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Physical systems are widely characterized in terms of their complex dynamics in
physiology and medicine to understand the ability of a living system to adapt to exter-
nal perturbations. Complex dynamics are typical of systems characterized by physical
structures with fractal geometry and nonlinear components, often composed of numer-
ous interdependent elements that self-organize, interacting at different hierarchical levels
and time scales. This allows homeostasis to be maintained even in the presence of exter-
nal perturbations and interactions with other physiological systems, through neural and
humoral networks.

The variables that fully describe the states of physiological systems often remain
inaccessible, but it is possible to observe the temporal evolution of related biosignals. Their
analysis may theoretically allow for the extraction of information about the complex dy-
namics of the system under study. Typical measures are related to the unpredictability and
self-similarity of the recorded time series, as well as the amount of information exchanged
between biosignals. These complexity measures are proving increasingly valuable for
better understanding the functioning of a physiological system, monitoring its health over
time, or predicting pathological events.

Therefore, the lively interest in the complexity analysis of biomedical signals has
prompted us to propose this Special Issue, “Assessing Complexity in Physiological Sys-
tems through Biomedical Signals Analysis II”, as a continuation of the Special Issue on
complexity that we published in this same journal a few years ago [1]. The present Special
Issue brings together thirteen contributions that address, from different methodological
and applicative perspectives, the topic of complexity in physiological systems. The systems
studied in this issue are the cardiovascular and central nervous systems. However, a clear
separation between systems is impossible because psychological factors, cognitive loads,
and the heart–brain connection via the autonomic nervous system, for example, produce
important interactions between these systems, as well as with other regulatory systems in
the body, such as those responsible for motor and respiratory control.

A total of five contributions concern heart rate variability (HRV). The paper “Heart
Rate Complexity and Autonomic Modulation Are Associated with Psychological Response

Entropy 2025, 27, 1185 https://doi.org/10.3390/e271211851
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Inhibition in Healthy Subjects” [2] studied HRV indices linked to entropy and sympa-
thovagal balance in healthy volunteers during the execution of cognitive tests to assess
flexibility, inhibition abilities, and rule learning. The authors explored the relationship
between complexity, sympathovagal balance, and age in regulating impulsive reactions
during cognitive tests, suggesting future applications of this methodology in assessing
age-related cognitive decline and the brain–heart interaction.

In “Sample, Fuzzy, and Distribution Entropies of Heart Rate Variability: What Do
They Tell Us about Cardiovascular Complexity?” [3], the authors compared three entropy
metrics, often used in the HRV literature without properly considering their respective
characteristics. The three metrics—Sample, Fuzzy, and Distribution Entropy—were applied
to quantify the degree of unpredictability of heart rate series recorded in able-bodied and
spinal cord-injured participants, separately in two postures. The authors compared entropy
changes associated with the expected variations in HRV unpredictability that follow the
postural shift, and with the expected alterations in cardiovascular complexity induced
by the spinal lesion. The article discusses the robustness, sensitivity, and clinical inter-
pretability of these entropy measures, emphasizing that, taken together, they complement
each other.

An application of complex network analysis is presented in “Visibility Graph Analysis
of Heartbeat Time Series” [4]. The authors applied a graph-based approach to HRV analysis.
This method associates a complex network to the heart rate series, where a node of the
network corresponds to a value of the series. The degree of connectivity among nodes
may reveal subtle properties of the time-series dynamics, and the authors showed that the
visibility graphs discriminate between young and old participants, between active and
sedentary individuals, or between healthy subjects and heart failure patients.

The concept of self-organized criticality has recently been introduced to describe
cardiovascular complexity. The paper “Autonomic Nervous System Influences on Car-
diovascular Self-Organized Criticality” discusses how the autonomic system influences
the properties of Zip’s law, a feature of self-organized criticality [5]. The authors studied
beat-by-beat heart rate recordings in professional soccer players during a training session,
revealing an association between Zip’s law characteristics and autonomic adjustments.

