of the difficulties which entail
solving problem P0 , several relaxed versions of it have been
considered. One of them consists of allowing a small repre-
sentation error while imposing an upper bound on the l0
pseudonorm of the representation:

Pq
0 : min

a
  x −Φa 2

subject to  a 0 ≤ q,
2

where q is a prescribed integer parameter. This formulation
takes into account the existence of possible additive noise
terms; in other words, it assumes that x =Φa + e, where e ∈
ℝN is a small energy noise term. Thus, this approach is par-
ticularly suitable in most real applications (such as biomedi-
cal signal processing) where measured signals are always
contaminated by noise. Several greedy strategies have been
proposed for solving problem Pq

0 [27, 28]. Among them,
orthogonal matching pursuit (OMP) [28] is perhaps the most
commonly used strategy. This greedy algorithm guarantees
convergence to the projection of x into the span of the dictio-
nary atoms, in no more than q iterations. Figure 2 shows an
example of the values of a particular coefficient aj∗ associated

to the atom ϕ j∗ obtained by applying the OMP algorithm for
a large number (almost half a million) of segments of SaO2
signals and its corresponding activation histogram.

Although preconstructed dictionaries, such as the well-
known wavelet packets [29], typically lead to fast sparse
coding, they are almost always restricted to certain classes
of signals. It is mainly for this reason that new approaches
introducing data-driven dictionary learning techniques
emerged. A Dictionary Learning (DL) problem consists
of simultaneously finding a dictionaryΦ and representations
of n signals xi, 1 ≤ i ≤ n, (in terms of atoms of such a dictio-
nary) complying with a sparsity constraint for each one of
the n signals, while minimizing the total representation error.
The (DL) problem associated to the data: q,M,N ∈ℕ,M ≥N ,
and n signals in ℝN , x1,… , xn, can be formally written as

DL : min
Φ∈ℝN×M

ai∈ℝM , ai 0≤q, 1≤i≤n

〠
n

i=1
xi −Φai 2

3

The first data-based dictionary learning algorithms were
originally developed almost three decades ago [30–32]. Some
of them have their roots in probabilistic frameworks by con-
sidering the observed data as realizations of certain random
variables [30, 31]. In [31] for example, the authors developed
an algorithm for finding a redundant dictionary that maxi-
mizes the likelihood function of the probability distribution
of the data. In that work, an analytic expression for the like-
lihood function was derived by approximating the posterior
distribution by Gaussian functions. An iterative approach
for dictionary learning, known as the “method for optimal
directions” (MOD), was presented in [32]. The sparse coding
stage of this method makes use of the OMP algorithm
followed by a simple dictionary updating rule. A new iterative
algorithm was recently proposed by Aharon et al. in [14].
This new approach, called “K singular value decompositions”
(K-SVD), consists mainly of two stages: a sparse coding stage
and a dictionary learning stage. The OMP algorithm is used
for the sparse coding stage, which is followed by a dictionary
updating step where the atoms are updated one at a time and
the representation coefficients are allowed to change in order
to minimize the total representation error.
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Figure 2: The values of the activations of a particular atom for each signal (a) and the corresponding histogram of activations (b).
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4. Discriminative Subdictionary Construction

Although data-driven dictionary learning algorithms pro-
duce sparse representations of signals which are robust
against noise and missing data, such representations turn
out to be unsuitable if the final objective is signal classifica-
tion. This is mainly so because those algorithms do not take
into account any a priori or available information con-
cerning class membership. In order to overcome this diffi-
culty, some strategies which incorporate appropriate class
information have been proposed [4, 16, 33]. In [33], for
instance, the authors developed a discriminative dictionary
learning method by efficiently integrating a single predic-
tive linear classifier into the cost function of the K-SVD
algorithm. A method incorporating a discriminative term
into the cost function of the standard K-SVD algorithm
is presented in [16]. This method finds an optimal dictionary
which is simultaneously representative and discriminative
for face recognition tasks. In this work, we make use of a
simple approach for detecting discriminative atoms from a
previously learned dictionary and using them to build a
new subdictionary. This approach, which is originally pre-
sented in [4], consists of solving two problems, namely, (i)
the above mentioned full DL problem and (ii) a discrimina-
tive subdictionary DSD construction problem. We shall
now proceed to describe problem (iii). One way to obtain
discriminative subdictionaries consists of maximizing an
appropriate discriminative value functional G · . Given a
data matrix X ∈ℝN×n, a class label vector c ∈Cn (where
C is the set of all classes; in the binary case C = c1, c2 ),
a dictionary Φ ∈ℝN×M and p ∈ℕ (with p <M), the most

discriminative subdictionary Φd
∈ℝN×p, according to an

appropriate prescribed discriminative value functional
GX,c,Φ ℝN×p →ℝ+

0 , is defined as

DSD : Φd
= arg max

d≐ i1i2⋯ip

ij∈ 1,2,…,M

ij≠ik∀j≠k,

GΧ,c,Φ Φd

4

where for d≐ i1 i2 ⋯ ip , Φd denotes the N × p matrix
whose jth column is the ijth column of Φ. The function G,
which must be provided, quantifies the discriminative
power of each subdictionary Φd. Thus, large values of G
correspond to highly discriminative subdictionaries while
small values of G are associated to subdictionaries with
low discriminability.

Several questions concerning problem DSD clearly
emerge. Among them are the following: (i) how do we find
an appropriate discriminative value function G?, (ii) given
the functional G, does problem DSD have a solution?,
(iii) if it does, is it unique?, (iv) in the case of nonunique-
ness, how do we decide which subdictionary, among the
optimizers, is the best for our classification purposes? and
(v) how difficult is it, in terms of computational cost, to
solve problem DSD ?. Although this problem has not been
extensively studied, is it known that solving DSD is

computationally very challenging for p > 1, mainly due to the
combinatorial explosion problem. A way to overcome the
computational complexities entailed by problem DSD con-
sists of defininganappropriatediscriminativevalue functional
G for p = 1. In that way G is independently evaluated at each
one of the atoms (columns) of Φ and the discriminative sub-
dictionary Φd ∈ℝN×p∗ is constructed by stacking side-by-
side thefirstp∗ ranked columnsofΦwith largestGvalues.This
simplification is basedon the assumption that each atom in the
dictionary is used tomodel specific characteristics that are not
completelymodeled by the other atoms. Thus, the discrimina-
tive informationprovidedbyaparticular atomwill bedifferent
from the information contributed by other atoms.

5. Discriminative Value Functions for
Atom Selection

Several ways for appropriately constructing discriminative
value functions G exists. In this section, we present two dif-
ferent approaches to define such a function, namely, (i) using
traditional discrepancy measures and (ii) using a new dis-
criminative measure to which we shall refer as the “Difference
of Conditional Activation Frequency” (DCAF). We shall pre-
viously need to introduce an appropriate setting and termi-
nology regarding probability density functions (PDFs) in
the context of sparse representations for signal classification.

Here, and in the sequel, we shall consider the vectors
x1, x2,… , xn as realizations of a particular random vector
X. Any sparse representation of those vectors will result in
the PDFs of each coefficient aj (associated to the atom ϕ j)
showing a very concentrated peak at zero with heavy tails
(as depicted in Figure 2). In the context of binary signal clas-
sification, it is reasonable to think that if a given atom ϕj∗ is
highly discriminative, then the conditional PDFs π aj∗ ∣ c1
and π aj∗ ∣ c2 will be significantly different. Thus, if a dic-
tionary Φ is poorly discriminative, then one should expect
π aj ∣ c1 ≈ π aj ∣ c2 for all j.

Although the elements aj of the representation vector
a are in general real numbers, for practical reasons, it is
appropriate to discretize them. That can be done in the
usual way by partitioning the real line ℝ into intervals
Ik ≐ k − 1/2 Δ, k + 1/2 Δ , k ∈ℤ, of length Δ and the
associated discretized random variable K j ≐∑k∈ℤ k χIk

aj .
The corresponding probability mass function (PMF) is pK j

k = P aj ∈ Ik = Ik
π aj daj, k ∈ℤ. Figure 3 shows the

estimated PMF and the corresponding conditional PMFs
(given each one of the two classes), both for a nondiscri-
minative and a discriminative atom using SaO2 signals.

We shall now proceed to define how we compute the dis-
criminative value function G. Given the data matrix X ∈
ℝN×n, the corresponding class label vector c ∈Cn and a full
dictionary Φ ∈ℝN×M , the first step consists of obtaining the
sparse matrix A≐ a1 a2 ⋯ an ∈ℝM×n by applying the OMP
algorithm. The jth row of this sparse matrix is then used for
estimating the conditional PMFs pK j

·∣c1 and pK j
·∣c2 .

Finally, the value of G at the atom ϕ j is computed as the
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discrepancy(asquantifiedbyanappropriatediscrepancymea-
sure) between these two PMFs. In what follows, we introduce
the discrepancy measures that we shall use in this work.

5.1. Traditional Discrepancy Measures. A great diversity of
measures whose purpose is performing comparisons between
probability distributions exists [34]. In this work, the best
known and more commonly used ones are compared in
terms of their performance for selecting the most discrimina-
tive atoms in a dictionary. The KL, J, and JS divergence mea-
sures were utilized, along with the Fisher score (F).

The KL divergence [7] is probably the most widely used
information “distance” measure from a theoretical frame-
work, and it was successfully applied in numerous problems
for signal classification [1, 35, 36]. To compare the two con-
ditional PMFs associated with the activation of the jth atom,
the KL distance was used as follows:

KL pK j
·∣c1 , pK j

·∣c2 ≐ 〠
k∈ℤ

pK j
k ∣ c1 log

pK j
k ∣ c1

pK j
k ∣ c2

,

5

assuming that 0 log 0 ≐ 0.
Despite the computational and theoretical properties

provided by KL distance, what usually becomes a trouble in
many problems of signal classification is its lack of symmetry.
It can be easily seen that altering the order of the arguments
in (5) can change the output value. To solve this issue, a sym-
metric version of the KL distance can be used such as the J
divergence [9], which, even though was not initially created
as a symmetric version of the KL distance, is the sum of the

two possible KL distances between probability distributions.
In this article, the J divergence is defined as follows:

J pK j
·∣c1 , pK j

·∣c2 ≐KL pK j
·∣c1 , pK j

·∣c2

+ KL pK j
·∣c2 , pK j

·∣c1
6

Another symmetric smoothed version of the KL distance
is the JS divergence [10]. For the problem of comparing the
two conditional probabilities associated to each class it is
defined as

JS pK j
·∣c1 , pK j

·∣c2 ≐w1KL pK j
·∣c1 , qK j

·

+w2KL pK j
·∣c2 , qK j

· ,
7

where qK j
· =w1pK j

·∣c1 +w2pK j
·∣c2 and w1 and w2 are

the weights associated to each of the conditional PMFs, with
w1,w2 ≥ 0 and w1 +w2 = 1. An interesting feature of the JS
distance is the fact that different values of weights (w1 and
w2) can be assigned to the probability distributions according
to their importance. In this work, w1 = P c1 and w2 = P c2 ,
that is, the weights are associated with the a priori proba-
bilities of the classes. Note that computing the JS distance
as defined here is the same as computing the mutual
information between the class and the activations, that is,
JS pK j

·∣c1 , pK j
·∣c2 =MI K j,C .

Within signal classification problems, F is a measure
which has been extensively used. Unlike the other measures
presented here, that require estimations of the conditional
PMFs, F uses just two parameters of the distributions (the
means and standard deviations). This makes this measure
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Figure 3: Estimated probability mass functions for a nondiscriminative atom ϕj (a) and a discriminative one (b).
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much less expensive computationally speaking, but implicitly
assumes certain characteristics of the distribution under
study (i.e., second-order characteristics). In the case of uni-
variate binary problem at hand, the F can be defined as

F pK j
·∣c1 , pK j

·∣c2 ≐
μ1 − μ2

2

σ21 + σ2
2

, 8

where μℓ and σ2ℓ are the mean and standard deviation of
pK j

·∣cℓ [37].

Although the abovementioned discrepancy measures
provide, in a certain sense, “measures” of distance between
two probability distribution functions, most of them (such
as the KL divergence and those symmetric variants) are not
strictly a metric. For instance, the KL divergence is a
nonsymmetric discrepancy measure where the triangular
inequality is not satisfied. Nevertheless, KL pK j

·∣c1 , pK j

·∣c2 is a nonnegative measure, that is, KL pK j
·∣c1 ,

pK j
·∣c2 ≥ 0 and KL pK j

·∣c1 , pK j
·∣c2 = 0 if and only

if pK j
·∣c1 = pK j

·∣c2 .

5.2. Difference of Conditional Activation Frequency. In a pre-
vious work, a method called Most Discriminative Column
Selection (MDCS) for the construction of a discriminative
subdictionary was originally presented [4]. The sparse repre-
sentations of the signals in terms of subdictionaries con-
structed using MDCS provided good performance in the
detection of apnea-hypopnea events. In the mentioned work,
the most discriminative atoms were identified by comparing
the difference of conditional activation frequency.

The candidates to be considered as “most discriminative”
according to [4] are those atoms with higher absolute differ-
ence between conditional activation probabilities given the
class. That is, an atom is considered as highly discriminative
if it is active, in proportion, more times for one of the classes.
The use of this approach as a measure of discriminative
power follows from the idea that one of the most expressive
parameters regarding the importance of a given atom is its
activation probability. Moreover, if certain atoms are active
mostly for a given class, then it is assumed they represent fea-
tures of importance in the description of that particular class.

Following this idea, DCAF is defined as

DCAF ηj1, η
j
2 ≐ η j1 − η j2 , 9

where

ηjℓ ≐
number of activations of the jth atom for cℓ

number of cℓsamples
10

The measure defined in (9) is symmetric; its value is
always ≥0 and is inexpensive in terms of computing (if the
classes are balanced, the DCAF can be replaced just by simply
counting, without the necessity of dividing with the number
of samples).

It can easily be seen that the definition of ηjℓ in (10) is
equal to the maximum likelihood estimation of the condi-
tional probability of activation, that is,

pK j
k ≠ 0 ∣ cℓ ≈ ηjℓ 11

Replacing this expression in (9), we can write

DCAF ηj1, η
j
2 ≈ pK j

k ≠ 0 ∣ c1 − pK j
k ≠ 0 ∣ c2

≈ 1 − pK j
k = 0 ∣ c1 − 1 − pK j

k = 0 ∣ c2

≈ pK j
k = 0 ∣ c2 − pK j

k = 0 ∣ c1 ,

12

finally expressing the DCAF in terms of the complementary
conditional probabilities that the atoms will not be activated.
With the exception of the F, all the measures presented in
Section 5.1 can be expressed as summations, where only
one of the terms is computed using the probabilities that
k = 0. However, due to the high sparsity of the representa-
tions the terms associated with k = 0 are particularly impor-
tant. This fact allows us to expect some correlation between
the results obtained with the different discrepancy measures
and the DCAF.

Figure 4 shows a representation of the conditional PMFs
associated to the activations of two different atoms (left side)
as well as an illustration of such functions where the peaks
centered at zero (k = 0) were discarded (middle). It is impor-
tant to note that, when excluding the zero-centered peak
from the graphic, a significant reduction in the magnitude
of the y-axis scale is produced which highlights the impor-
tance of the activation probability of sparse representations.
However, the discrepancy between the distributions is not
only due to the atoms activation probability, since slight dif-
ferences between the probability values for all k ≠ 0 exist
(zoom-in region). Additionally, the absolute values of these
differences are represented by the gray regions. It is also
important to point out that these area values shown in gray
(∑k≠0 ∣pKℓ

k ∣ c1 − pKℓ
k ∣ c2 ∣) are not necessarily equal to

those corresponding to the DCAF values. Nevertheless, for
symmetric PMFs with high kurtosis and heavy tails (such is
the case of the PMFs used in this work), the conditional
and a priori distributions are similar and therefore both area
values are close to each other.

6. Experimental Setup

This section presents the proposed system and its configura-
tion settings, aimed at detecting patients suspected of suffering
from moderate to severe OSAH syndrome. It also describes
the database used for training and testing the method along
with the measures selected for assessing its performance.

The main objective of our research is to explore the
effect of using discrepancy measures to rank the atoms
according to their discriminative power. Also, the experi-
ments are designed to determine the effect of using dictionar-
ies with different degrees of overcompleteness (redundant
dictionaries) for the detection of apnea-hypopnea events.
Additionally, the performance of the system for different
sizes of subdictionaries and sparsity degrees is analyzed.
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Figure 5 shows a simplified block diagram of the pre-
sented system. It can be observed that our system comprises
a training phase (above) and a testing phase (below). To clar-
ify the system’s description, we divided it into three different
stages, namely, stage I, stage II, and stage III. It can be seen
that stages I and II are included into training and testing
phases while stage III is only used during testing. Stage I is
composed by a preprocessing block whose inputs are the
raw SaO2 signals, and its outputs are filtered segments of
such signals, as described in Section 6.1. At the training
phase, stage II receives segmented signals and finds an
optimal discriminative subdictionary. During the testing
phase, stage II obtains a sparse matrix in terms of the previ-
ously found subdictionary. These processes are thoroughly
described in Section 6.2. Finally, the obtained sparse codes
are used as input of stage III. This stage detects apnea-
hypopnea events and estimates the AHI value, as described
in Section 6.3.

6.1. Database and Signal’s Preprocessing. The Sleep Heart
Health Study (SHHS) dataset [38, 39] was originally designed
to study correlations between sleep-disordered breathing and
cardiovascular diseases. This dataset includes a large number

of PSG studies, each of them containing several physiological
signals such as EEG, ECG, nasal airflow and SaO2. Medical
expert annotations of sleep stages, arousals, and apnea-
hypopnea events are also provided. In this work, only the S
aO2 signal (sampled at 1Hz) and its corresponding apnea-
hypopnea labels are considered for performing the experi-
ments. In this article, the first online version of such a
database (SHHS-2) is used. This version of the database con-
tains a total of 995 freely available PSG studies (https://
physionet.org/physiobank/).

The SaO2 signals are mainly degraded by patient move-
ments, baseline wander, disconnections, and the limited res-
olution of pulse oximeters, among other factors. When a
disconnection occurs, the recording during the time interval
where the sensor signal is blocked is lost. In order to over-
come this inconvenience, the values of blood oxygen satura-
tion during such an interval are linearly interpolated. To
denoise the signals, a wavelet processing technique [40] is
used. The denoising process is performed by zeroing the
approximation coefficients at level 8, as well as the coeffi-
cients of the first three detail levels of the discrete dyadic
wavelet transform with mother wavelet Daubechies 2. The
signals are then synthesized using the modified wavelet
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Figure 4: A representation of the conditional PMFs corresponding to the activations of two different atoms (a), the same functions excluding
the peaks centered at zero (k = 0) and the absolute value of their differences (b), and a graphical interpretation of the DCAF (c). The top row
corresponds to a nondiscriminative atom (ϕj) while the bottom row corresponds to a discriminative one (ϕi).
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coefficients by inverse discrete dyadic wavelet transform. The
application of this wavelet decomposition technique has the
effect of a band-pass filter where the baseline wander and
both the low-frequency noise and the high-frequency noise,
as well as the quantization noise are eliminated. Figure 6
shows a small fragment of the original raw SaO2 signal
(top) and its wavelet-filtered version (bottom). Labels of
apnea-hypopnea events (dashed lines) introduced by the
medical experts are also added. These labels were generated
by medical experts using the airflow information and thus
are not aligned to the desaturations, that is, there is a variable
delay between the start time of an event and the correspond-
ing desaturation.

The application of the sparse representation technique
requires an appropriate segmentation of the signals. Seg-
ments of length N = 128 (corresponding to 128 seconds of
the signal recording) with a 75% overlapping between two
consecutive segments are taken. It is appropriate to point
out that although several overlapping percentages were
tested, the best system performances were yielded by a 75%
overlapping. This redundancy prevents apnea-hypopnea
events from being undetected. In this segmentation process,
the time intervals where a disconnection occurs are dis-
carded. The segments of pulse oximetry signals are then
simultaneously arranged as column vectors xi ∈ℝN and
labeled with ones (c1) and minus ones (c2), where a one cor-
responds to apnea-hypopnea events, and a minus one to the
lack of it. Finally, a signal matrix X is built by stacking side-
by-side the column vectors xi, that is, the signal matrix is
defined as X ≐ x1 x2 ⋯ xn .

As mentioned above, the entire dataset used in this work
contains 995 complete studies, 41 of which were not taken
into account for performing the experiments since the size
of the signal vectors differs from the corresponding vector

of class labels. Among the remaining 954 studies, a subset
of 667 (70%) studies were randomly selected and fixed for
learning the dictionary and training the classifier. The
remaining 287 (30%) studies were left out for the final test.
The SaO2 signals were filtered using wavelet filters and seg-
mented as explained previously into column vectors of size
128. After performing the filtering and segmentation process,
a signal matrix Xtrain of size 128 × 455515 is assembled by
joining two previously constructed signal matrices, one for
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Figure 6: A small fragment of a pulse oximetry signal (a) and its
wavelet-filtered version (b). Dashed lines represent labels of
apnea-hypopnea events established by the medical expert.
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each class, Xtrain ≐ Xtrain
c1

Xtrain
c2

, which contain 183,163 and
272,352 segments, respectively. On the other hand, for each
study included into the testing dataset, a testing matrix Xtest

is built.

6.2. Sparse Coding and Subdictionary Construction. In our
experiments, the learning of the dictionaries is performed
by using the traditional K-SVD method [14]. Optimized
MATLAB codes for dictionary learning using K-SVD as well
as for sparse coding using the OMP algorithm are freely
available for academic and personal use at the Ron Rubin-
stein’s personal web page (http://www.cs.technion.ac.il/
~ronrubin/software.html). At the beginning, the atoms
assigned to conform the initial dictionary are randomly
selected from the input signal matrix for training without tak-
ing into account any information about the classes. If the sig-
nal’s space dimension is fixed, which should be the effect of
constructing dictionaries with different overcompleteness
degree?. To answer this question, three types of dictionaries
denoted by Φ1 of size 128 × 128, Φ2 of size 128 × 256, and Φ
4 of size 128 × 512, corresponding to redundancy factors of
1, 2, and 4, respectively, were built. First, the dictionary Φ1
was constructed by joining two subcomplete dictionaries of
sizes 128 × 64 denoted by Φ1c1 and Φ1c2 learned using a large
number of training segments (a total of 100,000 segments for
each of the classes) belonging to the classes c1 and c2, respec-
tively. Following the same idea, redundant dictionaries
denoted by Φ2 (256 atoms) and Φ4 (512 atoms) were appro-
priately built. At the dictionary learning stage, the number of
nonzero elements was selected and fixed as a percentage value
of 12 5 of the atoms conforming the dictionary. Also, a total of
30 iterations of the K-SVD algorithm were performed.

Once the dictionary has already been trained, the sparse
representation vectors a1, a2,… , an corresponding to the input
signals x1, x2,… , xn are obtained by applying the OMP algo-
rithm. In such a procedure, the nearest integer number to a
percentage value of 12 5 ofM is selected and fixed. The reason
for having chosen this percentage value is because it presented
the best trade-off between representativity and discriminability
of the segments. Thus, sparsity values of q = 16, q = 32 and
q = 64 are selected to represent the input signals for training
in terms of the full dictionariesΦ1,Φ2 andΦ4, respectively.

Histograms are typically used to approximate data distri-
butions. In this work, we make use of histograms of the
atom’s activations to approximate the PDFs. The discretiza-
tion process was performed by using a Δ value of 0.5. The
detection of the most discriminative atoms is obtained by
maximizing the discrepancy between the conditional PMFs
of the atom’s activations given the classes. This objective is
achieved using the proposed DCAF measure as well as those
denoted by KL, J, JS, and F. The application of different dis-
crepancy measures to the sparse vectors allows for the selec-
tion of different “discriminative atoms,” which implies the
construction of discriminative subdictionaries which are
essentially different. The construction of subdictionaries,
here denoted byΦ1d,Φ2d andΦ4d, is performed by selecting
atoms fromΦ1,Φ2, andΦ4, respectively. Once the most dis-
criminative atoms are detected, the subdictionary is built and

consequently the feature vectors are obtained by applying the
OMP algorithm. Finally, each feature vector is assigned to be
the input of the ELM classifier.

6.3. Event Detection and AHI Estimation. Multilayer per-
ceptron (MLP) neural networks trained for signal classifica-
tion have proved to be a tool which provides quite good
performances for OSAH syndrome detection [4]; however,
the process of training this class of neural network becomes
very costly mainly in terms of time. For this reason, in this
work, we propose the use of extreme learning machine
(ELM) [41] which is a type of single-hidden layer feedfor-
ward neural networks (SLFNs), instead of using MLP neu-
ral networks. Theoretically, this algorithm (ELM) results in
providing a good generalization performance at extremely
fast learning speed. The experimental results based on a
few artificial and real benchmark function approximation
and classification problems including large complex appli-
cations show that ELM can produce good generalization
performance in most cases and can learn thousands times
faster than conventional popular learning algorithms for
feedforward neural networks [42].

Basic ELM classifier’s MATLAB codes are available for
download on the Guang-Bin Huang’s web page (http://
www.ntu.edu.sg/home/egbhuang/elm_codes.html). To train
such a classifier, the main parameters to be fixed are the
number of neurons in the hidden layer as well as the activa-
tion function of the neurons. In our experiments, the number
of neurons in the hidden layer of the ELM corresponds to
four times the feature vector dimension. Also, the well-
known sigmoid activation function, which is the most com-
mon activation function in the nodes of the hidden and/or
output layer, is chosen.

In order to evaluate the performance of the proposed
classifier in the detection of individual apnea-hypopnea
events (a local approach), or more specifically, in the identi-
fication of persons suspected of suffering from moderate to
severe OSAH syndrome (a global approach), three perfor-
mance measures are used. For the identification of single
segments containing apnea-hypopnea events, the sensitivity
(SEAH) represents the total number of correctly classified seg-
ments of signals for which any apnea-hypopnea event
occurred. Following the same idea, for the detection of indi-
vidual segments of signals “not containing” any apnea-
hypopnea event, the specificity (SPAH) is defined as the total
number of correctly classified segments for which any apnea-
hypopnea is not present. The accuracy (ACAH) is finally
defined as follows:

ACAH ≐
1
n
〠
n

i=1
δ ci, ĉi , 13

where n represents the total number of segments, ci and ĉi
denote the corresponding class label of the ith segment
and the corresponding prediction of the classifier, respec-
tively, and δ x, y represents the delta function whose out-
put is true (one) if the condition x = y is satisfied and false
(zero) otherwise.
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The differences in performance obtained for the event
detection between each discrepancy measure were evaluated
in order to test whether or not they are statistically signifi-
cant. The test was performed assuming statistical indepen-
dence of the classification errors for the different studies
and approximating the error’s binomial distribution by
means of a normal distribution. This assumptions are rea-
sonable due to the large number of SaO2 signal segments
available for each study (about 1100 segments per study,
totaling 301,306 segments).

The estimated AHI index (AHIest) is defined as the aver-
age number of predicted events per hour of study. This new
index is used for OSAH syndrome detection. In this case,
the sensitivity (SEOSAH) is defined as the ratio of persons with
OSAH syndrome for whom the final test is positive, and the
specificity (SPOSAH) is defined as the ratio of health patients
for whom the final test is negative. Also, the area under the
ROC curve (AUC) derived from a receiver operating charac-
teristic (ROC) analysis [43] is used. A ROC analysis consists
of computing the values of the sensitivity and specificity
across all the possible detection threshold (DT) values. Then,
the ROC curve is built by performing a plot of 1− specificity
versus sensitivity values. This curve has been widely used by
medical physicians for evaluating diagnostic tests [44]. A
comparison between two different methods can be effectively
done by finding the “optimal” (in certain sense) cut-off point
of the curve and evaluating their corresponding perfor-
mances. Finally, the accuracy ACOSAH is defined as follows:

ACOSAH ≐
1
m
〠
m

i=1
δ AHI i

est > DT, AHI i > 15 , 14

where m corresponds to the total number of studies coming
from the testing dataset and “DT” is the detection threshold
value which adjusts overestimation of the events produced
in the segmentation process. The value of DT results in the
best cut-off point of the ROC curve. This point, which

maximizes simultaneously sensitivity and specificity, corre-
sponds to the minimum Euclidean distance (dmin) to the
point (0,1) of the ROC curve.

7. Results and Discussion

In this section, results of the performed experiments are pre-
sented and discussed. This section is mainly separated into
two subsections, namely, (i) the performance tuning section
and (ii) the optimal system performance section.

7.1. Performance Tuning. This section presents results of the
exploratory experiments performed to find optimal configu-
rations of the proposed system. As explained in Section 6.2,
three different full dictionaries called Φ1, Φ2, and Φ4 were
learned by applying the standard K-SVD algorithm. In this
process, it is expected that most dictionary atoms would cap-
ture high-frequency oscillations and normal respiration
cycles in SaO2 signals. It is important to point out however
that typical desaturations in signals associated to apnea-
hypopnea events should be encoded by some atoms. Sec-
ondly, the sparse matrices A1, A2, and A4 were obtained by
applying the OMP algorithm. As described in Section 6.2,
several measures were used to quantify the discriminative
degree of individual atoms of each one of the studied dictio-
naries. Finally, the dictionary atoms were ranked in decreas-
ing order of magnitude according to their discriminative
power. Figure 7 shows the waveforms of the first seven
ranked atoms of the dictionary Φ1 according to our measure
(first row) as well as the first seven ranked atoms of such a
dictionary according to all other discrepancy measures (rows
from two to five). It can be seen that the most discriminative
atom selected by DCAF (dashed waveform) provides infor-
mation about two well-defined desaturations in the signal.
It is also important to point out that this atom corresponds
to the most discriminative one when using J divergence or
eventually when using the JS divergence. Moreover, one can

Most discriminative atoms

DCAF

KL

J

JS

F

1st 2nd 3rd 4th 5th 6th 7th

Figure 7: Waveforms corresponding to the first seven ranked atoms according to each one of the evaluated measures.
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clearly note that no highly discriminative atoms were taken
when using Fisher score.

Discriminative subdictionaries called Φ1d, Φ2d, and Φ4d
were built by stacking side-by-side the first p ranked
atoms from Φ1, Φ2, and Φ4, respectively, according to their
discriminative degree. It is appropriate to mention that the
evaluation of several discrepancy measures leads to the
construction of different discriminative subdictionaries.
However, optimal values of p (subdictionary size) and q
(sparsity level) are parameters that need to be tuned. In
order to find optimal values of such hyperparameters, a grid
search was performed.

The performance of our system was first tested by per-
forming a Random Selection (RS) of the dictionary atoms.
The involved results were fixed and appropriately used as ref-
erence. The random selection of the atoms was performed
ten times. Additionally, for each one of the atoms’ random
selection, 60 iterations of the grid search were performed.
Thus, the accuracy rate’s variations introduced by the classi-
fier were minimized. Figure 8 shows three images corre-
sponding to averaged accuracy rates for each one of the

evaluated dictionaries. Averaged accuracy rates (reference
values) obtained by using the dictionary Φ1 for the detection
of apnea-hypopnea events are shown on the left of this figure.
It can be seen that sparse representations in terms of Φ1,
using the smallest subdictionary size and the highest sparsity
degree, result in better performance than the ones obtained
by using all other configurations of Φ1 and the overcomplete
dictionaries Φ2 and Φ4. In this way, two regions can be dis-
tinguished corresponding to a high-performance region and
a low-performance one. The first one, which is or our inter-
est, is yielded by simultaneously employing a small subdic-
tionary size (10%) and a high sparsity degree (5%).

Next, DCAF and four other discrepancy measures were
used for appropriately constructing discriminative subdic-
tionaries. Then, a grid search of hyperparameters was per-
formed by analyzing the performance that yields our
system when using each one of the subdictionaries. Figure 9
shows five images corresponding to DCAF (upper left) and
the other four discrepancy measures. These images represent
the differences between accuracy rates obtained by using dis-
criminative measures and the reference one (random

50
55
60
65
70
75
80

5

10

15

20

25

5

10

15

20

25

5

10

15

20

25

20 40 60 80 100 20 40 60 80 100 20 40 60 80 100

Ф1d Ф2d Ф4d

Subdictionary size (%) Subdictionary size (%) Subdictionary size (%)

Sp
ar

sit
y 

(%
)

Figure 8: Averaged accuracy rates obtained by varying the percentages of the subdictionary size and the sparsity level according to a random
ranking of the atoms.
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Figure 9: Five images representing differences between accuracy rates yielded by DCAF and all other discrepancy measures and random
selection for Φ1.
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selection) for Φ1. Also, each pixel of these images corre-
sponds to particular percentages of subdictionary size and
sparsity level. It can be observed that, independently of the
discriminative measure, small percentages of subdictionary
size yield good performances. It is appropriate to point out
however that the effect of the dimension (subdictionary size)
in the performance of the system is more important than the
one induced by using discriminative measures.

Analogously, Figures 10 and 11 show five images which
correspond to DCAF (upper left) and all other discrepancy
measures. The images depicted in Figures 10 and 11

represent the differences between accuracy rates obtained
by using these measures and the reference one for dictionar-
ies Φ2 and Φ4, respectively.

If we compare the results shown in Figures 9–11, then
it can be concluded that the proposed system presents the
best performance, in terms of accuracy rate in the detec-
tion of apnea-hypopnea events, when using the full dictio-
nary Φ1. Although similar results were obtained applying
the proposed DCAF measure and those traditional ones
(see Figure 9), it is important to point out that the use
of discrepancy measures resulted in a significantly high
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Figure 11: Five images representing differences between accuracy rates yielded by DCAF and all other discrepancy measures and random
selection for Φ4.
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Figure 10: Five images representing differences between accuracy rates yielded by DCAF and all other discrepancy measures and random
selection for Φ2.
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improvement with respect to a “random” selection of the
atoms. As discussed above, the dimension reduction in
the subdictionary size as well as high sparse levels yielded
high accuracy rates. This is the reason for which a small
subdictionary size (10%) and high sparse level (5%) were
chosen to perform the final test.

System performance changes were analyzed by perform-
ing a comparison between averaged accuracy rates obtained
by using discriminative subdictionaries and the ones obtained
by using full dictionaries. Table 1 shows averaged accuracy
percentages obtained by taken into account fixed discrimina-
tive subdictionary sizes (10%) while allowing the sparsity
level to change (rows from 3 to 7). The last row of this table
presents averaged accuracy percentages yielded by using full
dictionaries for different sparsity levels. It can be observed
that, in all of cases, discriminative subdictionaries outperform
full dictionaries in the detection of apnea-hypopnea events.

The impact of sparsity degree in the performance of our
system is illustrated in Table 2. These results were yielded
by averaging accuracy rates obtained for a sparsity level of
5% and considering all possible subdictionary sizes (from
10% to 90%). For example, the second row shows averaged
accuracy rates obtained by means of discriminative subdic-
tionaries whose atoms were taken from Φ1, Φ2, and Φ4 by
using DCAF measure.

7.2. Optimal System Performance. Optimal system configura-
tions were selected and fixed to perform the final test. In the
previous section, it was found that discriminative subdiction-
aries constructed by taken atoms from the dictionary Φ1
yield better performances than the ones constructed by
selecting atoms from the dictionaries Φ2 and Φ4. Addition-
ally, it was found that a discriminative subdictionary com-
posed by only 12 atoms (10%) and a sparsity level of one
(5%) yield in the best accuracy rate of our system.

In order to overcome the variance introduced by ELM
predictors, 60 repetitions of the testing process were
performed. Table 3 shows percentage values of minimum
(Min), maximum (Max), average (μ), and standard deviation
(σ) corresponding to obtained accuracy rates in the detection
of apnea-hypopnea events. Although, DCAF performs simi-
larly to the four other discrepancy measures, its performance
is achieved with a relatively low computational cost. Addi-
tionally, results show that performances obtained by using
discriminative measures for constructing subdictionaries
always outperform the ones yielded by making use of ran-
domly constructed subdictionaries.

Table 1: Averaged accuracy rates for subdictionary sizes of 10% regarding to each one of the evaluated full dictionaries.

Measure Φ1d 128 × 12 Φ2d 128 × 24 Φ4d 128 × 50
Max Avg. Max Avg. Max Avg.

DCAF 72.62 64.68 65.20 63.15 65.19 64.21

KL 73.20 64.91 65.44 63.53 65.42 63.66

J 72.82 64.88 64.50 62.82 65.39 63.68

JS 72.55 64.10 65.02 63.18 65.87 64.01

F 72.23 65.21 64.57 63.04 65.64 62.71

Full dictionary 66.39 59.77 68.13 59.57 69.28 69.21

Table 2: Averaged accuracy rates by considering a sparsity level of
5% regarding to all possible subdictionary sizes.

Measure Φ1 Φ2 Φ4
DCAF 66.41 66.51 67.95

KL 66.49 66.72 67.98

J 66.60 66.56 67.98

JS 66.41 66.57 68.15

F 66.53 66.54 67.58

Table 3: Averaged accuracy rates for a subdictionary percentage of
10 for the detection of apnea-hypopnea events.

Measure Min Max μ σ

DCAF 71.72 73.14 72.57 0.345

Kullback-Leibler 72.06 73.78 73.26 0.390

Jeffrey 71.77 73.31 72.66 0.319

Jensen-Shannon 71.79 73.11 72.55 0.295

Fisher 71.01 72.77 72.18 0.325

Random Selection 70.01 71.51 70.91 0.372

Table 4: A summary of the performed statistical significance tests.

RS DCAF KL J JS F

RS — ✓ ✓ ✓ ✓ ✗

DCAF — — ✗ ✗ ✗ ✗

KL — — — ✗ ✗ ✗

J — — — — ✗ ✗

JS — — — — — ✗

F — — — — — —

Table 5: Maximum cut-off points for testing accuracy for a
subdictionary percentage of 10 for the detection of apnea-
hypopnea events.

Measure dmin SE SP ACC AUC

DCAF 0.2211 81.88 87.32 84.60 0.9250

Kullback-Leibler 0.2242 81.46 87.39 84.43 0.9271

Jeffrey 0.2311 80.86 87.04 83.95 0.9283

Jensen-Shannon 0.2267 80.75 88.03 84.39 0.9244

Fisher 0.2280 80.66 87.91 84.29 0.9252
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We have also evaluated the statistical significance of the
results presented in Table 3 by computing the probability
that using each one of the evaluated measures, including
RS, yields in better classification performances than the
others. In order to perform this test, we assumed the statisti-
cal independence of the classification errors for each study.
Also, it was possible to approximate the error’s binomial
probability distribution by a normal distribution due to a
wide availability of signals (301,306). Table 4 summarizes
the results of the performed statistical significance tests by
considering a p value of 0.01. It can be seen that DCAF
and three other discrepancy measures (KL, J, and JS diver-
gences) are significantly different with respect to random
selection. Also, no significant difference was found
between F score and random selection. Additionally, it
was found that DCAF does not perform significantly bet-
ter than that of the KL, J, and JS divergences.

To determine the severity degree of OSAH syndrome, a
ROC curve analysis was successfully performed by consider-
ing a detection AHI of 15. This index was selected in order to
identify patients suspected of suffering from moderate to
severe OSAH syndrome. Table 5 shows the minimum
operating (cut-off) point of the ROC curves and maxi-
mum percentages of sensitivity, specificity, and accuracy
as well as maximum values of area under the ROC curve
for AHI diagnostic threshold values of 15 (Figure 12(a)).
It can be seen that DCAF resulted in a maximum area
under the ROC curve of 0.9250 and sensitivity and

specificity percentages of 81.88 and 87.32, respectively.
These are the maximum performance measures at which
the minimum cut-off point of the ROC curve is attained.
If we compare the performances attained between all of
the evaluated measures, then the maximum SE and AUC
value is yielded by J divergence. Also, JS divergence out-
performed all the others in terms of ACC and DCAF
resulted in the minimum cut-off point of the ROC curve.

We additionally performed a ROC curve analysis of the
averaged performances of DCAF and all the other discrep-
ancy measures, including (RS) (Figure 12(b)). Additionally,
Table 6 shows the minimum operating (cut-off) point of
the averaged ROC curves as well as the maximum percent-
ages of sensitivity, specificity, and accuracy, including the
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Figure 12: ROC curves corresponding to the performance measures described in Tables 5 and 6.

Table 6: Averaged cut-off points for testing accuracy for a
subdictionary percentage of 10 for the detection of apnea-
hypopnea events.

Measure dmin SE SP ACC AUC

DCAF 0.2211 81.88 87.32 84.60 0.9250

Kullback-Leibler 0.2242 81.46 87.39 84.43 0.9271

Jeffrey 0.2311 80.86 87.04 83.95 0.9283

Jensen-Shannon 0.2267 80.75 88.03 84.39 0.9244

Fisher 0.2280 80.66 87.91 84.29 0.9252

Random Selection 0.2396 80.85 85.60 83.23 0.9222
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maximum values of AUC for the same OSAH syndrome
diagnostic threshold. The results show that DCAF outper-
forms all the other discrepancy measures in terms of mini-
mum optimal operating cut-off point of the ROC curve as
well as in terms of sensitivity and accuracy rate. Also, KL
divergence resulted in the best averaged area under the curve
ROC and the maximum averaged specificity was yielded by
JS divergence. A significant performance improvement was
observed when using DCAF or any of the other discrepancy
measures compared to random selection.

Several applications exist where it is desirable to maxi-
mize the sensitivity. For instance, if the primary purpose of
the test is “screening,” that is, detection of early disease in a
large numbers of apparently healthy persons, then a high sen-
sitivity is generally desired. With this in mind, if a sensitivity
of 98% is chosen in the ROC curves in Figure 12, for all used
measures, the method achieves a specificity close to 45%. This
fact shows that the analysis of pulse oximetry signals by
means of the proposed method could be potentially applied
as an efficient diagnostic screening tool in clinical practice.

In a previous work [4], it was shown that the MDCS
method using DCAF to select discriminative atoms in a given
dictionary provides good accuracy rates in the detection of
apnea-hypopnea events. In that work, a comparative analysis
of the performances yielded by MDCS and other methods
[45–47] has shown that MDCS outperforms all the others.
It was also observed that the computational cost of MDCS
is slightly higher than those required by the other three
methods. On the other hand, in this work, we show that
MDCS using DCAF for selecting discriminative atoms per-
forms similarly than MDCS using several other traditional
discrepancy measures. It is important to highlight that DCAF
is very easy to compute and yields competitive performance
rates in the detection of apnea-hypopnea events at a low
computational cost.