Finally, the study “Entropy-Based Multifractal Testing of Heart Rate Variability during
Cognitive-Autonomic Interplay” applies a multifractality analysis to HRV recordings of
volunteers undertaking three cognitive tasks (Stroop color and word task, stop-signal, and
go/no-go) [6]. This contribution discusses the implications of cardiac complexity changes
in relation to the interaction between the cognitive tasks and autonomic modulation.

On the central nervous system side, five studies use the electroencephalogram (EEG) as
a window into brain complexity. The study “Spatio-Temporal Fractal Dimension Analysis
from Resting State EEG Signals in Parkinson’s Disease” performed a four-dimensional
fractal analysis of the EEG tracings in Parkinson’s disease patients and healthy controls [7].
This work provides evidence that such a complexity approach may characterize the specific
changes in brain dynamics associated with Parkinson’s disease.

In “A Resource-Efficient Multi-Entropy Fusion Method and Its Application for EEG-
Based Emotion Recognition”, the authors propose an entropy-based method for classifying
emotional states with low computational costs [8]. Such an approach is promising for
portable applications in mental health monitoring, human–computer interaction, and
affective computing. The study “Improved EEG-Based Emotion Classification via Stockwell
Entropy and CSP Integration” also uses complex EEG analysis for emotion recognition [9].
This work analyzed a publicly available dataset of EEG traces in volunteers while they
watched videos encompassing positive, neutral, and negative emotions to induce coherent
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emotional responses. The authors demonstrate that the integration between Stockwell
entropy and spatial filtering allows for obtaining a satisfactory affective classification.

In “Dynamic Evolution of EEG Complexity in Schizophrenia Across Cognitive Tasks”,
the authors employed Higuchi Fractal Dimension, a measure of signal complexity, to
examine the temporal dynamics of EEG activity across five cortical regions during an
attentional and a memory-based task in individuals diagnosed with schizophrenia and
healthy controls [10]. They found that, while a consistent pattern of higher neural com-
plexity characterizes the attentional task across the different brain regions in controls, by
contrast, the EEG complexity varies in a task-dependent manner in schizophrenic patients,
highlighting the need for dynamic rather than static approaches.

The study “Brain Complexity and Parametrization of Power Spectral Density in
Children with Specific Language Impairment” compared measures of EEG complexity in
children diagnosed with specific language impairment and in normo-developed children
of the same age [11]. The results suggested alterations associated with the cognitive and
linguistic characteristics of this disease, in the excitatory–inhibitory balance and intra- and
inter-hemispheric connectivity.

Alongside EEG, the interactions between cerebral hemodynamics and respiration were
explored in “Time-Resolved Information-Theoretic and Spectral Analysis of fNIRS Signals
from Multi-Channel Prototypal Device” [12]. The authors applied informational and spec-
tral measures to multichannel fNIRS signals during a breath-holding task to characterize
the impact of respiratory activity on scalp hemodynamics within the framework of Network
Physiology. They highlighted distinct informational dynamics across the breathing and
apnea phases, opening new perspectives on the use of complexity for optical neuroimaging.

Another complex physiological system considered in this Special Issue concerns motor
control and movement. The study “Multifractal Multiscale Analysis of Human Movements
during Cognitive Tasks” explored the regularity of cycling movements by multiscale
multifractality during progressive cognitive loads [13]. This study revealed how cognitive
load alters the complexity of motor control, suggesting new perspectives for assessing
coordination structures between higher neural centers and movement.

Finally, at the theoretical level, “A Spike Train Production Mechanism Based on
Intermittency Dynamics” introduces a generative spike-train model of the neuron that
reproduces high-frequency spontaneous membrane potential fluctuations by coupling
intermittent maps, which are nonlinear first-order difference equations [14]. Such a model
may prove to be useful as a test bed for complexity metrics in neurology.

Overall, this Special Issue presents a variety of applications and methodologies: from
the heart to the brain, from electrical to hemodynamic and motion signals, and from en-
tropic to multifractal measures. Emerging challenges include the need for robust metrics
for short and noisy series, the standardization of the procedures, and the physiological
interpretability of results, a prerequisite for clinical translation. The contributions collected
here, however, demonstrate that complexity is not just an abstract concept but an attribute
of living systems, which, if correctly described and quantified, might allow a better un-
derstanding of the physiological processes, possibly becoming a practical tool for aiding
clinical interventions.

Acknowledgments: We express our thanks to the authors of the above contributions and to the
editorial staff of the journal Entropy for their support during this work.

Conflicts of Interest: The authors declare no conflicts of interest.
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Heart Rate Complexity and Autonomic Modulation Are
Associated with Psychological Response Inhibition in
Healthy Subjects

Francesco Riganello 1,*, Martina Vatrano 1, Paolo Tonin 1, Antonio Cerasa 1,2,3 and Maria Daniela Cortese 1

1 S. Anna Institute, Via Siris 11, 88900 Crotone, Italy
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3 Pharmacotechnology Documentation and Transfer Unit, Preclinical and Translational Pharmacology,
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* Correspondence: f.riganello@isakr.it

Abstract: Background: the ability to suppress/regulate impulsive reactions has been identified as
common factor underlying the performance in all executive function tasks. We analyzed the HRV
signals (power of high (HF) and low (LF) frequency, Sample Entropy (SampEn), and Complexity
Index (CI)) during the execution of cognitive tests to assess flexibility, inhibition abilities, and rule
learning. Methods: we enrolled thirty-six healthy subjects, recording five minutes of resting state
and two tasks of increasing complexity based on 220 visual stimuli with 12 × 12 cm red and white
squares on a black background. Results: at baseline, CI was negatively correlated with age, and LF
was negatively correlated with SampEn. In Task 1, the CI and LF/HF were negatively correlated
with errors. In Task 2, the reaction time positively correlated with the CI and the LF/HF ratio errors.
Using a binary logistic regression model, age, CI, and LF/HF ratio classified performance groups
with a sensitivity and specificity of 73 and 71%, respectively. Conclusions: this study performed an
important initial exploration in defining the complex relationship between CI, sympathovagal balance,
and age in regulating impulsive reactions during cognitive tests. Our approach could be applied in
assessing cognitive decline, providing additional information on the brain-heart interaction.

Keywords: heart rate variability; inhibitory control; complexity index; entropy

1. Introduction

Heart rate variability (HRV) is a well-known index of autonomic control of the
heart, but it is also linked to cognitive and emotional control [1,2] as well as autonomic
dysfunctions that may precede the cognitive impairment [3]. The heart rate is directly
controlled by the brain through the sympathetic and parasympathetic branches of the
autonomic nervous system (ANS), defining the well-known central nervous system-ANS
axis, also known as central autonomic network (CAN) [4–7]. The HRV then represents
the output of the complex brain-heart interaction [5,8,9]. Inhibition, also known as
inhibitory control, is the ability to suppress or regulate impulsive (or automatic) reactions,
producing responses via attention and reasoning. This mental ability is part of executive
functions and aids in goal-setting and anticipatory planning. Inhibitory control stops
inappropriate behaviors and spontaneous reactions and replaces them with a more
appropriate, well-thought-out response.

Response inhibition has been identified as common factor underlying the performance
in all executive function tasks [10]. They are generally divided into inhibition and inter-
ference control, working memory, and cognitive flexibility [11,12]. The last is also called
set-shifting, mental flexibility, or mental set-shifting.

Entropy 2023, 25, 152. https://doi.org/10.3390/e25010152 https://www.mdpi.com/journal/entropy5
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Alerting, orienting, and executive monitoring of actions involve salient autonomic
responses observable in pupillary reactivity [13], skin conductance [14], and heart rate
variability [15,16]. Response inhibition is one of the main cognitive tasks that require the
ability to suppress a pre-potent motor response by adjusting it rapidly as a function of
environmental changes.