8. Conclusions

Sparse representations of signals constitute a powerful
technique which yields high accuracy rates in the detection
of apnea-hypopnea events. In this work, the difference of
conditional activation frequency (DCAF) measure was suc-
cessfully used for accurately pointing out discriminative
atoms in a full dictionary. Additionally, we compared the
performance of the DCAF with four widely used discrep-
ancy measures. It was found that the DCAF and three
other discrepancy measures (KL, J, and JS divergences)
outperform the random selection of atoms, unlike F score.
Additionally, DCAF is cheaper to compute. Discriminative
subdictionaries were successfully constructed by taking the
best ranked atoms of full dictionaries according to their
discriminative power. Results show that sparse representa-
tions of signals in terms of discriminative subdictionaries
result in better performances than the ones obtained in terms
of full dictionaries in the detection of apnea-hypopnea events
by using only pulse oximetry signals. In this context, it was
found that more sparse solutions almost always yielded in
better performances. Additionally, it was observed that larger
dictionary overcompleteness worsens the performance of the

system. Future research lines include more analysis of the
DCAF measure, the study of its properties, and an extension
of such a measure to multiclass problems.
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Previous studies have described significant impact of different types of noise on the linear behavior of heart rate variability (HRV).
However, there are few studies regarding the complexity of HRV during exposure to traffic noise. In this study, we evaluated the
complexity of HRV during traffic noise exposure. We analyzed 31 healthy female students aged between 18 and 30 years. Volunteers
remained at rest seated under spontaneous breathing during 10 minutes with an earphone turned off, and then they were exposed
to traffic noise through an earphone for a period of 10 minutes. The traffic noise was recorded from a very busy city street and
the sound was comprised of car, bus, and trucks engines and horn (71–104 dB). We observed no significant changes in the linear
analysis of HRV. CFP3 (Cohen’s 𝑑 = 1.28, large effect size) and CFP6 (Cohen’s 𝑑 = 1.11, large effect size) parameters of chaotic
global analysis and Shannon (Cohen’s 𝑑 = 1.13, large effect size), Renyi (Cohen’s 𝑑 = 1.06, large effect size), and Tsallis (Cohen’s𝑑 = 1.14, large effect size) entropies significantly increased (𝑝 < 0.005) during traffic noise exposure. In conclusion, traffic noise
under laboratory conditions increased the complexity of HRV through chaotic global analysis and some measures of entropy in
healthy females.

1. Introduction

Noise may be considered an unpleasant sound, which may
have effects on physiological variables. It is often found in
hazardous situations due to industrialization and urbaniza-
tion [1]. In this way, the research literature has previously
investigated the effects of different types of noise on auto-
nomic nervous system by analyzing heart rate variability
(HRV) [2]. Lee et al. [3] noted that white noise above 50 dB
influences spectral analysis of HRV, indicating significant
correlation between frequency domain analysis and sound
pressure level. Umemura and Honda [4] restated that this
type of noise also encourages deviations in HRV. Yet, until
now the research literature has only focused on traditional
linear indices of HRV analysis [2, 4, 5].

The linear analysis of HRV in the time and frequency
domains is not entirely suitable to provide information
about the complex dynamics of heartbeat origination. This is
because the mechanisms involved in cardiovascular physiol-
ogy interact with each other in a nonlinear way [6]. Further-
more, methods related to nonlinear behavior of HRV were
reported to present clinical relevance and to offer improved
interpretation about these pathological mechanisms [7, 8].

Most recently, the European Society of Cardiology
together with the European Heart Rhythm Association and
coendorsed by the Asia Pacific Heart Rhythm Society drew
attention to nonlinear methods for assessing HRV [9]. In
this review, the authors address entropy and regularity, long-
range correlation and fractal analysis, short-term complexity,
nonlinear dynamical systems, and chaotic behavior generally.
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Nevertheless, there is little in the research literature compar-
ing HRV analysis with chaotic global analysis and Shannon,
Renyi, and Tsallis entropies (see later section on nonlinear
analysis).

This information related to chaos theory, fractal math-
ematics, and the dynamic complexity of HRV has not yet
been fully applied in medical practice clinically. Yet, it is
a productive area for research and development of knowl-
edge in both health and disease [10]. Besides, the complex
measurement of the intervals between consecutive heart
beats (RR intervals) analysis during exposure to traffic noise
has not been studied. Studies analyzing HRV and traffic
noise exposed subjects to real traffic, which exposed subjects
to multiple stimuli (visual, conversation, temperature, and
humidity) that have a significant impact on the autonomic
nervous system. Sensitive techniques to identify autonomic
changes are necessary to avert possible physiological injury
in the organism. Consequently, we aimed to evaluate the
acute effects of traffic noise on the complexity of HRV under
laboratory conditions alone.

2. Method

2.1. Study Population. We examined 31 apparently healthy
female students aged between 18 and 30 years. All volunteers
were informed about the procedures and objectives of the
study and, after agreeing, signed a confidential consent
form. All study procedures were approved by the Research
Ethics Committee (REC) of the institution (case number
2011/382) and followed the Resolution 196/96 of the National
Health Council. We excluded women under the following
conditions: body mass index (BMI) > 30 kg/m2, systolic
blood pressure (SBP)> 140mmHg or diastolic blood pressure
(DBP) > 90mmHg (at rest), and endocrine, cardiovascular,
respiratory, and neurological related disorders or any condi-
tion that prevented the subject from performing the study. In
order to avoid effects related to sexual hormones, we did not
include women on the 11th to 15th and 21st to 25th days after
the first day of the menstrual cycle [11].

2.2. Initial Assessment. The subjects were identified by col-
lecting the following information: age,mass, height, and body
mass index (BMI). Mass was measured using a digital scale
(W200/5, Welmy, Brazil) with a precision of 0.1 kg. Height
was determined using a stadiometer (ES2020, Sanny, Brazil)
with a precision of 0.1 cm and being 220 cm long. The body
mass index (BMI) was calculated by the subsequent formula:
mass (kg)/height (m2). We measured heart rate and blood
pressure. Heart rate was measured with the Polar RS800CX
heart rate monitor (Polar Electro, Finland). Blood pressure
was indirectly measured by auscultation through calibrated
aneroid sphygmomanometer (Welch Allyn, New York, USA)
and stethoscope (Littmann, St. Paul, USA) with all subjects
seated.

2.3. Measurement of Auditory Stimulation. The measure-
ments of equivalent sound levels were performed in a sound-
proofed room, using an audio dosimeter SV 102 (Svantek,
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Figure 1: Equivalent sound level.

Finland). It was programmed in measuring circuit 7 in “A”
weighting, slow response [12].

We used theMIRE earphone, which was placed inside the
auditory canal of the subject and linked to a personal stereo.
Prior to each measurement, the earphones were calibrated
with the acoustic calibrator CR: Model 514 (Cirrus Research
plc).

This tool was used to analyze the Leq (A), which is
defined as the equivalent sound pressure level, and the sound
level corresponds to the same constant time interval. It
contained the same total sound energy, which also analyzed
the spectrum of sound stimulation (eighth track) frequency
[13] of traffic noise (71–104 dB) (Figure 1).

2.4. Experimental Protocol. Data collection was commenced
at room temperature between 21∘Cand 25∘Candwith humid-
ity between 50% and 60%. The subjects were instructed not
to ingest alcohol or caffeine for 24 hours prior to evaluation.
The data collection was achieved individually between 18:00
and 21:00 to avoid circadian influences. The volunteers were
instructed to remain at rest and avoid conversation during the
experiment.

After the initial evaluation, the heart monitor belt was
placed over the thorax, aligned with the distal third of the
sternum and the Polar RS800CX heart rate receiver (Polar
Electro, Finland) was placed on the wrist. Subsequently, the
volunteers remained at rest seated for 10 minutes with the
headset off.

Next, the volunteers were exposed to traffic noise through
an earphone for a period of 10 minutes. The traffic noise was
recorded from a very busy street in Maŕılia city, SP, Brazil.
The sounds were produced by cars, buses, trucks engineers,
and horns.

2.5. Analysis of HRV. The RR intervals were recorded by the
Polar RS800CX heart rate monitor with a sampling rate of
1000Hz. They were then transferred to the Polar Precision
Performance software (v. 3.0, Polar Electro, Finland). This
software allowed the visualization of the HR and the extrac-
tion of a file relating to a cardiac period (RR-interval) in a
“txt” file. After digital filtering supplemented with manual
filtering to eliminate artefacts and premature ectopic beats,
500 RR intervals were applied for data analysis. Only series
withmore than 95% of sinus beats were included in the study.
HRV was analyzed before and during traffic noise.
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2.6. Linear Analysis of HRV. The time domain analysis
was accomplished in terms of SDNN (standard deviation
of normal-to-normal RR intervals), pNN50 (percentage of
adjacent RR intervals with a difference of duration greater
than 50 milliseconds), and RMSSD (root-mean square of
differences between adjacent normal RR intervals in a time
interval) [14].

To obtain the spectral indexes for HRV analysis in
the frequency domain, the frequency recordings underwent
mathematical processing, thus generating a tachogram that
expressed the variation of RR intervals as a function of time.
The tachogram contained a signal that varied with time and
was processed by the mathematical Fast Fourier Transform
(FFT) algorithm.Welch’s periodogrammethod based on FFT
using a window width of 256 seconds and an overlap of 50%
was applied.

Low frequency (LF, ranging between 0.04 and 0.15Hz)
and high frequency (HF, ranging from 0.15 to 0.4Hz) spectral
components were selected in normalized units (nu). The
ratio between these components in absolute values (LF/HF)
represents the relative value of each spectral component in
relation to the total potential minus the very low frequency
(VLF) components. It is important tomention that the LF/HF
index may provide significant information on autonomic
regulation of sinus node under controlled conditions and
short-term recordings [14].

For computation of the linear indices, we applied the
HRV analysis software (Kubios HRV v.1.1 for Windows,
Biomedical Signal Analysis Group, Department of Applied
Physics, University of Kuopio, Finland).

2.7. Statistical Analysis of Linear Indices. Statistical methods
of the linear indices were approved for the computation of
means and standard deviations. Normal Gaussian distribu-
tion of the data was verified by the Shapiro-Wilk goodness-
of-fit test (𝑧 value > 1.0).

To enable a comparison of the variables between control
and traffic noise exposure, we applied the unpaired Student 𝑡-
test for parametric distribution and the Mann–Whitney test
for nonparametric distributions. Level of significance was set
at 𝑝 < 0.005, 0.5%.

2.8. Nonlinear Analysis

2.8.1. Detrended Fluctuation Analysis (DFA). Detrended fluc-
tuation analysis (DFA) [15] may be applied to datasets where
parameters such as mean, variance, and autocorrelation vary
with time. DFA computes the correlation within the signal.
It quantifies how the fluctuations of a signal scale with the
number of samples of that signal. According to Donaldson et
al. [16], the time series of length 𝑘 wasmanipulated as shown:

𝑦 (𝑘) = 𝑘∑
𝑖=1

(RR (𝑖) − mean (RR)) . (1)

The integrated time series was then divided into equally
sized and nonoverlapping windows of length 𝑤. A linear
regression line was fitted through the data in each window
and the time seriesmanipulated by subtracting the regression
line from the data.

The root-mean square fluctuation 𝐹(𝑤) of the integrated
and detrended time series was calculated for different values
of 𝑤, as follows:

𝐹 (𝑤) = [ 1𝑁
𝑁∑
𝑘=1

[𝑦 (𝑘) − 𝑦𝑤 (𝑘)]2]
1/2

. (2)

The scaling exponent (𝛼) was obtained as the slope of a
straight line fit to 𝐹(𝑤) against 𝑤 on a log-log plot:

𝐹 (𝑤) ∝ 𝑤𝛼. (3)

DFA is a technique extensively imposed in variability
analysis. It has been applied to the evaluation of posture
[17], exercise [18] and sleep stage classification [19], and
classification of asthma [20] and COPD [16, 21, 22].

2.8.2. Chaotic Global Analysis. Multitaper Method (MTM)
[23] is useful for spectral estimation and signal recon-
struction, of a time series of a spectrum that may contain
broadband and line components. MTM lessens the variances
of spectral estimates by using a small set of tapers (windows).
Data is premultiplied by orthogonal tapers created to min-
imize the spectral leakage owing to the finite length of the
time series. A set of approximations of the power spectrum
are calculated. These functions identified as Discrete Pro-
late Spheroidal Sequences (DPSS) sometimes called Slepian
Sequences [24] are a set of functions which optimize these
tapers. They are defined as eigenvectors of a Rayleigh-Ritz
minimization problem [25].

2.8.3. High Spectral Entropy. High spectral entropy (hsEnt-
ropy) [26] is a function of the irregularity of amplitude
and frequency of the power spectra peaks. It is derived by
applying Shannon entropy to the MTM power spectrum
(see Figure 2). Then, we calculate an intermediate parameter
which is the median Shannon entropy of the value obtained
from three different power spectra using the MTM power
spectra under three test conditions: (a) a perfect sinewave, (b)
uniformly distributed random variables, and finally (c) the
experimental oscillating signal. These values are normalized
mathematically so that the sine wave gives a value of zero,
uniformly random variables give unity, and the experimental
signal gives values between zero and unity. It is the final value
that corresponds to hsEntropy.

2.8.4. High Spectral DFA. As stated before, the DFA [26]
algorithm can be applied to datasets where statistics such as
mean, variance, and autocorrelation vary with time.The high
spectral detrended fluctuation analysis (hsDFA) algorithm
is where the DFA is applied to the frequency rather than
time on the horizontal axis (Figure 2). So, the 𝑥-axis is
frequency and the 𝑦-axis is amplitude. To obtain hsDFA, we
calculate the spectral adaptation in exactly the same manner
as for hsEntropy applying a MTM power spectrum with the
same settings, but DFA rather than Shannon entropy is the
algorithm enforced.
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Figure 2: A MTM power spectrum of a time series of 500 RR
intervals in a traffic noise exposure subject. sMTM is the area
beneath the spectrum, yet above the baseline created by broadband
noise as the signal becomes chaotic. High spectral entropy and high
spectral DFA are derived by applying the Shannon entropy and
detrended fluctuation analysis (DFA) functions to the MTM power
spectrum. Parameters for the MTM power spectra as set at (i)
sampling frequency of 1Hz, (ii) time bandwidth for the DPSS at
3, (iii) FFT length of 256, and (iv) Thomson’s “adaptive” nonlinear
combination method to combine individual spectral estimates.

2.8.5. Spectral Multitaper Method. Spectral Multitaper
Method (sMTM) [27] is founded on the increased intensity
of broadband noise in power spectra generated by irregular
and chaotic signals. sMTM is the area between the MTM
power spectrum and the baseline (see Figure 2).

2.8.6. Chaotic Forward Parameters (CFP 1 to CFP7). The
parameters (CFP 1–7) are referred to as chaotic forward
parameters (CFP) for the functions CFP1 to CFP7 below
where they are applied to normal and traffic noise exposure
subjects’ RR-interval time series. Since hsDFA responds to
chaos inversely to the others, we subtract its value from unity.
In this study, all three chaotic global values have weightings
of unity.

CFP1 = [([ ℎ𝑠Entropy
max (ℎ𝑠Entropy)])2

+ ([ sMTM
max (sMTM)])2

+ (1 − [ ℎ𝑠DFA
max (ℎ𝑠DFA)])2]

1/2

CFP2 = [([ ℎ𝑠Entropy
max (ℎ𝑠Entropy)])2

+ (1 − [ ℎ𝑠DFA
max (ℎ𝑠DFA)])2]

1/2

CFP3 = [([ ℎ𝑠Entropy
max (ℎ𝑠Entropy)])2

+ ([ sMTM
max (sMTM)])2]

1/2

CFP4 = [([ sMTM
max (sMTM)])2

+ (1 − [ ℎ𝑠DFA
max (ℎ𝑠DFA)])2]1/2

CFP5 = (1 − [ ℎ𝑠DFA
max (ℎ𝑠DFA)])

CFP6 = ([ sMTM
max (sMTM)])

CFP7 = ([ ℎ𝑠Entropy
max (ℎ𝑠Entropy)]) .

(4)

2.8.7. Shannon Entropy. Shannon entropy [28] is represented
by the degree of ambiguity associated with the occurrence of
the result. A higher value of entropy gives a more uncertain
outcome and is more difficult to predict.

Shannon entropy may be used globally, applying to the
time series wholly or nearby around specific points. This
measure can provide extra evidence about specific events
such as outliers or intermittent events. In contrast to Tsallis
[29] and Renyi [30] entropies, Shannon entropy is additive.
Hence, if the probabilities can be factorised into independent
factors, the entropy of the joint process is the sum of the
entropies of the distinct processes.

2.8.8. Renyi Entropy. Renyi entropy is a general statement of
Shannon entropy that is dependent on a specified parameter.
Renyi entropy depends on the entropic order 𝛼 (which we set
to 0.25). Renyi entropy approaches Shannon entropy as 𝛼 →1 which can be derived by l’Hôpital’s rule [31, 32]. As entropic
order increases, the procedures become more sensitive to the
values occurring at higher probabilities and less sensitive to
those of lower probabilities. Renyi entropy is described fully
in studies by Zyczkowski [33] and Lenzi et al. [30].

2.8.9. Tsallis Entropy. Tsallis entropy is a general statement
of the standard Shannon-Boltzmann-Gibbs entropy. It was
introduced in the application of statistical mechanics and
is used in computer sciences for pattern recognition. Tsallis
entropy is dependent on the specified parameter termed
entropic index 𝑞 (which we set to 0.25); Tsallis entropy
becomes the Shannon-Boltzmann-Gibbs entropy, as the
entropic index 𝑞 → 1. Tsallis entropy is discussed further
in the publications by dos Santos [29], A. R. Plastino and A.
Plastino [34], and Mariz [35].

2.8.10. Approximate Entropy. Approximate Entropy (ApEn)
was discussed by Pincus [36]. It is a procedure required
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to evaluate the level of uniformity and the unpredictability
of changes over time series. ApEn is the logarithmic ratio
of component-wise matching sequences from the signal
length, 𝑁. Other parameters include 𝑟, tolerance, and 𝑚, the
embedding dimension. Here we set the parameters of 𝑚 to
2 and 𝑟 to 20% of the standard deviation of the data. The
disadvantages of ApEn are that it is very dependent on the
length of the time series and is often lower than expected on
shorter time series. Finally, it is disadvantageous because it
lacks “relative consistency” [37].

A minimum value of zero for ApEn would indicate a
totally predictable time series, while a maximum value of one
would specify an entirely unpredictable time series. Most of
the time, the values are between these two values.

ApEn is mathematically described as in the Kubios HRV
Analysis Manual [38].

First a set of length 𝑚 vectors 𝑢𝑗 is formed; note the
embedding dimension,𝑚, and𝑁, the number of RR intervals.

𝑢𝑗 = (RR𝑗,RR𝑗+1, . . . ,RR𝑗+𝑚−1) ,
𝑗 = 1, 2, . . . , 𝑁 − 𝑚 + 1. (5)

The distance between these vectors is the maximum
absolute difference between the corresponding elements;
hence,

𝑑 (𝑢𝑗, 𝑢𝑘)
= max {RR𝑗+𝑛 − RR𝑘+𝑛

 | 𝑛 = 0, . . . , 𝑚 − 1} . (6)

Next for each 𝑢𝑗 the relative number of vectors 𝑢𝑘 for
which 𝑑(𝑢𝑗, 𝑢𝑘) ⩽ 𝑟 is calculated. This index is denoted with𝐶𝑚𝑗 (𝑟) and can be written in the form

𝐶𝑚𝑗 (𝑟) = number of {𝑢𝑘 | 𝑑 (𝑢𝑗, 𝑢𝑘) ⩽ 𝑟}
𝑁 − 𝑚 + 1 ∀𝑘. (7)

Due to the normalization, the value of 𝐶𝑚𝑗 (𝑟) is always
smaller than or equal to 1. Note that the value is, however,
at least 1/(𝑁 − 𝑚 + 1) since 𝑢𝑗 is also included in the count.
Then, take the natural logarithm of each 𝐶𝑚𝑗 (𝑟) and average
over 𝑗 to yield

Φ𝑚 (𝑟) = 1𝑁 − 𝑚 + 1
𝑁−𝑚+1∑
𝑗=1

ln𝐶𝑚𝑗 (𝑟) . (8)

Finally, the ApEn is obtained as ApEn(𝑚, 𝑟, 𝑁) = Φ𝑚(𝑟)−Φ𝑚+1(𝑟).
2.8.11. Sample Entropy. Sample entropy (SampEn) [37–39] is
analogous toApEnbut there are two significantmodifications
in its computation. For ApEn, in the computation of the
number of vectors 𝑢𝑘 for which 𝑑(𝑢𝑗, 𝑢𝑘) ⩽ 𝑟, also the
vector 𝑢𝑗 itself is contained within.This ensures that 𝐶𝑚𝑗 (𝑟) is
always greater than zero and the logarithm can be calculated.
Regrettably, it makes ApEn biased. SampEn was formulated
to lessen this bias. Yet again, the embedding dimension is 𝑚

and the tolerance parameter 𝑟. We set 𝑚 to 2 and 𝑟 to 20% of
the standard deviation of the time series. Equally, ApEn and
SampEn are estimations for the negative natural logarithm
of the conditional probability that data of length 𝑁, having
repeated itself within a tolerance 𝑟 for 𝑚 points, will also
repeat itself for 𝑚 + 1 points.

SampEn is also described as in the Kubios HRV Analysis
Manual [38].

In SampEn, the self-comparison of 𝑢𝑗 is eliminated by
calculating 𝐶𝑚𝑗 (𝑟) as

𝐶𝑚𝑗 (𝑟) = number of {𝑢𝑘 | 𝑑 (𝑢𝑗, 𝑢𝑘) ⩽ 𝑟}
𝑁 − 𝑚 ∀𝑘 ̸= 𝑗. (9)

Now the value of 𝐶𝑚𝑗 (𝑟) will be between 0 and 1.Then, the
values of 𝐶𝑚𝑗 (𝑟) are averaged to yield

𝐶𝑚 (𝑟) = 1𝑁 − 𝑚 + 1
𝑁−𝑚+1∑
𝑗=1

𝐶𝑚𝑗 (𝑟) . (10)

SampEn is described mathematically as
SampEn(𝑚, 𝑟, 𝑁) = ln(𝐶𝑚(𝑟)/𝐶𝑚+1(𝑟)).
2.8.12. Higuchi Fractal Dimension (HFD). Fractal systems
exhibit a characteristic termed self-similarity. A self-similar
object upon close examination is comprised of smaller
versions of itself. There are several algorithms which can be
applied to measure fractal dimension. There are those by
Higuchi [40], Katz [41], and Castiglioni [42]. Here, we apply
the technique formulated byHiguchi viewed frequently as the
most robust technique.

Higuchi derived this new algorithm tomeasure the fractal
dimension of discrete time sequences. It is a technique that
is enforced directly to the RR intervals. There is no power
spectrum step involved. As the reconstruction of the attractor
phase space is unnecessary, the algorithm is simpler and faster
than the Correlation Dimension [43, 44]. Khoa et al. [45]
describe the algorithm mathematically, adapted below.

It is based on a measure of length, 𝐿(𝑘), of the curve that
represents the considered time series while using a segment
of 𝑘 samples as a unit, if 𝐿(𝑘) scales like

𝐿 (𝑘) ∼ 𝑘−𝐷𝑓 . (11)

The curve is said to show fractal dimension 𝐷𝑓 because
a simple curve has dimension equal to 1 and a plane has
dimension equal to 2; value of 𝐷𝑓 is always between 1 (simple
curve) and 2 (curve which almost fills out the whole plane).𝐷𝑓measures complexity of the curve and so of the time series
this curve represents on a graph.

From a given time series, RR(1),RR(2), . . . ,RR(𝑁), the
algorithm constructs 𝑘 new time series:

RR𝑘𝑚 = {RR (𝑚) ,RR (𝑚 + 𝑘) ,RR (𝑚 + 2𝑘) , . . . ,
RR (𝑚 + int((𝑁 − 𝑚)𝑘 ) ⋅ 𝑘)} for 𝑚 = 1, 2, . . . , 𝑘,

(12)
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Table 1: Body mass index (BMI), age, height, and mass of the
volunteers. m: meters; kg: kilograms; bpm: beats per minute; ms:
milliseconds; mmHg: millimeters of mercury.

Variable Value
Age (years) 20.5 ± 1.4
Height (m) 1.62 ± 0.5
Mass (kg) 59.9 ± 12.1
BMI (kg/m2) 22.7 ± 4.5
where 𝑚 is initial time value, 𝑘 indicates the discrete time
interval between points (hence the delay, 𝑘max, is the maxi-
mum interval time), and int(𝑎) is integer part of a real number𝑎.

For each of the time series RR𝑘𝑚 constructed, the average
length 𝐿𝑚(𝑘) is then computed as

𝐿𝑚 (𝑘)
= 1𝑘 [(int((𝑁−𝑚)/𝑘)∑

𝑖=1

|RR (𝑚 + 𝑖 ⋅ 𝑘) − RR (𝑚 + (𝑖 − 1) ⋅ 𝑘)|)]
× 𝑁 − 1
int ((𝑁 − 𝑚) /𝑘) ⋅ 𝑘 ,

(13)

where 𝑁 is total number of RR intervals. Afterwards, the
length of the curve for time interval 𝑘 is expressed as the
sum value over 𝑘 sets of 𝐿𝑚(𝑘) as illustrated by the following
equation:

𝐿 (𝑘) = 1𝑘
𝑘∑
𝑚=1

𝐿𝑚 (𝑘) . (14)

Finally, the slope of the curve ln(𝐿(𝑘))/ ln(1/𝑘) is esti-
mated using least squares linear best fit and the resulting slope
is the HFD. To select a suitable value for 𝑘max, HFD values
are plotted against a range of 𝑘max. The point at which the
fractal dimension plateaus is considered a saturation point.
That 𝑘max value should be selected. No saturation point is
achieved with the data we measured here.

2.8.13. Effect Size. To quantify the magnitude of difference
between protocols for significant differences, the effect size
was calculated using Cohen’s 𝑑 for significant differences
(𝑝 < 0.005). Effect size was considered large for values ≥ 0.9,
medium for values between 0.9 and 0.5, and small for values
between 0.5 and 0.25 [46].

3. Results

Table 1 illustrates the values for mass, height, and BMI of
the volunteers; all values were within normal physiological
standards.

According to Figures 3 and 4, we illustrate that traffic
noise did not induce significant changes in linear indices of
HRV analysis. There was no significant change in the time
(heart rate, SDNN, Mean RR, pNN50, and RMSSD) and
frequency domain (LF and HF in absolute and normalized
units and LF/HF ratio) indices of HRV.

3.1. Chaotic Global Analysis. In Table 2 and Figure 5, we
display mean values and standard deviation for the chaotic
forward parameters (CFP1 toCFP7) for the normal and traffic
noise exposure subjects. There are 500 RR intervals through-
out and both the parametric one-way analysis of variance
(ANOVA1) and the nonparametric Kruskal-Wallis tests of
significance are applied. The following are the inconclusive
tests of normality (see below).

There are seven permutations of the three chaotic global
parameters. All chaotic global values have equal weighting.
The chaotic forward parameter (CFP) enables different com-
binations of chaotic globals to be applied to ensure that we
have the best combination to be verified later by amultivariate
analysis. It is anticipated that the CFP which applies all
three should be the most robust. This is because it takes
the information and processes it in three different ways. The
summation of the three would be expected to deviate greater
than single or double permutations. The potential analytical
hazard here is that since we are only calculating spectral
components, the phase information is lost.

When implementing parametric statistics, normal distri-
bution of data is assumed. To test this assumption, we apply
the Anderson-Darling and Lilliefors tests. In the case of the
Anderson-Darling test, an empirical cumulative distribution
function is applied, while the Lilliefors test is beneficial when
the number of subjects is low. The results from both tests
reveal similar numbers of nonnormal and normal distribu-
tions, so we apply both the Kruskal-Wallis and ANOVA1 tests
of significance.

3.2. Principal Component Analysis. Principal Component
Analysis (PCA) is a multivariate technique for analyzing the
complexity of high-dimensional datasets. PCA is useful when(1) sources of variability in the data need to be explained
and (2) reducing the complexity of the data and through this
assessing the data with less dimensions. The primary goal of
PCA is to rationalize the sources of variability in the data and
to represent the data with fewer variables while sustaining the
majority of the total variance (Figure 6).

CFP1t has the First Principal Component (PC1) of 0.358
and the Second Principal Component (PC2) of −0.406.
However, CFP3t has PC1 of 0.191 and PC2 of −0.540. Only
the first two components need be considered due to the steep
scree plot. The cumulative influence as a percentage is 58.1
percent for the PC1 and 99.5 percent for the cumulative total
of the PC1 and PC2. PC2 has an influence of 41.3 percent.
So, CFP1 which applies all three chaotic global techniques is
the optimal and most robust overall combination regarding
influencing the correct outcome (Figure 6).

Table 3 illustrates the relevant Principal Component
Analysis for CFPt for 7 groups of 31 traffic noise exposure
subjects. The CFP values are deduced from RR-interval time
series and with the chaotic global algorithms enforced.

3.3. Higuchi Fractal Dimension (HFD). Thedescriptive statis-
tics of the Higuchi fractal dimension from the control
subjects (𝑁 = 31) for 500 RR intervals are presented in
Table 4. The parameter was calculated repeatedly for values
of 𝐾max between 10 and 150 at intervals of 10.



Complexity 7

p = 0.58

p = 0.55 p = 0.36 p = 0.49

p = 0.2

15
20
25
30
35
40
45
50
55
60
65
70
75
80
85
90
95

100

SD
N

N
 (m

s)

0

20

40

60

80

100
RM

SS
D

 (m
s)

−10

0

10

20

30

40

pN
N

50
 (%

)

During traffic noiseBefore During traffic noiseBefore During traffic noiseBefore

During traffic noiseBeforeDuring traffic noiseBefore
65

70

75

80

85

90

95

100

M
ea

n 
H

R 
(b

pm
)

500

600

700

800

900

M
ea

n 
RR

 in
te

rv
al

 (m
s)

Figure 3: Mean heart rate and HRV analysis before (control) and during traffic noise exposure. pNN50: the percentage of adjacent RR
intervals with a difference of duration greater than 50ms; RMSSD: root-mean square of differences between adjacent normal RR intervals in
a time interval; SDNN: standard deviation of normal-to-normal RR intervals; HR: heart rate; 𝑝: level of significance.
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Figure 4:HRV analysis before (control) and during traffic noise exposure. LF: low frequency;HF: high frequency; LF/HF: low frequency/high
frequency ratio; n.u.: normalized units; ms: milliseconds; HR: heart rate; 𝑝: level of significance.

The descriptive statistics of theHiguchi fractal dimension
from the traffic noise exposure subjects (𝑁 = 31) for 500
RR intervals are presented in Table 5. The parameter was
calculated repeatedly for values of 𝐾max between 10 and 150
at intervals of 10.

Figure 7 illustrates the box-and-whiskers plot for Higuchi
fractal dimension of RR intervals of the control subjects (a)

and the traffic noise exposure subjects (b), calculatedmultiple
times from 10 to 150 in equidistant units for different levels
of 𝐾max. The point closest to the zero is the minimum and
the point farthest away is the maximum.The boundary of the
box closest to zero indicates the 25th percentile, a line within
the box marks the median (not the mean), and the boundary
of the box farthest from zero indicates the 75th percentile.
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Figure 5: The boxplots illustrate the values of chaotic forward parameters one to seven (CFP1 to CFP7) for control (a) and traffic noise
exposure (b) subjects with 500 RR intervals throughout. The point closest to the zero is the minimum and the point farthest away is the
maximum.The boundary of the box closest to zero indicates the 25th percentile, a line within the box marks the median (not the mean), and
the boundary of the box farthest from zero indicates the 75th percentile. The difference between these points is the interquartile range (IQR).
Whiskers (or error bars) above and below the box indicate the 90th and 10th percentiles, respectively.

Table 2: Mean values and standard deviation for the chaotic forward parameters (CFP) for the normal and traffic noise exposure subjects.

Chaotic
global

Mean ± SD
Normal (𝑛 = 31) Mean ± SD

Traffic (𝑛 = 31) ANOVA1
(𝑝 value)

Kruskal-
Wallis

(𝑝 value)
Effect size

CFP1 0.7853 ± 0.1602 0.8491 ± 0.1620 0.1243 0.0704 -

CFP2 0.6889 ± 0.1003 0.6325 ± 0.1105 0.0395 0.0043 0.53
(medium)

CFP3 0.4182 ± 0.1790 0.6368 ± 0.1598 <0.0001 <0.0001 1.28 (large)
CFP4 0.7439 ± 0.2022 0.7749 ± 0.2281 0.5739 0.4182 -

CFP5 0.6428 ± 0.1524 0.5376 ± 0.1676 0.0121 0.0011 0.65
(medium)

CFP6 0.3620 ± 0.1646 0.5517 ± 0.1764 <0.0001 <0.0001 1.11 (large)
CFP7 0.1440 ± 0.1698 0.2316 ± 0.2084 0.0748 0.0016 0.46 (small)

Table 3: Principal Component Analysis for CFPt for 7 groups of 31 traffic noise exposure subjects.

Chaotic global PC1 PC2
CFP1t 0.358 −0.406
CFP2t 0.066 −0.577
CFP3t 0.191 −0.540
CFP4t 0.490 0.086
CFP5t 0.446 0.253
CFP6t 0.494 −0.023
CFP7t −0.384 −0.371
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Table 4: Higuchi fractal dimension statistics through 𝐾max between 10 and 150 at intervals of 10 in the control protocol.

Property Higuchi fractal dimension Statistics (control)

𝐾max Mean SE
mean

StDev Minimum 𝑄1 Median 𝑄3 Max

10 1.6768 0.0309 0.1722 1.1992 1.5644 1.6971 1.7999 1.9369
20 1.7446 0.0274 0.1526 1.2605 1.7057 1.7664 1.8479 1.9496
30 1.7783 0.0259 0.1441 1.3436 1.7341 1.8055 1.8879 1.9604
40 1.8017 0.0253 0.1408 1.3984 1.7661 1.8355 1.9092 1.9723
50 1.8194 0.0242 0.1350 1.4385 1.7921 1.8589 1.9115 1.9709
60 1.8333 0.0233 0.1295 1.4514 1.8088 1.8785 1.9219 1.9711
70 1.8436 0.0224 0.1246 1.4686 1.8302 1.8824 1.9283 1.9688
80 1.8509 0.0216 0.1205 1.4868 1.8348 1.8883 1.9298 1.9664
90 1.8573 0.0211 0.1173 1.5063 1.8488 1.8995 1.9315 1.9675
100 1.8618 0.0207 0.1151 1.5267 1.8565 1.9007 1.9334 1.9702
110 1.8659 0.0203 0.1133 1.5473 1.8655 1.9080 1.9344 1.9697
120 1.8709 0.0203 0.1128 1.5659 1.8799 1.9131 1.9358 1.9705
130 1.8760 0.0202 0.1126 1.5682 1.8928 1.9216 1.9388 1.9695
140 1.8808 0.0201 0.1119 1.5743 1.8944 1.9298 1.9437 1.9715
150 1.8852 0.0201 0.1117 1.5769 1.8915 1.9311 1.9484 1.9755

Table 5: Higuchi fractal dimension statistics through 𝐾max between 10 and 150 at intervals of 10 in the traffic noise protocol.

Property Higuchi fractal dimension statistics (traffic noise exposure)

𝐾max Mean SE
mean

StDev Minimum 𝑄1 Median 𝑄3 Max

10 1.6971 0.0279 0.1555 1.2606 1.6284 1.7171 1.8040 1.9496
20 1.7644 0.0265 0.1477 1.2952 1.7010 1.8077 1.8462 1.9383
30 1.7898 0.0256 0.1428 1.3544 1.7507 1.8447 1.8762 1.9450
40 1.8082 0.0242 0.1347 1.3912 1.7775 1.8533 1.8811 1.9579
50 1.8240 0.0227 0.1264 1.4132 1.8103 1.8590 1.9000 1.9703
60 1.8358 0.0217 0.1208 1.4290 1.8232 1.8741 1.9082 1.9691
70 1.8446 0.0214 0.1193 1.4368 1.8208 1.8879 1.9161 1.9722
80 1.8507 0.0212 0.1178 1.4372 1.8269 1.8934 1.9140 1.9762
90 1.8568 0.0210 0.1171 1.4337 1.8414 1.8922 1.9194 1.9804
100 1.8613 0.0209 0.1163 1.4326 1.8497 1.8990 1.9243 1.9837
110 1.8660 0.0207 0.1151 1.4383 1.8569 1.9076 1.9267 1.9824
120 1.8694 0.0203 0.1130 1.4474 1.8613 1.9121 1.9286 1.9811
130 1.8727 0.0200 0.1115 1.4597 1.8701 1.9103 1.9338 1.9831
140 1.8769 0.0197 0.1099 1.4732 1.8809 1.9070 1.9397 1.9810
150 1.8806 0.0193 0.1075 1.4888 1.8854 1.9066 1.9380 1.9795
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Table 6: Higuchi fractal dimension at varying levels of 𝐾max
between 10 and 150 at equidistant intervals of 10.

Property Higuchi fractal dimension statistics (control
versus traffic)

𝐾max ANOVA1 (𝑝 value) Kruskal-Wallis (𝑝 value)
10 0.6269 0.6322
20 0.6059 0.5543
30 0.7534 0.6523
40 0.8539 0.9215
50 0.8904 0.8880
60 0.9367 1.0000
70 0.9742 0.9215
80 0.9940 0.8108
90 0.9855 0.7675
100 0.9860 0.7568
110 0.9981 0.7354
120 0.9585 0.5082
130 0.9082 0.3041
140 0.8911 0.2910
150 0.8683 0.3175

The difference between these points is the interquartile range
(IQR). Whiskers (or error bars) above and below the box
indicate the 90th and 10th percentiles, respectively.

The levels of significance for parametric ANOVA1 and
nonparametric Kruskal-Wallis test of significance for values
of the Higuchi fractal dimension at varying levels of 𝐾max
between 10 and 150 at equidistant intervals of 10 are displayed
in Table 6.

3.4. Five Entropies and DFA

3.4.1. ANOVA1 and Kruskal-Wallis Tests. Once more, we
apply the Anderson-Darling and Lilliefors tests to the data to
assess the normality.The results from both tests reveal similar
numbers of nonnormal andnormal distributions. So againwe
apply the Kruskal-Wallis and ANOVA1 tests of significance.

Table 7 reveals the mean values and standard deviation
for the five entropic measures and DFA for the control and
traffic noise exposure subjects RR intervals. The number
of RR intervals is 500. ANOVA1 and Kruskal-Wallis test of
significance were applied to results.

3.4.2. Principal Components Analysis. Here again we must
complete a multivariate analysis. Shannon entropy has the
First Principal Component (PC1) of 0.470, the Second Prin-
cipal Component (PC2) of 0.258, and the Third Principal
Component (PC3) of −0.245. But, Renyi entropy has the PC1
of 0.485, PC2 of 0.187, and PC3 of −0.200. However, Tsallis
entropy has the PC1 of 0.472, PC2 of 0.249, and PC3 of−0.242.

Only the first three components need be considered due
to the relatively steep scree plot.The cumulative influence as a
percentage is 65.4 percent for the PC1 and 95.4 percent for the
cumulative total of the PC1 and PC2. Finally, it is 99.3 percent
for the cumulative total of the PC1, PC2, and PC3.
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Figure 6:The plot illustrates the component loadings CFP1 to CFP7
for the 500 RR intervals of 31 traffic noise exposure subjects. The
CFP values are deduced by using the MTM spectra throughout.The
properties of the MTM spectra are as follows: sampling frequency
1Hz, DPSS of 3, FFT length of 256, and Thomson’s nonlinear
combination at “adaptive.” CFP1 and CFP3 are the most influential
components when assessed by PCA.

PC2has an influence of 30.0 percent. PC3has an influence
of 3.9 percent. So, Shannon, Renyi, and Tsallis are the optimal
and most robust statistically overall combination regarding
influencing the correct outcome.This is the case by means of
theANOVA1, Kruskal-Wallis, and themultivariate technique,
hence PCA.

Table 8 illustrates the relevant Principal Component
Analysis for five entropies and DFA of 31 traffic noise
exposure subjects. The five entropy values and DFA are again
deduced from 500 RR-interval time series.

4. Discussion

To provide further evidence regarding the interaction
between auditory processing and the autonomic nervous
system, we attempted to investigate whether acute exposure
to traffic noise influenced the complexity of HRV. As a main
outcome, we noticed that the traditional linear indices of
HRV were unchanged during traffic noise exposure while
some nonlinear approaches evidenced that the complexity of
heart rate autonomic control increased during exposure to
traffic noise.

In this context, previous studies suggest that noise expo-
sure affects the sympathetic component of heart rate auto-
nomic control [47, 48]. Tzaneva et al. [47] exposed subjects
to 135min of noise with Leq 95 dB (A) sound pressure and
analyzed HRV before, during, and after noise exposure.
They revealed an increase in the sympathetic regulation of
heart rate under noise exposure. Björ et al. [48] investigated
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Table 7: Entropic measures for the control and traffic nose exposure subjects RR intervals.

Entropy
or DFA

Mean ± SD
Control (𝑛 = 31)

Mean ± SD
Traffic noise
(𝑛 = 31)

ANOVA1
(𝑝 value)

Kruskal-Wallis
(𝑝 value) Effect size

Approximate 0.7443 ± 0.2354 0.7890 ± 0.2235 0.4465 0.3107 -
Sample 0.6923 ± 0.2300 0.7047 ± 0.2165 0.8278 0.8658 -
DFA 0.1722 ± 0.1943 0.1483 ± 0.1871 0.6222 0.6831 -
Shannon 0.5564 ± 0.1289 0.7017 ± 0.1272 <0.0001 <0.0001 1.13 (large)
Renyi 0.9840 ± 0.0058 0.9898 ± 0.0051 <0.0001 <0.0001 1.06 (large)
Tsallis 0.5981 ± 0.1193 0.7322 ± 0.1159 <0.0001 <0.0001 1.14 (large)
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Figure 7: Box-and-whiskers plot for Higuchi fractal dimension of RR intervals of the control subjects (a) and the traffic noise exposure
subjects (b), calculated multiple times from 10 to 150 in equidistant units for different levels of 𝐾max.

healthy men and women and also noted increased values of
the LF/HF ratio during noise exposure, indicating increased
sympathetic control of heart rate.

Yet, an important point to be highlighted in their studies
is the limitation of the LF/HF ratio to provide information
regarding the sympathetic modulation of heart rate. The
sympathovagal balance index that was added to their investi-
gation, calculated by the LF/HF ratio, has been demonstrated
to be theoretically flawed and empirically unsupported.
Though many criticisms of this measure abound, the most
serious concern is that LF index does not represent the
sympathetic component. Thus, there is a lack of rationale
and/or compelling evidence that its strength in relation to the
HF index componentwould indicate relative strength of vagal
and sympathetic signaling. Furthermore, the physiological
significance of LF/HF ratio is erroneous and represents a
superficial understanding of autonomic regulatory mecha-
nisms [49–51]. We therefore emphasize that spectral analyses
of HRV under controlled situations are the most effective

markers of heart rate autonomicmodulation. Yet, they do not
accurately measure neural traffic or autonomic activity (i.e.,
pupil dilation, salivation, facial vasodilation, etc.).

Equally, Sim et al. [2] evaluated the effects of different
noises on linear HRV. The authors enrolled 40 healthy men
(23.9±1.8 years old, and average BMI being 23.7±2.1 kg/m2)
and submitted them to self-made traffic noise composed by
aircraft and road traffic noise.The authors observed that traf-
fic noise exposure increased SDNN and HF band in absolute
units, indicating that traffic noise acutely increased HRV.

Although we did not observe any significant effects of
traffic noise on time and frequency domain indices of HRV,
we reported significant changes in the nonlinear parameters
of HRV during traffic noise exposure. Entropic and chaotic
global analysis of HRV revealed that the complexity of
heart rate autonomic control increased during traffic noise
exposure, suggesting increasing randomness in the system.

According to our findings, Shannon entropy values
increased (large effect size) during traffic noise exposure.
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Table 8: The relevant Principal Component Analysis for five entropies and DFA of 31 traffic noise exposure subjects.

Entropy (or DFA) PC1 PC2 PC3
Approximate 0.397 −0.415 0.497
Sample 0.405 −0.419 0.307
DFA 0.007 0.700 0.708
Shannon 0.470 0.258 −0.245
Renyi 0.485 0.187 −0.200
Tsallis 0.472 0.249 −0.242

Entropy is theoretically related to the amount of disorder of
particles in a system; if the entropy decreases, the predictabil-
ity of the process increases and the system becomes less
complex [52].The Shannon entropy quantifies the complexity
of a system by means of an average information content
[52]. In a recent study, heart beat time series were quantified
by Shannon entropy and decreased values were associated
with increased severity of pathological condition [53]. Also,
decreased Shannon entropy values were found in leprosy
victims when HRV was investigated [54].

We also revealed that Renyi entropy values were higher
during exposure to traffic noise (large effect size). The Renyi
entropy generalizes the Shannon entropy and considers the
Shannon entropy as a singular case [55]. The Renyi entropy
was previously reported to identify cardiac autonomic neu-
ropathy [56]. It was recently shown as an effective method
in real-time monitoring of atrial fibrillation patients and for
prediction and diagnosis of paroxysmal atrial fibrillation [57].

Based on our data, Tsallis entropy analysis confirmed
that the complexity of HRV increased during traffic noise
exposure and Cohen’s 𝑑 calculation exhibited large effect size.
This nonlinear approach is not chiefly used in HRV analysis;
Eduardo Virgilio Silva and Otavio Murta [58] applied Tsallis
entropy in time series and suggested it as a potential method
for complexity system analysis, thus supporting our conclu-
sions.

Our results demonstrated through chaotic global analysis
of HRV that CFP3 and CFP6 significantly increased (large
effect size) during traffic noise exposure, indicating higher
complexity of RR-intervals oscillations during auditory stim-
ulation. A previous study reported that chaotic global analysis
was unable to identify HRV changes during mental task [59].
Another research study investigated chaotic global analysis in
RR intervals during exposure to heavy metal music [60]. The
authors failed to reveal influences of this music style on the
complexity of HRV.

Nonlinear analysis of HRV is a complex issue owing to its
physiological interpretation. Conversely, the literature shows
that decreased complexity of HRV represents a physiological
impairment. Accordingly, our data points to an interesting
interpretation that acute traffic noise exposure in a laboratory
situation does not cause stressful autonomic responses. An
elegant systematic review reported that themajority of studies
performed at the roadside evidenced stressful effects of traffic
noise on cardiovascular, respiratory, and metabolic health
[61]. However, in view of our results, we deduced that

the stress induced by exposure to road traffic noise is not
only due to the auditory stimulus but due to the roadside
environmental situation.

The interaction between auditory processing and heart
rate autonomic control has been reviewed before [62]. Naka-
mura et al. [63] reported that auditory stimulation influenced
renal sympathetic nerve activity and blood pressure in anes-
thetized rats.The same researchers observed that vagal gastric
nerve activity was similarly influenced by music [64]. The
authors indicated that the suprachiasmatic nucleus of the
hypothalamus is involved in this process [63].

Amongst the important points to be addressed in our
study, we allow for the laboratory conditions the volunteers
were exposed to. This is because we intended to discard
the influence of the traffic environmental impact on HRV,
that is, pollution, visual stimulation, and conversation. We
investigated only women in order to avoid influence of sexual
hormones. We believe that a combination of different factors
during traffic noise stimulus would induce tougher effects on
HRV, since the ANS is sensitive to innumerous exogenous
elements [14].

The luteal and follicular phase of the menstrual cycle
were also controlled, since there is previous evidence of its
influence on nonlinear HRV [11].

Another fact worth highlighting is that, in our study,
nonlinear methods of HRV were more sensitive at detecting
changes in the RR-interval fluctuations. This is possibly
because some information may be erroneous if only linear
analysis is undertaken. Nonlinear analysis was revealed to be
a more powerful approach to identify complex systems [9].

5. Conclusion

Traffic noise exposure did not significantly alter linear indices
of HRV. Higuchi fractal dimension, DFA, and Approximate
and Sample entropies were similarly significantly unaffected.
Yet, it significantly changed chaotic global analysis (combi-
nations CFP3 and CFP6) and Shannon, Renyi, and Tsallis
entropies. Our results indicate that traffic noise acutely
enhances the complexity of heart rate autonomic control in
healthy women.
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Nonlinear measures such as the correlation dimension, the correlation entropy, and the noise level were used in this article to
characterize normal and pathological voices.These invariantswere estimated through an automated algorithmbased on the recently
proposedU-correlation integral. Our results show that the voice dynamics have a lowdimension.The value of correlation dimension
is greater for pathological voices than for normal ones. Furthermore, its value also increases along with the type of the voice. The
low correlation entropy values obtained for normal and pathological type 1 and type 2 voices suggest that their dynamics are nearly
periodic. Regarding the noise level, in the context of voice signals, it can be interpreted as the power of an additive stochastic
perturbation intrinsic to the voice production system. Our estimations suggest that the noise level is greater for pathological voices
than for normal ones. Moreover, it increases along with the type of voice, being the highest for type 4 voices. From these results, we
can conclude that the voice production dynamical system is more complex in the presence of a pathology. In addition, the presence
of the inherent stochastic perturbation strengthens along with the voice type. Finally, based on our results, we propose that the
noise level can be used to quantitatively differentiate between type 3 and type 4 voices.

1. Introduction

The human voice is the most important means of communi-
cation among individuals. Thanks to vocal communication,
activities like asking for help are apparently trivial in our
daily routine. Thus, a voice disorder can limit our ability to
cover our most basic needs, producing a negative impact on
our quality of life. For this reason, it is very important not
only to increase our knowledge about themechanism of voice
production but also to characterize its dynamics in normal
and pathological conditions.

In the literature, several methodologies to assess human
voices can be found. However, their reliability depends on
the nature of the studied voice. Consequently, Titze proposed
a qualitative classification for voice signals [1]. The scheme
proposed by Titze divides the signals into three types: type 1
signals are nearly periodic voice signals, type 2 signals have
strong modulation or subharmonics, and type 3 signals are

characterized by a very irregular or even chaotic behavior.
Sprecher et al. proposed a modification to this scheme. They
redefined type 3 voices as being deterministic chaotic signals,
adding a fourth type that is characterized by a dominant
random-like behavior [2].

Figure 1 shows the time series, the state space reconstruc-
tion, and the spectrogram of each type of voice. A normal
voice (first column) is characterized for a quasiperiodic time
representation and a smooth attractor in the reconstructed
state space. Moreover, from its spectrogram, one can easily
observe the fundamental frequency and its harmonics. A
pathological type 1 voice (second column) displays a more
irregular time series than the normal voice. Notice that
although their attractors are similar, pathological type 1
attractor is not so smooth. Furthermore, both spectrograms
are also similar in the sense that one can still distinguish
a fundamental frequency and its harmonics. Nevertheless,
the noise content blurs the harmonics at high frequencies.
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In the case of a pathological type 2 voice (third column), it
is possible to observe a less regular time series, compared
to the pathological type 1 voice. The volume occupied by
its attractor has been reduced and it is more difficult to
distinguish a smooth shape. In its spectrogram, one can
find subharmonic frequencies. The pathological type 3 voice
(fourth column) is characterized by an irregular time series.
The state space reconstruction is similar to the one of white
Gaussian noise. Its spectrogram shows the fundamental
frequency but its harmonics are rapidly blurred. Finally, a
pathological type 4 voice (fifth column) has an irregular time
series representation and a regular state space reconstruction,
like the type 3 voice. In its spectrogram, one can find a
fundamental frequency but not the harmonics.

These representations are useful to differentiate between
some kinds of voices, for example, between normal and
pathological type 3 voices. However, it is very difficult to
differentiate between a normal and a pathological type 1 voice
or between a type 3 and a type 4 voice.The importance of this
classification is based on the fact that traditional perturbation
measures like jitter and shimmer give reliable results if they
are applied to type 1 and type 2 signals. In contrast, nonlinear
dynamics concepts should be used to characterize type 3
voices, whereas they are unreliable when applied to type 4
signals.Moreover, until now, the classification of type 4 voices
has been done subjectively by visual inspection [2].

Over the last three decades, strong evidence about the
nonlinear behavior of the voice production mechanism has
been collected [3–6], leading the scientific community to
develop concepts and methods based on nonlinear dynamics
and chaos theories.There exist an extensive set of publications
in which those concepts have been used to characterize
healthy and pathological voices. The correlation dimension(𝐷) and the correlation entropy (𝐾2) are two quantities
that are used to characterize the complexity of a dynamical
system. The former can be thought of as an estimation of
the number of variables involved in the dynamics (degrees
of freedom) [7]. The latter measures the rate at which
information about the dynamics is lost over time. More
complex systems are commonly characterized by having
higher dimensions and entropy values [8].

The correlation integral is the quantity used to estimate𝐷 and 𝐾2 [9]. It has been widely used in the biomedical field
since it was proposed by Grassberger and Procaccia in the
early 1980s [9].

According to what we know so far, this correlation
integral has been used in all studies that have estimated 𝐷
and 𝐾2 from voice signals. However, it is well known that
the Grassberger and Procaccia approach is not robust in the
presence of noise, and it needs special conditions to converge
[10]. More robust variants of the correlation integrals have
been proposed, like the Gaussian kernel correlation integral
(GCI) [11] and the U-correlation integral [12].

Theobjective of this article is to characterize the dynamics
of normal and pathological voices through the correlation
dimension, the correlation entropy, and the noise level (𝜎).
Furthermore, we seek to statistically analyze these invariants
for the four types of voices. As a novelty, we obtain these
invariants usingU-correlation integral through an automated

algorithm [12] which allowed us to avoid subjective judge-
ments. Finally, we propose a new quantitative methodology
to differentiate between type 3 and type 4 voices.
2. Materials and Methods

The correlation dimension and the correlation entropy are
invariants that characterize the natural measure of a dynam-
ical system [13]. These invariants can be easily computed
from the correlation integral which is obtained from indirect
temporal measures of one of the variables of the system
[9]. For an observed stationary time series of length 𝑁,{𝑥𝑛}𝑁𝑛=1, the reconstructed 𝑚-dimensional delay vectors xi =(𝑥𝑖, 𝑥𝑖+𝜏, . . . , 𝑥𝑖−(𝑚−1)𝜏), 𝑖 = 1, 2, . . . , 𝐿 = 𝑁 − (𝑚 − 1)𝜏, must
be formed.The correlation integral𝐺𝑚(ℎ), in its general form,
is defined as the probability that the distance �̃� = ‖xi − xj‖
between two randomly selected𝑚-dimensional delay vectors
xi and xj is smaller than a value ℎ [13]:

𝐺𝑚 (ℎ) = ∫𝑔 (ℎ, �̃�) 𝑓𝑚�̃� (�̃�) d�̃�, (1)

where 𝑔(ℎ, �̃�) is a kernel function and𝑓𝑚�̃� (�̃�) is the probability
density function (pdf) of the distance between pairs of delay
vectors. In this article, we used the Euclidean distance.

TheGrassberger and Procaccia correlation integral𝐶𝑚(ℎ)
uses as a kernel function 𝑔(ℎ, �̃�) = 𝐻(1 − �̃�/ℎ), where𝐻(⋅) is
the Heaviside step function [9]. On the other hand, the GCI
proposed byDiks et al.,𝑇𝑚(ℎ), adopts𝑔(ℎ, �̃�) = exp(−�̃�2/4ℎ2)
[11].Themain advantage of the GCI over the Grassberger and
Procaccia correlation integral is that the former allows us to
model the influence of additive noise on the scaling law.

For a zero-mean time series of variance 𝜎2𝑐 with additive
white Gaussian noise of variance 𝜎2𝑛 , the scaling rule is [11, 14,
15]

𝑇𝑚 (ℎ) ∼ ℎ𝑚 (ℎ2 + 𝜎2)(𝐷−𝑚)/2 𝑒−𝑚𝜏𝐾2
for 𝑚 → ∞, √ℎ2 + 𝜎2 → 0, (2)

where

𝜎 = 𝜎𝑛
√𝜎2𝑐 + 𝜎2𝑛 . (3)

It is important to say that all time series used in this
work were rescaled to have unitary standard deviation. In
this sense, 𝜎 is the noise level after rescaling; that is, 𝜎 → 0
corresponds to clean time series and 𝜎 → 1 implies a pure
stochastic process. The signal-to-noise ratio (SNR) can be
calculated as

SNR = 10 log10 (1 − 𝜎2𝜎2 ) dB. (4)

In practical applications, it is very important to be able to
quantify 𝜎, the noise level in the time series. This is because
it allows us to correct the estimations of𝐷 and𝐾2. Moreover,
the conclusions driven by the interpretation of the invariants
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Figure 1: Time series, state space reconstruction, and spectrogram of normal and pathological voices. First column: normal voice; second
column: pathological type 1 voice; third column: pathological type 2 voice; fourth column: pathological type 3 voice; fifth column: pathological
type 4 voice.

calculated in the presence of high levels of noise should be
taken carefully. For this reason, an estimate of the noise level
must be also reported, allowing the readers to be aware of
the limitations of the estimates. On the other hand, when the
data is taken under controlled conditions, like the voices in
the database analyzed herein, a high noise level can be seen
as an indicator of a dominant underlying additive stochastic
process.

The main disadvantage of the GCI is that it requires high
values of 𝑚 to obtain a convergent estimate of 𝐾2 [10, 15].
This is because the pdf of the interpoint distance changes with
the embedding dimension, whereas the GCI’s kernel does
not (see (1)). As a result, the convergence of the GCI to 𝐾2
is slowed down [12]. The last statement also applies to the
Grassberger and Procaccia correlation integral. As a solution,
we have recently proposed the U-correlation integral (UCI)
[12]:

𝑈𝛽𝑚 (ℎ) = ∫ Γ (𝛽/2, 𝑧/ℎ
2)

Γ (𝛽/2) 𝑓𝑚 (𝜎; 𝑧) d𝑧, (5)

where Γ(𝑎, 𝑡) is the upper incomplete Gamma function, Γ(𝑎)
is the Gamma function, and𝑓𝑚(𝜎; 𝑧) is the pdf of the squared
interpoint distance. There are two important aspects about
this correlation integral that deserve to be mentioned. First,
note that the UCI’s kernel function, given by

𝑔 (ℎ, 𝛽, 𝑧) = Γ (𝛽/2, 𝑧/ℎ2)Γ (𝛽/2) , (6)

has a parameter 𝛽 that is used to incorporate information
about the embedding dimension. In other words, this kernel
function is able to change according to𝑚. Second, we are now
working with the square of the interpoint distance, that is,𝑧 = �̃�2, to reduce the computational cost.

The scaling law for the UCI is [12]

𝑈𝛽𝑚 (ℎ) = 𝜙2 (2𝜎)𝐷
Γ (𝐷/2) Γ ((𝛽 + 𝑚) /2)
Γ (𝛽/2) Γ (𝑚/2 + 1)

⋅ 𝑒−𝑚𝜏𝐾2 ( ℎ24𝜎2)
𝑚/2

⋅ 𝐹 (𝛽 + 𝑚2 , 𝑚 − 𝐷2 ; 𝑚 + 22 ; − ℎ24𝜎2) ,

(7)

where 𝜙 is a normalization constant and 𝐹(𝑎, 𝑏; 𝑐; 𝑡) is the
Gauss hypergeometric function. The UCI is approximated
with the U-correlation sum �̂�𝛽𝑚(ℎ) which, in this article, is
calculated as follows: first, we obtain the squared distances
between each pair of𝑚-dimensional delay vectors 𝑧𝜔 = ‖xi −
xj‖2, where 𝜔 = {(𝑖, 𝑗) / 𝑖 = 1, 2, . . . 𝐿, 𝑗 = 1, 2, . . . , 𝐿, 𝑖 ̸= 𝑗},
and then

�̂�𝛽𝑚 (ℎ) = 1Ω
Ω∑
𝜔=1

𝑔 (ℎ, 𝛽, 𝑧𝜔) = 1Ω
Ω∑
𝜔=1

Γ (𝛽/2, 𝑧𝜔/ℎ2)Γ (𝛽/2) , (8)

whereΩ = 𝐿(𝐿−1).The evaluation of the function 𝑔(ℎ, 𝛽, 𝑧𝜔)
requires numerical integration which is computationally
expensive. Instead, we performed the evaluation through
spline interpolation of the function 𝑔(𝑡) = Γ(𝛽/2, 𝑡)/Γ(𝛽/2),
where 𝑡 ∈ [10−6, 102] for each value of 𝛽.

Once the correlation sum is calculated, we estimated 𝐷,𝐾2, and 𝜎 using coarse-grained estimators. These are explicit
expressions for 𝐷, 𝐾2, and 𝜎 as functions of 𝑚 and ℎ [13].
Such functions are useful because they allow us to estimate
the invariants and to visually confirm a scaling regime.
In [16], we have presented three coarse-grained functions:𝐷𝑈𝑚(ℎ), 𝐾𝑈𝑚(ℎ), and 𝜎𝑈𝑚(ℎ) which are based on the UCI.
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Table 1: Analyzed subjects: number and age.

Condition Number Age (years) mean ± SD
Male Female Male Female

Healthy 21 32 38.8 ± 8.5 34.1 ± 7.8
Pathologic 67 96 41.2 ± 9.2 37.6 ± 8.3

As an advantage, they can be calculated in an automated
manner from two U-correlation integrals. Moreover, we have
proposed an automated algorithm to estimate 𝐷, 𝐾2, and 𝜎
from these coarse-grained estimators [16].

2.1. Coarse-Grained Estimators Based on UCI. Here, we
present the coarse-grained estimators used in this study. A
more detailed description can be found in [12, 16].

We define the noise level functional as [12]

Δ𝑈𝑚 (ℎ) = 12 [�̇�𝛽=𝑚𝑚+2 (ℎ) − �̇�𝛽=𝑚𝑚 (ℎ)] ≈ 4𝜎2ℎ2 + 4𝜎2
for 𝑚 ≫ 𝐷,

(9)

where

�̇�𝛽𝑚 (ℎ) = d ln𝑈𝛽𝑚 (ℎ)
d ln ℎ . (10)

This functional is the difference between the logarithmic
derivatives of two U-correlation integrals: 𝑈𝛽=𝑚𝑚 (ℎ), which is
the UCI calculated with squared distances 𝑧𝜔 coming from𝑚-dimensional delay vectors and a kernel with the parameter𝛽 = 𝑚, and 𝑈𝛽=𝑚𝑚+2 (ℎ). The last one is the correlation integral
obtained fromdistances between pairs of (𝑚+2)-dimensional
delay vectors and a kernel with the parameter 𝛽 = 𝑚.

We have shown in [12] that Δ𝑈𝑚(ℎ) is a function that
decreases monotonically from 1 to 0 on a scale proportional
to the value of 𝜎. From this noise functional, we can define
the noise level coarse-grained estimator as [12]

𝜎𝑈𝑚 (ℎ) = ℎ2√
Δ𝑈𝑚 (ℎ)1 − Δ𝑈𝑚 (ℎ) . (11)

The coarse-grained estimators for 𝐷 and 𝐾2 can be read
as [16]

𝐷𝑈𝑚 (ℎ) = �̇�𝛽=𝑚𝑚 (ℎ) + Δ𝑈𝑚 (ℎ)1 − Δ𝑈𝑚 (ℎ) [�̇�
𝛽=𝑚
𝑚 (ℎ) + 2 (𝑚

− 1)(𝑈𝛽=𝑚−2𝑚 (ℎ)
𝑈𝛽=𝑚𝑚 (ℎ) − 1)] ,

(12)

𝐾𝑈𝑚 (ℎ) = − 12𝜏 {ln(
𝑈𝛽=𝑚+2𝑚+2 (ℎ)
𝑈𝛽=𝑚𝑚 (ℎ) )

+ ln(𝐷𝑈𝑚 (ℎ)𝑚 + 1)} + 12𝜏
⋅ ln[Δ𝑈𝑚 (ℎ) (𝑚 − �̇�

𝛽=𝑚
𝑚 (ℎ)𝑚 − 𝐷𝑈𝑚 (ℎ) )

+ (1 − Δ𝑈𝑚 (ℎ)) (�̇�
𝛽=𝑚
𝑚 (ℎ)𝑚 + 1)] ,

(13)

respectively.
The calculation of𝐷𝑈𝑚(ℎ) requires the estimation ofΔ𝑈𝑚(ℎ)

and two correlation integrals: 𝑈𝛽=𝑚𝑚 (ℎ) and 𝑈𝛽=𝑚−2𝑚 (ℎ). On
the other hand, 𝐾𝑈𝑚(ℎ) depends on the correlation integrals𝑈𝛽=𝑚+2𝑚+2 (ℎ) and 𝑈𝛽=𝑚𝑚 (ℎ), Δ𝑈𝑚(ℎ), the logarithmic derivative�̇�𝛽=𝑚𝑚 (ℎ), and the coarse-grained estimator 𝐷𝑈𝑚(ℎ).
2.2. Database. This study was conducted using the Mas-
sachusetts Eye & Ear Infirmary (MEEI) Voice Disorders
Database, distributed by Kay Elemetrics [17]. We have chosen
a subset of 219 records (53 normal and 166 pathological) of
sustained phonation of vowel /a/ [18]. Each record was down-
sampled to 10 kHz and the subjects’ descriptive statistics are
presented in Table 1. From this set of voices, we excluded 3
records because they contained less than 8000 sample points,
ending with a total of 216 records to be analyzed.

For each record, a centered window of 𝑁 = 8000 data
points was selected and normalized to have zero mean and
unitary standard deviation. Then, the U-correlation sums
were computed for 𝑚 = {4, 6, . . . , 20}, 𝜏 = 10, and ℎ ∈[𝑒−5, 𝑒2]. Moreover, the nearest 10 temporal neighbors of
each delay vector were discarded [7]. Finally, Algorithm 1
was applied. We must clarify that the range of values for
the embedding dimension was selected taking into account
the studies conducted in [6, 19–21], where a low-dimensional
vocal system is suggested (𝐷 < 5 for pathological voices). On
the other hand, the embedding lag was selected as the average
lag (over all voices) where the first minimum of the mutual
information function occurs [7, 10].

In a preliminary study, the pathological records were
classified into Titze’s scheme based on the visual observation
of the time series and its spectrograms. The classification
resulted in 74 type 1 records and 81 type 2 records. The
remainder 11 voices where taken apart since these techniques
cannot differentiate between type 3 and type 4 voices.
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(1) Calculate 𝑈𝛽=𝑚𝑚 (ℎ) and 𝑈𝛽=𝑚−2𝑚 (ℎ) using Eq. (8) for𝑚 > 2.
(2) Calculate Δ𝑈𝑚(ℎ) using Eq. (9) and the UCIs obtained in step (1).
(3) Compute 𝜎𝑈𝑚(ℎ) with Eq. (11) and obtain the function 𝐹𝜎(ℎ). Estimate 𝜎 within a range

of ℎ centered at the value ℎ where 𝐹𝜎(ℎ) is minimum.
(4) Use 𝑈𝛽=𝑚𝑚 (ℎ), 𝑈𝛽=𝑚−2𝑚 (ℎ) and Δ𝑈𝑚(ℎ) to calculate𝐷𝑈𝑚(ℎ) (Eq. (12)) and obtain the

function 𝐹𝐷(ℎ). Estimate𝐷 within a range of ℎ centered at the value ℎ where 𝐹𝐷(ℎ)
is minimum.

(5) Obtain 𝐾𝑈𝑚(ℎ) (Eq. (13)) using 𝑈𝛽=𝑚𝑚 (ℎ), Δ𝑈𝑚(ℎ) and𝐷𝑈𝑚(ℎ). Calculate the function𝐹𝐾2 (ℎ). Estimate 𝐾2 within a range of ℎ centered at the value ℎ where 𝐹𝐾2 (ℎ) is
minimum.

Algorithm 1: Automated estimation of attractors’ invariants.

Following the definition of type 4 voices given by Sprecher et
al. in [2], we calculated the coarse-grained estimators 𝐷𝑈𝑚(ℎ)
and 𝐾𝑈𝑚(ℎ) for these 11 voices. Then, we grouped together
the voices that did show a scaling regime (finite correlation
dimension and entropy) as type 3 and those that did not as
type 4.
3. Results

Thefirst result of the simulations can be observed in Figure 2.
It shows the coarse-grained estimators 𝜎𝑈𝑚(ℎ), 𝐷𝑈𝑚(ℎ), and𝐾𝑈𝑚(ℎ) for a normal voice (Figures 2(a), 2(f), and 2(k)), a
pathological type 1 voice (Figures 2(b), 2(g), and 2(l)), a
pathological type 2 voice (Figures 2(c), 2(h), and 2(m)), a
pathological type 3 voice (Figures 2(d), 2(i), and 2(n)), and
a pathological type 4 voice (Figures 2(e), 2(j), and 2(o)).

It is important to observe that all coarse-grained estima-
tors present a scaling region, except the ones for correlation
dimension and 𝐾2 entropy of type 4 voices. This highlights
the suitability of these estimators to analyze normal and
pathological (type 1, type 2, and type 3) voices.

As it can be observed in the first row of Figure 2, the noise
level is greater for the pathological voices than for the normal
voice and, in the pathological case, it increases along with
the type. This means that, for both normal and pathological
voices, there is an underlying stochastic component and its
level increases in the presence of pathology.

The behavior of the estimator 𝐷𝑈𝑚(ℎ) is presented in the
second row of Figure 2. As it can be seen, this estimator sug-
gests a value of𝐷 ≈ 1.25 for normal voices and slightly greater
values for pathological type 1 and type 2 voices. However,
it is difficult to say whether there is any difference between
the analyzed normal and pathological voice. Nevertheless,
these results suggest that the voice production system has a
relatively low dimension.

Regarding the estimator 𝐾𝑈𝑚(ℎ), it can be observed from
the third row of Figure 2 that, for the voices analyzed herein,
the estimator converges to values close to zero. This suggests
the presence of a strong harmonic component. Furthermore,
there exists a small increase of𝐾2 entropy from normal voice
to pathological type 1 voice and from the latter to pathological
type 2 voice. This reflects an increasing degree of irregularity
which is often associated with an increase in complexity.

For the type 3 voice, it can be observed in the fourth col-
umn of Figure 2 that the noise level coarse-grained estimator
converges to a higher value than the one corresponding to the
type 2 voice. However, it is still possible to observe a scaling
range in both 𝐷𝑈𝑚(ℎ) and 𝐾𝑈𝑚(ℎ). Moreover, these estimators
converge to higher values than the ones for type 2 voice. On
the other hand, for the type 4 voice (fifth column of Figure 2),
it is not possible to find a scaling range either in dimension
or in the entropy estimator. This behavior is expected since,
by definition, these types of voices have an infinite value of
dimension and entropy.

As we mentioned before, this kind of nonlinear tech-
niques should not be used with type 4 voices. Note that, from
the curves of𝐷𝑈𝑚(ℎ) and𝐾𝑈𝑚(ℎ) (Figures 2(j) and 2(o), resp.),
it is not easy to decide whether there is a scaling range. In this
sense, an untrained person could erroneously determine its
existence, resulting in misleading estimations.

On the other hand, a scaling range can be found for 𝜎𝑈𝑚(ℎ)
(Figure 2(e)), and it converges to a very high noise level value𝜎 ≈ 0.5 (SNR ≈ 4.77 dB). This suggests that the dynamics
are mostly ruled by the underlying stochastic component. It
is important to mention that this behavior is consistent in all
voices that did not have a scaling region on𝐷𝑈𝑚(ℎ) and𝐾𝑈𝑚(ℎ)
(type 4 voices). Based on this result, we suggest that a high
value of 𝜎 could be a quantitative indicator of type 4 voices.

In order to find a noise level value that allows us to
differentiate between type 3 and type 4 voices, we select by
visual inspection all voices that did not show a scaling region
on the estimators 𝐷𝑈𝑚(ℎ) and 𝐾𝑈𝑚(ℎ). Then, for each signal,
we estimate the noise level value from 𝜎𝑈𝑚(ℎ) and select the
minimum of these values (𝜎thr = 0.4) as a threshold.
3.1. Automated Estimation of Invariants. In order to obtain
reliable estimations of 𝐷, 𝐾2, and 𝜎, it is essential to verify
the existence of a scaling behavior over the coarse-grained
estimators. Once it is found, one has to choose a range ofℎ values from which to estimate the invariants. This choice
is critical since, in practical application, the coarse-grained
estimators strongly vary as a function of the scale. To avoid
subjective judgements, we have proposed an algorithm (see
Algorithm 1) for the automated estimation of 𝐷, 𝐾2, and 𝜎
based on the coarse-grained estimators 𝐷𝑈𝑚(ℎ), 𝐾𝑈𝑚(ℎ), and𝜎𝑈𝑚(ℎ), respectively [16].
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Figure 2: Coarse-grained estimators 𝜎𝑈𝑚(ℎ), 𝐷𝑈𝑚(ℎ), and 𝐾𝑈𝑚(ℎ) for normal and pathological voices. First column: normal voice; second
column: pathological type 1 voice; third column: pathological type 2 voice; fourth column: pathological type 3 voice; fifth column: pathological
type 4 voice. The curves for𝑚 = {4, 6, . . . , 20} are color-coded in grayscale where the lightest gray corresponds to𝑚 = 4.

This algorithm selects the scaling range where those
invariants should be estimated based on the next criteria: (i)
the coarse-grained estimator must be constant for a range of
scale values and (ii) the value of the invariant should converge
as the embedding dimension increases.

The algorithmbegins by approximating theU-correlation
integrals 𝑈𝛽=𝑚𝑚 (ℎ) and 𝑈𝛽=𝑚−2𝑚 (ℎ) for different𝑚 values (𝑚 >2) using (8). Note that 𝑈𝛽=𝑚−2𝑚 (ℎ) must be calculated for𝑚 > 2 since the shape parameter of the incomplete Gamma
and Gamma functions must be greater than zero. Next,
the logarithmic derivatives �̇�𝛽=𝑚𝑚 (ℎ) and �̇�𝛽=𝑚𝑚+2 (ℎ) must be
computed in order to obtain Δ𝑈𝑚(ℎ) (see (9)). Observe that
the correlation integral 𝑈𝛽=𝑚𝑚+2 (ℎ) is equal to the correlation
integral 𝑈𝛽=�̂�−2

�̂�
(ℎ) evaluated at �̂� = 𝑚 + 2. In this

article, the logarithmic derivatives were obtained using a
wavelet transform approach [22]. This produces a smooth
version of the derivatives allowing us to better estimate the
invariants.

The noise levelmust be calculated from a range of ℎwhere
the coarse-grained estimator 𝜎𝑈𝑚(ℎ) is nearly constant and its
variation across the𝑚 values is the smallest. In this sense, for
the noise level, we define the functions [16]

𝐴𝜎 (ℎ) = 1𝑀
𝑀∑
𝑖=1

d𝜎𝑈𝑚𝑖 (ℎ)
d ln ℎ ,

𝑉𝜎 (ℎ) = 1𝑀 − 1
𝑀∑
𝑖=1

(𝜎𝑈𝑚𝑖 (ℎ) − �̂�𝑈 (ℎ))2 ,
𝐹𝜎 (ℎ) = 𝐴𝜎 (ℎ) 𝑉𝜎 (ℎ) ,

(14)

where 𝑚 ∈ {𝑚1, 𝑚2, . . . , 𝑚𝑖, . . . , 𝑚𝑀} and �̂�𝑈(ℎ) is the
average of 𝜎𝑈𝑚(ℎ) across 𝑚. 𝐴𝜎(ℎ) is the average over 𝑚 of
the derivative of 𝜎𝑈𝑚(ℎ) with respect to ln ℎ, 𝑉𝜎(ℎ) gives the
variation of 𝜎𝑈𝑚(ℎ) across 𝑚, and 𝐹𝜎(ℎ) is the product of the
two aforementioned functions. We propose to estimate 𝜎
within a range of ℎ centered at the ℎ value at which 𝐹𝜎(ℎ) is
minimum.This way, 𝜎 is estimated in a range of ℎ centered in
a plateaued region (scaling region) of 𝜎𝑈𝑚(ℎ), and its value is
consistent through the parameter𝑚.

The correlation dimension and the correlation entropy
can be determined using the coarse-grained estimators𝐷𝑈𝑚(ℎ) (see (12)) and 𝐾𝑈𝑚(ℎ) (see (13)), respectively. To find
a range of ℎ values to estimate 𝐷 and 𝐾2, we use a similar
approach, but from functions 𝐹𝐷(ℎ) and 𝐹𝐾2(ℎ), respectively.
The functions 𝐹𝐷(ℎ) and 𝐹𝐾2(ℎ) can be computed similarly
to 𝐹𝜎(ℎ) but using the coarse-grained estimators 𝐷𝑈𝑚(ℎ) and𝐾𝑈𝑚(ℎ), respectively.

The estimation of each invariant for the whole group of
signals is presented in Figure 3. Figure 3(a) shows a box plot
of the noise level estimation for normal (N), pathological type1 (PT1), pathological type 2 (PT2), pathological type 3 (PT3),
and pathological type 4 (PT4) voices. As it can be observed,𝜎 is greater for pathological voices than for normal ones.
However, it is not possible to establish a statistical difference
betweennormal and pathological type 1 and type 2 voices.On
the other hand, we can differentiate normal frompathological
type 3 and type 4 voices. It is very important to say that the
group labeled as TP4 was selected because they have a noise
level value 𝜎 > 0.4. Note that, using this threshold, we can
separate type 3 from type 4 voices.

The box plot of the correlation dimension is presented
in Figure 3(b). There is an increase of 𝐷 from normal to
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Figure 3: Invariant estimation box plot: (a) noise level, (b) correlation dimension, and (c) correlation entropy. Normal (N), pathological type1 (PT1), pathological type 2 (PT2), pathological type 3 (PT3), and pathological type 4 (PT4) voices.

pathological voices. For normal voices, the median is 𝐷 =1.4; for pathological type 1 voices, 𝐷 = 1.68; for type 2
voices, 𝐷 = 2.23; and for type 3 voices, 𝐷 = 2.99. From
these results, we can establish that the vocal system has a
low dimension, even in the presence of a pathology. The
group TP4 is not shown in this plot since, by definition, its
dimension is infinite. Regarding the correlation entropy, it is
shown in Figure 3(c) that there is a small increase of𝐾2 from
normal to pathological voices. However, it is not possible to
find a statistical difference between normal, pathological type1, and pathological type 2 voices. The median correlation
entropy estimated for normal voices is 𝐾2 = 0.0038, for
pathological type 1 voices is 𝐾2 = 0.0053, for pathological
type 2 voices is 𝐾2 = 0.0068, and for pathological type 3
voices is𝐾2 = 0.012.
4. Discussion

Bearing in mind that the used records were taken in a
controlled environment, we could associate the noise level
with the strength of an additive stochastic component that
coexists with the dynamic producing the voice. There is a
tendency of 𝜎 to increase its value from normal voices to
pathological ones. This can be seen as an increase of the
power of the stochastic component caused by the presence
of a pathology. Moreover, in pathological voices, 𝜎 increases
its value along with the voice type.

The definition of type 4 voices given by Sprecher et al. [2]
states that these signals are characterized by pure stochastic
oscillations; therefore, their dimension is infinite [10]. In
practice, it is not possible to measure an infinite correlation
dimension value since it is bounded by the embedding
dimension used to calculate the correlation integral. Instead,
an infinite correlation dimension is inferred if there is not
a scaling regime in the coarse-grained estimator of 𝐷. In
previous studies, this was done through visual inspection,
which is always a subjective judgement [2, 19].

One interesting aspect of the coarse-grained estimator𝜎𝑈𝑚(ℎ) is that, in the type 4 signals analyzed here, it always
presents a scaling range from which to estimate 𝜎, although𝐷𝑈𝑚(ℎ) and 𝐾𝑈𝑚(ℎ) have no scaling regions. These results led
us to think that the noise level can be used as an objective
measure to discriminate between type 3 and type 4 voices.

The threshold proposed here (𝜎thr = 0.4) was set using
the voice signals that did not present a scaling regime in𝐷𝑈𝑚(ℎ) and 𝐾𝑈𝑚(ℎ). With this threshold, we were able to well
separate type 3 and type 4 voices. Nevertheless, we are aware
that this threshold was selected based on observations from
this database. This finding must be validated with a more
extensive study involving a larger number of records and
voice care professionals.

Our estimations of correlation dimension are in con-
cordance with other studies [6, 19–21]. In [23], Choi et al.
conducted a very similar simulation over the Kay Elemetrics
database.They reported a mean value of𝐷 = 1.57 for normal
voices and an increased dimension value for pathological
ones. Moreover, they obtained a decreasing SNR (it was
calculated according to [24]) with the type of the voice, being
the lowest for type 3 voices. However, they did not analyze
type 4 voices. Another study by Zhang and Jiang conducted
over the Kay Elemetrics database reported amean correlation
dimension of 𝐷 = 1.51 for normal voices and 𝐷 = 3.17 for a
groupwith vocal tremor [25]. As far aswe know, all researches
conducted on normal and pathological voices have used the
Grassberger and Procaccia correlation integral to estimate𝐷 and 𝐾2. This methodology has the disadvantage that its
estimations are sensitive to noise presence, requires large 𝑚
values to converge, and does not give an estimation of the
noise level [10, 13]. However, other variants like the Gaussian
correlation integral have not been used.

Regarding the correlation entropy, our results suggest
that pathological type 1 and type 2 voices have a slightly
greater value than normal ones. Furthermore, these three
types of voices have a 𝐾2 value close to zero, suggesting
nearly periodic dynamics. For type 3 voices, the values of 𝐾2
are the greatest, meaning more irregular and unpredictable
dynamics. These values are comparable with those presented
by Yan et al. [26]. They reported an estimation of 𝐾2 for
normal (mean value 𝐾2 = 0.014) and esophageal phonation
(mean value 𝐾2 = 0.023) subjects. In [27], Calawerts et al.
calculated the largest Lyapunov exponent for type 1, type 2,
and type 3 voices using the Kay Elemetrics database. Their
results suggest an increase of the value of the largest Lyapunov
exponent along with the type of the voice. Our results are in
concordance with this study since we obtain an estimation of
correlation entropy that not only is greater for pathological
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voices than for normal ones but also increases with the type
of the voice.

5. Conclusions

In this article, we have studied normal andpathological voices
through the correlation dimension, the correlation entropy,
and the noise level. These invariants were estimated using
an automated algorithm based on coarse-grained estimators
derived from the U-correlation integral. The results suggest
that the voice production dynamical system has a low dimen-
sion.The value of𝐷 is greater for pathological voices than for
normal ones.Moreover, its value also increases alongwith the
type of the voice. Regarding the correlation entropy, its value
is very low for normal and for type 1 and type 2 pathological
voices. Although a more extensive study is still needed, this
finding suggests that the system dynamics have a harmonic
oscillatory behavior. On the other hand, pathological type 3
voices present higher values of𝐾2, implying a more complex
behavior which is reflected in a more irregular dynamic. The
noise level can be interpreted as the power of a stochastic
perturbation intrinsic to the voice production system. Our
results show that 𝜎 is greater for pathological voices than
for normal ones. Furthermore, it increases along with the
type of voice, being the highest for type 4 voices. This means
that the presence of the stochastic component is stronger
in pathological voices. Based on these results, in this work,
we have proposed a quantitative criterion that can be used
to differentiate between type 3 and type 4 voices. We are
aware of the limitation of the reduced samples of type 3 and
type 4 voices. In this sense, these preliminary results will
be validated with a more extensive study involving a larger
number of records and voice care professionals.
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The rise of mathematical developments in the theories of consciousness has led to new measures to detect consciousness in
a system. The Integrated Information Theory (IIT) is one of the best mathematical rooted attempts to quantify the level of
consciousness in a system with Φ as the effective information generated in a system above its parts. Recently, the IIT has inspired
the Perturbational Complexity Index (PCI) to detect conscious states in patients with disorders of consciousness, and it has shown
to have almost perfect classification accuracy. In this study, we explore the statistical correspondence between the theoreticalΦ and
the experimental PCI through a neurocomputational model of coupled oscillators that can be artificially perturbed, which mainly
focuses on the dynamics of collective synchronization between subsets of brain areas. Our results reveal that both measures are
statistically related but, in principle, this relationship is far to be perfect. These results are discussed in the context of the model of
coupled oscillators, which mainly focuses on the dynamics of collective synchronization between subsets of brain areas.