The high-frequency band of the HRV spectrum correlates to parasympathetic heart
activity, which is crucial for the individual to have an efficient adaptability to changing
environmental demands. The vagal response is also correlated to respiration. Changes
in breathing patterns can impact heart rate (HR) and HRV, with a general decrease in
respiratory frequency associated with an increase in heart period (i.e., a decrease in heart
rate). The respiratory characteristic linked to HR is known as respiratory sinus arrhythmia
(RSA) [17,18]. A decrease in vagal control (i.e., reduced HF-HRV) may suggest a lack of
flexibility in responding to changing demands, limiting the spectrum of possible responses
and hence restricting the person’s capacity to create appropriate responses and inhibit
incorrect ones [5].

Forte and colleagues, in their review [3], refer that the most-reported HRV analysis
during cognitive tests regards the high frequency (HF), low frequency (LF), and its LF/HF
ratio. Moreover, studies showed that higher values in HRV entropy were related to
cognitive performances [19,20].

Since the heart rhythm is not regular, the entropy analysis better represents its com-
plexity and unpredictable variability [21,22]. Higher and lower entropy rates correlate
to a more complex heartbeat sequence and a more regular and predictable heartbeat, re-
spectively. Given the complexity of the brain-heart two-way interaction described by the
CAN [7], the HRV entropy may be used to assess the system’s health. In fact, a more
complex heartbeat sequence was found to indicate better reactivity to the external/internal
stimulus [19,23–25].

In the frame of the HRV entropy analysis, the Multiscale Entropy (MSE) [26] was
developed to investigate the information content in non-linear signals at different temporal
scales (coarse-graining), generally using the Sample Entropy [27]. The Complexity Index
(CI), a scalar score that permits gaining insights into the integrated complexity of the mea-
suring system, is the sum of the entropies calculated for several coarse-graining scales. [26].
It was found that the heart rate complexity correlates with brain activity [19,28,29], and
that the complexity in heartbeat dynamics grows with it and vanishes with stress.

This work aims to define, for the first time, the overall characteristics of HRV signals in
the frequency and non-linear domains during the execution of a Go/NoGo task. This task
is used to assess someone’s ability to regulate an inappropriate response among interfering
visual stop signal (NoGo) by pressing a button whenever a Go signal stimuli is made [30].
The presented test is based on an adaptation of the rule shift card test. This well-known
cognitive task assesses flexibility, inhibition abilities, and rule learning [31,32]. We want to
assess how the response inhibition in the rule shift card test [31,32] is linked to a higher
brain-heart interaction. In particular, we sought to determine the following: (1) if there are
significant differences within and between baseline and task phases, in terms of entropy
and spectral parameters, (2) the correlations between the errors in the two Go/noGo tasks
and physiological parameters, and (3) the accuracy to predict the poor or good performance
of the subjects using recorded HRV parameters in the baseline.

2. Materials and Methods

2.1. Subjects

Participants were recruited from Institute S.Anna, Crotone, Italy. The chosen par-
ticipants had never used any drugs before. Before the experiment, all participants were
instructed to refrain from smoking and consuming caffeine for four to six hours. The
following criteria were specifically required for inclusion: (1) no evidence of dementia
or depression symptoms according to DSM-V criteria; (2) no use of antidepressant, anxi-
olytic, or antipsychotic drugs that could affect cerebral blood flow; (3) right-handedness;
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and (4) absence of chronic medical conditions (heart disease, hypertension, or diabetes).
According to these criteria, 36 healthy graduate subjects were enrolled in this study with
median age 41 and interquartile range 16 (21 females age 36 ± 11 and 15 males age 43 ± 9).
No significant differences were between males and females for age (Mann-Whitney test:
Z = −1.912, p = 0.056). All participants had normal or corrected to normal vision and
normal color vision. All the participants gave written informed consent. In accordance
with the Helsinki Declaration, the study was approved by the Ethical Committee of Regione
Calabria (n.ro 172 17 July 2020).