1. Introduction

One of the most challenging and still in progress tasks in
science is to objectively quantify to what extent a person is
conscious. One possible reason is that consciousness itself
cannot be operatively defined in an easy way since it is a
subjective phenomenon, and hence, it cannot be directly
observed [1]. There are different theoretical approaches to
consciousness [2]. For example, from a philosophical per-
spective, it has been proposed that there is a high order
thought associated with consciousness. A conscious thought
would be composed of simple percepts associated with
other thoughts that provide further semantic value. Within
neuroscience fields, theories can be divided into biological
and functionalistic theories. Biological theories state that
consciousness is a biological state of the brain; consciousness
is studied through the association of different cognitive states
with particular brain regions. On the other hand, from a
functionalistic perspective, the existence of consciousness
only requires an abstract structure to exist. For example, in

silico structures could support conscious experiences as long
as they obey the necessary conditions provided by the theory.
A good example of functionalism is the Global Workspace
account, which considers that conscious experience is the
result of competition between functional networks in the
brain [3] being conscious the winning network. However,
within functionalistic accounts, the Integrated Information
Theory (IIT) is probably the most solid and mathematically
rooted attempt to define what consciousness might be and
how it can be quantified [4–6]. Specifically, Tononi, in an
early version of his theory [4], proposed that consciousness
arises as integrated information in a system and provided
Φ as a computable measure of how conscious any physical
systemmight be.The main concept behind the calculation of
Φ is to measure to what extent a system as a whole cannot
be explained as a sum of its parts. As we will explain in
the next section, in order to compute Φ, it is necessary to
compare the information generated by the entire system with
the information of the system considered as two subsystems
(bipartition).
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2 Complexity

The main limitation in Φ computation is the necessary
condition to find and calculate the information contained in
all possible bipartitions of the system. This is a problem of
complexity class NP, which cannot be exhaustively computed
for systems with a large number of elements. Given that in
the human brain the number of neurons is in the order of
1011 [7], even if we have the entire information from every
single neuron, it would not be possible to obtain a value for
Φ. The number of possible bipartitions for a brain would
be in the order of a Stirling number of second kind that
can be computed with 2𝑛−1 − 1 and would give a number
of combinations in the order of 21011 , which interestingly
is much higher than the classic Eddington’s number that
estimates the amount of protons in the known universe
(≈1080) [8]. To solve this and other practical problems, a
number of versions and estimators have been developed in
different fields of research. One remarkable example was
provided by Barrett and Seth [9] where they proposed a
version of Φ for time series data. This version noted here as
ΦTS (TS stands for time series) can be applied to time series
from a generative dynamical model, and it perfectly agrees
with the IIT in its early version (and in the main concepts of
the further versions).

In the work we present here, we will focus on this
measure because it is theoretically well funded and easy to
apply to time series data. However, ΦTS shows the same
limitation as the original Φ, which, as stated before, includes
the computation of information from all possible bipartitions
of the system, and hence, it is only possible to be applied to
time series from systems with limited number of elements.

In a different line of research, one of the most important
empirical estimators of Φ has been developed in the field of
clinical assessment of unresponsive patients with disorder of
consciousness. Casali et al. [10] presented a Perturbational
Complexity Index (PCI) of integrated information to decide
if a given patient is conscious or not. The PCI was designed
to capture information and integration in the system. It
quantifies the richness of information in the process of prop-
agation of activity across the EEG channels right after discrete
transcranial magnetic stimulation (TMS). The theoretical
rationale of this measure is that a system with high Φ, when
stimulated with TMS pulses, needs to show cortical propaga-
tion (reflecting integration of its elements) as well as diverse
functional reactions at different areas of the cortex (differ-
entiation between the elements ≈ information). Given that
Φ is related to information and integration in a system, PCI
is proposed as an estimator of Φ for data collected from real
patients.

Although PCI has been demonstrated to classify patients
into conscious or unconscious with an almost perfect accu-
racy rate [10], it is an indirect measure ofΦ and it is not clear
whether it reflects the theoreticalΦ calculated from the brain
as a physical system. In this study, we explore the relationship
between the experimental PCI and the theoretical Φ. To
investigate this question, it would be necessary to obtain both
measures from the same system, and this is not easy since the
latter (ΦTS) is designed for simple dynamical systems and the
former (PCI) for real brains. The approach we take here is

to obtain ΦTS from an accepted neurocomputational model
of whole brain resting-state activity, that is, a variant of
the Kuramoto of coupled oscillators [10–13], which can be
artificially perturbed to simulate TMS pulses in order to
obtain a PCI for the same model.

Henceforth, in this study, we will focus on two versions
of Φ: (1) ΦTS for simple dynamical systems and time series
and (2) PCI estimator developed to measure the level of
consciousness in patients with different disorders of con-
sciousness. With this work we want to explore the possible
relationship between these two measures, ΦTS, theoretically
well founded, and the PCI, with indisputable clinical results.
To the best of our knowledge, this is the first work that directly
addresses this problem.

2. Methods

To investigate the potential relationship between the experi-
mental estimator of consciousness PCI and themore theoret-
ical index ΦTS calculated over the same system of Kuramoto
oscillators, we followed the next steps.

We first designed a Kuramoto model to simulate resting
dynamics of the cortex. Second, we calculated several realiza-
tions of the model and obtained ΦTS from the model. Third,
we perturbed the system to simulate TMSpulses and compute
the PCI of the model. In the next three sections, we explain
these steps in detail.

2.1. The Kuramoto Model to Simulate Resting-State Dynamics.
A Kuramoto model can be defined as a set of coupled
oscillators modelled as the evolution of its phases according
to the following set of coupled delay differential equations:

𝑑𝜃𝑖
𝑑𝑡 = 𝜔 + 𝑘

𝑁

∑
𝑗=1

𝑎𝑖𝑗𝑐𝑖𝑗 sin (𝜃𝑗 (𝑡 − 𝜏𝑖𝑗) − 𝜃𝑖 (𝑡)) ,

𝑖 = 1, . . . , 𝑁,
(1)

where 𝜃𝑖 is the phase of the 𝑖th oscillator on its limit cycle and
𝜔 is its natural frequency in radians. The control parameter
𝑘 is the global excitatory coupling strength, a parameter
that scales all coupling strengths. 𝑁 is the total number
of oscillators. Importantly, 𝑐𝑖𝑗 is the connectivity strength
between each pair of oscillators and 𝜏𝑖𝑗 represents the time
delays between these oscillators. Both adjacency matrices
(connectivity strength and time delays) were obtained by
Hagmann et al. [11] that defined the structure of a network
coupled together according to human white matter tractog-
raphy (in the work of Hagmann et al. following diffusion
spectrum and MRI acquisitions, the segmented grey matter
was partitioned into 66 anatomical regions according to
anatomical landmarks. White matter tractography was used
to determine which regions pairs were connected by putative
white matter fiber tracts and to estimate their density and
corresponding length, fromwhich the structural connectivity
and delays were obtained). 𝑁 = 66 in the network of
oscillators we use here (see Figure 1). In short, each oscillator
represents a cortical region of the brain located in a three-
dimensional space with different connections to all other
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Figure 1: Spatial representation of the nodes that have been
used in the present model. In red, the nodes whose connectivity
was temporarily increased are indicated. PARC (paracentral lobe),
PCUN (precuneus), and SP (superior parietal cortex). L: left and R:
right.

oscillators. The term 𝑎𝑖𝑗 allows us to dynamically modify
the structural connectivity. It is an important term in this
study because it can generate perturbations in the model that
aimed to simulate TMS. For a Kuramotomodel, the degree of
synchrony between oscillators is conveniently measured by
an order parameter, 𝑟(𝑡), that satisfies

𝑟 (𝑡) 𝑒𝑖𝜓(𝑡) = 1
𝑁
𝑁

∑
𝑗=1

𝑒𝑖𝜃𝑗(𝑡), (2)

where 0 ≤ 𝑟(𝑡) ≤ 1 measures the phase coherence or
synchrony of the 𝑁 oscillators population; 𝑖 is the symbol
for the imaginary operator; and 𝜓 is the average phase of the
collective [12, 13]. 𝑟(𝑡) indicates how coherent oscillators are
in a given time and it qualifies if the phases of the collective are
tightly clustered or widely distributed. We have chosen 𝑟
instead of other possible order parameters, as the average
phase 𝜓, because it does not describe with accuracy the
oscillators’ collective behavior (for a given 𝜓, for example,
there are many possible phase distributions of oscillators).

According to several studies, the Kuramoto model shares
dynamical similarities with resting-state brain functioning
when it shows high metastability [14, 15]. This concept refers
to high variance of 𝑟(𝑡) which in other words can be defined
as the tendency of a system of oscillators to continuously
migrate between a variety of transient synchronous states,
allowing a dynamical organization between the elements of
the network. The system continuously goes from ordered to
disordered states [16]. Then, the values of the parameters in
the model were selected so that the global dynamics showed
high metastability. For 𝜔 = 60Hz (gamma rhythm), metasta-
bility was evident with 𝜏 = 3ms, and 0.5 < 𝑘 < 6.5, with
𝜏 as the mean value of 𝜏𝑖𝑗. Note that any change in 𝜏 can
be considered a change in the mean velocity of the conduc-
tion delays between oscillators, and other values of 𝜏 with
a different range of 𝑘 produced similar behaviors. For exam-
ple, we found approximately the same effects for 2.5 < 𝜏 <
5.

The Kuramoto model was simulated for a wide range of
𝑘 values. As indicated before, 𝑘 represents the strength in
the global connectivity of the model, and from a biological

point of view it could be seen as a parameter to characterize
integration between oscillators. Each simulation consisted of
a baseline of 65 × 103ms. As in Cabral et al. [17], we used an
Euler scheme inwhich the time step of numerical integrations
was set to .1ms.

It would be important to state that since no exper-
imental data are provided here, our results are obtained
for parameters of the model (𝑘, 𝑟, and metastability) that
have been shown, in previous works [18–20], to parallel key
characteristics of brain functioning. Hence, excluding the
parameter 𝑘, we did not manipulate the parameters in the
coupled equations of the Kuramoto system.

2.2. Integrated Information in the Kuramoto Model. Inte-
grated information was measured with the version ΦTS and
it is mainly based on the concept of effective information (𝜑)
[9].

Let 𝑋 = [𝑋1, . . . , 𝑋𝑛] be a multivariate random variable
that takes values in the space Ω𝑋. It is evident that the
dimensions of Ω𝑋 are the number of elements in the system
that generates 𝑋𝑛. The effective information generated by a
system in its current state𝑋𝑡 about the state𝑋𝑡−𝜏 with respect
to a bipartition of it 𝐵 = {𝑀1,𝑀2} is defined by the mutual
information generated by the entire systemminus the sum of
the mutual information of its parts in the bipartition:

𝜑 [𝑋, 𝜏, 𝐵] = 𝐼 (𝑋𝑡−𝜏; 𝑋𝑡) −
2

∑
𝑘=1

𝐼 (𝑀𝑘𝑡−𝜏,𝑀𝑘𝑡 ) . (3)

Mutual information in bits can be calculated with the
expression

𝐼 (𝑋𝑡−𝜏, 𝑋𝑡) = ∑
𝑥∈Ω𝑋

𝑃 (𝑋𝑡−𝜏, 𝑋𝑡) log2 𝑃 (𝑋𝑡−𝜏, 𝑋𝑡)
𝑃 (𝑋𝑡−𝜏) 𝑃 (𝑋𝑡) , (4)

a measure that gives the average bits that can be predicted
in 𝑋𝑡 given the state 𝑋𝑡−𝜏 [21]. The calculation of mutual
information includes the calculation of probabilities and
joint probabilities of any estate 𝑋𝑡 and 𝑋𝑡−𝜏. Integrated
information ΦTS is the effective information with respect to
the minimum information bipartition (MIB):

ΦTS [𝑋; 𝜏] = 𝜑 [𝑋, 𝜏, 𝐵MIB (𝑋, 𝜏)] , (5)

where

𝐵MIB = arg
𝐵

min{𝜑 [𝑋, 𝜏, 𝐵]
𝐾 (𝐵) } , (6)

with arg𝐵min stating for “the minimum number in the set”
and

𝐾 (𝐵) = min {𝐻 (𝑀1) ,𝐻 (𝑀2)} (7)

is a normalization factor to correct excessive unbalanced
bipartitions.𝐻 here stands for Shannon entropy.

To apply ΦTS to the Kuramoto model described in the
previous section, we divided the 66 regions of the original
network into 6 clusters proposed by Hagmann et al. in the
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original work [11]. This simplification allowed exploring all
possible bipartitions in the system (the Stirling number for
this case gives 26−1 −1 = 31 possible bipartitions). In addition,
and following [22], time series for each clusterwere calculated
as the synchrony between the oscillators belonging to that
cluster (𝑟𝑐(𝑡)). Then, we characterized these series as syn-
chronized or not synchronized by constructing new binary
time series from each 𝑟𝑐(𝑡). In our study, we considered a
synchronization threshold of 𝛾 = 0.8 and 1 was assigned for all
𝑟𝑐(𝑡) > 𝛾. We selected this value because it was the median
of 𝑟(𝑡), and using the median for thresholding eliminates
the possible influence of extreme values, due to its robust
properties. In addition, there was a theoretical reason for this
election. The value of 𝛾 = 0.8; it was the one used in [22],
which would allow us to compare the results we obtained.

Finally, ΦTS was calculated to these binary series and the
result was taken as the complexity value of the Kuramoto
model. We set 𝜏 = 150ms. Values of 𝜏 < 150ms gave negative
estimations of Φ and for 𝜏 > 150ms the pattern of results for
different 𝑘 values did not change.

2.3. Estimation of PCI in the Kuramoto Model. In order to
calculate an estimation of the PCI in the Kuramoto model,
it was necessary to solve two problems in the simulation
process. The first one was to perturb or stimulate the system
from an external source (to emulate the effects of TMS), and
the second difficulty we found was to calculate reliable ERPs
for the final PCI calculation. The problem of the stimulation
was easily solved since it has been done in other studies. For
example,Hellyer et al. [23] simulated external stimulation to a
similar Kuramoto model we present here by increasing the
connectivity between some nodes of the network. Similarly,
Ibáñez-Molina and Iglesias-Parro [24] stimulated another
Kuramoto version by transiently increasing the connectivity
of key oscillators in the network. Hence, in our study we
followed these studies and perturbed the system by transient
increases in the connectivity between six oscillators located in
the parietal cortex (see Figure 1). We arranged this procedure
by introducing 𝑎𝑖𝑗 = 10 for these oscillators during short peri-
ods of time of 5ms.We randomly repeated this stimulation 15
times for each numerical integration of the model.

The next step was to build reliable ERPs with the resulting
phases from the oscillators. To achieve this goal we simulated
EEG series, and then, ERPs were calculated for each model
by averaging the segments associated with each period of
stimulation. We explain this procedure in detail in the next
two sections.

2.3.1. EEG and ERPs Simulation. The EEG activity from 32
sensors was simulated for each condition in agreement with
the following weighted sum of the activity in each oscillator:

𝑥𝑘 (𝑡) =
𝑁

∑
𝑗=1

𝑤𝑘𝑗 sin (𝜃𝑗 (𝑡)) , 𝑘 = 1, . . . , 𝑃, (8)

where 𝑥𝑘(𝑡) is the time series from sensor 𝑘th and 𝑤𝑘𝑗 is
the weighted contribution of source 𝑗th in sensor 𝑘th. Each
𝑤𝑘𝑗 was calculated using a standard forwardmodel algorithm
[25] applied according to the Talairach coordinates of the
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Figure 2: Butterfly plot from simulated ERPs with themodel. In this
case, the ERPs were produced for 𝑘 = 2.5.

oscillators. After that, each oscillator was considered a cor-
tical source. Second, the weights of these sources were nor-
malized to a maximum value of 1. EEG signals obtained with
this procedure gave a set of signals that changed in amplitude
and frequency variations around 60Hz (natural frequency
of the oscillators). Because in the ERPs the interesting
information is in the amplitude, we calculated the envelope
of 𝑥𝑘(𝑡) with the Hilbert transform. Envelopes of the signal
were then used to construct the ERPs with the average of
all segments in each realization of the model. Formally, ERPs
were built with the analytical signal (in the complex plane) of
𝑥𝑘(𝑡) which is

𝑥𝑘𝑎 (𝑡) = 𝑥𝑘 (𝑡) + 𝑗𝑥𝑘 (𝑡) = 𝑎𝑘 (𝑡) 𝑒𝑖𝜑𝑘(𝑡), (9)

where 𝑥𝑘(𝑡) is the original signal and represents the real part
of the new complex series and 𝑥𝑘(𝑡) is the imaginary part
from the Hilbert transform with 𝑖 as the imaginary operator.
In the right side of the expression,𝜑𝑘(𝑡) and 𝑎𝑘(𝑡) stand for the
angle andmodulus representing the complex values in Euler’s
notation.Themodulus is the amplitude or the analytic power
of the signal and can be easily calculated with

𝑎𝑘 (𝑡) = [𝑥𝑘 (𝑡)2 + 𝑥𝑘 (𝑡)2]1/2 . (10)

These new series 𝑎𝑘(𝑡) were considered the activity from
each sensor and the ERPs were built with segments extracted
from them. For each sensor 𝑘,

ERP𝑘 = 1
𝑁𝑠∑𝑁𝑆

ak, (11)

where 𝑁𝑠 is the number of segments in a single realization
of the model and ak is a vector with 𝑎𝑘(𝑡) values from
−600 to 600ms after stimulation. 𝑁𝑠 = 15 for all numerical
integrations (see Figure 2 for a visual inspection of ERPs).

2.3.2. PCI Calculation. ERPs were the input signal for PCI
calculation. PCI was obtained following the original algo-
rithm in Casali et al. [10]. For each condition of the Kuramoto
model, first, we built a binary source matrix with dimensions
corresponding to sensors (𝑘) and time steps (𝑡) from 0 to
1200ms after stimulus presentation (SS(𝑘, 𝑡)). The signals
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Figure 3: Bifurcation diagrams constructed to explore the evolution of synchrony in time, while 𝑘 is increased (𝑘𝑡 = 𝑘𝑡+1+ 5 × 10−4 for 𝑡 in
ms). As can be seen in the plot (a), metastability is abruptly reduced for 𝑘 ≈ 6.5. In the plot (b), we show the power spectra of synchrony.
Slow components are reduced after the bifurcation in 𝑘 ≈ 6.5. An additional reduction in the components was found about 𝑘 ≈ 11. Note that
although the frequency of oscillators is 60Hz, the behavior of 𝑟(𝑡) exhibits multiple components.

were downsampled ten times to obtain a sampling rate
similar to real data. SS(𝑘, 𝑡) = 1 if the absolute value of the
poststimulus simulated signal was higher than the absolute
value of the maximum entry encountered in any sensor and
any time step from the prestimulus baseline, and SS(𝑘, 𝑡) = 0
otherwise. SS(𝑘, 𝑡) was used as input for the Lempel-Ziv
measure [26] to estimate the algorithmic complexity (𝐶𝐿).𝐶𝐿
gives the number of chains with nonredundant information
contained in SS(𝑘, 𝑡). The algorithm seeks for the minimal
number of patterns necessary to describe the sequence. For
random sequences, the asymptotic behavior of the measure
is 𝐿𝐻𝐵(𝐿)log2𝐿, where𝐻𝐵(𝐿) is the binary entropy for length𝐿

𝐻𝐵 (𝐿) = −𝑝1log2 (𝑝1) − (1 − 𝑝1) log2 (1 − 𝑝1) , (12)

where𝑝1 is the probability to find a “1” in the binary sequence
of length 𝐿. PCI is defined as the normalized value of 𝐶𝐿:

PCI = 𝐶𝐿 log2 (𝐿)𝐿𝐻𝐵 (𝐿) . (13)

3. Results and Discussion

The results for the Kuramoto simulations are characterized in
the first place to understand the basic dynamics of the model.
In addition, we include graphical descriptions of the ERPs
to visualize the structure of the averaged waves at each
sensor from simulated perturbations. Finally, we describe and
compare Φ and PCI taking into account the values of 𝑘 with
high and low metastability, which as mentioned above is a
necessary condition for brain dynamics at resting state.

3.1. Kuramoto Simulations in the Baseline Condition. In Fig-
ure 3(a) we show a diagramwith the 𝑟(𝑡) behavior in the base-
line condition at several values of its coupling parameter 𝑘.
The most important property in the evolution of 𝑟(𝑡) is the
metastability that can be estimated by the variability of 𝑟(𝑡).
As can be seen, there is a bifurcation for 𝑘 ≈ 6.5 that indicates
the end of high metastability and hence the dynamics of the
model for 𝑘 > 6.5 should be taken with caution since in
principle, there is no functional correspondence with real
cortical dynamics.

In addition, it is important to note that the frequency
structure in 𝑟(𝑡) is not fixed for all 𝑘s. One can observe in

Figure 3(a) that the frequency of 𝑟(𝑡) seems to increase with
the increase of 𝑘. To better understand this phenomenon,
we include a spectral decomposition of the evolution of 𝑟(𝑡)
in Figure 3(b). Surprisingly, we found a complex landscape
in the oscillatory structure of 𝑟(𝑡). The general structure of
the spectral diagram showed a resemblance with the bifur-
cation diagram of the classical logistic map. This similarity
appeared because it showed a bifurcation-like proliferation
of frequency components as the parameter 𝑘 increased. The
nature of this spectral structure, however, was not explored
and goes beyond the goals of this study. If we inspect
Figure 3(b), it can be stated that the end of slow oscillatory
properties of highmetastability was evident at 𝑘 ≈ 6.5. Above
this value, the critical coupling strength of certain clusters
is achieved, so their synchronization becomes stable, while
the order parameter of the whole system remains <1. As 𝑘
increases further, larger and larger synchronized clusters are
formed, resulting in a reduced number of components, until
𝑟(𝑡) approaches 1, with ultimately only a single component
as 𝑘 tens to infinity [27]. Accordingly, in Figure 3(b), the
main frequency of the signal slowly increased with 𝑘, and
the components of 𝑟(𝑡) seemed to increase with 𝑘 as well
following a complicated pattern. It is also noteworthy that
in Figure 3(b) another bifurcation-like region for 𝑘 ≈ 11
can be perceived that consists in a reduction in the number
of components. Hence, by the end of the 𝑘 landscape, 𝑟(𝑡)
seems to be more simpler with less oscillatory properties and
probably this could lead to low values of ΦTS and PCI.

The shape of this diagrams led us to consider that ΦTS
and PCI could be sensitive to the bifurcation region in 𝑟(𝑡).
If metastability is a necessary condition for brain functioning
[16] it would be reasonable to think thatΦTS should diminish
in the low metastability region. The same should be true for
PCI if thismeasure is closely related toΦTS. Aswewill show in
the next sections, the reduction after metastability was only
found for ΦTS.

3.2. Comparisons betweenΦ𝑇𝑆 and PCI. Therelation between
ΦTS and PCI was assessed using Pearson product-moment
coefficient between the values ofΦTS obtained for each of the𝑘-levels (from .5 to 15) and the corresponding values of the
PCI obtained for those same levels of 𝑘. The results showed a
nonsignificant negative correlation (𝑟 = −.21, 𝑝 = .13). Thus,
apparently, ΦTS and PCI are linearly independent. However,
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Figure 4: Evolution of ΦTS and PCI and the metastability of the
model for different values of global coupling strength (𝑘) assessed.

taking into account metastability values, a bifurcation for 𝑘 =
6.5 is apparent. We therefore divided the series into two parts
according to the bifurcation, before (from 𝑘= .5 to 6) and after
(from 𝑘 = 6.5 to 15) the bifurcation, and recalculated the cor-
relation between ΦTS and PCI in each of those two parts. In
this case, results showed a significant positive relation
between ΦTS and PCI before (𝑟 = .64, 𝑝 = .01) and after (r
= .51, 𝑝 = .01) the bifurcation.

A graphical description of the evolution of ΦTS and
PCI and the metastability of the model can be observed in
Figure 4. Values were calculated with .5 𝑘-steps. A visual
inspection of Figure 4 shows that bothΦTS and metastability
exhibited a big decrease around 𝑘 ≈ 6.5 indicating the
dependence between ΦTS and metastability. Actually, the
correlation between metastability and ΦTS over the whole
range of 𝑘 was significant (𝑟 = .68; 𝑝 < .01). However, the
PCI did not show a significant decrease in this region of 𝑘. In
fact, the PCI evolution seems to progressively increase with 𝑘.
The fact that there is no decrease in PCI does not mean that
this measure is not related to ΦTS; as seen before, a closer
exploration of both measures indicated a positive relation
between them. Moreover, one can observe in Figure 4 that
the PCI trend seems to stop after 𝑘 ≈ 11 which is in agreement
with the bifurcation shown in Figure 3(b) showing that the
synchrony dynamics are simpler for this region.

4. Conclusions

Under the assumption that conscious states come from
integrated information in a system, variousmetrics have been
proposed to try to quantify consciousness. In the present
work, we tested two of them using a neurocomputational
model. On the one hand, the theoretically well foundedΦ has
been proposed as a way to quantify the total amount of infor-
mation that a conscious system can integrate [28]. On the
other hand, the PCI distinguishes conscious versus uncon-
scious states at a single patient precision [10]. Under the
assumption that conscious states correspond to a distributed
but nonuniform spatiotemporal pattern of current sources,
Casali et al. applied a standard data compression scheme (the
Lempel-Ziv algorithm) to distinguish between conscious and
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Figure 5: Evolution of entropy and mutual information (mutual) of
the model as a function of the global coupling strength (𝑘).

unconscious states. Despite the excellent results at applied
level, the claim that the measure is theoretically grounded
in a conceptual understanding of consciousness deserves a
closer look. In the present work, we have tackled the possible
relationship between these two measures of the degree of
consciousness in a system.

As stated previously, according to the IIT, wakeful con-
sciousness requires the ability to integrate information across
multiple brain regions with a high degree of differentiated
activity. Thus, loss of consciousness may result as a conse-
quence of a loss of integration as well as a loss of differentia-
tion (or both). Due to ourmanipulations in the present paper
(i.e., increase of 𝑘-values), the reduction in consciousness
indicated by ΦTS values would reflect such stereotypical
behavior across different oscillators. Increasing themean field
connectivity of the model results in an increase of synchrony,
as revealed by the Kuramoto order parameter (𝑟) and in a
reduction of its variability (metastability). From this point of
view, results obtained from metastability and ΦTS converge
with the theoretical predictions that suggest thatmetastability
is a necessary condition for healthy brain functioning and
consciousness [16].

In general, as 𝑘 increases, the system as a whole is more
coherent and hence, it is more integrated.When the system is
above the bifurcation point (𝑘 > 6.5), synchrony is very high
and the dynamics of the binary time series from the clusters
tend to be 1 all the time (𝑟(𝑡) > 0.8). Hence, information
will tend to be low. So what happens is that information is
much lower as the system crosses the bifurcation point. One
can objectively see this by observing the entropy and mutual
information (in bits) of the system (see Figure 5).This descent
in the entropy after the bifurcation point could be responsible
for the apparent inability of the PCI to capture the dynamic
of the system after the bifurcation. In this respect, [29]
have suggested that the inability of Lempel-Ziv to compress
efficiently low entropy sequences is due to the inability to
cope with long runs of identical symbols. In this respect,
the Perturbative Integration Latency Index that characterizes
the latency of extinction of a massive stimulation perturbing
a basal state without drawing upon Lempel-Ziv algorithm,
recently proposed by [30], is a promising option that future
works could explore.

An important finding in this study is the significant
positive correlations between ΦTS and PCI before and after
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the bifurcation point. These correlations might indicate that
there is a modulation in the PCI when ΦTS changes due to
connectivity manipulations. Hence, from the exploration we
carried out in this study we can claim that the PCI is sensitive
to ΦTS modulations, and that this is true when the system is
considered in a coherent region of metastability (high versus
low).

One limitation in our study is that we have not found a
critical value of 𝑘 at which both measures reached a maxi-
mum. An outstanding correspondence betweenΦTS and PCI
would have led to an optimum 𝑘 parameter that characterizes
the system in terms of integrated information for both
theoretical and empirical estimators. It is evident that the
reasonswhywe did not find this perfect convergence could be
that our model is an oversimplification of brain functioning,
or the procedure to calculate ΦTS and PCI relies on many
simplifications for the characterization of the system. Due to
this oversimplification of the brain dynamics, the fact that
the PCI after the bifurcation point tend to increase could
be due to intrinsic characteristics of the model. However,
to the best of our knowledge, Casali et al. did not test PCI
when patients exhibit loss of consciousness due to global
synchronization in the cortex (epileptic states, for example).
Future works could explore the possibility that the loss of
consciousness due to global synchronization cannot be fully
captured by PCI. However, it is noteworthy that when we
consider the metastable region of the model (𝑘 < 6.5) the
maximumvalues forΦTS andPCI are found in the short range
2 < 𝑘 < 3, and the minimum values are found for 𝑘 = .5
when the connectivity of the system is relatively low. These
two findings might indicate that ΦTS and PCI could have a
better agreement for high levels of metastability, and if this is
true, it is not surprising that PCI is a good clinical indicator
of conscious states.

Another potential limitation in our study could be the
algorithmused to estimateΦTS originally proposed byBarrett
and Seth [9]. This algorithm produces negative values that
could hinder the interpretation of the obtained results. These
limitations have given rise to new versions of Φ in which the
disadvantage of negative values is solved [31, 32]. Although
both measures are highly correlated, future studies could
include both estimators.
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Andalućıa (Biomedical and Heath Science Research Project
PI-0386-2016).

References

[1] D. J. Chalmers, “Facing up to the problem of consciousness,”
Journal of Consciousness Studies, vol. 2, no. 3, pp. 200–219, 1995.

[2] N. Block, “Comparing the major theories of consciousness,” in
TheCognitiveNeurosciences IV,M.Gazzaniga, Ed., pp. 1111–1123,
2009.

[3] S. Dehaene and J.-P. Changeux, “Experimental and theoretical
approaches to conscious processing,” Neuron, vol. 70, no. 2, pp.
200–227, 2011.

[4] D. Balduzzi and G. Tononi, “Integrated information in discrete
dynamical systems: motivation and theoretical framework,”
PLoS Computational Biology, vol. 4, no. 6, Article ID e1000091,
2008.

[5] M. Oizumi, L. Albantakis, and G. Tononi, “From the phe-
nomenology to the mechanisms of consciousness: integrated
information theory 3.0,” PLoS Computational Biology, vol. 10,
no. 5, Article ID e1003588, 2014.

[6] G. Tononi, “Consciousness as integrated information: A provi-
sional manifesto,”TheBiological Bulletin, vol. 215, no. 3, pp. 216–
242, 2008.

[7] G. Buzsaki, Rhythms of the Brain, Oxford University Press,
Oxford, NY, USA, 2011.

[8] J. D. Barrow and F. J. Tipler, The Anthropic Cosmological
Principle, Oxford University Press, 1986.

[9] A. B. Barrett and A. K. Seth, “Practical measures of integrated
information for time- series data,” PLoS Computational Biology,
vol. 7, no. 1, Article ID e1001052, 2011.

[10] A. G. Casali, O. Gosseries, M. Rosanova et al., “A Theoretically
Based Index of Consciousness Independent of Sensory Process-
ing and Behavior,” Science TranslationalMedicine, vol. 5, no. 198,
pp. 198ra105–198ra105, 2013.

[11] P. Hagmann, L. Cammoun, X. Gigandet et al., “Mapping the
structural core of human cerebral cortex,” PLoS Biology, vol. 6,
no. 7, article e159, 2008.

[12] J. A. Acebrón, L. L. Bonilla, C. J. Perez-Vicente, F. Ritort,
and R. Spigler, “The Kuramoto model: a simple paradigm for
synchronization phenomena,” Reviews of Modern Physics, vol.
77, no. 1, pp. 137–185, 2005.

[13] M. Breakspear, S. Heitmann, and A. Daffertshofer, “Generative
models of cortical oscillations: neurobiological implications of
the Kuramoto model,” Frontiers in Human Neuroscience, vol. 4,
article 190, 2010.

[14] W. H. Lee and S. Frangou, “Linking functional connectivity
and dynamic properties of resting-state networks,” Scientific
Reports, vol. 7, no. 1, 2017.

[15] J. Cabral, E. Hugues, O. Sporns, and G. Deco, “Role of local
network oscillations in resting-state functional connectivity,”
NeuroImage, vol. 57, no. 1, pp. 130–139, 2011.

[16] E. Tognoli and J. A. S. Kelso, “The Metastable Brain,” Neuron,
vol. 81, no. 1, pp. 35–48, 2014.

[17] J. Cabral, H. Luckhoo, M. Woolrich et al., “Exploring mech-
anisms of spontaneous functional connectivity in MEG: how
delayed network interactions lead to structured amplitude
envelopes of band-pass filtered oscillations,” NeuroImage, vol.
90, pp. 423–435, 2014.



8 Complexity

[18] J. Cabral, M. L. Kringelbach, and G. Deco, “Exploring the net-
work dynamics underlying brain activity during rest,” Progress
in Neurobiology, vol. 114, pp. 102–131, 2014.

[19] I. Chouvarda, E. Michail, A. Kokonozi, L. Staner, N. Domis,
and N. Maglaveras, “Investigation of sleepiness induced by
insomnia medication treatment and sleep deprivation,” in
Foundations of Augmented Cognition. Neuroergonomics and
Operational Neuroscience, D. D. Schmorrow, I. V. Estabrooke,
and M. Grootjen, Eds., pp. 120–127, Springer, Berlin, Germany,
2009.

[20] J. Escudero, A. Ibanez-Molina, and S. Iglesias-Parro, “Effect
of the average delay and mean connectivity of the Kuramoto
model on the complexity of the output electroencephalograms,”
in Proceedings of the 37th Annual International Conference of the
IEEE Engineering in Medicine and Biology Society, EMBC 2015,
pp. 7873–7876, August 2015.

[21] J. Jeong, J. C. Gore, and B. S. Peterson, “Mutual information
analysis of the EEG in patients with Alzheimer’s disease,”
Clinical Neurophysiology, vol. 112, no. 5, pp. 827–835, 2001.

[22] P. A. M. Mediano, J. C. Farah, and M. Shanahan, “Integrated
information andmetastability in systems of coupled oscillators,”
https://arxiv.org/abs/1606.08313.

[23] P. J. Hellyer, M. Shanahan, G. Scott, R. J. S. Wise, D. J. Sharp,
and R. Leech, “The control of global brain dynamics: Opposing
actions of frontoparietal control and default mode networks on
attention,” The Journal of Neuroscience, vol. 34, no. 2, pp. 451–
461, 2014.
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Alzheimer’s disease (AD) is a progressive disorder that affects cognitive brain functions and starts many years before its clinical
manifestations. A biomarker that provides a quantitative measure of changes in the brain due to AD in the early stages would
be useful for early diagnosis of AD, but this would involve dealing with large numbers of people because up to 50% of dementia
sufferers do not receive formal diagnosis.Thus, there is a need for accurate, low-cost, and easy to use biomarkers that could be used
to detect AD in its early stages. Potentially, electroencephalogram (EEG) based biomarkers can play a vital role in early diagnosis
of AD as they can fulfill these needs. This is a cross-sectional study that aims to demonstrate the usefulness of EEG complexity
measures in early AD diagnosis. We have focused on the three complexity methods which have shown the greatest promise in the
detection of AD, Tsallis entropy (TsEn), Higuchi Fractal Dimension (HFD), and Lempel-Ziv complexity (LZC) methods. Unlike
previous approaches, in this study, the complexity measures are derived from EEG frequency bands (instead of the entire EEG) as
EEG activities have significant association with AD and this has led to enhanced performance. The results show that AD patients
have significantly lower TsEn, HFD, and LZC values for specific EEG frequency bands and for specific EEG channels and that this
information can be used to detect AD with a sensitivity and specificity of more than 90%.

1. Introduction

Alzheimer’s disease (AD) is an age-related progressive, neu-
rodegenerative disorder that is characterized by loss of
memory and cognitive decline [1, 2] and it is the main
cause of disability among older people [3]. AD is ranked
as the sixth leading cause of death in US [4]. The rapid
increase in the number of people living with AD and other
forms of dementia due to the ageing population represents a
major challenge to health and social care systems worldwide
[5]. Currently, there are over 46.8 million individuals with
dementia worldwide with an annual cost of care estimated
at US$818 billion and is projected to reach 74.7 million by
2030 with an annual cost of US$2 trillion [6]. The number of
individuals with dementia worldwide is expected to exceed
131 million by 2050 which will have a huge economic impact
[7]. However, many dementia sufferers do not receive early

diagnosis [7, 8]. It is estimated that up to 50% of people living
with dementia may not have received formal diagnosis [8, 9].
In 2011, 28million people of 36million dementia sufferers did
not receive a diagnosis worldwide [10].

Degeneration of brain cells due to AD starts many years
before the clinical manifestations become clear [5, 11–15]. An
early diagnosis of AD will contribute to the development
of effective treatments that could slow, stop, or prevent
significant cognitive decline [16–18]. An early diagnosis of
AD could also be useful for identifying dementia sufferers
who have not received a formal early diagnosis and this may
provide an opportunity for them to access appropriate health
care services [19–21].

A biomarker that can measure degeneration of brain
cells due to AD at an early stage would be useful for its
early diagnosis [2, 22–24]. But this may require dealing with
large numbers of people as up to 50% of people living with
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dementia may not have received a formal diagnosis. There-
fore, there is a need for simple, noninvasive, low-cost, and
reliable biomarkers for early diagnosis which can be accessed
in clinical practice [5, 25, 26]. Recent guidelines promote the
use of biochemical and neuroimaging biomarkers to improve
the diagnosis of AD. Cerebral spinal fluid (CSF) testing for
AD is not widely used in clinical practice because it requires
lumbar puncture which is an invasive procedure [2, 27,
28]. Neuroimaging is expensive, available only in specialist
centres [29], and may not be suitable for patients that have
pacemakers or certain implants [30]. Blood-based biomark-
ers have shown promising results in AD diagnosis but they
are not yet fully developed and low-cost biosensors to detect
AD biomarkers in blood do not exist at present [2, 25, 31].

Potentially, the electroencephalogram (EEG) can play a
valuable role in the early diagnosis of AD [11, 20, 21, 24,
32–34]. EEG is noninvasive, low-cost, has a high temporal
resolution, and provides valuable information about brain
dynamics in AD [20, 21, 33, 35, 36]. The fundamental utility
of EEG to detect brain signal changes even in the preclinical
stage of the disease has been demonstrated [33, 37, 38]. Thus,
EEG biomarkers may be used as a first-line decision-support
tool in ADdiagnosis [11, 35] and could complement other AD
biomarkers [26].

AD is characterized by loss of memory and cognitive
decline resulting from damage to brain cells which influence
brain activity [38]. AD causes changes in the features of the
EEG [35, 38, 39] andEEGanalysismay provide valuable infor-
mation about brain dynamics due to AD [20, 21, 33, 35]. The
most characteristic features in EEG caused by AD are slowing
of EEG, a decrease in EEG coherence, and reduction in EEG
complexity [33–35, 37, 38, 40, 41]. These changes in the EEG
can be quantified as a biomarker ofAD.A variety of linear and
nonlinear methods are being developed to quantify changes
in EEG as AD biomarkers [42, 43]. AD biomarkers based on
the slowing in EEG and a decrease in EEG coherence are often
derived using linear analysis methods (i.e., spectral analysis
of the EEG signal) [37, 44, 45], while biomarkers extracted by
analysing the complexity of the EEG are based on nonlinear
approaches (e.g., entropy methods, fractal dimension, and
Lempel-Ziv complexity). The EEG complexity approaches
have shown promising results in AD diagnosis [11, 35, 46]
and appear to be appropriate for AD diagnosis [38, 47, 48].
Complexity is a measure of the extent to which the dynamic
behavior of a given sequence resembles a random one [49].
The cortical areas of the brain fire spontaneously and this
dynamic behavior of the brain is complex [50, 51]. AD causes
a reduction in neuronal activity of the brain [52] resulting
in decreased capability of the brain to process information
[53–55] and this may be reflected in the EEG signals [52].
EEG complexity can potentially be a good biomarker for AD
diagnosis [38] as AD patients have a significant reduction in
EEG complexity [38, 40, 41, 52, 56, 57]. Several studies have
investigated EEG complexity as a potential AD biomarker
using whole EEG record with the objective of achieving a
high performance. Given the association of EEG activities
(e.g., alpha, delta activities) with AD, we hypothesized that
the derivation of EEG complexity based on EEG activities
should lead to enhanced performance.

This is a cross-sectional study aimed at demonstrating the
usefulness of EEG based complexity measures to detect AD.
In this study, we investigated an important class of complexity
measures, information theoretic methods, which offers a
potentially powerful approach for quantifying changes in
the EEG due to AD [58]. Information theoretic methods
(i.e., TsEn and LZC) have emerged as a potentially useful
complexity-based approach to derive robust EEG biomarkers
of AD [47, 58–62].They are attractive because of the potential
natural link between information theory-based biomarkers
and changes in the brain caused by AD [58]. Conceptually,
information processing activities in the brain are thought to
be reflected in the information content of the EEG.

In particular, TsEn approach has been shown to be one
of the most promising information theoretic methods for
quantifying changes in the EEG [62, 63]. It has also been
shown to be a reliable analysis tool to use with working
memory tasks. As its computation is fast, it can serve as a basis
for a real-time decision-support tool for dementia diagnosis
by both specialists and nonspecialists [64]. Sneddon et al.
[65] investigated TsEn of the EEG and was able to detect
mild dementia due to AD with a sensitivity of 88% and
specificity of 94%. De Bock et al. [62] found TsEn of the
EEG to be a highly promising potential diagnostic tool for
mild cognitive impairment (MCI) and early dementia with
a sensitivity and specificity of 82% and 73%, respectively.
Using TsEn approach, Al-Nuaimi et al. [35] detectedAD from
normal subjects with a sensitivity and specificity of 85.8% and
70.9%, respectively. Garn et al. [66] investigated the use of
TsEn to diagnose AD based on EEG analysis and achieved a𝑝 value < 0.0036 for channels T7 and T8 in discriminating
between AD patients and normal subjects.