2.2. Procedure

The experiment was conducted in a dimly lighted, soundproof room. Participants
completed a modified version of the traditional Go/NoGo activity based on the Rule Shift
Cards [31–33], designed using Biotrace+, while seated in a comfortable chair (https://www.
mindmedia.com/Herten/Nederland/ accessed on 5 November 2022).

In the last task, the subject must modify the strategy learned in the first task, memo-
rizing the element that previously appeared and inhibiting the response when the square
color is different from that of the previous square.

The protocol study consisted of a baseline (resting state condition) lasting 5 min and
two different tasks. The tasks consisted of 220 visual stimuli with 12 × 12 cm red, white,
and chess pattern squares on a black background. The first task included three distinct
visual stimuli: red squares (frequent stimulus n.154—70%), white squares (rare stimulus
n.44—20%), and a chess pattern with squares (distractor n.22—10%). It was based on
fundamental response inhibition. A working memory response inhibition task made up
the second. There were just red (common stimulus n.176—80%) and white (rare stimulus
n.44—20%) squares in this instance. Each stimulus had a 1500 ms gap in between them,
and each stimulus lasted 500 ms. The subject had to press the spacebar on the keyboard
during the first task when the white square appeared, and during the second task when
two successive visual stimuli of the same color were shown (Figure 1).

Figure 1. Experimental detail: Subject comfortably sits in front of the screen at 70 cm of distance from
the monitor with the hand positioned near the spacebar of the computer keyboard. In the first task,
the GO is represented by the white square, and the subject must hit the spacebar when it appears, and
inhibit the response when the red square appears (the chess pattern with squares was the distractor).
In the second task, the GO is represented by the appearance of a square with color equal to the
previous square, while the NoGo is represented by a change in the appearance of the square color.
The first square of the tasks appeared after 30 s of a black image. The stimulus duration was 500 ms
and the interval of time between the stimuli was 1500 ms.
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The subject was comfortably seated at a distance of 70 cm from the 24-inch monitor
where the sequence of stimuli was displayed. There was no transient noise, and the
environment was always the same temperature and brightness. The participant received
assignment instructions prior to each activity.

2.3. Data Acquisition

The ECG recording was performed by NEXUS-32, and the stimuli were presented
by Biotrace+ software (https://www.mindmedia.com/Herten/Nederland accessed on
5 November 2022). Since the ECG sample frequency rate of the signal acquisition can affect
the HRV analysis, and a minimum sample of 250 Hz or higher are suggested [34,35], the
signal was acquired at 256 Hz, and the 4 Hz cubic spline interpolation was applied for a
correct extraction of the R-peaks.

2.4. Data Analysis

ECG was analyzed by Kubios advanced software for HRV analysis (v 3.1/Kuopio,
Finland). The interpolation approach was used to eliminate artifacts and ectopic beats from
the data. The CI (i.e., summation of the MSE from 1 to 3) and the natural logarithm of the
HRV power of HF (0.15–0.5 Hz) (LnHF), LF (0.04–0.15 Hz) (LnLF), and LF/HF ratio were
calculated. Heartbeat, like most physiological signals, is non-stationary due to the complex
nature of the biological systems. It frequently contains either slow trends or very slow
frequency oscillations. Since the HRV parameters may be affected by the non-stationarity
of the signal, a quadratic polynomial model detrended the RR series to reduce the influence
of lower frequencies in the power spectral density (PSD) results. The HF and LF PSD were
calculated using the Fast Fourier Transform method (Welch’s PSD; windows width: 150 s).
The transformation of the spectral power in their natural logarithm was applied because the
measures showed a skewed distribution (i.e., skewness 2.48 ± 0.39; kurtosis 7.07 ± 0.77).
The CI was based on the multiscale entropy (MSE) approach quantifying the degree of
irregularity over a range of coarse-grained scales (τ) from 1 to 3. The interval between two
consecutive R peaks of the QRS ECG complex represents the data points in the entropy
analysis (Figure 2). The original series represents the scale for τ = 1. The coarse-grained
scales 2 and 3 were constructed by averaging the IBI/tachogram’s data points within non-
overlapping windows of increasing length τ (Figure 2). The sample entropy (SampEn) was
calculated for each coarse-grained scale, and the CI was extracted by summing the sample
entropy for each coarse-grained scale. Given a sample of length N, the SampEn is defined
as the negative natural logarithm of the probability that if two sets of simultaneous data
points of length m have distance < r, then two sets of simultaneous data points of length
m + 1 also have distance < r [27]. Considering the length of our samples (i.e., original series:
baseline N = 423 ± 101, task 1 N = 509 ± 83, task 2 N = 525 ± 102), the parameters m (i.e.,
embedding dimension; length of the window of the different vector comparisons) and r
(i.e., level of tolerance: generally ranging from 0.1 to 0.25, corresponding to the 10–25% of
the standard deviation of the series of data onto analysis) of SampEn were set to 2 and 0.2,
respectively [27,36], for the original and the coarse-grained scale 2 and 3 (i.e., r was the 20%
of the standard deviation of the original and rescaled time series).

2.5. Statistical Analysis

The non-parametric exact test was used for the statistical analysis. This approach
provides more accurate results when the sample size is small or in the case of tables sparse
or imbalanced. By the Wilcoxon exact test, the HRV parameters (LnLF, LnHF, LF/HF,
SampEn for the original and the CI were compared in the different tasks. The effect size r
was calculated as the absolute value of Z

√
(2N) (Wilcoxon’s test), where Z is the Z statistic

of the statistical test and N is the total number of subjects. The effect size results were
considered as follows: r < 0.1 not significant; 0.1 ≤ r < 0.3 low; 0.3 ≤ r < 0.5 medium; r ≥ 0.5
high. The level of significance was set at p ≤ 0.05.
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Figure 2. Multiscale Entropy and Complexity Index Scheme. (A) For each subject the tachogram was
extracted in baseline, task 1, and task 2. N represents the length of each original detrended (trend
line in red) time series (baseline N = 422 ± 100; task 1 N = 509 ± 83; task 2 N = 524 ± 102). (B) The
sample entropy (SampEn) was calculated for the original and coarse-grained series A and B, setting
the parameters m and r at 2 and 0.2, respectively. The complexity index (CI) was calculated as the
sum of the SampEn of the scales 1 (original series), 2 (a), and 3 (b).

The Pearson correlation test analyzed the correlation between HRV parameters and
performance levels (errors and Reaction Time).

Because of outliers, the median of total errors was used to divide the subjects into Good
Performance (GP) and Poor Performance (PP) groups. Good or poor performance was
predicted by binary logistic regression. The backward approach in the logistic regression
was used to select the regressors in the model, inserting the performance (i.e., GP and PP
classification) as dichotomic variable, and age and HRV parameters (i.e., C.I., LnLF, LnHF,
and LF/HF) as independent variables. The backward approach uses the Wald tests’ results
for the regressor’s elimination, removing the variable with the least significant effect that
does not meet the level for staying in the model [37]. The removed effect is excluded from
the model, and the process is repeated until no other effect in the model meets the specified
level for removal. The model’s accuracy was also checked, controlling the variables for
collinearity by tolerance and its reciprocal variance inflation factor (VIF) [38].

3. Results

Behavioral Data

The inhibitory task was successfully completed by all subjects. Table 1 reports the
response time (RT) for GO trials and the percentage of errors for GO and NOGO trials. The
RT and numbers of errors in Go and NoGo conditions raised in Task 2, as aspected.

The number of errors were lower in task 1, with a decrease over time. Conversely,
they increased over time in task 2 (Figure 3).

In the group, significant differences between baseline and Task 2, with a decreasing
trend, were found for LnLF (Z = −3.189, p = 0.001, r = 0.38), LnHF (Z = −2.726, p = 0.005,
r = 0.32) and CI (Z = −2.317, p = 0.02, r = 0.27). The same parameters showed signifi-
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cant differences comparing task 1 and task 2 (−3.473 ≤ Z ≤ −2.789, 0.0001 ≤ p ≤ 0.004,
0.33 ≤ r ≤ 0.41) (Figure 4).