LZC is a nonparametric, nonlinearmeasure of complexity
for finite length sequences [67]. It is a simple and powerful
method which has been used in several biomedical applica-
tions [68]. LZC depends on a coarse-grain processing of the
measurements [69] and can be applied directly on physiologic
signal without preprocessing [70]. LZC has been applied
extensively in analysing biomedical signals (e.g., EEG) to
measure the complexity of discrete-time physiologic signals
[67]. Furthermore, it is used to analyse brain function, brain
information transmission, and EEG complexity in patients
with AD [43].The LZC approach produces a good biomarker
for AD detection [70, 71]. Hornero et al. [72] used LZC
to analyse EEG and magnetoencephalogram (MEG) in AD
patients. They found that LZC provides a good insight into
the EEG background activity characteristics and the changes
associated with AD. Hornero et al. [73] found that LZC
values were lower in AD patients and suggested that the most
relevant differences are in the posterior region. In addition,
they suggested that the MEG activity from AD patients is
characterized by a lower degree of irregularity and complexity
and that the LZC measures can be used to detect AD with a
sensitivity and specificity values of 65% and 76.2%, respec-
tively. McBride et al. [56] analysed EEG complexity based
on the LZC method to discriminate between patients with
earlyMCI, ADpatients, and normal subjects.They found that
EEG complexity features for specific EEG frequency bands
with regional electrical activity provide promising results
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in discriminating between MCI, AD, and normal subjects.
Fernandez et al. [74] analysed MEG complexity for MCI
patients, AD patients, and normal subjects based on LZC
method for discriminating between the three groups. They
found that a combination of age and posterior LZC scores
allowed them to distinguish between AD patients and MCI
patients with 94.4% sensitivity and specificity.

HFD is a fast computational method for obtaining the
fractal dimension of time series signals [75–77] even when
very few data points are available [75]. It can track changes
in a biosignal from a measure of its complexity [75, 76]
and it is suited to capturing region-specific neural changes
due to AD [45, 77]. In addition, HFD provides a more
accurate measure of the complexity of signals compared to
other methods [75, 78, 79] and it has been shown to be an
efficient method for discriminating between AD patients and
normal subjects [31, 80]. HFD of the EEG is potentially a
good biomarker of AD diagnosis as it is significantly lower
in AD patients than in normal subjects [46, 80, 81]. Smits et
al. found that HFD is sensitive to neural changes selectively
related to AD patients and normal subjects. Al-Nuaimi et al.
[46] investigated HFD of EEG for AD diagnosis and they
found that HFD is a promising EEG biomarker that captures
changes in the regions of the brain thought to be affected first
by AD and it could be used to detect AD with sensitivity and
specificity values of 100% and 80%, respectively.

It is widely accepted that AD causes a decrease in the
power of high frequencies (alpha, beta, and gamma) and an
increase in the power of low frequencies (delta and theta)
[11, 33, 34, 38, 41].We hypothesized that complexity measures
based on the EEG frequency bands would provide better
results than those derived directly from the whole EEG
record. The aim was to enhance the performance of the
complexity measures and to demonstrate their usefulness in
quantifying changes in EEG due to AD.

Digital filters were used to extract the five EEG frequency
bands (i.e., delta, theta, alpha, beta, and gamma). Complexity
measures were then obtained for each of the five EEG
frequency bands and for each channel using each of the three
methods of computing complexity measures (TsEn, HFD,
and LZC).

For each method, we computed a panel of 114 biomark-
ers (i.e., 19 biomarkers for the whole EEG record and 19
biomarkers for each of the five EEG frequency bands). The
performance measures for each biomarker were computed
(including the sensitivity and specificity).

The paper is arranged as follows. In Section 2, the
materials and methods used in the study are described. In
Section 3, the results and discussions are presented and the
conclusions are presented in Section 4.

2. Materials and Methods

2.1. Materials. This study was based on EEG dataset that was
recorded from 52 volunteers. All the volunteers underwent
a strict protocol based on normal hospital practices at
Derriford Hospital, Plymouth, UK [11]. The EEG record-
ings include several states such as hyperventilation, awake,
drowsy, and alert, with periods of eyes closed and open. For
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Figure 1: International 10–20 system.

storage reasons, the sampling rate was reduced from 256Hz
to 128Hz by averaging two consecutive samples.The duration
of each EEG signal is 4 minutes. Figure 1 shows the electrode
locations using a 10–20 system. The letters F, C, P, O, and T
refer to cerebral cortex lobes (F: frontal, C: central, P: parietal,
O: occipital, and T: temporal) [82].

The EEG dataset consists of two subdatasets (A and B).
Subdataset A includes 11 age matched subjects over 65 years
old (3 AD patients and 8 normal subjects). Subdataset A was
recorded using the traditional 10–20 system in a Common
Reference Montage by using the average of all channels as
reference and the EEG signals were converted to Common
Average and Bipolar Montages using software. Subdataset B
includes 41 subjects that were not perfectly age matched (24
normal subjects, 10 males and 14 females, have mean age 69.4± 11.5 years (from 40 to 84 years) and 17 were probable AD
patients, 9 male and 8 female). The normal subjects have
a mean age of 69.4 ± 11.5 years (40 to 84 years) and the
probable AD subjects have mean age of 77.6 ± 10.0 years
(from 50 to 93 years). Subdataset B was recorded using the
modified Maudsley system. The conventional 10–20 system
has a similar setting with the Maudsley electrode positioning
system [83].

All patients were referred to the EEG department at
DerrifordHospital from a specialist memory clinic. A battery
of psychometric tests (including the MMSE [84], Rey Audi-
tory Verbal Learning Test [85], Benton Visual Retention Test
[86], and memory recall tests [87]) were performed on all
patients at the memory clinic. The classification of subjects
with dementia was based on the working diagnosis provided
by the specialist memory clinic. All healthy volunteers and
AD patients had their EEG confirmed by a consultant clinical
neurophysiologist at the hospital as normal and probable
mild AD, respectively [11].

2.2. Methods. In our approach, the complete recordings of
the EEG including artefacts were used without a priori
selection of elements for analyses. This enabled us to have
an idea about the robustness and usefulness of the method
in practice. Data from a fixed interval (61 s to 240 s) was
used to avoid electrical artefacts, which regularly occur at the
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beginning of a record, leaving a standard three-minute data
to analyse.

The following steps outline the procedure that was used to
derive the biomarkers for the three complexity methods (i.e.,
TsEn, HFD, and LZC)

(1) The EEG signal was filtered using infinite impulse
response (IIR) Chebyshev-II bandpass filter into five
frequency bands (i.e., delta 0–4Hz, theta 4–8Hz,
alpha 8–12Hz, beta 12–30Hz, and gamma 30–45Hz).
A low computational IIR filter was used to retain the
computational efficiency of the derived complexity-
based biomarkers [88].

(2) The biomarkers were then derived first from the
whole EEG record and then for each of EEG fre-
quency bands for each of the three EEG complexity
methods.

(3) For each biomarker of the EEG complexity methods
(i.e., TsEn, HFD, and LZC), 𝑝 values were computed
between AD patients and normal subjects using
Student’s 𝑡-test.

(4) The performance of each complexity measure to
detect AD is then assessed. For each complexity
measure, a classification model, based on the support
vector machine (SVM), was used to detect AD.

Tsallis Entropy (TsEn). TsEn [89] biomarker computation
of an 𝑁-samples EEG data sequence 𝑥(1), 𝑥(2), . . . , 𝑥(𝑁) is
based on the generalised measure of entropy, due to Tsallis:

TsEn𝑞 = (∑𝑘𝑖=1 𝑃𝑖 − 𝑃𝑞𝑖 )(𝑞 − 1) , (1)

where TsEn𝑞 is the Tsallis entropy value, 𝑘 is the number of
states that the amplitudes of the EEG are quantized into, 𝑃𝑖
is a probability associated with the 𝑖th state, and 𝑞 is Tsallis
parameter (𝑘 = 2200 and 𝑞 = 0.5).
Higuchi Fractal Dimension (HFD). To compute HFD
biomarker [75, 77, 90] of an 𝑁-sample EEG data sequence𝑥(1), 𝑥(2), . . . , 𝑥(𝑁), the data is first divided into a 𝑘-length
subdata set as

𝑥𝑚𝑘 : 𝑥 (𝑚) , 𝑥 (𝑚 + 𝑘) , 𝑥 (𝑚 + 2𝑘) , . . . ,
𝑥 (𝑚 + [𝑁 − 𝑚𝑘 ] ⋅ 𝑘) , (2)

where [ ] is Gauss’ notation, 𝑘 is constant, and𝑚 = 1, 2, . . . , 𝑘.
The length 𝐿𝑚(𝑘) for each subdata set is then computed as

𝐿𝑚 (𝑘)
= {[[(𝑁−𝑚)/𝑘]∑

𝑖=1

|𝑥 (𝑚 + 𝑖𝑘) − 𝑥 (𝑚 + (𝑖 − 1) ⋅ 𝑘)|]

⋅ ((𝑁 − 1) / ([(𝑁 − 𝑚) /𝑘] ⋅ 𝑘))} ⋅ (𝑘)−1 .
(3)

The mean of 𝐿𝑚(𝑘) is then computed to find the HFD for the
data as

HFD = 1𝐾
𝐾∑
𝑀=1

𝐿𝑚 (𝑘) . (4)

Lempel-Ziv Complexity (LZC). To compute the LZC [43, 49,
67, 68, 70] biomarker of an 𝑁-sample EEG data sequence𝑥(1), 𝑥(2), . . . , 𝑥(𝑁), the EEG signal is first converted into a
binary string as

𝑥 (𝑖) = {{{
0 if EEG (𝑖) < 𝑀
1 if EEG (𝑖) ≥ 𝑀, (5)

where 𝑥(𝑖) is the equivalent binary value of EEG(𝑖), 𝑖 is the
index of all values in the EEG signal, and 𝑀 is the median
value of each EEG channel. The median value is used to
manage the outliers.

The binary string is then scanned from left to right until
the end to produce new substrings. A complexity counter𝑐(𝑁) is the number of new substrings. The upper bound of𝑐(𝑁) is used to normalise 𝑐(𝑁) to get an independent value
from the sequence of length 𝑁. The upper bound of 𝑐(𝑁) is𝑁/log2(𝑁). 𝑐(𝑁) is then normalised by 𝑏(𝑁) as

𝐶 (𝑁) = 𝑐 (𝑁)𝑏 (𝑁) , (6)

where 𝐶(𝑁) is the normalised value of the LZC and 𝑏(𝑁) is
the upper bound of the 𝑐(𝑁).

A panel of 114 biomarkers was computed (19 biomarkers
for the whole EEG record and 19 biomarkers for each of EEG
frequency band (i.e., delta, theta, alpha, beta, and gamma). To
determine which features have a significant statistical associ-
ation with AD, we computed 𝑝 values between AD patients
and normal subjects using Student’s 𝑡-test. This allowed us to
identify significant features thatmay be useful to discriminate
between AD patients and normal subjects. The dataset was
split into training and testing data (60% for training and 40%
for testing) with subjects selected at random. We selected 32
subjects for training and 20 subjects for testing at random
from the datasets, a ratio of 60 : 40.The training data includes
12 AD (two from dataset A and 10 from dataset B) and 20
normal subjects (six from dataset A and 14 from dataset B).
The testing data includes 8 AD (one from dataset A and
seven from dataset B) and 12 normal subjects (two from
dataset A and 10 from dataset B). 𝑝 values were computed
using the training EEG dataset. Machine learning techniques
were used to develop models based on the biomarkers.
As a classifier, we used support vector machine (SVM) to
model biomarkers extracted using TsEn, HFD, and LZC
methods. SVM classifier was used because it is widely used
in machine learning and has found application in dementia
diagnosis. It has shown better performance in biomedical
data analysis and in automatic AD diagnosis compared to
other conventional classifiers (e.g., Euclidean distance clas-
sifier) and good capability to learn from experimental data
[91, 92], and it has a stable classification performance [93].
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It has also been shown to outperform other machine learning
techniques (e.g., Naive Bayes, Multilayer Perceptron, Bayes
Network, egging, Logistic Regression, and Random Forest,)
in diagnosis of MCI and dementia [94]. We used the testing
EEG dataset to test the performance of the models. For
each complexitymethod, six performance tables were created
(whole EEG record, and table for each EEG frequency band).

The performance of the TsEn, HFD, and LZC biomarkers
for AD diagnosis was assessed in terms of sensitivity (Sen),
specificity (Spec), accuracy (ACC), 𝐹-measure, error rate,
true positive rate (TPR), false positive rate (FPR), positive
predictive value (PPV), and negative predictive value (NPV).
Matthew’s correlation coefficient (MCC) was computed to
measure the quality of the binary classification (AD and
normal) between the actual and predicted results [95, 96].

3. Results and Discussions

3.1. Result. We analysed the performance of the three dif-
ferent complexity measures in quantifying changes in EEG
due to AD. For this purpose, we examined the differences
between the values of the complexity measures derived from
EEG signals of AD subjects and those of normal subjects.
Biomarkers that do not show significant differences between
AD patients and normal subjects may not be suitable for
quantifying changes in EEG due to AD as they may not be
capable of being used to discriminate between AD patients
and normal subjects.

We found that complexity measures derived from the
EEG frequency bands for AD patients were significantly
different to those of normal subjects compared to complexity
measures derived from the whole EEG record. This suggests
that they may be better suited to quantify changes in the EEG
due to AD and potentially may provide better results in AD
diagnosis.

Figure 2 shows the EEG biomarkers derived from whole
EEG record (i.e., unfiltered) and those derived from the five
EEG bands (delta, theta, alpha, beta, and gamma bands)
using the TsEn method. The results show that TsEn values
for AD patients are lower than those for normal subjects for
whole EEG record. This is consistent with the findings in
other studies [35, 58, 62, 64]. Figure 2 also shows that the
differences between the TsEn values for AD patients and for
normal subjects for the EEG bands (delta and theta bands
in particular) are larger than those for whole EEG record.
This is a desirable feature in a biomarker as it suggests that
TsEn biomarkers derived from the EEG bands may provide
better performance in detecting AD than those extracted
from whole EEG record.

Figure 3 shows the EEG biomarkers derived from whole
EEG record and those derived from the EEG bands (delta,
theta, alpha, beta, and gamma bands in particular) using the
HFD method. In this case, the results show that HFD values
for AD patients are lower than those for normal subjects.
This result is consistent with the finding in other studies
[46, 80]. As with the TsEn, the differences between HFD
biomarkers for AD patients and normal subjects for the EEG
frequency bands (i.e., delta, theta, and alpha bands) were
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Figure 2: EEG biomarkers for TsEn.

Fp
1

Fp
2 F7 F3 FZ F4 F8 T3 C3 CZ C4 T4 T5 P3 PZ P4 T6 O
1

O
2

EEG channel 
Whole EEG record AD

Whole EEG record norm

AD delta
Norm delta

AD theta

Norm theta
AD alpha

Norm alpha

AD beta
Norm beta

AD gamma

Norm gamma

−1.5
−1

−0.5
0

0.5
1

1.5
2

2.5

H
FD

 v
al

ue

Figure 3: EEG biomarkers for HFD.

larger than those for thewhole EEG record suggesting that the
use of biomarkers derived from the frequency bandswould be
better at detecting AD than the use of whole EEG record.

Figure 4 shows similar results for the LZC method. In
this case, the results show that LZC values for AD patients
were lower than those for normal subjects and these are
consistent with the finding in other studies [43, 97]. Again,
the differences between the LZC biomarkers for AD patients
and normal subjects for the five EEG frequency bands (the
theta, beta, and gamma bands, in particular) were larger
those for the whole EEG record, suggesting that the use
of biomarkers derived from the frequency bands would be
better at detecting AD than the use of whole EEG record.

We analysed the complexity measures using 𝑝 values to
determine the statistical significance in detecting AD

Figure 5 shows 𝑝 values of the differences in TsEn
measures betweenADpatients and normal subjects for whole
EEG record and those from the EEG frequency bands. The
results show that TsEn biomarkers that were extracted from
theta bands have the smallest 𝑝 values, while the TsEn
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Figure 4: EEG biomarkers for LZC.

Fp
1

Fp
2 F7 F3 FZ F4 F8 T3 C3 CZ C4 T4 T5 P3 PZ P4 T6 O
1

O
2

EEG channel—TsEn values 
Delta
Theta
Alpha

Beta
Gamma
Whole EEG record

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

p
 v

al
ue

Figure 5: 𝑝 values for TsEn between AD patients and normal
subjects of the training EEG dataset.

biomarkers derived from gamma band have the maximum𝑝 value between AD patients and normal subjects. This
suggests that biomarkers that are extracted from theta band
may provide the best performance in AD diagnosis. Figure 5
also shows that biomarkers that were extracted from EEG
frequency bands may have a more significant association
with AD than the EEG biomarkers that are derived from
whole EEG record based on 𝑝 value analysis. Therefore, the
complexity measures derived from the EEG frequency band
may provide better results in the classification between AD
patients and normal subjects.

Figures 6 and 7 depict the results of similar 𝑝 value
analysis for HFD and LZCmeasures, respectively.The results
show that, in both HFD and LZC methods, the complexity
measures derived from the EEG frequency bands, theta band
have significantly smaller 𝑝 values compared to those of
measures derived from the whole EEG record. In both meth-
ods, complexity measures derived from the theta band gave
the smallest 𝑝 value. This implies that biomarkers derived
from the frequency bands, the theta band in particular, may
provide the best possible performance in AD diagnosis using
the HFD and LZC methods.
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Figure 6: 𝑝 values for HFD between AD patients and normal
subjects of the training EEG dataset.
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Figure 7: 𝑝 values for LZC between AD patients and normal
subjects of the training EEG dataset.

Looking across all the results (Figures 5, 6, and 7), the
theta band has a minimum 𝑝 value between AD patients and
normal subjects for all three complexity methods (i.e., TsEn,
HFD, and LZC). Thus, EEG biomarkers derived from EEG
frequency bands are better than the biomarkers that were
extracted from whole EEG record. The biomarkers derived
from theta band may provide the best performance in AD
diagnosis across all three methods.

3.2. The Performance of the EEG Complexity-Based Measures.
Table 1 shows the performance of the SVM-based classifi-
cation model using TsEn biomarkers for whole EEG record
for the 19 EEG channels. In this case, the best sensitivity and
specificity were 46.67% and 80%, respectively, for Fp2 and F7
EEG channels.

Similar performance indices were computed for each of
the five EEG bands using the TsEn. As an example, Table 2
shows the performance indices for TsEn biomarkers for the
delta band for the 19 EEG channels. The best sensitivity and
specificity were 85.71% and 84.62%, respectively, for T4, O1,
and O2 EEG channels.

Similar performance indices were computed for each of
the five EEG bands using HFD and LZC methods. Table 3
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Table 1: TsEn performance for whole EEG record.

EEG channel Sen.% Spec.% Acc.% 𝐹-measure% Error rate MCC FPR% FNR% PPV% NPV%
Fp1 43.75 75.00 50.00 58.33 0.50 0.153 25.00 56.25 87.50 25.00
Fp2 46.67 80.00 55.00 60.87 0.45 0.236 20.00 53.33 87.50 33.33
F7 46.67 80.00 55.00 60.87 0.45 0.236 20.00 53.33 87.50 33.33
F3 43.75 75.00 50.00 58.33 0.50 0.153 25.00 56.25 87.50 25.00
FZ 44.44 100.00 50.00 61.54 0.50 0.272 0.00 55.56 100.00 16.67
F4 44.44 100.00 50.00 61.54 0.50 0.272 0.00 55.56 100.00 16.67
F8 44.44 100.00 50.00 61.54 0.50 0.272 0.00 55.56 100.00 16.67
T3 37.50 50.00 40.00 50.00 0.60 −0.102 50.00 62.50 75.00 16.67
C3 35.71 50.00 40.00 45.45 0.60 −0.134 50.00 64.29 62.50 25.00
CZ 42.11 100.00 45.00 59.26 0.55 0.187 0.00 57.89 100.00 8.33
C4 44.44 100.00 50.00 61.54 0.50 0.272 0.00 55.56 100.00 16.67
T4 35.29 33.33 35.00 48.00 0.65 −0.229 66.67 64.71 75.00 8.33
T5 33.33 50.00 40.00 40.00 0.60 −0.167 50.00 66.67 50.00 33.33
P3 28.57 33.33 30.00 36.36 0.70 −0.356 66.67 71.43 50.00 16.67
PZ 37.50 50.00 40.00 50.00 0.60 −0.102 50.00 62.50 75.00 16.67
P4 35.71 50.00 40.00 45.45 0.60 −0.134 50.00 64.29 62.50 25.00
T6 26.67 20.00 25.00 34.78 0.75 −0.471 80.00 73.33 50.00 8.33
O1 27.27 44.44 35.00 31.58 0.65 −0.287 55.56 72.73 37.50 33.33
O2 30.00 50.00 40.00 33.33 0.60 −0.204 50.00 70.00 37.50 41.67

Table 2: TsEn performance for delta band of the EEG signal.

EEG channel Sen.% Spec.% Acc.% 𝐹-measure% Error rate MCC FPR% FNR% PPV% NPV%
Fp1 50.00 66.67 60.00 50.00 0.40 0.167 33.33 50.00 50.00 66.67
Fp2 50.00 62.50 60.00 33.33 0.40 0.102 37.50 50.00 25.00 83.33
F7 55.56 72.73 65.00 58.82 0.35 0.287 27.27 44.44 62.50 66.67
F3 80.00 73.33 75.00 61.54 0.25 0.471 26.67 20.00 50.00 91.67
FZ 50.00 62.50 60.00 33.33 0.40 0.102 37.50 50.00 25.00 83.33
F4 50.00 61.11 60.00 20.00 0.40 0.068 38.89 50.00 12.50 91.67
F8 57.14 69.23 65.00 53.33 0.35 0.257 30.77 42.86 50.00 75.00
T3 71.43 76.92 75.00 66.67 0.25 0.471 23.08 28.57 62.50 83.33
C3 60.00 66.67 65.00 46.15 0.35 0.236 33.33 40.00 37.50 83.33
CZ 100.00 63.16 65.00 22.22 0.35 0.281 36.84 0.00 12.50 100.00
C4 71.43 76.92 75.00 66.67 0.25 0.471 23.08 28.57 62.50 83.33
T4 85.71 84.62 85.00 80.00 0.15 0.685 15.38 14.29 75.00 91.67
T5 80.00 73.33 75.00 61.54 0.25 0.471 26.67 20.00 50.00 91.67
P3 75.00 83.33 80.00 75.00 0.20 0.583 16.67 25.00 75.00 83.33
PZ 100.00 75.00 80.00 66.67 0.20 0.612 25.00 0.00 50.00 100.00
P4 83.33 78.57 80.00 71.43 0.20 0.579 21.43 16.67 62.50 91.67
T6 83.33 78.57 80.00 71.43 0.20 0.579 21.43 16.67 62.50 91.67
O1 85.71 84.62 85.00 80.00 0.15 0.685 15.38 14.29 75.00 91.67
O2 85.71 84.62 85.00 80.00 0.15 0.685 15.38 14.29 75.00 91.67

summarises the best performance indices for the three
complexity measures.

Figures 8, 9, and 10 summarise the performance indices
of the TsEn, HFD, and ZLC methods.

The results show that TsEn, HFD, and ZLCEEGbiomark-
ers derived from the EEG frequency bands provide better
performance than EEG biomarkers derived from the whole
EEG record.

3.3. Discussions. The results of this study show that EEG
complexity-based measures provide a potentially useful way
to detect AD. The most characteristic feature caused by AD
is the reduction in EEG complexity [33–35, 37, 38, 40, 41]
compared to normal subjects. This is consistent with other
studies [35, 38, 43, 46, 56, 58, 62, 64, 80, 97, 98] and shows that
EEG complexity measures are potentially a good biomarker
for detecting AD.
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Figure 10: LZC performance.

Table 3: Summary of the best performance indices for the three
complexity measures.

Method TsEn HFD LZC
Feature Delta Theta Theta Alpha Theta
EEG channel T4, O1, O2 F4 C4 T5, P3 C3
Sen.% 85.71 85.71 66.67 66.67 100
Spec.% 84.62 84.62 100 100 92.31
Acc.% 85 85 80 80 95𝐹-measure% 80 80 80 80 93.33
Error rate 0.15 0.15 0.2 0.2 0.05
MCC 0.685 0.685 0.667 0.667 0.9
FPR% 15.38 15.38 0 0 7.69
FNR% 14.29 14.29 33.33 33.33 0
PPV% 75 75 100 100 87.5
NPV% 91.67 91.67 66.67 66.67 100

Unlike previous studies, we found that the complexity
measures derived from the EEG frequency bands (i.e., delta,
theta, alpha, beta, and gamma) provide significantly better
performance in detecting AD than the complexity measures
derived from whole EEG records. This comes from the
greater differences between the complexity measures for AD
patients and normal subjects when they are derived from
the frequency bands compared to when they are derived
from whole record which is a desirable property of a good
biomarker.

In particular, we found that for the TsEn and HFD
complexity measures derived from the delta and theta bands
gave the best performance. For the delta band, three EEG
channels (T4, O1, and O2) gave the best performance. For the
theta band, F4 gave the best performance.

Similar results were obtained for the LZC complexity
measures, except that the best EEG channel was C3 for the
theta band. This is consistent with the findings of other
studies which suggested that AD starts from the back of the
brain and then spreads gradually to other parts of the brain
[5, 46, 99–101].This implies that it may be possible to use only
a small number of EEG channels to detect AD.

The findings of this study have a number of implications
for research to develop new and robust techniques for the
analysis of EEG to increase the contributions EEG makes to
the diagnosis of AD.

The results suggest that the three EEG complexity mea-
sures, derived from the EEG frequency bands, can detect AD
reliably (with sensitivity and specificity of >90%). Thus, EEG
complexity measures could provide a basis for developing
an accurate, low-cost, and easy to use tool to detect AD.
Although the results of the studies are consistent with pre-
vious studies, unlike previous studies, in this study, the com-
plexity measures are derived from EEG frequency bands (i.e.,
delta, theta, alpha, beta, and gamma).The results suggest that
deriving the complexity measures from the EEG frequency
bands is an important step for achieving robust biomarkers.

We found that AD patients have significantly lower
complexity measures for specific EEG frequency bands and
for specific EEG channels than normal subjects. This is
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consistent with findings in previous studies [33–35, 37, 38,
40, 41]. Thus, it may be possible to identify specific EEG
channels and specific frequency bands that may provide
the best biomarkers to detect AD. In situations where the
number of available channels is limited (e.g., when portable
EEG systems are used outside specialist centres), this may be
exploited to achieve a good performance.

It may be possible to enhance the performance of the
complexity-based approach further, by combining the three
complexity measures into a composite model. Given that the
three complexity measures are analysing different aspects of
the signal (e.g., entropy and fractal measures), integrating
them may lead to improved performance.

Our study has a number of limitations. At present, our
methods have been applied only to the detection of AD, the
most common form of dementia. A more detailed study is
necessary to evaluate the methods using a much larger and
diverse EEG datasets.This includes using the methods to dif-
ferentiate between normal,MCI, andAD subjects [57, 63, 73].

This study shows that the abnormalities caused by AD
can be detected by the complexitymeasures.However, similar
changes may be caused by other neurodegenerative diseases,
such as other types of dementia. To enhance the diagnostic
usefulness of the methods, it may be necessary to develop
them further to differentiate between dementias.

4. Conclusions

AD causes changes in the EEG due to loss of memory
and cognitive decline and these changes are thought to be
associated with functional disconnections among cortical
areas resulting from the death of brain cells. Therefore,
EEG analysis may provide valuable information about brain
dynamics in AD. AD causes a reduction in neuronal activity
of the brain and this may be reflected in EEG signals.
Nonlinear methods based on EEG complexity approaches
have shown promising results in detected changes in the
EEG thought to be due to AD. Therefore, EEG complexity
can potentially be a good biomarker for AD diagnosis. We
investigated three complexitymeasures, TsEn,HFD, and LZC
methods, derived from EEG frequency bands. We found that
AD patients have significantly lower TsEn, HFD, and LZC
values in specific EEG frequency bands and specific EEG
channels compared to normal subjects. This may provide
an effective way to discriminate between AD patients and
normal subjects. Future work will evaluate themethods using
larger and more diverse EEG datasets, including different
types of dementia.
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analysis of electroencephalogram and magnetoencephalogram
recordings in patients with Alzheimer’s disease,” Philosophical
Transactions of the Royal Society A: Mathematical, Physical &
Engineering Sciences, vol. 367, no. 1887, pp. 317–336, 2009.

[73] R. Hornero, J. Escudero, A. Fernández, J. Poza, and C. Gómez,
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Detrended Fluctuation Analysis (DFA) is a popular method for assessing the fractal characteristics of biosignals, recently adapted
for evaluating the heart-rate multifractal and/or multiscale characteristics. However, the existing methods do not consider the
beat-by-beat sampling of heart rate and have relatively low scale resolutions and were not applied to cardiovascular signals other
than heart rate. Therefore, aim of this work is to present a DFA-based method for joint multifractal/multiscale analysis designed to
address the above critical points and to provide the first description of the multifractal/multiscale structure of interbeat intervals
(IBI), systolic blood pressure (SBP), and diastolic blood pressure (DBP) in male and female volunteers separately. The method
optimizes data splitting in blocks to reduce the DFA estimation variance and to evaluate scale coefficients with Taylor’s expansion
formulas and maps the scales from beat domains to temporal domains. Applied to cardiovascular signals recorded in 42 female
and 42 male volunteers, it showed that scale coefficients and degree of multifractality depend on the temporal scale, with marked
differences between IBI, SBP, and DBP and with significant sex differences. Results may be interpreted considering the distinct
physiological mechanisms regulating heart-rate and blood-pressure dynamics and the different autonomic profile of males and
females.

1. Introduction

Beat-by-beat measures of cardiovascular variables show an
intrinsic variability, even when the cardiovascular system
is observed in steady-state conditions. These spontaneous
changes may reflect the processes underlying the cardiovas-
cular homeostasis. Components of this variability show a
fractal nature and in the last two decades different authors
suggested that, at least for the heart rate, such components
may be the output of a complex system that generates self-
similar signals [1, 2]. In fact, the cardiovascular system,
like several complex dynamical systems, is composed of
interacting subsystems embedded in a fractal structure. In
particular, fractal networks of vessels and of nervous and
humoral pathways connect and hierarchically regulate local

blood flows among several vascular beds. Accordingly, the
cardiovascular system can be regarded as a dissipative system
that preserves homeostasis evolving toward a self-organized
state, not characterized by any intrinsic scale of time [3].
Properly assessing the fractal components of the spontaneous
variability of cardiovascular signals is important, because it
may help identifying early alterations in cardiovascular reg-
ulatory mechanisms and may contribute to stratifying more
precisely the cardiovascular risk.

The first descriptions of cardiovascular self-similarity
were based onmodeling the heart rate as a time series belong-
ing to the families of fractional Gaussian noises or of fraction-
al Brownian motions and on estimating the corresponding
Hurst exponent [4]. Successive studies recognized that such
an approach oversimplifies a more complex phenomenon,
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because the fractal characteristics of heart rate appear to
depend on the scale of the observation [5]. This led some
authors to propose multiscale approaches that quantify the
cardiovascular complexity by a spectrum of self-similarity
coefficients evaluated at different temporal scales [6–8].
Other authors provided evidence of the multifractal nature
of heart rate [9–11], which means that the self-similar com-
ponents of variability result from the superimposition of dif-
ferent fractal processes, interwoven at the same scales. This
makes the inadequacy of methods based on monofractal
models to describe the cardiovascular complexity even more
apparent.

For these reasons, the more recent research in the field of
heart-rate variability is aimed at proposingmethods that take
into account both the scale dependency of self-similarity and
its multifractal nature [12, 13]. Following this line of research,
the aim of the present study is to describe the multifractal
and multiscale characteristics of cardiovascular signals in
healthy subjects under controlled conditions. This is done by
adapting previously proposed methods of multifractal and
multiscale analysis and by comparing three cardiovascular
signals frequently recorded in physiological and clinical
studies: interbeat interval (IBI, inverse of heart rate), systolic
blood pressure (SBP), and diastolic blood pressure (DBP).
We expect different fractal dynamics for these three signals
because they are influenced by different cardiovascular effec-
tors: DBP is mainly modulated by changes in vascular resis-
tances, SBP by changes in cardiac output, and IBI by changes
in cardiac outflows of the autonomic nervous system. Since
males and females are characterized by a different autonomic
profile [14], the analysis also focuses on sex differences in the
multifractal and multiscale dynamics.

2. Methods

2.1. Multifractal-Multiscale DFA. Our estimator of the mul-
tifractal-multiscale characteristics of beat-by-beat cardiovas-
cular signals was based on detrended fluctuation analysis
(DFA), a method originally proposed for calculating a scale
exponent, 𝛼, strictly related to Hurst’s exponent of monofrac-
tal time series [5]. DFA has been successively extended to
analyze multifractal time series, obtaining distributions of 𝛼
coefficients that describe the superposition of different fractal
processes [15]. Moreover, DFA has been also extended to
provide multiscale evaluations, that is, a spectrum of 𝛼 coef-
ficients function of the observation scale [6, 16]. Therefore,
DFA is a versatile technique easily adaptable for multifractal
or multiscale analysis. In this regard, recently Gierałtowski
et al. combined both the approaches: they proposed a mul-
tifractal and multiscale method for the DFA of heart-rate
variability, exploiting the possibility of adapting the multi-
fractalDFAalgorithm in order to provide estimates separately
at different scales [12]. This method was recently applied
for modeling heart-rate variability during sleep and blood-
pressure variability [17, 18]. In the present study, we followed
a similar approach, introducing, however, important variants.
These took into account specific properties of the beat-to-beat
cardiovascular dynamics that regard the way local slopes are
derived and their proper mapping in the time domain.

Given a time series of the cardiovascular variable 𝑥(𝑗)
with mean 𝜇, evaluated over 𝑁 consecutive heart beats (1 ≤𝑗 ≤ 𝑁), its cumulative sum

𝑦 (𝑖) = 𝑖∑
𝑗=1

(𝑥 (𝑗) − 𝜇) (1)

was calculated for 1 ≤ 𝑖 ≤ 𝑁. Then, fixing a block size
n in number of beats, 𝑦(𝑖) was split into M blocks each
containing a data segment of 𝑛 beats. Often DFA is evaluated
considering nonoverlapping consecutive blocks: in this case,𝑀 = int(𝑁/𝑛) and a short segment of N-nM data at the end
of the series is not included in any of the M blocks if N is
not multiple of n [19]. By contrast, we overlapped consecutive
segments so that two successive blocks had 𝑛 − 1 beats in
common (maximal overlapping),M was equal to (𝑁 − 𝑛 + 1)
and all the data were included in at least one block for any
size n. As illustrated in Figure 1,maximal overlapping reduces
the estimator variance substantially (this will allow evaluating
the local slopes 𝛼 with numerical differentiation formulas).
Data were detrended in each of the M blocks with a least-
square polynomial fitting of order 1. The standard deviation
of the detrended data was calculated in each block 𝑘, 𝜎𝑛(𝑘),
for 1 ≤ 𝑘 ≤ 𝑀.

Data splitting was repeated for block sizes 𝑛 between 6
and𝑁/4 beats. Block sizeswere selected as the closest integers
to a distribution evenly spaced on a logarithmic scale, with
density of about 13 samples per decade. For instance, for𝑁 = 8400 beats, corresponding to a 2-hour recording at the
heart rate of 70 bpm, we considered 34 block sizes 𝑛 between
6 and 1827 beats. Because of the low size of the smallest
block, we set the order of the fitting polynomial equal to 1, to
avoid overfitting the data with a too high order, which might
removenot only the trend but also the significant components
of variability.

According to the multifractal approach for DFA [15], a
family of variability functions, 𝐹𝑞(𝑛), which depend on the
multifractal parameter 𝑞, are calculated for each block size 𝑛,
as

𝐹𝑞 (𝑛) = ( 1𝑀
𝑀∑
𝑘=1

(𝜎2𝑛 (𝑘))
𝑞/2)
1/𝑞

for 𝑞 ̸= 0
𝐹𝑞 (𝑛) = 𝑒(1/2𝑀)∑𝑀𝑘=1 ln(𝜎2𝑛(𝑘)) for 𝑞 = 0.

(2)

If 𝑥(𝑖) has a power law correlation—like fractional Gaussian
noises or fractional Brownian motions—then 𝐹𝑞(𝑛) increases
as a power of n for any choice of the parameter 𝑞: 𝐹𝑞(𝑛) ∝ 𝑛𝛼.
Formonofractal time series, the exponent𝛼 is associatedwith
Hurst’s exponent H, being 𝛼 = 𝐻 for fractional Gaussian
noises and 𝛼 = 𝐻 + 1 for fractional Brownian motions. By
contrast, if 𝑥(𝑖) is a multifractal series with fractal com-
ponents of different amplitude, 𝛼 reflects the superposition
of different power law correlations. In particular, 𝛼 mainly
reflects the fractal components with larger amplitude if 𝑞 > 0
and the fractal components with smaller amplitude if 𝑞 <0. Therefore, 𝛼 coefficients that depend on q are sign of
multifractal dynamics.
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Figure 1: Examples of multifractal 𝐹𝑞(𝑛) functions plotted versus the block size n at different q values for nonoverlapped (a), 50% overlapped (b),
and maximally overlapped blocks (c). Data from beat-to-beat IBI series of 2-hour duration recorded in a healthy volunteer sitting at rest.

The multifractal exponent 𝛼(𝑞) can be estimated from𝐹𝑞(𝑛) in (2) as the slope of a least-square linear regression
between log𝐹𝑞(𝑛) and log 𝑛 [20]. In this way, however, local
deviations from the linear trend occurring at specific scales
n cannot be detected. The assessment of local deviations may
reflect changes in the sympathetic and vagal cardiac control
not otherwise visible [7, 16], revealing subtle alterations in
the overall autonomic regulation of the cardiovascular system
[21] and characterizing pathological conditions [6, 22]. To
evaluate a local slope, that is, 𝛼 as function of n, methods
with higher scale resolution are required. A simple way to
obtain a multiscale representation is to calculate the least-
square linear regression over a runningwindowwith constant
width over the log n axis [12]. The estimated slope, 𝛼(𝑞, 𝑛),
is associated with the central scale 𝑛 of the running window.
However, the length of the running window influences the
“smoothness” of the 𝛼(𝑞, 𝑛) curves and limits the range of
scales where 𝛼 is estimated. Alternatively, 𝛼(𝑞, 𝑛) could be
estimated as derivative of log𝐹𝑞(𝑛) versus log 𝑛, as proposed
for monofractal DFA [16]. We followed this approach and
since n was approximately spaced evenly on the logarithmic
scale, we applied formula derived from Taylor’s expansion.
Let us call {𝑛𝑙} with 1 ≤ 𝑙 ≤ 𝑙MAX the set of 𝑙MAX block sizes,
where we calculated 𝐹𝑞(𝑛) in (2). The 3-point expression of
the derivative of log𝐹𝑞(𝑛) versus log 𝑛 is

𝛼𝐵 (𝑞, 𝑛𝑙) = log𝐹𝑞 (𝑛𝑙+1) − log𝐹𝑞 (𝑛𝑙−1)
log (𝑛𝑙+1) − log (𝑛𝑙−1) . (3)

In (3), the pedix B of 𝛼𝐵 means that the scale coefficient is
evaluated on the beat domain, 𝑛. For 𝑙 = 1 and 𝑙 = 𝑙MAX (3)

is not defined, and we used the expressions for right and left
derivatives:

𝛼𝐵 (𝑞, 𝑛𝑙)
= − log𝐹𝑞 (𝑛𝑙+2) + 4 log𝐹𝑞 (𝑛𝑙+1) − 3 log𝐹𝑞 (𝑛𝑙)

log (𝑛𝑙+2) − log (𝑛𝑙)
for 𝑙 = 1,

𝛼𝐵 (𝑞, 𝑛𝑙)
= log𝐹𝑞 (𝑛𝑙−2) − 4 log𝐹𝑞 (𝑛𝑙−1) + 3 log𝐹𝑞 (𝑛𝑙)

log (𝑛𝑙) − log (𝑛𝑙−2)
for 𝑙 = 𝑙MAX.

(4)

Equations (3) and (4) approximate the first derivative of
log 𝐹𝑞(𝑛) versus log n with errors proportional to the
amplitude of the derivatives of order higher than 2. A better
approximation is provided by the formula on 5 points with
errors proportional to derivatives of order higher than 3.
Therefore, instead of (3), for 2 < 𝑙 < 𝑙MAX − 1 we used the
following equation:
𝛼𝐵 (𝑞, 𝑛𝑙)
= 8 (log𝐹𝑞 (𝑛𝑙+1) − log𝐹𝑞 (𝑛𝑙−1)) − (log𝐹𝑞 (𝑛𝑙+2) − log𝐹𝑞 (𝑛𝑙−2))3 (log (𝑛𝑙+2) − log (𝑛𝑙−2)) . (5)

Figure 2 illustrates how (3)–(5) derive 𝛼𝐵(𝑞, 𝑛) in a real case.
Since 𝛼𝐵 is a function of the scale expressed in number

of beats, when series with different mean heart rate are
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Figure 2: Example of local slopes estimation. (a) shows the same 𝐹𝑞(𝑛) function plotted for maximally overlapped blocks and 𝑞 = −2 in
Figure 1; the straight lines spanning over 5 points centered around the diamond symbols at 𝑛 = 20, 𝑛 = 40, 𝑛 = 161, and 𝑛 = 646 represent
the local slopes 𝛼(𝑛) evaluated by the 5-point derivative of (5). (b) shows the corresponding spectrum of local slopes.
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Figure 3: Example of multifractal and multiscale coefficients, 𝛼(𝑞, 𝜏), for IBI, SBP, and DBP. Data recorded in a male, normotensive volunteer.
In this example, 𝛼(𝑞, 𝜏) of IBI decreases steeply with 𝜏 at scales shorter than 16 s, from values typical of fractional Brownian motions (𝛼 > 1)
to values typical of fractional Gaussian noises (𝛼 < 1). Even if 𝛼 is lower than 1 at larger scales, the 𝛼(𝑞, 𝜏) surface is not flat and a relative
maximum appears at 𝜏 = 32 s, more pronounced for positive rather than for negative q values. SBP differs remarkably from IBI: 𝛼 tends to
be greater at scales > 64 s, and pronounced local maxima appear when 𝑞 < 0. DBP differs from IBI and SBP: 𝛼(𝑞, 𝜏) increases at 𝜏 > 128 s for
any q, reaching values greater than 1; and no local maxima appear at 𝜏 < 128 s.

compared (e.g., a bradycardic versus a tachycardic subject or
rest versus exercise conditions) the same scales n, in beats,
correspond to different temporal scales, 𝜏, in seconds.There-
fore, to associate each scale coefficient with its temporal
scale, we mapped the beat domain into the time domain [7].
Given the 𝛼𝐵(𝑞, 𝑛𝑙) coefficients evaluated on the beat domain
for the {𝑛𝑙} set of scales, the coefficients evaluated on the
corresponding set of temporal scales, {𝜏𝑙}, are

𝛼 (𝑞, 𝜏𝑙) = 𝛼𝐵 (𝑞, 𝑛𝑙) for 𝜏𝑙 = 𝑛𝑙 × 𝜇IBI (6)

with 𝜇IBI being the mean IBI, in seconds.
The 𝛼(𝑞, 𝜏𝑙) coefficients were interpolated over the 𝜏 axis

with a spline function to obtain estimates at the same tempo-
ral scales for each recording. On the basis of the analysis of
synthesized series with known self-similarity structure (see
Appendix A), for our application on healthy volunteers (see
Section 2.3) we interpolated 256 points evenly spaced over

the logarithmic 𝜏 axis, between 𝜏 = 8 s and 𝜏 = 512 s when𝑞 > −3 and between 𝜏 = 10 s and 𝜏 = 512 s when 𝑞 ≤ −3.
The largest scale (𝜏 = 512 s) corresponds to less than 10% the
average duration of the recordings. Estimates were obtained
for q between−5 and+5,with incremental step of 0.5. Figure 3
shows an example of estimated 𝛼(𝑞, 𝜏) coefficients.

Finally, we defined a concise index of multifractality,
function of the scale 𝜏: MF𝐼(𝜏). For this purpose, fixing a
parameter 𝑞𝑟 > 0, we considered the range −𝑞𝑟 ≤ 𝑞 ≤ 𝑞𝑟,
symmetric around 0 with amplitude 2𝑞𝑟. For each temporal
scale 𝜏, we calculated the standard deviation of all 𝛼(q,𝜏)
values estimated over the ±𝑞𝑟 range, 𝛼SD(𝜏). The MF𝐼(𝜏)
index is defined as the ratio between 𝛼SD(𝜏) and the range
of corresponding q values:

MF𝐼 (𝜏) = 𝛼SD (𝜏)2𝑞𝑟 . (7)
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Table 1: General characteristics of participants by sex.

𝑁 Age (years) Body mass index (kg/m2) Prevalence of hypertension
Females 42 34.3 (9.7) 22.6 (2.8) 38.1%
Males 42 34.4 (10.1) 23.6 (2.4) 38.1%𝑝 0.96 0.09

Since 𝛼SD(𝜏) ≥ 0, also MF𝐼(𝜏) ≥ 0, reaching values close
to 0 if the series is monofractal at 𝜏 (Appendix A shows an
example of MF𝐼(𝜏) for synthesized monofractal series). In
this study, MF𝐼(𝜏)was calculated for 𝜏 between 10 s and 512 s,
setting 𝑞𝑟 = 5.
2.2. Power Spectral Analysis. The power spectrum of each
cardiovascular series was also calculated. Beat-to-beat series
were interpolated linearly at 10Hz and resampled at 5Hz.The
Welch periodogram was estimated by splitting the resampled
series in 50%overlappingHannwindows of 1638.4 s duration,
by computing the FFT spectrum in each window and by aver-
aging the spectra over all thewindows.Thefinal periodogram
was smoothed with a broadband procedure [23].

2.3. Subjects and Experimental Protocol. We considered re-
cordings previously collected in two studies aimed at evaluat-
ing the influence of sodium sensitivity on the cardiovascular
control in normotensive [24] and hypertensive [25] healthy
subjects. The original dataset in normotensive subjects con-
sisted of recordings in 26 males and 45 females [24]. For
the present analysis, we included all the 26 male participants
and a subgroup of 26 female participants matched for age
and body mass index. The original dataset in hypertensive
subjects consisted of recordings in 30 males and 16 females,
and, for the present analysis, we included all the 16 female
participants and a subgroup of 16 male participants with age
and body mass index matched with the female group. Table 1
summarizes by sex the general characteristics of the selected
84 participants.

Each participant was studied in a quiet environment in
the morning, after 5 days of low-salt diet (30mmol NaCl per
day) to minimize the confounding effects of dietary sodium
on cardiovascular variability. Continuous finger arterial
blood pressure was recorded for about two hours, in sitting
position at rest, by Portapres model-2 (Finapres Medical Sys-
tems B. V., Amsterdam, Netherlands). The finger cuff was
placed on the mid finger of the left hand. SBP, DBP, and IBI
(calculated as time interval between consecutive SBP values)
were derived beat-by-beat for the whole duration of the re-
cording. Brachial blood pressure was measured simul-
taneously with a cuff on the right arm every 15 minutes, and
the SBP and DBP readings of the brachial device were used
to calibrate beat-by-beat SBP and DBP values from the finger
cuff.

2.4. Statistics. Wedescribed statistical patterns in 𝛼(𝑞, 𝜏) esti-
mates showing means and standard error of the means over
the group, on the basis of previous observations reporting

that DFA coefficients follow a normal distribution [26] and
in MF𝐼(𝜏) estimates showing median and standard error
of the median, this latter estimated by bootstrapping using
100 bootstrap samples. Statistical inferences were performed
with nonparametric tests for all the estimates not to make
any assumption on the distribution of scale coefficients and
multifractal indices at any 𝜏. In particular, 𝛼(𝑞, 𝜏) coeffi-
cients were compared between signals (IBI versus SBP, IBI
versus DBP and SBP versus DBP) by the paired Wilcoxon
test; 𝛼(𝑞, 𝜏) and MF𝐼(𝜏) were compared between males
and females by the unpaired Mann–Whitney test. Power
spectra were compared between genders by unpaired 𝑡-test
after log-transformation, to obtain normal distributions of
power spectra [27]. The analyses were performed with “R:
A Language and Environment for Statistical Computing”
software package (R Core Team, R Foundation for Statistical
Computing, Vienna, Austria, 2017).

3. Results

Figure 4 shows 𝛼 as a function of 𝜏 for specific q values over
the whole group (for comparison, the traditional multiscale
analysis corresponds to 𝛼 values evaluated for 𝑞 = 2 only,
and the traditional multifractal analysis corresponds to the
generalizedHurst exponents shown in Appendix B). Figure 4
confirms patterns suggested in the example of Figure 3. IBI
coefficients decrease with 𝜏 from values greater than 1 (as
for fractional Brownian motions) at the shorter scales to
values lower than 1 (as for fractional Gaussian noises) at the
larger scales, with a minimum at 𝜏 around 250 s. A relative
maximum appears at 𝜏 ≅ 30 s for 𝑞 ≥ 2. Moreover, 𝛼
increases as q decreases, at any 𝜏. At the shorter scales also𝛼 of SBP decreases steeply with 𝜏 from values >1, with greater𝛼 estimates at lower q values. However, unlike 𝛼 of IBI, it
remains stable around 1 (as for “1/𝑓” processes) when 𝜏 >30 s. Similarly to IBI and to SBP, also 𝛼 of DBP decreases with𝜏 at the shorter scales. However, unlike IBI and SBP, at larger
scales it shows an increasing trend with 𝜏.

Figure 5 compares scale coefficients among signals, at
different 𝑞. Comparing IBI with SBP when 𝑞 = 0 and 𝑞 =4, 𝛼 is significantly greater for SBP almost at all the scales;
however, this is not the case for scales 𝜏 between 16 and 35 s,
where 𝛼 of IBI shows a local maximum. When 𝑞 = −4,
differences between IBI and SBP are less significant, and their
scale coefficients coincide at scale 𝜏 ≤ 16 s.

Similarly, comparing IBI and DBP, 𝛼 is greater for DBP
almost at all the scales when 𝑞 = 0 and 𝑞 = 4. In this
case, however, at the scales where 𝛼 of IBI displays a relative
maximum, 𝛼 of DBP shows an absolute minimum, becoming
as a result significantly lower than the IBI scale coefficients.
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Figure 4: Multifractal and multiscale coefficients, 𝛼(𝑞, 𝜏). Mean ± standard error of the mean over the group (𝑁 = 84) as function of 𝜏 for
five q values between −4 and +4. For clarity, the horizontal axis is plotted in a log scale.

Also SBP and DBP scale coefficients differ importantly.
For 𝑞 = 0 and 𝑞 = 4, 𝛼 of SBP is significantly greater within20 < 𝜏 < 100 s. Similar differences appear for 𝑞 = −4 but in a
slightly higher band (45 < 𝜏 < 240 s). At 𝜏 ≤ 16 s, 𝛼 is greater
for DBP when 𝑞 = −4while when 𝑞 = +4, SBP and DBP scale
coefficients coincide.

These results make it clear that the degree of multifractal-
ity is a function of 𝜏 and of the type of cardiovascular signal.
This is summarized by Figure 6, which shows the index of
multifractality, MF𝐼(𝜏), for IBI, SBP, and DBP separately. IBI
reaches its highest degree of multifractality at 𝜏 = 10 s;
MF𝐼(𝜏) of IBI decreases at larger scales up to a minimum at𝜏 = 30 s. A different pattern characterizesMF𝐼(𝜏) of DBP and
SBP: the highest degree of multifractality is not reached at the
shortest scale (𝜏 = 10 s) as for IBI but between 16 and 32 s; and
the lowest degree is reached at 𝜏 = 64 s.
Gender Differences. Figure 7 compares 𝛼(𝑞, 𝜏) for 𝑞 = −4, 𝑞 =0, and 𝑞 = +4, in males and females. When 𝑞 = +4 or 𝑞 = 0,𝛼 is greater in females at the larger scales (i.e., 𝜏 > 60 s for IBI
and SBP; 𝜏 > 20 s for DBP). These differences vanish when𝑞 = −4. In addition, when 𝑞 = 0 and 𝑞 = −4, 𝛼 is lower in
females at 𝜏 ≤ 10 s. The fact that differences between males
and females depend on q suggests sex-related differences also
in the level of multifractality: these are actually highlighted
by Figure 8, which shows a higher degree of multifractality in
males, at scales shorter than 16 s for IBI and at scales centered
around 20 s for SBP and 32 s for DBP.

Figure 9 compares IBI, SBP, and DBP power spectra by
gender. The three signals have common spectral patterns,
all showing a peak around 0.10Hz and a “1/𝑓” component
at frequencies lower than 0.03Hz; moreover, IBI and SBP
spectra also show a respiratory component at frequencies
around 0.30Hz. Although these patterns appear in both

sexes, spectra differ significantly between males and females.
IBI spectral powers are greater in males between 0.008 and
0.13Hz. Also SBP spectral components are greater in males,
but in a larger band including all frequencies higher than
0.004Hz. By contrast, DBP spectra coincide in men and
women, with exclusion of the spectral peak around 0.10Hz,
higher in men.

4. Discussion

We presented a novel algorithm for quantifying cardio-
vascular complexity based on previous researches that in
various ways adapted DFA for assessing multifractal or/and
multiscale aspects of heart-rate variability. By applying our
method to data collected in healthy volunteers, we provided
the first detailed description of differences inmultifractal and
multiscale features among those cardiovascular time series
more often recorded in clinical settings or in physiological
studies: IBI, SBP, and DBP.

Three were the main results of our study. First, not only
do self-similarity coefficients depend on the observational
scale, but also the way 𝛼 changes with 𝜏 depends on the
cardiovascular series (IBI, SBP, or DBP). Second, the degree
of multifractality also depends on 𝜏 and on the type of
cardiovascular signal. Third, at the scales where the signals
show a multifractal nature (e.g., at 𝜏 < 32 s), increasing
the multifractal index q from negative to positive values
progressively decreases the estimate of 𝛼, thus indicating that
fractal components with the lower 𝛼 contribute more to the
overall variability because positive q values emphasize com-
ponents with larger amplitude. In addition, we also showed
significant gender differences in these complex self-similarity
structures. Although this study was designed to provide a
solid description of the multifractal and multiscale features
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Figure 5: Comparison of 𝛼(𝑞, 𝜏) among cardiovascular signals at different q values. (a) Mean ± standard error of the mean over the group
(𝑁 = 84) as function of 𝜏. (b), from top to bottom:𝑊 statistics of Wilcoxon’s tests at each scale 𝜏 for comparing IBI and SBP, IBI and DBP,
and SBP and DBP. Dashed horizontal lines represent the 5% threshold of statistical significance;𝑊 values above the threshold are marked by
a red dot and indicate statistically significant differences at 𝑝 < 5%.

of cardiovascular signals and not to find the mechanisms
responsible for these features, in the following we may try to
speculate on the possible origin and physiological meaning of
our results.

We showed that 𝛼(𝑞, 𝜏) of IBI decreases with 𝜏 in healthy
individuals sitting at rest, from values typical for fractional
Brownian motions to values typical for fractional Gaussian
noises. A similar behavior has been previously observed in
other studies that applied DFA with traditional monofractal
approaches (i.e., with 𝑞 = 2 only) to analyze the heart-rate

variability in sitting volunteers at rest [16, 28]. A possible
explanation for this trend has been already proposed, based
on the hypothesis that the heart-rate dynamics depend on
the superposition of two fractal processes simultaneously
modulating the heart rate [7, 29]. One process, with relatively
homogeneous fractal characteristics at all scales, resembling
fractional Gaussian noise, depends on the cardiac vagal out-
flow. The other process depends on the cardiac sympathetic
outflow: it appears as a fractional Gaussian noise at the
longer scales and as a Brownian motion at the shortest scales,
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Figure 6:Multifractal index𝑀𝐹𝐼(𝜏) for IBI, SBP, and DBP. Median ± standard error of the median over the group (𝑁 = 84).

due to a low-pass filter with time constant of 66 s caused
by the time of removal of noradrenaline released by the
sympathetic endings. The mixture of these two processes
may therefore explain the 𝛼 decreasing trend with 𝜏 from
fractional Brownian motion to fractional Gaussian noise and
may explain why 𝛼, when evaluated at the shortest scales
only, can be considered index of sympathovagal balance [30].
However, if this hypothesis holds, it should predict some
specific features of the multifractal dynamics of heart rate.
First, we should expect that the heart rate is multifractal
at the shortest scales, where it depends on two processes
with different dynamics (fractional Gaussian noise for the
vagal modulations, Brownian motion for the sympathetic
modulations) and with different amplitude (greater for vagal
than for sympatheticmodulations). Second, we should expect
that multifractality decreases at scales 𝜏 larger and closer to
the time constant of the low-pass filter on the sympathetic
outflow, because amplitude and fractal dynamics of sympa-
thetic heart-rate modulations should become more similar
to amplitude and fractal dynamics of vagal modulations of
heart rate. Third, we should also expect that, at scales shorter
than the time constant of the low-pass filter modeling the
sympathetic outflow dynamics (= 66 s), 𝛼 increases when 𝑞
decreases. In fact, negative 𝑞 exponents in (2) amplify the
contribution of the fractal components with lower amplitude
and reduce the contribution of the fractal components with
higher amplitude in multifractal dynamics. Since at the
shorter scales the sympathetic modulations of heart rate
have lower amplitude than the vagal heart-rate modulations,
negative q values should emphasize the Brownian motion
contribution of the sympathetic outflow (with high 𝛼) rather
than the fractal noise contribution of the vagal outflow (with
low 𝛼). These three properties are actually demonstrated by
our results on 𝛼(𝑞, 𝜏) of IBI, which therefore support our
interpretative hypothesis.

Interestingly, we found gender differences in 𝛼(𝑞, 𝜏) of
IBI at 𝜏 ≤ 12 s but only for 𝑞 = 0 and 𝑞 = −4. When𝑞 = +4, in fact, 𝛼 coefficients are the same in males and
females over these scales (Figure 7). The IBI power spectra

(Figure 9) indicate that males and females have the same
amplitude for spectral components falling in the high-
frequency band (>0.15Hz) where only vagal modulations of
heart rate are present and that males have higher amplitude
of spectral components in the low-frequency band (around
0.1Hz) where the heart rate is modulated importantly by
both sympathetic and vagal outflows [31]. This means that,
among our volunteers, males and females have a similar vagal
tone, but males have a higher sympathovagal balance. In our
interpretative hypothesis, 𝛼 at the shorter scales represents
mainly the vagal fractal modulation when q is high, and
when qdecreases the sympathetic contribution to𝛼 increases.
Coherently, we observed that 𝛼 at the shorter scales is greater
in males, as expected for an index of sympathovagal balance,
but only for low values of q. No differences are found for𝑞 = +4, when we expect 𝛼 to represent mainly the vagal com-
ponent of the fractal dynamics, in line with the observation
that the high-frequency spectral power associated with pure
vagal modulations of heart rate are the same in males and
females. The presence of similar vagal modulations of heart
rate in males and females and of a higher sympathetic tone in
males would also explain the higher IBI multifractal index in
males at the shorter scales (Figure 8).

We found marked differences between 𝛼(𝑞, 𝜏) of IBI and
DBP (Figure 5). While 𝛼(𝑞, 𝜏) of IBI should reflect a mixture
of fractal processes produced by the autonomic nervous
system through vagal and sympathetic modulations of heart
rate, 𝛼(𝑞, 𝜏) of DBP is expected to mainly reflect modulations
of total peripheral resistances, which the autonomic nervous
system modulates through vascular sympathetic outflows
only. This would explain why the highest degree of multi-
fractality occurs at the shortest scale for IBI, where the two
branches of the cardiac autonomic nervous system modulate
the heart rate with different fractal dynamics. By contrast,
DBP shows the highest degree of multifractality between 16
and 32 s (Figure 6). A possible explanation is that the total
peripheral resistance results from the combined effect of
individual vascular resistances of several vascular beds, each
with its own local regulation hierarchically controlled at
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Figure 7: Continued.
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Figure 7:Multifractal-multiscale coefficients, 𝛼(𝑞, 𝜏): comparison by sex. Mean ± standard error of the mean (upper panels) and𝑊 statistics of
Mann–Whitney tests (lower panels) for comparing males (𝑁 = 42) and females (𝑁 = 42), as function of 𝜏. Dashed horizontal lines represent
the 5% significance threshold;𝑊 values above the threshold (red dots) indicate differences significant at 𝑝 < 5%. From top to bottom: 𝑞 = −4;𝑞 = 0; 𝑞 = +4.

the central level through vascular sympathetic outflows.
Therefore, at scales around 16 and 32 s the DBP multi-
fractal dynamics would reflect the superimposition of vari-
ous local regulations associated with different vascular dis-
tricts.

A final consideration regards the different physiological
information derivable from traditional spectral analyses and
from a multifractal-multiscale analysis of cardiovascular sig-
nals. We found gender differences in 𝛼(𝑞, 𝜏) but not in power
spectra at the corresponding frequencies, and vice versa we
found power spectral differences without significant differ-
ences in the fractal structure at the corresponding scales. For
instance, 𝛼(𝑞, 𝜏) of DBP is greater in females for 𝜏 between
32 and 256 s and 𝑞 = 0 or 𝑞 = +4, but at the corresponding
frequencies (between 0.031 and 0.004Hz) theDBP spectra are
exactly the same in males and females. On the other hand,𝛼(𝑞, 𝜏) of SBP is very similar in males and females at 𝜏 < 64 s,
while the SBP spectra differ markedly by gender at frequen-
cies higher than 0.01Hz.Thismeans that complexitymethods
and spectral methods are complementary approaches and
that one method of analysis may reveal aspects of cardiovas-
cular dynamics that go undetected with the other method.
This is a promising perspective for designing new clinical
tools based on multifractal-multiscale analysis that, used in

addition to traditional frequency-domain and time-domain
methods,might substantially increase the risk stratification in
the healthy population or improve the prediction of adverse
events in cardiac patients.

Appendix

A. Multifractal-Multiscale DFA of
Synthesized Time Series

To evaluate the range of scales where our algorithm provides
reliable estimates of multifractal coefficients, we applied it on
synthesized series with known self-similarity structure. For
this aim, we generated 100 series each of 𝑁 = 8400 samples
to simulate a 2-hour beat-by-beat cardiovascular recording
at the mean heart rate of 70 bpm, which corresponds to the
average heart rate of the participants to our study. The series
were generated by the MATLAB pinknoise function (version
1.6,made available at http://goo.gl/PiiPw7 byH.Zhivomirov),
which is expected to simulate a pure “1/𝑓” monofractal
process with 𝛼 = 1. We selected a pink-noise generator
because the “1/𝑓” process is considered the monofractal
noise that better reproduces the fractal structure of cardiovas-
cular signals. The 𝐹𝑞(𝑛) functions shown in Figure 10(a) were

http://goo.gl/PiiPw7
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Figure 8:Multifractal index𝑀𝐹𝐼(𝜏): comparison by sex. (a) Median ± standard error of the median; (b)𝑊 statistics of Mann–Whitney tests
for comparing males (𝑁 = 42) and females (𝑁 = 42), as function of 𝜏. Dashed horizontal lines represent the 5% significance threshold;𝑊
values above the threshold (red dots) indicate differences significant at 𝑝 < 5%.

calculated as described in methods for block sizes n between
6 and N/4 beats and q between −5 and +5. They appear
as parallel straight lines with deviations from the constant
slope at the shorter blocks for 𝑞 ≤ −3. The corresponding
multifractal-multiscale coefficients 𝛼𝐵(𝑞, 𝑛) calculated as in
(3)–(5) are shown in Figure 10(b). The estimated coefficients
are close to the 𝛼 = 1 theoretical value that characterizes
“1/𝑓” processes almost over all the scales, with the exception
of the estimates for 𝑞 ≤ −3 which deviate largely from
the theoretical value at blocks shorter than 𝑛 = 12 beats
(corresponding to the time scale of 10 s at 70 bpm). On the
basis of these results, we considered reliable estimates of𝛼(𝑞, 𝜏) for 8 s ≤ 𝜏 ≤ 512 s when 𝑞 > −3 and for 10 s ≤ 𝜏 ≤512 s when 𝑞 ≤ −3.

The multifractal index of monofractal signals should,
in theory, be equal to zero. In practice, however, we expect
MF𝐼(𝜏) values greater than zero also for monofractal signals
for two reasons. At the shorter block sizes, deviations from
the constant slope 𝛼 may occur for negative 𝑞 values, as we
observed in Figure 10. In addition, at all the block sizes 𝛼
might not be the same when evaluated at different q values
even formonofractal series because of the intrinsic variability
of the estimate. The estimator variability may increase with
the time scale because at the larger block sizes n the

number M of independent blocks for estimating (2)
decreases. Figure 11 shows MF𝐼(𝜏) estimated for the
synthesized series of Figure 10 and plotted for 𝜏 between 10 s
and 512 s, where 𝛼(𝑞, 𝜏) can be reliable estimated at all q. As
expected, MF𝐼(𝜏) decreases from the shortest scale up to
a minimum at 𝜏 = 16 s and shows an increasing trend for𝜏 > 16 s, but remaining lower than 0.2 over the whole range
of scales considered in this study.

B. Traditional Multifractal Analysis

As reference, we also performed a traditional multifractal
analysis for each cardiovascular series. For this purpose, we
calculated the generalized Hurst exponents, ℎ(𝑞), as slope of
the regression line fitting log𝐹𝑞(𝑛) and log 𝑛 over all the block
sizes n for each q between −5 and +5, using the MATLAB
implementation provided in [20]. Mean and 95% confidence
intervals are shown in Figure 12. The analysis reveals greater
generalizedHurst exponents for blood pressure than for heart
rate at all q values. It also shows that the generalized Hurst
exponents are greater at the lower q than at the higher q
for all the cardiovascular signals, the relation between ℎ(𝑞)
and q decreasing almost linearly for IBI. These features,
highlighted by the traditional multifractal analysis, are also
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Figure 9: Power spectra of IBI, SBP, and DBP: comparison by sex. (a) Mean ± standard error of the mean; (b) Student’s 𝑡 statistics at each
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described by the multifractal-multiscale approach proposed
in this work. However, unlike the proposed multifractal-
multiscale approach, traditional multifractal analysis cannot
indicate that these features regard some scales more than
others.
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T. Seppänen, and H. V. Huikuri, “Effects of exercise and
passive head-up tilt on fractal and complexity properties of
heart rate dynamics,”American Journal of Physiology-Heart and
Circulatory Physiology, vol. 280, no. 3, pp. H1081–H1087, 2001.

[31] M.Malik, “Heart rate variability,”Annals of Noninvasive Electro-
cardiology, vol. 1, no. 2, pp. 151–181, 1996.



Research Article
Identification of Alcoholism Based on Wavelet Renyi Entropy
and Three-Segment Encoded Jaya Algorithm

Shui-HuaWang,1,2,3 KhanMuhammad ,4 Yiding Lv,5 Yuxiu Sui ,5

Liangxiu Han ,6 and Yu-Dong Zhang 1,2,3

1School of Computer Science and Technology, Henan Polytechnic University, Jiaozuo, Henan 454000, China
2Department of Informatics, University of Leicester, Leicester LE1 7RH, UK
3School of Computer Science and Technology, Nanjing Normal University, Nanjing, Jiangsu 210023, China
4Digital Contents Research Institute, Sejong University, Seoul, Republic of Korea
5Department of Psychiatry, Nanjing Brain Hospital, Nanjing Medical University, Nanjing, Jiangsu 210029, China
6School of Computing, Mathematics and Digital Technology (SCMDT), Manchester Metropolitan University,
Manchester M156BH, UK

Correspondence should be addressed to Khan Muhammad; khanmuhammad@sju.ac.kr, Yuxiu Sui; suiyuxiu@aliyun.com,
Liangxiu Han; l.han@mmu.ac.uk, and Yu-Dong Zhang; yudongzhang@ieee.org

Received 11 September 2017; Revised 22 November 2017; Accepted 12 December 2017; Published 17 January 2018

Academic Editor: Javier Escudero

Copyright © 2018 Shui-HuaWang et al.This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The alcohol use disorder (AUD) is an important brain disease, which could cause the damage and alteration of brain structure.The
current diagnosis of AUD is mainly done manually by radiologists. This study proposes a novel computer-vision-based method
for automatic detection of AUD based on wavelet Renyi entropy and three-segment encoded Jaya algorithm from MRI scans. The
wavelet Renyi entropy is proposed to provide multiresolution and multiscale analysis of features, describe the complexity of the
brain structure, and extract the distinctive features. Grid search method was used to select the optimal wavelet decomposition
level and Renyi order. The classifier was constructed based on feedforward neural network and a three-segment encoded (TSE)
Jaya algorithm providing parameter-free training of the weights, biases, and number of hidden neurons. We have conducted the
experimental evaluation on 235 subjects (114 are AUDs and 121 healthy). 𝑘-fold cross validation has been used to avoid overfitting
and report out-of-sample errors. The results showed that the proposed method outperforms four state-of-the-art approaches in
terms of accuracy. The proposed TSE-Jaya provides a better performance, compared to the conventional approaches including
plain Jaya, multiobjective genetic algorithm, particle swarm optimization, bee colony optimization, modified ant colony system,
and real-coded biogeography-based optimization.

1. Introduction

Alcohol use disorder (AUD) affected 208 million people
worldwide in 2010. It can cause severe adverse effects to the
brain, liver, heart, and pancreas. The long-term misuse can
lead to increased tolerance to alcohol, making it difficult to
control the consumption. The short-term misuse can lead to
“blood alcohol concentration (BAC).” A BAC from 0.35%
to 0.80% can cause fatal respiratory depression and life-
threating alcohol poisoning.

This paper studies the effect of long-term alcohol misuse
on the brain. The alcohol misuse can have a damaging
effect on the brain neurons; hence, patients with long-term

AUD have smaller volumes of white matter and gray matter
than age-matched controls. Besides, alcohol causes adverse
effect on the prefrontal cortex and cerebellum. The current
diagnosis of AUD mainly relies on manual observation
based on brain images. However, due to mild symptoms, the
radiologists may miss the slight shrinkage of AUD brains
and be unable to identify it at an early stage. It is necessary
to create an efficient approach that can monitor the patient
brain via magnetic resonance imaging (MRI) and provide
automatic, early diagnosis.

Over the last decades, computer-vision-based techniques
have been proposed for automatically detecting changes on
brain structure for brain related disease diagnosis based on
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Table 1: Demographic characteristics.

Alcoholic Nonalcoholic
Women (56) Men (58) Women (62) Men (59)

Age (y) 59.0 + 8.0 56.5 + 8.9 56.9 + 8.4 55.3 + 7.9
Education (y) 9.9 + 1.9 9.3 + 1.6 9.6 + 2.4 9.3 + 2.5
DHD (y) 13.2 + 3.5 19.6 + 5.4 0.0 ± 0.0 0.0 ± 0.0
DDE (grams/d) 197.6 + 62.1 300.7 + 92.1 6.8 + 4.7 4.9 + 3.8
LOS (y) 9.8 + 5.1 6.7 + 3.4 - -
AUDIT 25.1 + 4.2 25.4 + 4.9 1.5 + 2.0 1.6 + 2.2
(DDE, daily drinks of ethanol; DHD, duration of heavy drinking; AUDIT, alcohol use disorders identification test; LOS, length of sobriety).

MRI scans. Nayak et al. (2016) [1] presented a brain image
classification algorithm based on random forest. Alweshah
andAbdullah (2015) [2] hybridized firefly algorithm (FA) and
probabilistic neural network (PNN).They used the proposed
method for detecting changes in the brain. Lv and Hou [3]
proposed an improved particle swarm optimization (IPSO)
to detect alcoholism in MRI scanning. Monnig (2012) [4]
suggested detecting white matter atrophy in neuroimaging
of AUD. Yang (2017) [5] combined Hu moment invariant
(HMI) and support vector machine (SVM) for pathological
brain detection. Jiang and Zhu (2017) [6] explored the
method using pseudo Zernike moment (PZM). Lv and Sui
(2017) [7] used data augmentation technique for alcoholism
detection.

Although several of the above methods were developed
for pathological brain detection, they can be easily trans-
ferred and applied to alcoholism detection. Nevertheless,
these methods suffer from several common problems: first,
approaches that do not take into account expressions of
complexity of the brain structure do not exhibit good perfor-
mance in AUD. Second, the training algorithms of existing
classifiers may fall into local optimal and it is difficult to
optimize the hyperparameters (e.g., the number of hidden
neurons in a feedforward neural network) of the classifiers
[8].

To address the above problems, we propose in this
study a novel identification method of alcoholic use disor-
der. Our contributions include the following: (1) a novel
feature extraction method—wavelet Renyi entropy, which
can describe the complexity of brain structure at multiple
scales—and (2) an improved Jaya algorithm to train a feedfor-
ward neural network, which can optimize the weights, biases,
and the number of hidden neurons simultaneously. Our
training algorithm does not need to set algorithm-specific
parameters.

The rest of this paper is organized as follows: Section 2
describes the subjects, scan protocol, and slice selection
method. Section 3 presents the proposed feature extraction
method—wavelet Renyi entropy. Section 4 describes the
classifier construction and the proposed training algorithm:
three-segment encoded Jaya algorithm. Section 5 provides
the implementation procedure and the evaluation method.
Besides, we show how to use grid search to optimize the
parameters of wavelet Renyi entropy. The results and dis-
cussions are presented in Section 6. Section 7 concludes the
work.

2. Materials

2.1. Subjects. The subjects went through a medical history
interview to guarantee they met the inclusion criteria. Those
qualified applicants received the computerized diagnostic
interview schedule version IV, which ascertains the presence
or absence of major psychiatric disorders. Applicants were
excluded if mandarin was not their first language, if they
were left-handed, or if they had HIV, epilepsy, and stroke;
Wernicke–Korsakoff syndrome; bipolar disorder; cirrhosis or
liver failure or seizures unrelated to alcoholism, head injury
with loss of consciousness more than 15 minutes unrelated
to alcoholism, depression, schizophrenia, and other psychotic
disorders.

Finally, we enrolled 114 abstinent long-term chronic
alcoholic participants (58 men and 56 women) and 121
nonalcoholic control participants (59 men and 62 women).
Participants were enrolled through flyers posted in Jiangsu
Province Hospital, Nanjing Children’s Hospital, and Nanjing
Brain Hospital, as well as the Internet-based advertisements.
The data collection lasted for a total of three years. The
research was approved by the Institutional Review Board of
the participating hospitals. Informed consent was obtained
from each participant.

The 235 participants were tested by the “Alcohol Use
Disorder Identification Test (AUDIT)” [9]. The unit “ounce”
was transformed to “gram,” since the former is not widely
identified in China. Their demographic characteristics are
shown in Table 1. In this study, we only focus on the structural
imaging data.

2.2. Scan Protocol. All 235 subjects lied down as still as possi-
ble, with their eyes closed and remaining conscious. Scanning
was implemented by a Siemens Verio Tim 3.0T MR scanner
(Siemens Medical Solutions, Erlangen, Germany). In total,
216 sagittal slices covering the whole brain were acquired,
using an MP-RAGE sequence. The imaging parameters were
listed as follows: slice thickness = 0.8mm, TE = 2.50ms, TR =
2000ms, TI = 900ms, FA= 9∘, matrix = 256× 256, and FOV=
256mm × 256mm. The acquired image was 16-bit gray level
depth, and we reduced it to 8-bit gray level depth, since the
alcoholism alters the structure of healthy brain and it does
not change the gray level of brain images. Besides, 8-bit gray
level provides enough information, so it is unnecessary to use
16-bit gray level images.
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(a) (b)

Figure 1: Slice examples between (a) a nonalcoholic brain and (b) an alcoholic brain.

2.3. Slice Selection. We used FMRIB software library (FSL)
v5.0 software [16, 17] to extract brain and remove skulls
for each scanned 3D image. All the volumetric images were
normalized to a standard MNI template. Afterwards, we
resampled each image to 2mm isotropic voxel. The slice at𝑍 = 80 (8mm) at MNI 152 coordinate, which is an average of
152 T1-weighted MRI scans linearly transformed to Talairach
space, was chosen for each patient. The reason for selecting
the 80th slice is that it contains the two distinguishing features
of alcoholic patients: (i) the enlarged ventricle and (ii) the
shrunk gray matter, for example, the precentral gyrus [18],
inferior frontal gyrus [19], and middle temporal gyrus [20].
Figure 1 shows the clear difference between the alcoholic and
healthy samples.

Afterwards, the background was cropped, leaving a rect-
anglematrixwith size of 176× 176 for the subsequent classifier
training. The datasets used in this study are available upon
request.

3. The Proposed Feature Extraction Method

To extract distinctive features, this study proposed a new
wavelet Renyi entropy (WRE), which combines discrete
wavelet transform and Renyi entropy in order to describe the
complexity of the brain structure.Thewavelet decomposition
provides multiresolution and multiscale analysis, while the
Renyi entropy provides the complexity description of the
wavelet subbands of brain structure.

3.1. Wavelet Decomposition. For a specific signal/image,
the discrete wavelet transform (DWT) transforms the sig-
nal/image to the wavelet domain. It performs the transforma-
tion at multiple levels, by delivering the previous approxima-
tion subband to the quadrature mirror filters (abbreviated as
QMF) [21]. Compared to traditional Fourier transform,DWT
has the key advantage of temporal/spatial resolution.

Let 𝑞(𝑡) be a given one-dimensional signal, and the
continuous wavelet transform of 𝑞(𝑡) is depicted as

𝑂𝜓 (𝑓𝑠, 𝑓𝑡) = ∫∞
−∞
𝑞 (𝑡) × 𝜓 (𝑡 | 𝑓𝑠, 𝑓𝑡) 𝑑𝑡, (1)

where 𝑂 represents the coefficients and 𝜓(𝑡) the mother
wavelet. 𝜓(𝑡 | 𝑓𝑠, 𝑓𝑡) is defined as

𝜓 (𝑡 | 𝑓𝑠, 𝑓𝑡) = 1
√𝑓𝑠𝜓(

𝑡 − 𝑓𝑡𝑓𝑠 ) . (2)

Here, 𝑓𝑠 represents the scale factor and 𝑓𝑡 the translation
factor (both 𝑓𝑠 and 𝑓𝑡 > 0). Formula (1) can be discretized
by replacing 𝑓𝑠 and 𝑓𝑡 to discrete variables 𝑎 and 𝑏.

𝑓𝑠 = 2𝑎
𝑓𝑡 = 𝑏 × 2𝑎, (3)

where the parameters 𝑎 and 𝑏 represent the values of scale
and translation factors, respectively. By this means, we can
produce the DWT as

𝐿 (𝑛 | 𝑎, 𝑏) =↓ (∑
𝑛

𝑞 (𝑛) × 𝑙∗𝑎 (𝑛 − 2𝑎𝑏))
𝐺 (𝑛 | 𝑎, 𝑏) =↓ (∑

𝑛

𝑞 (𝑛) × 𝑔∗𝑎 (𝑛 − 2𝑎𝑏)) .
(4)

Here, 𝑛 means the discrete version of variable 𝑡. ↓ means
the downsampling. The functions 𝑙(𝑛) and 𝑔(𝑛) represent
the low-pass filter and high-pass filter, respectively. 𝐿 and 𝐺
represent the approximation subband and the detail subband,
respectively.

For a two-dimensional DWT (abbreviated as 2D-DWT)
[22], suppose the image is symbolized as 𝑞(𝑚, 𝑛), and there
are four subbands in all after each decomposition (𝐴, 𝐻,𝑉, and 𝐷), shown in Figure 2. The subband 𝐴 is the
approximation component of original image. Subbands𝐻,𝑉,
and 𝐷 represent horizontal, vertical, and diagonal position,
respectively. 𝐴 will be decomposed into four new subbands
at a higher level, to produce corresponding higher-level sub-
bands.
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Step 1 Input a given brain image𝑋.
Step 2 Perform a 𝑘-level wavelet decomposition, and obtained (3𝑘 + 1) subbands.
Step 3 For 𝑖 = 1: 3𝑘 + 1

Get the 256-bin histogram of the 𝑖th subband wavelet coefficients;
Obtain Renyi entropy with order of 𝛼 over the histogram.

End
Step 4 Output the catenation of all Renyi entropy values of all subbands.

Pseudocode 1: Pseudocode of wavelet Renyi entropy.

s(m, n)

A H V D

A H V D

Level 1

Level 2

A H V D Level 3

Figure 2: Pipeline of 2D-DWT.

3.2. Renyi Entropy. Each subband of wavelet decomposition
can be regarded as a discrete variable 𝑋. Suppose 𝑋 has
possible outcomes as

𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛} . (5)

Suppose the corresponding probability is defined as

𝑝𝑖 = Pr (𝑋 = 𝑥𝑖) . (6)

The 𝛼-order Renyi entropy is defined as [23]

𝐻𝛼 (𝑋) = 11 − 𝛼 log( 𝑛∑
𝑖=1

𝑝𝛼𝑖 ) . (7)

The Renyi entropy is Schur-concave and it is a nonincreasing
function in 𝛼. In some special cases, the Renyi entropy will
turn to other types of entropies. For instance,𝐻0(𝑋) is called
Hartley entropy, 𝐻1(𝑋) is Shannon entropy, and 𝐻∞(𝑋) is
the min-entropy [24].

Suppose we have a binary random variable 𝑋 with 𝑃 =[𝑝1, 𝑝2], where 𝑝2 = 1−𝑝1.The Renyi entropies with different𝛼-values against 𝑝1 are plotted in Figure 3. The concaveness
and the nonincreasing against 𝛼 properties are obvious from
this picture. Zero values are included, since this does not
affect the calculation of Renyi entropy.

3.3. Wavelet Renyi Entropy. In the past, scholars have pro-
posed the so-called “wavelet Renyi entropy.” Nevertheless,
our proposed WREs are different from traditional WREs.
First, traditional WREs are mainly for one-dimensional
signal, while ours are for two-dimensional image. Second,
traditional WREs calculate entropies over the approximation
subbands, while our method calculates entropies over both
approximation and detail subbands of wavelet coefficients.
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Figure 3: Renyi entropy with different 𝛼-values for a binary random
variable.

The pseudocode ofWRE is depicted in Pseudocode 1.The
bin number of wavelet coefficient histogram is set to 256 in
this study.

For a given image, our proposed WRE produced a(3𝑘 + 1)-element feature vector. Here, we choose the optimal
values of 𝛼 and 𝑘 by grid searching approach. The detailed
implementation is explained in Section 5.3.

4. The Classifier Construction Based on
a Feedforward Neural Network (FNN)
and Three-Segment Jaya

To train the classifier, we have proposed using a feedforward
neural network (FNN) and three-segment Jaya algorithm.
Scholars have used various classifiers in medical brain image
analysis, such as decision tree, support vector machine [25],
and naive Bayesian classifier. Nevertheless, the feedforward
neural network (FNN) won remarkable success, because of
the universal approximation theorem [26], which says the
following.

Suppose 𝜂 is a bounded and nonconstant continuous
function. Given any function 𝑓 and any small number 𝜀 > 0,
there exist an integer𝑁, real vectors 𝜔𝑖, and real constants 𝑐𝑖
and 𝑏𝑖, such that we have

𝐹 (𝑥) = 𝑁∑
𝑖=1

𝑐𝑖𝜂 (𝜔𝑇𝑖 𝑥 + 𝑏𝑖) , (8)
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Figure 4: Diagram of an FNN.

where 𝐹(𝑥) can be used as an approximation realization of
function 𝑓, which satisfies𝐹 (𝑥) − 𝑓 (𝑥) < 𝜀. (9)

However, the traditional FNN training algorithm is a
backpropagation (BP) gradient descent algorithm. The BP
and its variants often converge to local optimal points.Three-
segment encoded Jaya is introduced to address the problem.
In the following sections, we will detail each of the methods.