Table 1. Behavioral Variables.

Task 1 Task 2

Mean ± SD Mean ± SD

RT during GO trials (s) 0.37 ± 0.08 0.49 ± 0.11

% errors during GO trials 0.04% 1.38%

% errors during NoGo trials 1.81% 2.93%
RT: Reaction Time; SD: Standard Deviation.

Figure 3. Mean errors during the tasks: number of errors during task 1 (green line) and task 2 (red
line) along the time.

Figure 4. Boxplot of the HRV parameters: Boxplot of the natural logarithm of low-frequency power
(LnLF) and high-frequency power (LnHF), and Complexity Index (CI) in resting-state (baseline) and
during task 1 and task 2.

In baseline, CI had a negative correlation with age (Rho = −0.373, p = 0.026) and the
SampEn with the LnLF (Rho = −0.351, p = 0.036). In Task 1, the SampEn had a positive
correlation with LnHF (Rho = 0.495, p = 0.002) and negative correlation with LF/HF
(Rho = −0.589, p = 0.0001), while CI and SampEn had a negative correlation with the errors
(Rho = −0.455, p = 0.005 and Rho = −0.419, p = 0.01, respectively) and positive correlation
with LF/HF (Rho = 0.448, p = 0.006). In Task 2, LF/HF had a negative correlation with
SampEn (Rho = −0.387, p = 0.02) and positive correlation with the errors (Rho = 0.350,
p = 0.036), while the Reaction Time had a negative correlation with the LnLF (Rho = −0.522,
p = 0.001) and positive correlation with the CI (Rho = 0.378, p = 0.02). Excluding the outlier
from the analysis overall patterns of significant findings did not change (Figure 5).
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Figure 5. Correlations among HRV parameters and performance: Correlation among HRV parameters
(SampEn (SE), Complexity Index (CI), HF power (LnHF), LF power (LnLF), LF/HF), performance
levels (errors and Reaction Time) and age of the group. In red and black are the negative and positive
correlations, respectively. (A) baseline; (B) task 1; (C) task 2.

Because of the presence of outliers by the median of the total errors (median of
errors = 5) the subjects were divided in two sample groups: Good Performance (GP)
(20 subjects; seven males aged 44 ± 7; 13 females age 35 ± 11; median of errors ≤ 5) and
Poor Performance (PP) (16 subjects; eights males aged 43 ± 10; eight female age 39 ± 11;
median of errors > 5).

The binary logistic regression was used to observe the probability of predicting the
performances (i.e., GP/PP) from the HRV recorded values in the baseline. By backward
stepwise binary logistic regression, age, CI, and LF/HF ratio were selected as regressors to
classify GP and PP. No collinearity was among the selected variables (i.e., tolerance ≥ 0.96,
VIF ≤ 1.8). The extracted model (GP/PP = −9,35 + 0.036 × age + 1.375 × CI + 0.597 ×
LF/HF; significance of the model (omnibus test) p = 0.032; Cox & Snell’s R2 = 0.22; Naghelk-
erte’s R2 = 0.29; Hosmer & Lemeshow’s test p = 0.32) classified correctly the GP (16/20; 80%)
and PP (10/16; 63%) with a sensitivity of 73%, specificity of 71%, and balanced accuracy
of 71%.

4. Discussion

We demonstrated that during response inhibition tasks, HRV metrics (LF, HF, SampEn,
CI, and LF/HF ratio) are characterized by significant changes as a function of performance.
In particular, we found that the following: (1) the CI and the logarithmic values of LF and
HF decreased from baseline to task 2; (2) in baseline, the CI correlated negatively with age;
(3) in task 2 the CI is positively correlated with the reaction time, and the LF/HF ratio is
positively correlated with the errors; finally, (4) in baseline age, CI and LF/HF ratio are
predictors of better performance (i.e., fewer numbers of errors) in the tests.