4.1. Structure of FNN. Structurally, the FNN include three
layers: (i) an input layer accepted the features; (ii) a hidden
layer contains hidden neurons; (iii) an output layer outputs
the scores of each class. Finally, the “argmax” function
predicts the class associated with the largest score. Figure 4
presents the diagram of FNN. The number of input neurons
is the same as the number of features extracted from brain
images, the number of output neurons is the same as the
number of classes, and the number of hidden neurons is
commonly obtained by hyperparameter optimization.

4.2. Jaya Algorithm. As mentioned earlier, the traditional
FNN training has an issue with global optimization; to
address this problem, a massive number of global optimiza-
tion algorithms were proposed and employed to train FNN,
particularly in the field of brain image classification. For
example, Hajimani et al. (2017) [11] designed a multiobjec-
tive genetic algorithm (MOGA) to detect cerebral vascular
accidents. Chen et al. (2017) [12] used particle swarm opti-
mization (PSO) to classify MRI brain tissues. Subramaniam
and Radhakrishnan (2016) [13] used bee colony optimization
(BCO) to classify brain cancer image. Raghtate and Salankar
(2015) [14] proposed a modified ant colony system (MACS)
to realize automatic brain MRI classification. Chen and Du
(2017) [15] proposed a real-coded biogeography-based opti-
mization (RCBBO) method for pathological brain detection.

Those algorithms make the classifier more robust than
BP; nevertheless, their own parameters need to be fine-
tuned, which causes the hyperparameter optimization prob-
lem. To overcome the limitation of existing optimization
approaches, Jaya as a powerful global optimization approach
has been introduced by Rao (2016) [27] as a benchmark
function for constrained and unconstrained problems. It is

Problem
modelling

Initialization: initialize CCPs

Identification: identify worst & best

Modification: adapt solutions

Is modified
better than previous?

Accept modified
Replace previous

Yes

Keep previous

No

Is termination criterion
satisfied?

Output the best solution
Yes

No

Figure 5: Diagram of Jaya algorithm.

an algorithm-specific parameter-free approach which has
been proven to be superior to state-of-the-art optimization
algorithms and has been successfully applied in thermal
performance optimization [28], photovoltaic model iden-
tification [29], cooling tower design [30], sensing period
adaptation [31], heat change optimization [32], and so forth.

Figure 5 shows the diagram of Jaya algorithm. Assume 𝑥,𝑦, and 𝑧 are the index of iteration, variable, and candidate.
Assume 𝑉(𝑥, 𝑦, 𝑧) means the 𝑦th variable of 𝑧th solution
candidate at 𝑥th step. Assume 𝑅(𝑥, 𝑦, 1) and 𝑅(𝑥, 𝑦, 2) are
two positive numbers in the range of [0, 1] and generated at
random.The modified candidate 𝑄(𝑥, 𝑦, 𝑧) is defined as

𝑄 (𝑥, 𝑦, 𝑧) = 𝑉 (𝑥, 𝑦, 𝑧) + 𝑅 (𝑥, 𝑦, 1)
× [𝑉 (𝑥, 𝑦, 𝑏) − 𝑉 (𝑥, 𝑦, 𝑧)]
− 𝑅 (𝑥, 𝑦, 2)
× [𝑉 (𝑥, 𝑦, 𝑎) − 𝑉 (𝑥, 𝑦, 𝑧)] ,

(10)
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where 𝑎 and 𝑏 denote the index of worst and best candidate
within the population:

𝑏 = arg min
𝑧

(𝑉 (𝑥, 𝑦, 𝑧))
𝑎 = arg max

𝑧
(𝑉 (𝑥, 𝑦, 𝑧)) . (11)

Hence, 𝑉(𝑥, 𝑦, 𝑎) and 𝑉(𝑥, 𝑦, 𝑏) denote the worst and best
value of 𝑦th variable at 𝑥th iteration.

The 2nd term “𝑅(𝑥, 𝑦, 1) × [𝑉(𝑥, 𝑦, 𝑏) − |𝑉(𝑥, 𝑦, 𝑧)|]” in
(10) represents that the candidate needs to move closer to the
best one.The 3rd term “−𝑅(𝑥, 𝑦, 2)×[𝑉(𝑥, 𝑦, 𝑎)−|𝑉(𝑥, 𝑦, 𝑧)|]”
in (10) represents that the candidate needs tomove away from
the worst candidate, noting the “−” symbol before 𝑅(𝑥, 𝑦, 2)
[33]. The updated candidate at iteration (𝑥 + 1) is written as

𝑉 (𝑥 + 1, 𝑦, 𝑧) = {{{
𝑄(𝑥, 𝑦, 𝑧)
𝑉 (𝑥, 𝑦, 𝑧) ,

if
{{{
ℎ [𝑁 (𝑥, 𝑦, 𝑧)] < ℎ [𝑉 (𝑥, 𝑦, 𝑧)]
ℎ [𝑁 (𝑥, 𝑦, 𝑧)] ≥ ℎ [𝑉 (𝑥, 𝑦, 𝑧)] ,

(12)

where ℎ represents the fitness function.
Equation (12) indicates that 𝑉(𝑥 + 1, 𝑦, 𝑧) is assigned

with 𝑄(𝑥, 𝑦, 𝑧) if the modified candidate 𝑄(𝑥, 𝑦, 𝑧) is better
in terms of fitness than 𝑉(𝑥, 𝑦, 𝑧); otherwise it is assigned
with 𝑉(𝑥, 𝑦, 𝑧). The algorithm iterates until the termination
criterion is satisfied. We set the termination criterion as
follows: either the algorithm reaches maximum iteration
epoch or the error does not reduce for five epochs.

4.3.Three-Segment Encoded Jaya. Theexisting Jaya algorithm
ismainly used to trainweights and biases of FNNas described
in Phillips (2017) [10]. However, we believe the number of
hidden neurons is also an important hyperparameter that
influences the classification performance of FNN. Hence,
we proposed a three-segment encoded Jaya algorithm (TSE-
Jaya), which aims to optimize theweights, biases, and number
of hidden neurons simultaneously. The candidate 𝑉(𝑥, 𝑦, 𝑧)
now contains three parts as

𝑉 (𝑥, 𝑦, 𝑧) = [𝑉1 (𝑥, 𝑦, 𝑧) 𝑉2 (𝑥, 𝑦, 𝑧) 𝑉3 (𝑥, 𝑦, 𝑧)] , (13)

where 𝑉()1, 𝑉()2, and 𝑉()3 represent extracting the first
part, second part, and third part of the solution candidate
representation.The first part encodes the weights, the second
part encodes the biases, and the third part encodes the
number of hidden neurons (NHN). The modified candidate
is defined consequently as

𝑄 (𝑥, 𝑦, 𝑧) = [𝑄1 (𝑥, 𝑦, 𝑧) 𝑄2 (𝑥, 𝑦, 𝑧) 𝑄3 (𝑥, 𝑦, 𝑧)] . (14)

The modification rule does not obey (10), and the new
modification rule is three-fold as follows:

𝑄1 (𝑥, 𝑦, 𝑧) = 𝑉1 (𝑥, 𝑦, 𝑧) + 𝑅 (𝑥, 𝑦, 1)
× [𝑉1 (𝑥, 𝑦, 𝑏) − 𝑉1 (𝑥, 𝑦, 𝑧)]

Other
folds

Training
FNN

Validation TSE-Jaya

Measure
at fold k

Labelled
brain

Cross validation

Trained
FNNFold k

Measure
at fold 1

Average

WRE

Performance

Test

Fold (k − 1)

Figure 6: The flowchart of the proposed method.

− 𝑅 (𝑥, 𝑦, 2)
× [𝑉1 (𝑥, 𝑦, 𝑎) − 𝑉1 (𝑥, 𝑦, 𝑧)]

𝑄2 (𝑥, 𝑦, 𝑧) = 𝑉2 (𝑥, 𝑦, 𝑧) + 𝑆 (𝑥, 𝑦, 1)
× [𝑉2 (𝑥, 𝑦, 𝑏) − 𝑉2 (𝑥, 𝑦, 𝑧)]
− 𝑆 (𝑥, 𝑦, 2)
× [𝑉2 (𝑥, 𝑦, 𝑎) − 𝑉2 (𝑥, 𝑦, 𝑧)]

𝑄3 (𝑥, 𝑦, 𝑧) = 𝑉3 (𝑥, 𝑦, 𝑧) + 𝑇 (𝑥, 𝑦, 1)
× [𝑉3 (𝑥, 𝑦, 𝑏) − 𝑉3 (𝑥, 𝑦, 𝑧)]
− 𝑇 (𝑥, 𝑦, 2)
× [𝑉3 (𝑥, 𝑦, 𝑎) − 𝑉3 (𝑥, 𝑦, 𝑧)] ,

(15)

where 𝑆 and 𝑇 are two random positive numbers, similar to
variable 𝑅. Other procedures are the same as those in Jaya
algorithm.

5. Implementation and Evaluation

5.1. Cross Validation Based Implementation. Figure 6 presents
the flowchart of ourmethod. Here, the 𝑘-fold cross validation
method [34] was used in order to avoid overfitting and report
out-of-sample errors. We divide the whole dataset 10-fold. In𝑘th trial, (𝑘−1)th fold is used as validation, 𝑘th fold is used as
test, and other folds are used as training.The training iterates
until the accuracy over validation (𝑎V) set increases for five
continuous epochs. For a clear understanding, we plotted a
toy example in Figure 7. Here, at epoch 6, the validation error
reaches the minimum. Then, from the 6th to 11th epoch, we
can observe the validation increases although the training
error decreases, which indicates an overfitting occurs. Hence,
we should select the weights corresponding to the 6th epoch.
The goal of 𝑘-fold cross validation in this study is to avoid
overfitting.
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Table 2: Grid searching of hyperparameters.

Grid searching Implementation
Wavelet decomposition level 𝑘 Search [1, 2, 3, 4, 5] and obtain the best level 𝑘∗
Order 𝛼 of Renyi entropy Step 1. Search [0, 1, 2, . . . , 6] and obtain the best candidate 𝑐

Step 2. Search [𝑐 − 0.5, 𝑐 − 0.4, . . . , 𝑐 + 0.4, 𝑐 + 0.5] and obtain the best order 𝛼∗

Training
Validation
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Figure 7: A toy example explaining the effect of validation set.

After the training terminates, the measure over the test
set is recorded. Finally, all the measures over all test sets of all
trials are averaged, and the final classification performance
was calculated. The ideal confusion matrix of one time of 10-
fold cross validation is

𝐼 (𝑓 = 10, 𝑡 = 1) = [114 0
0 121] , (16)

where 𝐼 means the ideal confusion matrix, 𝑓 the number of
folds, and 𝑡 the number of repetitions. In this study, we run
the 10-fold cross validation 10 times, and the ideal confusion
matrix is

𝐼 (𝑓 = 10, 𝑡 = 10) = [1140 0
0 1210] . (17)

5.2. Evaluation. The evaluation was performed on the realis-
tic confusion matrix of 10 × 10-fold cross validation. Suppose
the positive class is alcoholism, and the negative class is
the control. We can define true positive (TP) as alcoholism
correctly identified, true negative (TN) as control correctly
identified, false positive (FP) as control mispredicted as alco-
holism, and false negative (FN) as alcoholismmispredicted as
control. Finally, we define three measures: sensitivity (Sen),
specificity (Spc), and accuracy (Acc).

Sen = TP
TP + FN

Spc = TN
TN + FP

Acc = TP + TN
TP + TN + FP + FN .

(18)

5.3. Grid Searching. In the grid searching, the criterion uses
the “accuracy (Acc)” measure defined above. The implemen-
tation is explained in Table 2. Forwavelet decomposition level𝑘, a simple grid searching from 1 to 5 with an increase of 1 was
used, since 𝑘 should be an integer.

𝑘∗ = arg max
[1,2,...,5]

(Acc) . (19)

For the order 𝛼 of Renyi entropy, a coarse-to-fine search-
ing strategy was used. First, a coarse grid was set from 0 to 6
with an increase of 1, and we obtained the coarse candidate 𝑐.

𝑐 = arg max
[0,1,...,6]

(Acc) . (20)

Then, a fine grid was set from 𝑐−0.5 to 𝑐+0.5with an increase
of 0.1, and the optimal order 𝛼∗ is obtained as

𝛼∗ = arg max
[𝑐−0.5,𝑐−0.4,...,𝑐+0.5]

(Acc) . (21)

6. Results and Discussions

Our programs were developed in-house. The experiment ran
on the platform of Dell laptop with 2.20GHz Intel Core i7-
4702HQ CPU and 16GB RAM. The operating system was
Windows 10.MATLAB 2017a is the programing development
environment.

6.1. Statistical Analysis. The cross validation divides the
dataset into 10 sets. In each run, the number of sets resulting
from the division is different. We set the wavelet decom-
position level as 4 and Renyi 𝛼-value as 1.2. The maximum
iterative epoch is set as 1000, and the population in Jaya
algorithm is set to 20.The sensitivity, specificity, and accuracy
of our method are listed in Tables 3, 4, and 5, respectively. We
can observe our proposed method achieved a sensitivity of93.60 ± 1.55%, a specificity of 93.72 ± 1.42%, and an accuracy
of 93.66 ± 1.23%.

6.2. Comparison to State-of-the-Art Approaches. We com-
pared this proposed method “WMI + FNN + TSE-Jaya” with
four state-of-the-art approaches: FA+PNN[2], IPSOmethod
[3], HMI + SVM [5], and PZM [6]. All the algorithms were
run over a 10 × 10-fold cross validation over our dataset. The
results of 10 × 10-fold cross validation of four state-of-the-art
methods are shown in Table 6. Finally, the comparison result
is presented in Table 7.

6.3. Optimal Wavelet Decomposition Level. In this experi-
ment, we fixed the Renyi order 𝛼 to 1.2 and let the wavelet
decomposition level change from 1 to 5 with increase of 1.The
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Table 3: Sensitivity of the proposed method (unit: %).

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 Total
R1 100.00 90.91 100.00 81.82 100.00 83.33 100.00 100.00 100.00 90.91 94.74
R2 100.00 100.00 100.00 91.67 100.00 72.73 72.73 100.00 100.00 100.00 93.86
R3 100.00 100.00 90.91 100.00 100.00 100.00 91.67 100.00 81.82 91.67 95.61
R4 100.00 90.91 81.82 90.91 75.00 100.00 100.00 100.00 100.00 90.91 92.98
R5 100.00 81.82 100.00 100.00 100.00 100.00 63.64 90.91 90.91 91.67 92.11
R6 100.00 100.00 100.00 100.00 100.00 90.91 72.73 66.67 100.00 91.67 92.11
R7 100.00 83.33 90.91 90.91 90.91 81.82 91.67 100.00 100.00 100.00 92.98
R8 91.67 100.00 91.67 100.00 90.91 90.91 100.00 90.91 100.00 90.91 94.74
R9 90.91 100.00 100.00 100.00 100.00 90.91 90.91 91.67 100.00 91.67 95.61
R10 100.00 90.91 91.67 81.82 100.00 90.91 90.91 83.33 90.91 91.67 91.23
Avr 93.60 ± 1.55
(F, fold; R, run).

Table 4: Specificity of the proposed method (unit: %).

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 Total
R1 100.00 100.00 100.00 100.00 100.00 100.00 83.33 91.67 91.67 91.67 95.87
R2 100.00 91.67 100.00 83.33 100.00 100.00 91.67 84.62 100.00 91.67 94.21
R3 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 75.00 66.67 94.21
R4 91.67 91.67 100.00 92.31 83.33 100.00 100.00 91.67 66.67 100.00 91.74
R5 91.67 83.33 100.00 91.67 91.67 92.31 100.00 83.33 100.00 91.67 92.56
R6 100.00 66.67 84.62 100.00 100.00 100.00 100.00 83.33 100.00 100.00 93.39
R7 91.67 100.00 83.33 100.00 83.33 100.00 100.00 100.00 100.00 91.67 95.04
R8 100.00 91.67 83.33 100.00 75.00 100.00 100.00 100.00 75.00 91.67 91.74
R9 100.00 100.00 100.00 100.00 91.67 100.00 83.33 100.00 100.00 75.00 95.04
R10 83.33 100.00 91.67 83.33 100.00 91.67 100.00 84.62 100.00 100.00 93.39
Avr 93.72 ± 1.42
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Figure 8: Choosing the optimal wavelet decomposition level.

corresponding accuracy varied as shown in Figure 8. Here,
the accuracy is 85.45%, 91.45%, 93.11%, 93.66%, and 87.96%
when decomposition level is 1, 2, 3, 4, and 5, respectively.
Obviously, the 4th-level decomposition yields the greatest
accuracy; hence, we chose the optimal decomposition level
as 4. The Renyi entropy was then calculated over all the
subbands of this 4-level wavelet decomposition.

Note that 3D-DWT is more straightforward than 2D-
DWT over a one particular slice. Nevertheless, our aim in
this study is to select a distinguishing slice, which is related
to brain regions affected by alcoholism, in order to reduce the
computation burden. In the future, we shall test the results of
3D-DWT.

6.4. Optimal Renyi Order. In this experiment, we shall
illustrate why we set the Renyi order 𝛼 as 1.2 by a coarse-to-
fine grid search. First, we search the coarse grid from 0 to 6
with an increase of 1. The result was shown in Figure 9(a),
and the value of 1 was selected as the initial point for fine grid
search. Second, the fine grid from0.5 to 1.5 with an increase of
0.1 was established, and the result was shown in Figure 9(b).
We can observe that 𝛼 = 1.2 can yield the greatest accuracy.

6.5. Effectiveness of Three-Segment Encoding. Our proposed
TSE-Jaya can train the weights, biases, and number of
hidden neurons (NHN) simultaneously. In this experiment,
we compare TSE-Jaya to plain Jaya algorithm [10], which
can only train the weights and biases of feedforward neural
network [10]; hence, we have to fix the number of hidden
neurons by experience. Here, we set NHN as 10 for plain Jaya
algorithm. The settings of other parameters were the same
as previous experiments. The results of 10 × 10-fold cross
validation of plain Jaya [10] are shown in Table 8, and the
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Table 5: Accuracy of the proposed method (unit: %).

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 Total
R1 100.00 95.65 100.00 91.30 100.00 91.67 91.30 95.83 95.83 91.30 95.32
R2 100.00 95.83 100.00 87.50 100.00 86.96 82.61 91.67 100.00 95.83 94.04
R3 100.00 100.00 95.65 100.00 100.00 100.00 95.83 100.00 78.26 79.17 94.89
R4 95.83 91.30 91.30 91.67 79.17 100.00 100.00 95.65 83.33 95.65 92.34
R5 95.65 82.61 100.00 95.83 95.83 95.83 82.61 86.96 95.65 91.67 92.34
R6 100.00 83.33 92.00 100.00 100.00 95.65 86.96 75.00 100.00 95.83 92.77
R7 95.65 91.67 86.96 95.65 86.96 91.30 96.00 100.00 100.00 95.65 94.04
R8 96.00 95.83 87.50 100.00 82.61 95.65 100.00 95.65 86.96 91.30 93.19
R9 95.65 100.00 100.00 100.00 95.65 95.65 86.96 95.83 100.00 83.33 95.32
R10 91.67 95.65 91.67 82.61 100.00 91.30 95.65 84.00 95.65 95.83 92.34
Avr 93.66 ± 1.23

Table 6: Results of 10 × 10-fold cross validation of four state-of-the-art methods.

FA + PNN [2] Sen Spc Acc IPSO [3] Sen Spc Acc
R1 86.84 86.78 86.81 R1 90.35 87.60 88.94
R2 83.33 90.08 86.81 R2 92.11 85.95 88.94
R3 84.21 87.60 85.96 R3 89.47 90.08 89.79
R4 90.35 85.12 87.66 R4 88.60 90.08 89.36
R5 87.72 84.30 85.96 R5 88.60 88.43 88.51
R6 84.21 86.78 85.53 R6 88.60 90.08 89.36
R7 81.58 91.74 86.81 R7 89.47 90.91 90.21
R8 86.84 87.60 87.23 R8 85.96 93.39 89.79
R9 85.09 86.78 85.96 R9 87.72 90.91 89.36
R10 87.72 85.95 86.81 R10 87.72 86.78 87.23
Avr 85.79 ± 2.58 87.27 ± 2.21 86.55 ± 0.67 Avr 88.86 ± 1.66 89.42 ± 2.23 89.15 ± 0.83
HMI + SVM [5] Sen Spc Acc PZM [6] Sen Spc Acc
R1 82.46 86.78 84.68 R1 87.72 86.78 87.23
R2 85.96 83.47 84.68 R2 87.72 87.60 87.66
R3 85.09 86.78 85.96 R3 85.09 90.91 88.09
R4 87.72 85.12 86.38 R4 85.96 86.78 86.38
R5 85.09 87.60 86.38 R5 85.96 85.95 85.96
R6 83.33 86.78 85.11 R6 89.47 87.60 88.51
R7 85.96 85.95 85.96 R7 85.09 83.47 84.26
R8 79.82 89.26 84.68 R8 85.96 88.43 87.23
R9 80.70 82.64 81.70 R9 85.96 85.95 85.96
R10 89.47 82.64 85.96 R10 83.33 86.78 85.11
Avr 84.56 ± 3.02 85.70 ± 2.21 85.15 ± 1.40 Avr 86.23 ± 1.71 87.02 ± 1.91 86.64 ± 1.35

comparison between Jaya [10] and our proposed TSE-Jaya is
shown in Table 9.

The superiority of proposed TSE-Jaya to plain Jaya [10]
is clear. This demonstrates the importance of choosing the
optimal number of hidden neurons, that is, that the variable
number of hidden neurons gives a better performance than
fixed number of hidden neurons, which is also validated by
Carleo and Troyer (2017) [35].

6.6. Training Algorithm Comparison. To demonstrate the
efficiency of the proposed algorithm, we have compared
the TSE-Jaya with a several global optimization algorithms
including MOGA [11], PSO [12], BCO [13], MACS [14],

and RCBBO [15]. All the settings of common controlling
parameters are the same: the maximum iterative epoch is set
as 1000, and the population in all algorithms is set to 20.
The algorithm-specific parameters of those four comparison
algorithms are assigned by experiences. The results of those
four training algorithms over 10 × 10-fold cross validation
are shown in Table 10, and the final comparison with our
proposed TSE-Jaya was shown in Table 11.

Table 11 shows that the proposed TSE-Jaya performed the
best among all six algorithms.The PSO [12] and RCBBO [15]
ranked the second and the third, with their accuracies over
than 90%. The BCO [13] ranked the fourth, the MACS [14]
ranked the fifth, and MOGA [11] performed the worst. The
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Table 7: Method comparison.

Alcoholism identification method Sensitivity Specificity Accuracy
FA + PNN [2] 85.79 ± 2.58 87.27 ± 2.21 86.55 ± 0.67
IPSO [3] 88.86 ± 1.66 89.42 ± 2.23 89.15 ± 0.83
HMI + SVM [5] 84.56 ± 3.02 85.70 ± 2.21 85.15 ± 1.40
PZM [6] 86.23 ± 1.71 87.02 ± 1.91 86.64 ± 1.35
WMI + FNN + TSE-Jaya (ours) 93.60 ± 1.55 93.72 ± 1.42 93.66 ± 1.23
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Figure 9: Choosing the optimal Renyi order by coarse-to-fine grid search.

Table 8: Results of 10 × 10-fold cross validation of plain Jaya
algorithm [10].

Jaya [10] Sen (%) Spc (%) Acc (%)
R1 92.11 92.56 92.34
R2 94.74 95.04 94.89
R3 87.72 93.39 90.64
R4 92.11 91.74 91.91
R5 94.74 91.74 93.19
R6 96.49 94.21 95.32
R7 89.47 95.04 92.34
R8 92.11 92.56 92.34
R9 92.11 90.91 91.49
R10 95.61 92.56 94.04

Table 9: Plain Jaya algorithm versus the proposed TSE-Jaya.

Method Sensitivity Specificity Accuracy
Jaya [10] 92.72 ± 2.74 92.98 ± 1.42 92.85 ± 1.50
TSE-Jaya (ours) 93.60 ± 1.55 93.72 ± 1.42 93.66 ± 1.23

reasons behind efficiency of the proposed approach can be
explained from two aspects: (i) The Jaya does not need to
set the algorithm-specific parameters,making itmore reliable
than other algorithms. (ii) The TSE guarantees the variable
number of hidden neurons at each run.

6.7. Validation of the Selected Slice. In this experiment, we
validated in terms of the classification performance the

selection of the 80th slice.We set a range of𝑍 increasing from
30 to 150 with an increment of 10 as shown in Figure 10.

Other settingswere the same as the previous experiments.
Again, 10 repetitions of 10-fold cross validation were utilized.
The curve of accuracy is drawn in Figure 11. It is observed that
the 80th slice gives the highest accuracy among all candidate
slices. The reason is that this slice contains the enlarged
ventricle and the shrunk gray matter caused by alcoholism.
On the contrary, hippocampus [36] and striatum [37] are
also related to alcoholism.Nevertheless, their altered volumes
are relatively small and hence do not provide an excellent
performance in this task.

In this case, the optimal slice could be in a position that
is vertical to 𝑥 or 𝑦-axes, or it can be even an oblique plane
to all three axes. Here, we choose a slice vertical to 𝑧-axis,
which is for the convenience of radiologists, since they usually
read the axial slices. In the future, we shall develop techniques
to handle multislices, and we may develop surface analysis
techniques [38].

7. Conclusions

In this study, we proposed a novel alcoholism identification
method from healthy controls based on a computer-vision
approach. Our method was based on three components:
the proposed wavelet Renyi entropy, feedforward neural
network, and the proposed three-segment encoded Jaya algo-
rithm. The experiments showed that our method achieved
a sensitivity of 93.60 ± 1.55%, a specificity of 93.72 ± 1.42,
and an accuracy of 93.66 ± 1.23 over a 10 × 10-fold cross
validation. The performance is superior to four state-of-the-
art alcoholism algorithms. We validated the optimal wavelet
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Table 10: Results of 10 × 10-fold cross validation of four training algorithms.

MOGA [11] Sen Spc Acc PSO [12] Sen Spc Acc
R1 78.07 75.21 76.60 R1 90.35 90.91 90.64
R2 76.32 79.34 77.87 R2 87.72 87.60 87.66
R3 72.81 77.69 75.32 R3 87.72 90.08 88.94
R4 75.44 77.69 76.60 R4 92.98 93.39 93.19
R5 76.32 76.86 76.60 R5 88.60 90.08 89.36
R6 75.44 75.21 75.32 R6 89.47 87.60 88.51
R7 78.95 80.99 80.00 R7 88.60 87.60 88.09
R8 76.32 73.55 74.89 R8 93.86 90.91 92.34
R9 73.68 81.82 77.87 R9 90.35 92.56 91.49
R10 79.82 80.17 80.00 R10 92.98 94.21 93.62
Avr 76.32 ± 2.19 77.85 ± 2.72 77.11 ± 1.83 Avr 90.26 ± 2.28 90.50 ± 2.41 90.38 ± 2.18
BCO [13] Sen Spc Acc MACS [14] Sen Spc Acc
R1 87.72 85.12 86.38 R1 84.21 85.95 85.11
R2 92.11 90.91 91.49 R2 86.84 89.26 88.09
R3 87.72 88.43 88.09 R3 81.58 85.95 83.83
R4 85.96 90.91 88.51 R4 84.21 79.34 81.70
R5 84.21 86.78 85.53 R5 80.70 83.47 82.13
R6 87.72 87.60 87.66 R6 82.46 85.12 83.83
R7 91.23 90.08 90.64 R7 83.33 84.30 83.83
R8 91.23 85.12 88.09 R8 84.21 86.78 85.53
R9 84.21 85.12 84.68 R9 86.84 86.78 86.81
R10 84.21 91.74 88.09 R10 88.60 86.78 87.66
Avr 87.63 ± 3.05 88.18 ± 2.61 87.91 ± 2.09 Avr 84.30 ± 2.50 85.37 ± 2.64 84.85 ± 2.19
RCBBO [15] Sen Spc Acc
R1 84.21 90.08 87.23
R2 88.60 90.91 89.79
R3 88.60 90.08 89.36
R4 93.86 93.39 93.62
R5 91.23 90.91 91.06
R6 92.11 93.39 92.77
R7 90.35 88.43 89.36
R8 91.23 90.08 90.64
R9 90.35 89.26 89.79
R10 88.60 87.60 88.09
Avr 89.91 ± 2.62 90.41 ± 1.88 90.17 ± 1.95

Table 11: FNN training algorithm comparison.

FNN training algorithm Sensitivity Specificity Accuracy Rank
MOGA [11] 76.32 ± 2.19 77.85 ± 2.72 77.11 ± 1.83 6
PSO [12] 90.26 ± 2.28 90.50 ± 2.41 90.38 ± 2.18 2
BCO [13] 87.63 ± 3.05 88.18 ± 2.61 87.91 ± 2.09 4
MACS [14] 84.30 ± 2.50 85.37 ± 2.64 84.85 ± 2.19 5
RCBBO [15] 89.91 ± 2.62 90.41 ± 1.88 90.17 ± 1.95 3
TSE-Jaya (ours) 93.60 ± 1.55 93.72 ± 1.42 93.66 ± 1.23 1

decomposition to be 4, and the optimal Renyi order was
1.2. Besides, comparing to the existing global optimization
approaches, the proposed three-segment encoded Jaya is
proven to provide a better performance than other methods
such as plain Jaya and another five training algorithms.

Finally, we validated the reason why we chose the 80th
slice.

The shortcomings of our method lie in two aspects. First,
our method needs to scan the whole brain and select the
80th slice at 𝑧-axis. Second, the wavelet Renyi entropy was
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Figure 10: Position of 𝑍-slice.
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Figure 11: Classification performance changes with slice index 𝑍.

extracted, but in the future we shall try to find more efficient
features.

In the future work, we will develop classifiers based on
multisource data, such as facial image, EEG, and spectrum
data. We shall explore the changes of functional connectivity
of alcoholism brain. Second, other image features, such as
histogram of oriented gradient, will be tested. Third, deep
learning methods will be tested.
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[23] N. Masi, “Rényi entropy for particle systems as an instrument
to enlarge the Boltzmannian concept of entropy: some holo-
graphic perspectives,” International Journal of Modern Physics
D: Gravitation, Astrophysics, Cosmology, vol. 26, no. 10, Article
ID 1750105, 11 pages, 2017.

[24] C. Y. Kee, S. G. Ponnambalam, and C. K. Loo, “Binary and
multi-class motor imagery using Renyi entropy for feature
extraction,”Neural Computing & Applications, vol. 28, no. 8, pp.
2051–2062, 2017.

[25] J. M. Gorriz and J. Ramı́rez, “Wavelet entropy and directed
acyclic graph support vector machine for detection of patients
with unilateral hearing loss,” Frontiers in Computational Neuro-
science, vol. 10, article 160, 2016.

[26] D. A. Winkler and T. C. Le, “Performance of deep and shallow
neural networks, the universal approximation theorem activity

cliffs, and QSAR,”Molecular Informatics, vol. 36, no. 11, Article
ID 1781141, 2017.

[27] R. V. Rao, “Jaya: a simple and new optimization algorithm for
solving constrained and unconstrained optimization problems,”
International Journal of Industrial Engineering Computations,
vol. 7, no. 1, pp. 19–34, 2016.
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The most common approach to assess the dynamical complexity of a time series across multiple temporal scales makes use of
the multiscale entropy (MSE) and refined MSE (RMSE) measures. In spite of their popularity, MSE and RMSE lack an analytical
framework allowing their calculation for known dynamic processes and cannot be reliably computed over short time series. To
overcome these limitations, we propose a method to assess RMSE for autoregressive (AR) stochastic processes. The method makes
use of linear state-space (SS) models to provide the multiscale parametric representation of an AR process observed at different
time scales and exploits the SS parameters to quantify analytically the complexity of the process. The resulting linear MSE (LMSE)
measure is first tested in simulations, both theoretically to relate the multiscale complexity of AR processes to their dynamical
properties and over short process realizations to assess its computational reliability in comparison with RMSE. Then, it is applied
to the time series of heart period, arterial pressure, and respiration measured for healthy subjects monitored in resting conditions
and during physiological stress.This application to short-term cardiovascular variability documents that LMSE can describe better
than RMSE the activity of physiological mechanisms producing biological oscillations at different temporal scales.

1. Introduction

An intrinsic feature of almost all physiological systems, which
is clearly visible in the time course of the variables measured
from these systems, is their dynamical complexity. It is indeed
widely acknowledged that physiological systems such as the
brain, the cardiovascular system, and the muscular system
produce output signals that exhibit highly complex dynamics,
resulting from the combined activity of several mechanisms
of physiological regulationwhich are coupled with each other
through structural and functional pathways [1–4]. Since these
multiple and simultaneously active mechanisms typically
operate acrossmultiple temporal scales, a surge of interest has
emerged in the last two decades in computational methods

able to connect the complexity of a dynamic oscillation to its
temporal scale. The research in this context has been driven
by the work of Costa et al. [5], who introduced multiscale
entropy (MSE) as ameasure of the complexity of a time series
evaluated as a function of the time scale at which the series is
observed. Since its introduction, MSE has been successfully
employed in several fields of science [6], becoming a prevail-
ing method to quantify the complexity of biomedical time
series [7, 8] and gaining particular popularity in the analysis
of brain [9, 10] and cardiovascular variability [11, 12] signals.

In spite of its acknowledged usefulness, MSE has been
shown to present some shortcomings which have led many
authors to propose improvements and modifications of the
original algorithm [6]. The main problems identified in the
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original MSE formulation are related to both its defining
algorithmic steps, the rescaling procedure that changes the
temporal scale of the observed series progressively filtering
out the shorter scales and keeping the longer ones, and the
computation of the entropy rate of the rescaled time series
performed by means of the sample entropy (SampEn) metric
[13]. Specifically, it has been reported [11, 14] that the rescaling
procedure makes use of a suboptimal low-pass filter (i.e., an
averaging filter) which cannot prevent aliasing and that the
progressive application of SampEn employs a badly designed
coarse-graining stepwhichmakesMSE artificially decrease as
a function of the time scale. These problems were overcome
by the introduction of the so-called refined MSE (RMSE)
[11], which exploits well-designed procedures for low-pass
filtering and coarse graining.

Even thoughRMSE and other refinements and extensions
[6] have improved the performance and widened the appli-
cability of this methodology, some limitations still remain
which hamper a full exploitation of the concept underlying
MSE.Themain limitation is in the fact thatMSE requires long
time series to be reliably computed: as any nonparametric
entropy estimator, the SampEn is highly data-demanding,
and the issue is exacerbated at increasing time scales where
the rescaled signals get progressively shorter. This issue is
only partly addressed by versions of MSE that intensify the
number of patterns over which SampEn is calculated [15, 16],
because the problem ultimately stands in the lower number
of cycles of the slowest oscillations that are available for
a given data length. Another limitation is in the fact that
the length of the temporal scales which can be explored is
usually expressed in number of samples and is restricted to
integer values, thus limiting the possibility of fine-tuning the
elimination of the fast temporal scales. These issues strongly
limit the applicability of MSE or RMSE to short biomedical
time series, such as those typically considered in short-term
cardiovascular variability, where the dynamics of interest are
deployed over a few minutes (∼300 samples) [17]. Moreover,
in this applicative context fine-tuning of the filtering process
is fundamental to elicit changes in complexity related to the
oscillatory rhythms typically observed in cardiovascular vari-
ability, that is, low-frequency (LF, from 0.04Hz to 0.15Hz)
and high-frequency (HF, from 0.15Hz to 0.5Hz) oscillations
[18, 19]. A further issue with existing MSE techniques is the
lack of theoretical procedures to derive exact values of the
multiscale complexity for known dynamical processes which
one can study analytically and can fully control; though being
theoretical, this issue has practical implications as analytical
methods would allow one to assess the estimation bias of
existing MSE measures.

The present study introduces a new approach for the
evaluation ofmultiscale complexity that is explicitly designed
to address the limitations of existingMSEmethods described
above. The approach builds on recent theoretical advances
providing exact techniques for the analytical computation of
information-theoretic measures, including entropy rates, for
linear autoregressive (AR) stochastic processes [20–23]. The
key steps of the derivation of the new measure of multiscale
complexity, which we denote as linear MSE (LMSE), are the
closed-form representation of filtered and downsampled AR

processes as state-space (SS) processes and the analytical
quantification of complexity from SS parameters. Following
these steps, we devise a procedurewhich allows an exact com-
putation of the refined version of MSE for linear processes,
starting from their AR parameters and from the desired scale
factor. Additionally, a technique to set the scale factor at any
rational number instead of an integer number is devised, thus
allowing the fine-tuning of the filtering step of MSE com-
putation. The proposed approach is tested on simulations of
linear stochastic processes, first in a theoretical analysis aimed
at relating multiscale complexity to the dynamical properties
of the process without the unavoidable errors connected
with estimation procedures and then in realizations of these
simulated processes generated to assess the computational
reliability of the LMSE compared with the traditional RMSE
estimator. Moreover, the comparative ability of LMSE and
RMSE in assessing the multiscale complexity of short-term
cardiovascular variability is assessed on the beat-to-beat time
series of the heart period, arterial pressure, and respiration
measured in a large group of healthy subjects resting in a
relaxed state and during two commonly studied conditions of
physiological stress, that is, postural stress and mental stress.

2. Approaches to Multiscale Entropy Analysis

2.1. Multiscale Entropy. Multiscale entropy (MSE), originally
proposed by Costa et al. [5], is a measure assessing the
complexity of a process across multiple temporal scales. Its
computation relies first on rescaling the observed process
(i.e., focusing on a specific range of temporal scales) and then
on assessing the dynamical complexity of the rescaled process
through the computation of its rate of entropy production.

Specifically, let us consider a discrete-time, stationary
stochastic process 𝑥 with zero mean and variance 𝜎2𝑥. Let
us further define 𝑥(𝑛) as the variable obtained sampling
the process at the discrete time 𝑛 and set an integer scale
factor 𝜏. The rescaling step is aimed at eliminating the fast
temporal scales and is performed applying the following
transformation to the original process 𝑥, which averages 𝜏
consecutive samples to yield the rescaled process 𝑥𝑑:

𝑥𝑑 (𝑛) = 1𝜏
𝜏−1

∑
𝑖=0

𝑥 (𝑛𝜏 − 𝑖) ; (1)

the rescaled process is denoted here as 𝑥𝑑 because it is a
downsampled version of the original process 𝑥; in fact, in (1)
one sample of the process 𝑥𝑑 is obtained by taking one sample
every 𝜏 values of the averaged version of 𝑥, where averaging
is performed over 𝜏 consecutive samples. The second part of
the procedure is implemented by calculating the conditional
entropy of the present state of the rescaled process, 𝑥𝑑(𝑛),
given its past states, 𝑥–𝑑(𝑛) = [𝑥𝑑(𝑛 − 1), 𝑥𝑑(𝑛 − 2), . . .]. In
MSE, this is accomplished approximating the past history of
the rescaled process with the finite-length pattern 𝑥𝑚𝑑 (𝑛) =[𝑥𝑑(𝑛 − 1), . . . , 𝑥𝑑(𝑛 − 𝑚)] and then on estimating the con-
ditional entropy by means of the Sample Entropy (SampEn)
metric [13]. SampEn is an estimate of the probability that
patterns which are detected as similar in the 𝑚-dimensional
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space remain similar also in the (𝑚 + 1)-dimensional space
when they are incremented with their future values, that
is, the probability that 𝑥𝑚+1𝑑 (𝑛1 + 1) and 𝑥𝑚+1𝑑 (𝑛2 + 1) are
similar given that 𝑥𝑚𝑑 (𝑛1) and 𝑥𝑚𝑑 (𝑛2) are similar; similarity is
assessed through a coarse-graining procedure which applies
the Heaviside step function with parameter 𝑟 on the distance
between patterns (i.e., 𝑟 is a threshold such that 𝑥𝑚𝑑 (𝑛1) and𝑥𝑚𝑑 (𝑛2) are similar if their distance in the 𝑚-dimensional
space is lower than 𝑟, where the distance is assessed using the
maximum norm).

The MSE measure resulting from the above procedure,
which we denote as 𝐶𝑥(𝜏), quantifies the dynamical com-
plexity of the original process 𝑥 observed at scale 𝜏. The free
parameters of the MSE estimator are the length 𝑚 of the
patterns used to approximate the past of the process and the
threshold 𝑟 that sets the similarity between patterns. In the
application of MSE, the pattern length is limited to a few
samples (typically, 𝑚 = 2), while the threshold distance is
a fraction of the standard deviation of the original process
(typically, 𝑟 = 0.2 ⋅ 𝜎𝑥).
2.2. Refined Multiscale Entropy. The original MSE formula-
tion suffers from twomain limitations: the suboptimal proce-
dure for elimination of the fast temporal scales implemented
by (1), which tends to introduce spurious oscillations in the
rescaled time series, and the fact that the threshold parameter
of the coarse graining is kept at a constant value for all time
scales, which brings about an artificial reduction of the MSE
values with increasing scales. Valencia et al. [11] proposed a
refined MSE (RMSE) measure that is aimed at overcoming
these limitations. The solution to the first limitation is based
on the rationale that the rescaling procedure actually consists
of two steps: a filtering stepwhich eliminates the fast temporal
scales from the original process and a downsampling step
that eliminates the redundancy introduced by the first step.
Accordingly, the filtering step was designed to limit as much
as possible the aliasing that can occur with the following
downsampling step.

In fact, the change of scale of a process x is performed first
applying a low-pass filter to obtain the filtered process 𝑥𝑓(𝑛)
and then reducing the sampling rate of the filtered process
to obtain the rescaled (downsampled) process xd(n). The two
steps yield, respectively, the processes

𝑥𝑓 (𝑛) =
𝑞

∑
𝑖=0

𝑏 (𝑖) 𝑥 (𝑛 − 𝑖) −
𝑟

∑
𝑗=1

𝑐 (𝑗) 𝑥𝑓 (𝑛 − 𝑗) , (2a)

𝑥𝑑 (𝑛) = 𝑥𝑓 (𝑛𝜏) , (2b)

where 𝑏(𝑖) and 𝑐(𝑗) are the filter coefficients and 𝑞 and 𝑟
are the filter orders. As it averages 𝜏 consecutive samples,
the original MSE formulation [5] implicitly applies a finite
impulse response (FIR) low-pass filter [24] of orders 𝑞 = 𝜏–1
and 𝑟 = 0 (the filter is nonrecursive) and with coefficients
𝑏(𝑖) = 1/𝜏 for each 𝑖 = 0, 1, . . . , 𝑞 = 𝜏–1; the cutoff frequency
of the filter is constrained to the value 𝑓𝜏 = 1/(2𝜏). To
improve elimination of the fast temporal scales and satisfy
the Shannon theorem in the subsequent downsampling

step, the RMSE approach implements an infinite impulse
response (IIR) avoiding ripples in the stop band; specifically,
a Butterworth filter [24] of order 𝑞 (with 𝑟 = 𝑞 − 1) is
implemented in which the coefficients 𝑏(𝑖) and 𝑐(𝑗) are set
to realize a low-pass implementation with cutoff frequency
𝑓𝜏 [11]. This choice brings also the advantage that since the
cutoff frequency𝑓𝜏 can take any real value, in RMSE the scale
factor 𝜏 = 1/(2𝑓𝜏) is not constrained to integer numbers as
inMSE; this allows filtering out the oscillatory components of
the original process with a better resolution before computing
the complexity of the rescaled process.

Besides the type of filter, another crucial difference exists
between the original and refined formulations of MSE.
Whereas in MSE the parameter 𝑟 is constant for all scale
factors, as it is set at a fraction of the standard deviation of the
original process (e.g., 𝑟 = 0.2 ⋅ 𝜎𝑥), in RMSE this parameter
is set at a fraction of the standard deviation of the rescaled
process (e.g., 𝑟 = 0.2 ⋅ 𝜎𝑥𝑑). This choice is meant to reduce
the dependence of the estimated conditional entropy on the
decrease of variance due to filtering. As a consequence of this
refinement, RMSEdoes not exhibit a tendency to declinewith
the time scale as a consequence of the inherent reduction of
the variance of the filtered process: for example, for a white
noise process MSE decreases with the time scale while RMSE
is constant.

2.3. Linear Multiscale Entropy. In this section we present a
method to assess themultiscale complexity of linear Gaussian
stochastic processes. The method is based on the fact that
if the variables obtained sampling the considered process
𝑥 have a joint Gaussian distribution, all the variability that
defines the entropy rate of the process is fully captured by
a linear autoregressive (AR) model [25]. Accordingly, let
us consider the linear AR representation of the process 𝑥,
defined as

𝑥 (𝑛) =
𝑝

∑
𝑘=1

𝑎 (𝑘) 𝑥 (𝑛 − 𝑘) + 𝑒 (𝑛) , (3)

where 𝑝 is the order of the process, 𝑎(𝑘), 𝑘 = 1, . . . , 𝑝,
are linear regression coefficients describing the interactions
between the process variables as a function of the lag 𝑘, and
𝑒(𝑛) is an innovation process with variance 𝜎2𝑒 . The process 𝑥
is fully described by the AR model (3) when the innovation
process e is formed by uncorrelated Gaussian variables.

Given the AR representation, the variance of the process
and of the innovations can be used to derive an information-
theoretic description of the statistical structure of the process
[26]. Specifically, the entropy of the process is related to its
variance by [27]

𝐻𝑥 = 12 ln 2𝜋𝑒𝜎
2
𝑥, (4)

and the entropy rate of the process, that is, the conditional
entropy of the present 𝑥(𝑛) given the past 𝑥–(𝑛) = [𝑥(𝑛 −
1), 𝑥(𝑛 − 2), . . .], is related to the variance of the innovations
by [28]

𝐻𝑥|𝑥− = 12 ln 2𝜋𝑒𝜎
2
𝑒 . (5)
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Then, (4) and (5) can be combined to provide a version
of the conditional entropy which quantifies the dynamical
complexity of the normalized process as

𝐶𝑥 = 𝐻𝑥|𝑥− − 𝐻𝑥 + 12 ln 2𝜋𝑒 =
1
2 ln 2𝜋𝑒

𝜎2𝑒
𝜎2𝑥 ; (6)

note that applying (6) corresponds to computing the condi-
tional entropy of the original process after normalizing it to
unit variance.

Now we turn to show how to compute analytically the
variance of the AR innovations after rescaling the original
process, in a way such that this variance can be used as in
(6) to assessmultiscale complexity. First, we perform a virtual
upsampling of the original process 𝑥, by setting an integer
upsampling factor 𝑠 and by defining the process

𝑥𝑢 (𝑛) =
𝑝𝑠∑
𝑘=1

𝑎𝑢 (𝑘) 𝑥𝑢 (𝑛 − 𝑘) + 𝑒𝑢 (𝑛) , (7)

where 𝑝𝑠 = 𝑝 ⋅ 𝑠 is the order of the upsampled process and
the coefficients 𝑎𝑢 are set to be a zero-padded version of the
original AR coefficients; that is, we set 𝑎𝑢(𝑙𝑠) = 𝑎(𝑙) for each𝑙 = 1, . . . , 𝑝 and 𝑎𝑢(𝑘) = 0 for each 𝑘 = 1, . . . , 𝑝𝑠, 𝑘 ̸= 𝑙𝑠. Note
that the innovations for the original and upsampled processes
are formally the same, that is, 𝜎2𝑒𝑢 = 𝜎2𝑒 . Then, we filter the
upsampled process using a linear FIR filter, that is, a filter
implemented as in (2a) with 𝑐(𝑗) = 0 for each 𝑗; with some
algebraic manipulation we find that, substituting (7) in (2a)
applied with 𝑟 = 0 and with 𝑥𝑢 in place of 𝑥, the filtered
representation of the upsampled process takes the form

𝑥𝑓 (𝑛) =
𝑝𝑠∑
𝑘=1

𝑎𝑢 (𝑘) 𝑥𝑓 (𝑛 − 𝑘) +
𝑞

∑
𝑖=0

𝑏 (𝑖) 𝑒𝑢 (𝑛 − 𝑖) . (8)

Equation (8) shows that the filtering step introduces a
moving average (MA) component in the original AR process,
transforming it into an ARMA process [21]. Then, we exploit
the connection between ARMA processes and state-space
(SS) processes [29] to evidence that the ARMA process (8)
can be expressed in an SS form as

𝑍𝑓 (𝑛 + 1) = A𝑓 ⋅ 𝑍𝑓 (𝑛) + 𝐾𝑓𝑒𝑓 (𝑛) ,
𝑥𝑓 (𝑛) = 𝐶𝑓 ⋅ 𝑍𝑓 (𝑛) + 𝑒𝑓 (𝑛) ,

(9)

where 𝑍𝑓(𝑛) = [𝑥𝑓(𝑛 − 1) ⋅ ⋅ ⋅ 𝑥𝑓(𝑛 − 𝑝𝑠)𝑢(𝑛 − 1) ⋅ ⋅ ⋅ 𝑢(𝑛 − 𝑞)]𝑇
is a (𝑝𝑠 + 𝑞)-dimensional state process, 𝑒𝑓(𝑛) is the scalar

SS innovation process defined as 𝑒𝑓(𝑛) = 𝑏(0)𝑒𝑢(𝑛), and the
vectors 𝐶𝑓 and𝐾𝑓 and the matrix A𝑓 are defined as

A𝑓

=

[[[[[[[[[[[[[[[[[[[
[

𝑎𝑢 (1) ⋅ ⋅ ⋅ 𝑎𝑢 (𝑝𝑠 − 1) 𝑎𝑢 (𝑝𝑠) 𝑏 (1) ⋅ ⋅ ⋅ 𝑏 (𝑞 − 1) 𝑏 (𝑞)
1 ⋅ ⋅ ⋅ 0 0 0 ⋅ ⋅ ⋅ 0 0
... d

... ... ... d
... ...

0 ⋅ ⋅ ⋅ 1 0 0 ⋅ ⋅ ⋅ 0 0
0 ⋅ ⋅ ⋅ 0 0 0 ⋅ ⋅ ⋅ 0 0
0 ⋅ ⋅ ⋅ 0 0 1 ⋅ ⋅ ⋅ 0 0
0 ⋅ ⋅ ⋅ 0 ... ... d

... ...
0 ⋅ ⋅ ⋅ 0 0 0 ⋅ ⋅ ⋅ 1 0

]]]]]]]]]]]]]]]]]]]
]

.

𝐾𝑓 =

[[[[[[[[[[[[[[[[[[[
[

1
0
...
0
𝑏 (0)
0
...
0

]]]]]]]]]]]]]]]]]]]
]

𝐶𝑓
= [𝑎𝑢 (1) ⋅ ⋅ ⋅ 𝑎𝑢 (𝑝𝑠 − 1) 𝑎𝑢 (𝑝𝑠) 𝑏 (1) ⋅ ⋅ ⋅ 𝑏 (𝑞 − 1) 𝑏 (𝑞)] .

(10)

Such a connection between ARMA and SS models allows
finding, through (10) and the relation 𝜎2𝑒𝑓 = 𝑏(0)2𝜎2𝑒𝑢 , the
parameters of the SS process descriptive of the process 𝑥𝑓.
Such a process is a filtered version of the upsampled process
𝑥𝑢, obtained passing 𝑥𝑢 through a FIR low-pass filter with
cutoff frequency equal to 𝑓𝜏 = 1/(2𝜏); therefore, since the
sampling frequency of the upsampled process 𝑥𝑢 is 𝑠 times
higher than that of the original process𝑥, the cutoff frequency
of the low-pass filter applied to 𝑥 for obtaining 𝑥𝑓 becomes
𝑓𝜏𝑠 = 𝑠/(2𝜏).

The next step of the procedure is to provide a representa-
tion for the downsampled process 𝑥𝑑, where downsampling
is applied to the filtered process 𝑥𝑓. To this end, we exploit
recent theoretical findings leading to an analytical derivation
of the parameters of the SS model which describes the down-
sampled process [20, 21, 30]. According to these findings, the
downsampled process 𝑥𝑑(𝑛) = 𝑥𝑓(𝑛𝜏) can be represented in
SS form involving a vector state process 𝑌 as

𝑌 (𝑛 + 1) = A𝑑 ⋅ 𝑌 (𝑛) + 𝑊 (𝑛)
𝑥𝑑 (𝑛) = 𝐶𝑑 ⋅ 𝑌 (𝑛) + V (𝑛) , (11)

where the parameters of the SS model (11) are the matrix A𝑑,
the vector 𝐶𝑑, the variance of the scalar noise process V(𝑛),𝜎2V , the covariance matrix of the vector state noise process
𝑊(𝑛), Σ𝑊, and the cross-covariance between V(𝑛) and𝑊(𝑛),
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Σ𝑊V. These parameters can be computed at scale 𝜏, in terms
of parameters previously obtained, as follows [20, 30]:

A𝑑 = (A𝑓)𝜏 ;
𝐶𝑑 = 𝐶𝑓;
𝜎2V = 𝜎2𝑒𝑓

Σ𝑊V = (A𝑓)𝜏−1𝐾𝑓𝜎2𝑒𝑓
Σ𝑊 (𝜏) = A𝑓Σ𝑊 (𝜏 − 1)A𝑓𝑇 + 𝜎2𝑒𝑓𝐾𝑓𝐾𝑓𝑇, 𝜏 ≥ 2
Σ𝑊 (𝜏) = 𝜎2𝑒𝑓𝐾𝑓𝐾𝑓𝑇, 𝜏 = 1.

(12)

Then, the SS model (11) can be transformed in a form similar
to that of (9) which evidences the innovations:

𝑍𝑑 (𝑛 + 1) = A𝑑 ⋅ 𝑍𝑑 (𝑛) + 𝐾𝑑𝑒𝑑 (𝑛) ,
𝑥𝑑 (𝑛) = 𝐶𝑑 ⋅ 𝑍𝑑 (𝑛) + 𝑒𝑑 (𝑛) ,

(13)

by solving a so-called discrete algebraic Riccati equation [20,
30]

P = A𝑑PA
𝑇
𝑑 + Σ𝑊 − (A𝑑P𝐶𝑑 + Σ𝑊V) (𝐶𝑑P𝐶𝑇𝑑 + 𝜎2V)−1

⋅ (𝐶𝑑PA𝑇𝑑 + Σ𝑇𝑊V)
(14)

applied to the parameters of the SS model (11), to complete
the derivation of the parameters of (13) as

𝜎2𝑒𝑑 = 𝐶𝑑P𝐶𝑇𝑑 + 𝜎2V

𝐾𝑑 = A𝑑P𝐶𝑇𝑑 + Σ𝑊V
𝜎2V .

(15)

Finally, the variance of the downsampled process can be com-
puted analytically solving a discrete-time Lyapunov equation
[20] as

Ω = A𝑑ΩA
𝑇
𝑑 + 𝜎2V𝐾𝑑𝐾𝑇𝑑

𝜎2𝑥𝑑 = 𝐶𝑑Ω𝐶𝑇𝑑 + 𝜎2V .
(16)

The derivations above allow computing analytically all
the parameters of the state-space process (see (13)) which
describes the filtered (see (9)) and downsampled (see (13))
versions of the upsampled process (see (7)), which in turn
can be analytically described starting from the original AR
process 𝑥 given by (3). Among these parameters, the relevant
ones for our purpose are the variance of the downsampled
process 𝑥𝑑 and that of the relevant innovations 𝑒𝑑, which are
used to compute the complexity of 𝑥𝑑 in analogy to (6), thus
obtaining our MSE measure:

𝐶𝑥 (𝜏𝑠) = 𝐶𝑥𝑑 = 12 ln 2𝜋𝑒
𝜎2𝑒𝑑
𝜎2𝑥𝑑

. (17)

Note that MSE measure defined in (17), which we denote
as linear MSE (LMSE), is relevant to a time scale given
by the rational number 𝜏𝑠 = 𝜏/𝑠, obtained setting integer
values for the scale factor 𝜏 and the upsampling factor 𝑠. As
this corresponds to applying to the original process a low-
pass filter with cutoff frequency 𝑓𝜏𝑠 = 1/(2𝜏𝑠), such cutoff
frequency can be arranged according to the value of 𝜏s in
order to provide fine-tuning of the filtering process.Moreover
we stress that since we filter the original process with a FIR
filter that prevents aliasing and we compute at each time the
complexity of the normalized process, our state-space MSE
measure follows the philosophy of the RMSE method rather
than that of the original MSE.

2.4. Practical Implementation and Applicability of LMSE and
RMSE. The proposed approach for multiscale complexity
analysis is implemented in the LMSE MATLAB� toolbox,
which includes the algorithms for computing LMSE and
RMSE for the simulated processes and exemplificative real-
izations of the cardiovascular data studied in this paper. The
toolbox is uploaded as supplementary material to this article
and is freely available for download fromhttp://www.lucafaes
.net/LMSE.html. The codes allow also nonexpert users to
implement multiscale complexity analysis without the need
to go deep into the mathematical details presented in the
previous subsections. Complexity is assessed at a given time
scale, after removing the faster temporal scales through
low-pass filtering, as the unpredictability of future values
of the time series given past observations. Unpredictability
is quantified either using a model-free estimation of the
conditional entropy (RMSE) or using a linear model (LMSE).
As we will see in the next two sections, the analytical
expressions underlying the computation of LMSE make this
measure much more reliable than RMSE in the presence of
short time series and long temporal scales. On the other hand,
one should bear in mind that the context of application for
LMSE is that of time series which are adequately represented
by linear stationary stochastic processes. Linear stochastic
processes are nondeterministic dynamic processes for which
the relation between samples can be described by linear
equations.The range of applicability of this simple generative
model for time series data is very broad, including time series
collected from many physical, biological, and social systems.
Nevertheless, if the observed system is supposed to generate
time series with strong nonlinear dynamics or significant
departures from the null hypothesis of Gaussianity of the
distribution are proven, the LMSE measure may capture
only partly the complexity of these time series; in such
a case the RMSE measure is a more appropriate choice.
Furthermore, the hypothesis of stationarity implies that the
statistical properties of the observed process (e.g., mean and
variance) do not vary across time. For time serieswith evident
nonstationary behaviors, the potential applicability of the
method here proposed to short time series allows its easy
adaptation to time-varying formulations.

3. Simulation Study

To investigate the theoretical profiles of the dynamical com-
plexity of a stochastic process as a function of the parameters

http://www.lucafaes.net/LMSE.html
http://www.lucafaes.net/LMSE.html
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determining its dynamics, as well as to assess the computa-
tional reliability of the proposed estimator of the refinedMSE,
in this section we consider a set of linear processes simulated
with varying oscillatory components, for which we compute
exact values ofMSE and compare LMSE and RMSE estimates
obtained from short process realizations.

3.1. Simulation Design. Simulations are designed considering
AR processes described by 𝑙 pairs of complex-conjugate poles
with assigned modulus 𝜌𝑖 and phase 𝜑𝑖 = 2𝜋𝑓𝑖, 𝑖 = 1, . . . , 𝑙
(the order of the process is 𝑝 = 2𝑙). Type 1 simulations are
designed with one pair of complex-conjugate poles (𝑙 = 1,
𝑝 = 2) according to two configurations: (a) fixing the pole
phase to 𝜑1 = 𝜋/5 (frequency 𝑓1 = 0.1Hz) and varying the
modulus in the range 𝜌1 = {0, 0.5, 0.8, 0.9}; (b) fixing the pole
modulus to 𝜌1 = 0.8 and varying the frequency in the range
𝑓1 = {0.1, 0.2, 0.3, 0.4}. Type 2 simulations are designed with
two pairs of complex-conjugate poles (𝑙 = 2,𝑝 = 4) according
to two configurations both with a fixed low-frequency pole
obtained setting 𝜌1 = 0.8 and 𝑓1 = 0.1; (c) fixing the phase
of the second pole to 𝜑2 = 𝜋/2 (frequency 𝑓2 = 0.25 Hz) and
varying the modulus in the range 𝜌2 = {0, 0.3, 0.6, 0.8}; (d)
fixing the modulus of the second pole to 𝜌2 = 0.8 and varying
the frequency in the range 𝑓2 = {0.15, 0.25, 0.3}. Type 1 sim-
ulations (configurations (a, b)) are set to study how the com-
plexity of a process with a single stochastic oscillatory com-
ponent varies with the amplitude and the frequency of such
component. Type 2 simulations (configurations (c, d)) are set
to study how the complexity of a process with two stochastic
oscillatory components varies with the mismatch in the
amplitude and in the frequency of these two components.

Given the configurations described above, first we
determine the theoretical values of the MSE using the
procedure described in Section 2.3. To this end, the
exact values of the AR coefficients are determined as the
coefficients of the polynomial with roots given by the poles
set in the complex plane as 𝑧𝑖 = 𝜌𝑖 ⋅ (cos𝜑𝑖 ± 𝑗 sin𝜑𝑖); these
coefficients, together with the innovation variance 𝜎2𝑒 = 1,
are set as parameters of the AR model of (3). From these
parameters, MSE values are computed for specific values of
the upsampling factor 𝑠 and the scale factor 𝜏, that is, (𝑠, 𝜏) =
{(1, 1), (8, 9), (4, 5), (7, 10), (3, 5), (5, 9), (1, 2), (8, 18), (2, 5),
(7, 20), (3, 10), (1, 4), (1, 5), (3, 20), (1, 10), (1, 20)}, chosen in
order to yield an approximately uniform range of values for
the cutoff frequency of the rescaling low-pass filter, that is,
𝑓𝜏𝑠 = 𝑠/(2𝜏) = {0.5, 0.444, 0.4, 0.35, 0.3, 0.278, 0.25, 0.222,
0.2, 0.175, 0.15, 0.125, 0.1, 0.075, 0.05, 0.025}; the filter order
is set to 𝑞 = 48.

After theoretical analysis, practical estimation of MSE
was performed choosing two representative cases of the
parameter setting for Type 1 simulation (𝜌1 = 0.8, 𝑓1 = 0.1)
and Type 2 simulation (𝜌1 = 0.8, 𝑓1 = 0.1; 𝜌2 = 0.8, 𝑓2 = 0.2),
generating for each case 100 realizations of the simulation
by feeding the model of (3) with realizations of 300 white
noise samples taken from the Gaussian distribution with zero
mean and unit variance and computing LMSE and RMSE
estimates. For each realization, LMSE was obtained through
the procedure described in Section 2.3, identifying an AR

model through the standard least squares method, setting the
model order according to the Bayesian Information Criterion
[31], and using a FIR low-pass filter of order 𝑞 = 48 [24];
RMSE was obtained through the procedure described in
Section 2.2 and using the parameters of [11], that is, filtering
the data with a Butterworth low-pass filter of order 𝑞 = 6
[24] and calculating SampEn with embedding and tolerance
parameters𝑚 = 2 and 𝑟 = 0.2 ⋅ �̂�𝑥𝑑 (�̂�𝑥𝑑 is the variance of the
downsampled signal).

3.2. Theoretical Analysis. Results of the theoretical analysis
are reported in Figure 1. As a general result, the complexity
of the simulated AR processes tends to increase at increasing
the time scale 𝜏𝑠 = 𝜏/𝑠 (i.e., at decreasing the cutoff frequency
of the low-pass filter applied to the original process, 𝑓𝜏𝑠 =1/(2𝜏𝑠) = 𝑠/(2𝜏)). This result is expected, because filter-
ing removes the oscillatory components that bring regular
dynamics to the signal, in a way such that when all stochastic
oscillations are removed the signal is left with no regular
dynamics and themaximumcomplexity level is achieved (i.e.,
𝐶𝑥 = 0.5 ln 2𝜋𝑒, corresponding to uncorrelated white noise).

Figures 1(a) and 1(b) report the exact values of MSE
computed for simulated stochastic processes featuring a
single oscillatory component. Generating oscillations with
fixed frequency and varying amplitude (Figure 1(a)), theMSE
of the process increases at decreasing the pole modulus,
documenting the higher complexity of stochastic oscillations
associated with poles with higher distance from the unit
circle in the complex plane [32]. Looking at the multiscale
behavior, MSE reaches its maximum value when the regular
component, oscillating at 𝑓1 = 0.1Hz in this example, is
completely removed by the filtering procedure; the slope
of the rise in complexity decreases with the pole modulus,
becoming zero for 𝜌1 = 0 when the process is a Gaussian
white noise without regular dynamics. The behavior of MSE
for oscillations with fixed amplitude (𝜌1 = 0.8) and varying
frequency is more complicated (Figure 1(b)). At scale one
(𝑓𝜏𝑠 = 0.5), the MSE is the same if the frequency of the
oscillatory dynamics, 𝑓1, has the same distance from half
the Nyquist frequency of 0.25Hz and decreases with such
a distance; the same symmetric behavior, with maximum
complexity at half the Nyquist frequency, was observed in
[33].Then, themultiscale behavior of the complexitymeasure
is related to the frequency of the stochastic oscillation in a
way such that faster oscillations are removedmore easily than
slower oscillations, and thusMSE reaches its higher values for
higher values of 𝑓𝜏𝑠 (see the trends of 𝑓1 = 0.4 versus 𝑓1 = 0.1
and 𝑓1 = 0.3 versus 𝑓1 = 0.2, in Figure 1(b)).

Figures 1(c) and 1(d) show the exact values of MSE com-
puted for simulated stochastic processes featuring two oscil-
latory components. Simulating the rise of a high-frequency
component in the presence of a stable low-frequency stochas-
tic oscillation (Figure 1(c), where 𝜌1 = 0.8, 𝑓1 = 0.1, and 𝜌2
increaseswith fixed𝑓2 = 0.25) determines an increase ofMSE
that is revealed across multiple temporal scales. Simulating
the progressive separation of stochastic oscillations within
a process (Figure 1(d), where 𝜌1 = 0.8, 𝑓1 = 0.1, and 𝑓2
increases with fixed 𝜌2 = 0.8) determines again an increase
of MSE across multiple scales. These results suggest that the
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Figure 1:Theoretical profiles of the multiscale entropy (MSE) computed applying the proposed approach to the true parameters of simulated
AR processes. Plots depict the exact values of MSE (𝐶𝑥(𝜏𝑠)) computed as a function of the cutoff frequency of the low-pass filter used to
eliminate the fast temporal scales of the process (𝑓𝜏𝑠 ) for different values of the modulus 𝜌1 (a) and of the frequency 𝑓1 (b) of the pole set
in Type 1 simulations, and for different values of the modulus 𝜌2 (c) and frequency 𝑓2 (d) of the second pole set in Type 2 simulations. The
multiscale complexity of AR processes increases with decreasing the amplitude (a) or moving the frequency of a single stochastic oscillation
closer to half the Nyquist frequency (b), as well as adding a second stochastic oscillation with increasing amplitude (c) or with increasing
frequency mismatch compared to the first one (d).

simultaneous presence of multiple oscillatory mechanisms
tends to produce more complex dynamics than in the case of
single mechanisms, with a complexity degree that increases
with the strength of the stochastic oscillations and with the
mismatch of their frequency.These findings are supported by
the results of recent studies [32, 33] and are observed over a
range of time scales that comprises the characteristic periods
of all oscillations.

3.3. Estimation Performance. Figure 2 reports the results of
the practical estimation of complexity over short realizations

of the simulations, performed using the refined approach
and the linear approach to MSE computation. For both
the parameter settings chosen to simulate an individual
stochastic oscillation (Figures 2(a) and 2(b); 𝜌1 = 0.8, 𝑓1 =0.1) and a pair of stochastic oscillations (Figures 2(c) and
2(d); 𝜌1 = 0.8, 𝑓1 = 0.1; 𝜌2 = 0.8, 𝑓2 = 0.2), it is evident
that the LMSE estimator proposed in this study outperforms
the RMSE estimator. In fact, LMSE estimates are substantially
unbiased, since the median estimated profile of multiscale
complexity overlaps with the true profile, and exhibit a
low variability around their median value, particularly at
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Figure 2: Estimation of multiscale entropy (MSE) over finite-length realizations of simulated AR processes. Plots depict the exact values (red
lines) and the distributions (median and 10th–90th percentiles) of the MSE estimates (𝐶𝑥(𝜏𝑠)) computed as a function of the cutoff frequency
of the low-pass filter used to eliminate the fast temporal scales of the process (𝑓𝜏𝑠 ) for representative parameter settings of Type 1 simulation
(a, b) and of Type 2 simulation (c, d). Estimates are obtained using the linear MSE (LMSE) method proposed in this study (a, c) and using the
refined MSE (RMSE) method proposed in [11] (b, d). In simulated AR processes, RMSE estimates exhibit high bias and a variance increasing
with the time scale, while LMSE estimates display high computational reliability at all time scales.

high time scales where they converge to the expected value
0.5 ln 2𝜋𝑒 (Figures 2(a) and 2(c)). On the contrary, RMSE
estimates are strongly biased at all time scales and also exhibit
a substantial variance that increases dramatically with the
time scale (Figures 2(b) and 2(d)); note that RMSE could
not be computed at the higher time scales (𝑓𝜏 = 0.05,
𝑓𝜏 = 0.025) due to the limited number of data points. The
poor performance of RMSE confirms the known difficulty of
yielding accurate model-free complexity estimates using the
SampEn estimator applied to short time series [33, 34].

4. Application to Short-Term Cardiovascular
Variability Series

To illustrate the application of the proposed approach for the
computation of MSE over short biomedical time series, this
section reports the analysis of cardiovascular and respiratory
variability series. Specifically, we compare the abilities of
LMSE and RMSE in detecting the multiscale complexity
of heart period (HP), systolic arterial pressure (SAP), and
respiration (RESP) time seriesmeasured froma large group of
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healthy subjects in a resting state condition as well as during
two types of physiological stress, that is, postural stress and
mental stress [35].

4.1. Experimental Protocol and Data Analysis. The analyzed
time series belong to a database collected to assess the
dynamics of HP, SAP, and RESP during two types of physio-
logical stress commonly studied in cardiovascular variability,
that is, postural stress induced by head-up tilt (HUT) and
mental stress induced by mental arithmetics (MA); we refer
to [35, 36] for a detailed description of the population and
the experimental setup. Briefly, a group of 61 young healthy
subjects (37 females, 17.5 ± 2.4 years old) were monitored
in a relaxed state in the resting supine position (SU), in the
upright position duringHUT, and in the supine position dur-
ingMA,measuring the surface electrocardiogram (ECG), the
finger arterial blood pressure collected noninvasively by the
photoplethysmographic method, and the respiration signal
measured through respiratory inductive plethysmography.
From these signals, the beat-to-beat time series of HP, SAP,
and RESP were measured, respectively, as the sequences of
the temporal distances between consecutive R peaks of the
ECG, the maximum values of the arterial pressure waveform
measured inside the consecutively detected heart periods,
and the values of the respiratory signal sampled at the onset
of the consecutively detected heart periods.

The analysis was performed on segments of 300 consecu-
tive points, free of artifacts and satisfying stationarity require-
ments, extracted from the three time series for each subject
and condition.Thepreprocessing steps consisted in removing
the linear trend fromeach sequence and in reducing the series
to zero mean. Then, for each individual time series, a linear
AR model was identified using the standard least squares
method and using the Bayesian Information Criterion to set
the model order within the range {1, . . . , 12} [37]. From the
estimated AR parameters, LMSE was computed by means
of the procedure described in Section 2.3, using a low-pass
FIR filter of order 𝑞 = 48. The computation of RMSE was
performed as described in Section 2.2, using a sixth-order
Butterworth low-pass filter before resampling and computing
SampEn with parameters 𝑚 = 2 and 𝑟 equal to 20% of the
variance of the resampled signal. As for simulations, in the
computation of both LMSE and RMSE, the parameters 𝑠 and
𝜏 determining the time scale were set to obtain the following
values for the cutoff frequency of the resampling filter: 𝑓𝜏𝑠 =1/(2𝜏𝑠) = 𝑠/(2𝜏) = {0.5, 0.444, 0.4, 0.35, 0.3, 0.278, 0.25, 0.222,
0.2, 0.175, 0.15, 0.125, 0.1, 0.075, 0.05, 0.025}.

Statistically significant differences among the MSE pro-
files obtained in the three conditions (i.e., SU, HUT, andMA)
were first assessed by means of the multivariate ANOVA.
Then, if the null hypothesis that the means of MSE computed
across time scales for each condition are the same multivari-
ate vector was rejected, the univariate ANOVAwas applied to
the three distributions ofMSE obtained during SU, HUT, and
MA at any assigned time scale. Furthermore, if at a given time
scale the null hypothesis that the means of MSE computed
in the three conditions are the same number was rejected,
a post hoc pairwise test (i.e., the Student 𝑡-test for paired
data) was performed to assess the statistical significance

of the differences between rest and stress conditions (i.e.,
HUT versus. REST, or MA versus. REST). A 𝑝 value < 0.05
was always assumed as statistically significant; both in the
univariate ANOVA and in the pairwise tests, a Bonferroni-
Holm correction for multiple comparisons was employed.

4.2. Results and Discussion. The results of multiscale com-
plexity analysis of HP, SAP, and RESP are depicted, respec-
tively, in Figures 3, 4, and 5; results are presented as median
and interquartile range of the distributions of LMSE and
RMSE computed for the 61 subjects during the three con-
sidered experimental conditions (SU, HUT, and MA). As a
general result, we find that LMSE estimates exhibit lower
intersubject variability than RMSE estimates, especially when
increasing the scale factor (i.e., when reducing the cutoff
frequency of the low-pass filter). This result holds for all time
series and experimental conditions, likely reflecting the prob-
lems associated with the computation of RMSE for short time
series and at long time scales. On the contrary, the variability
of LMSE estimates decreases when increasing the scale factor,
allowing eliciting statistically significant differences that in
RMSE are masked by the larger intersubject variability.

The analysis of LMSE and RMSE computed for the
HP time series, reported in Figure 3, documents that the
complexity of HP is significantly lower during HUT than
during REST, while no significant differences are observed
between REST and MA. The lower complexity during HUT
is detected up to 𝑓𝜏𝑠 = 0.225Hz using RMSE (Figure 3(b))
and up to 𝑓𝜏𝑠 = 0.1Hz using LMSE (Figure 3(a)). At scale 1
(𝑓𝜏𝑠 = 0.5Hz), these results confirm a number of previous
investigations documenting the decreased complexity of
heart rate variability during postural stress and its unaltered
complexity during mental stress [36, 38–40]. Here we extend
these findings showing that duringMA the complexity of HP
is left unchanged at any time scale and during HUT it is kept
at lower levels until both the high-frequency (HF, >0.15Hz)
and the low-frequency (LF, ∼0.1Hz) oscillations are removed
by filtering.This latter result, which is documented only using
the LSME estimator, is in agreement with a recent study
showing that the reduction in complexity induced by HUT
is a result of the presence of more regular HP oscillations in
the LF band rather than in the HF band and is thus associated
more to an enriched sympathetic modulation than to a vagal
withdrawal [32].

The MSE analysis performed for the SAP time series,
reported in Figure 4, evidences a clear increase in the MSE
computed during MA. This result, which is again more evi-
dent using LMSE than RMSE, has been previously observed
at scale 1 [36] and is possibly related to complex patterns of
autonomic activation following cognitive load [41, 42]; our
results, showing the persistence of higher MSE values up to
long time scales (𝑓𝜏𝑠 = 0.15Hz), point to an involvement of
LF oscillations in the generation of higher complexity during
mental stress. The multiscale pattern of complexity induced
by postural stress is more complicated, indicating lower MSE
during HUT than during REST for short time scales (𝑓𝜏𝑠 =0.5Hz), no significant alterations for intermediate time scales
(up to 𝑓𝜏𝑠 = 0.275Hz), and higher MSE during HUT than
during REST for longer time scales (𝑓𝜏𝑠 between 0.275Hz and
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Figure 3: Estimation ofmultiscale entropy (MSE) for the time series of the heart period. Plots depict the distributions (median and 25th–75th
percentiles) of the MSE estimates (𝐶𝑥(𝜏𝑠)) computed as a function of the cutoff frequency of the low-pass filter used to eliminate the fast
temporal scales of the process (𝑓𝜏𝑠 ) in the resting supine position (SU, diamonds), during postural stress induced by head-up tilt (HUT,
squares), and duringmental stress induced bymental arithmetics (MA, circles).WhileMAdoes not induce changes, HUT evokes a significant
reduction of the complexity of heart period variability, which is observed using LMSE across a wide range of time scales including both low-
and high-frequency oscillations. #Statistically significant difference, HUT versus SU or MA versus SU.
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Figure 4: Estimation ofmultiscale entropy (MSE) for the time series of the systolic arterial pressure. Plots depict the distributions (median and
25th–75th percentiles) of theMSE estimates (𝐶𝑥(𝜏𝑠)) computed as a function of the cutoff frequency of the low-pass filter used to eliminate the
fast temporal scales of the process (𝑓𝜏𝑠 ) in the resting supine position (SU, diamonds), during postural stress induced by head-up tilt (HUT,
squares), and during mental stress induced by mental arithmetics (MA, circles). The multiscale complexity of systolic pressure dynamics
increases consistently across multiple time scales during MA and increases for time scales associated with low-frequency oscillations during
HUT. #Statistically significant difference, HUT versus SU or MA versus SU.

0.15 Hz). The emergence of a significantly higher complexity
of SAP during HUT when HF fluctuations are filtered out is
a novel finding, suggesting that the postural stress decreases
the regularity of LF arterial pressure oscillations, while HF
oscillations display similar or even increased regularity.

Themultiscale complexity analysis of respiration variabil-
ity, reported in Figure 5, documents that MSE is significantly
decreased during HUT and significantly increased during
MA. These variations are consistently observed across mul-
tiple scales, going up to 𝑓𝜏𝑠 = 0.3Hz for the lower LMSE and
RMSE during HUT and up to 𝑓𝜏𝑠 = 0.15Hz for the higher
LMSE during MA. The higher regularity of the respiratory
dynamics during postural stress, which seems to be confined
to the HF band where respiration usually occurs, may be
related to an increased tidal volume during this condition.

On the other hand, the lower regularity of respiration during
mental stress might be explained by the appearance of long
pauses or sighs in the respiration pattern while performing
mental arithmetics [43], making it more erratic and thus
complex. The existence of more erratic patterns, which
likely span a broad band of the frequency spectrum, may
also explain the fact that we observe higher complexity of
respiration up to long time scales, going beyond the common
frequency bands at which respiratory activity is observed.

5. Conclusions and Future Developments

The present study introduces for the first time a multiscale
entropy measure that is based on theoretical rather than
empirical grounds and can thus be analytically computed
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Figure 5: Estimation of multiscale entropy (MSE) for the time series of respiration. Plots depict the distributions (median and 25th–75th
percentiles) of the MSE estimates (𝐶𝑥(𝜏𝑠)) computed as a function of the cutoff frequency of the low-pass filter used to eliminate the fast
temporal scales of the process (𝑓𝜏𝑠 ) in the resting supine position (SU, diamonds), during postural stress induced by head-up tilt (HUT,
squares), and during mental stress induced by mental arithmetics (MA, circles). The multiscale complexity of respiratory dynamics increases
consistently across multiple time scales during MA and decreases for time scales associated with high-frequency oscillations during HUT.
#Statistically significant difference, HUT versus SU or MA versus SU.

from the parametric representation of an observed stochastic
process. As a matter of fact, the proposed LMSE method is
highly data-efficient because it stems from simple linear para-
metric modeling and is thus much more reliable than MSE
or its modifications [6], including RMSE, in assessing the
complexity of short time series at long time scales. Compared
with another recently proposed method to assess multiscale
complexity from short data sequences [32], LMSE shares the
philosophy of being derived for linear AR processes, but
differs in the fact that it is designed closely following the two
algorithmic steps ofMSE computation, that is, low-pass filter-
ing and downsampling. The high computational reliability of
LMSE comes from the fact that filtering and downsampling
are not actually implemented on the measured time series,
but result from the analytical quantification of the impact that
they have on the state-space parameters of the observed AR
process.

Our approach can be fruitfully exploited, as done in
the present study, to relate the multiscale complexity of
a stochastic process to the parameters that establish its
dynamical features, or to estimate patterns of multiscale
complexity from short process realizations. In this work,
we have formalized the dependence of the multiscale com-
plexity of an AR process on the amplitude and frequency
of its stochastic oscillatory components and have assessed
multiscale patterns of short-term cardiovascular complexity
which cannot be fully retrieved using standardMSEmethods.
Our results emphasize the role of the sympathetic control in
driving the increased regularity of low-frequency heart rate
oscillations and the increased complexity of low-frequency
arterial pressure oscillations during postural stress. LMSE
analysis stresses also the importance of dynamics occurring
within the low-frequency band in determining the increased
complexity of arterial pressure, and even that of respiration,
during mental stress.

The main strength of the proposed approach, that is,
the linear parametric formulation, constitutes also one of

its major limitations. In fact, the computation of LMSE
holds exactly only if the observed process has a Gaussian
distribution; in such a case, the linear AR description fully
captures all of the variability in the process that determines
the measured entropy rates, and model-free formulations as
the one implemented by SampEn have no additional utility
[25]. On the contrary, departures from linearity leading to
non-Gaussian distributions may generate dynamics which
are captured only partially by LMSE, and thus important
features of multiscale complexity may be missed in this case.
The suitability of LMSE for the applicative context of this
study is supported by the fact that linear methods are ubiq-
uitously exploited in short-term cardiovascular variability
studies (e.g., performing parametric spectral analysis [17,
44] or parametric coupling and causality analysis [37, 45]).
Nevertheless, future studies should deepen the comparison
of LMSEwith RMSE or other nonparametricMSE techniques
in order to clarify the importance of accounting for nonlinear
dynamics in themultiscale analysis of biomedical time series.
On the other hand, keeping the linear analysis framework, a
desirable extension of the present study would be to integrate
the standard AR representation with fractionally integrated
(FI) innovation modeling [46]; this would allow the com-
putation of multiscale complexity for ARFI processes, thus
incorporating in the approach the ability to describe long-
range correlations phenomena which are typically assessed in
long-term multiscale analyses [47].

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

Luca Faes and Giandomenico Nollo were partly supported by
funding from the Healthcare Research and Implementation



12 Complexity

Program (IRCS) of the Autonomous Province of Trento
(PAT), Italy. Michal Javorka was supported by Grants APVV-
0235-12, VEGA 1/0117/17, and VEGA 1/0202/16 and project
“Biomedical Center Martin,” ITMS code 26220220187, the
project cofinanced from EU sources.

Supplementary Materials

The LMSE MATLAB toolbox is available as supplementary
material to this article.The package contains functions for the
computation of multiscale entropy based on the linear state-
space approach and on the refined approach proposed in [11],
as well as scripts that allow performingmultiscale complexity
analysis for the simulated and real data considered in the
present study. (Supplementary Materials)

References

[1] W. W. Burggren and M. G. Monticino, “Assessing physiological
complexity,” Journal of Experimental Biology, vol. 208, no. 17, pp.
3221–3232, 2005.

[2] A. Bashan, R. P. Bartsch, J. W. Kantelhardt, S. Havlin, and P. C.
Ivanov, “Network physiology reveals relations between network
topology and physiological function,” Nature Communications,
vol. 3, article no. 702, 2012.

[3] M. A. Cohen and J. A. Taylor, “Short-term cardiovascular
oscillations inman:Measuring andmodelling the physiologies,”
The Journal of Physiology, vol. 542, no. 3, pp. 669–683, 2002.

[4] A. Porta, M. D. Rienzo, N. Wessel, and J. Kurths, “Address-
ing the complexity of cardiovascular regulation,” Philosophical
Transactions of the Royal Society A: Mathematical, Physical &
Engineering Sciences, vol. 367, no. 1892, pp. 1215–1218, 2009.

[5] M.Costa, A. L. Goldberger, andC.-K. Peng, “Multiscale entropy
analysis of complex physiologic time series,” Physical Review
Letters, vol. 89, no. 6, Article ID 068102, p. 68102, 2002.

[6] A.Humeau-Heurtier, “Themultiscale entropy algorithm and its
variants: A review,” Entropy, vol. 17, no. 5, pp. 3110–3123, 2015.

[7] A. Humeau-Heurtier, G. Mahé, S. Durand, and P. Abraham,
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