Several works report higher levels of HRV associated with better emotional responses [39],
attentional [2,40], and executive performances [1,32,41,42], while lower HRV was associ-
ated with dysfunctional attitudes [43]. Studies found that in healthy subjects, a greater
HRV in the resting state predicted better performance in tasks related to executive brain
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function [1,44,45], with similar results in psychopathological populations [1,45]. In resting-
state conditions, less efficient task performance and lower response accuracy in pleasant
and unpleasant Go trials were associated with lower HRV values [46]. Ottaviani and
colleagues [32] demonstrated that higher parasympathetic levels predicted performance
during the Rule Shift Cards and the Hayling Sentence Completion inhibitory tasks.

We found that LnLF and LnHF power and CI decreased from baseline to task 2.
The results are consistent with the reactivity or the possible state of stress during mental
fatigue [22,29,47–49].

Several studies reported the correlation between autonomic function and cognition, ob-
serving a higher parasympathetic modulation associated with better performance on tasks
involving executive function [1,50–52]. However, knight and colleagues suggest that both
sympathetic and parasympathetic should be considered together to observe changes in cog-
nitive functions [53]. Indeed, a better cognitive performance was associated with increased
sympathetic activity but not decreased vagal activity in older patients [54]. In our study, in
baseline LnLF was negatively correlated with the entropy, and in task 1 and 2 the LF/HF
ratio positively correlated with the errors (i.e., increases in the parasympathetic tone).

A decrease in the HRV complexity was correlated to major depressive disorders [20]
and during cognitive tasks in anxious subjects [55]. Cardiac complexity was found to be
particularly effective in differentiating between active, effortful emotion regulation and
less effortful control and dysregulation [56]. In the field of disorders of consciousness,
the CI was found to be a useful marker to discriminate unresponsive wakefulness syn-
drome/vegetative state patients from minimally conscious state patients [25], with higher
CI correlated with a higher level of consciousness. Again, HRV complexity diminishes
with age and disease [57,58], while MSE research in healthy persons over 40 revealed an
age-related fall in heart rate complexity [59,60].

We found the CI negatively correlated with the errors in task 1 and positively correlated
with the reaction time in task 2. Bakhchina and colleagues found that higher HRV entropy,
measured by the Sample Entropy, is associated with a more complex response in goal-
directed behavioral [61]. In particular, our results highlight that a higher CI is linked to
less impulsivity and fewer errors, indicating a more rich complexity in the brain-heart
interaction [62]. Moreover, we found that higher reaction time is associated with higher CI
and lower LF. These results suggest that a higher brain-heart interaction is related to higher
flexibility and adaptation at the rule shift. Moreover, we found that the CI is negatively
correlated with age.

These findings supported the relationship between sympathovagal control, CI, and
age, due to a reduction in the complexity of the physiologic dynamics associated with
aging [63,64] and their involvement in the test performance. Moreover, the negative
correlation between the SE with LF/HF ratio highlights the effect of the sympathetic
response on the heart rate complexity. Porta and colleagues correlated the increase in
sympathetic activity with decreased HRV entropy [65]. The sympathetic activity was found
to increase during mental stress induced by various methods in healthy subjects [66,67].
The effect induced by the increased sympathetic activity is an increase in the heart rate and
regularity of the heartbeats producing a decrease in the heart rate complexity [68,69].

Furthermore, CI, age, and LF/HF ratio were the regressors involved in the logis-
tic model, which allowed in baseline to predict the performances with sensitivity and
specificity of 73% and 72%, respectively.

To the best of our knowledge, in this study, a significant correlation between CI and
inhibitory performance has been described for the first time. In particular, we found that
the increased HRV entropy was linked to increased reaction time and decreased LF/HF
ratio. The HRV complexity better identifies considerable changes in autonomic regulation
providing new insight into changes under various physiological and pathological condi-
tions, complementing the analysis in the time and frequency domain [70–73]. It has been
demonstrated that the CI provided novel information on the brain-heart interaction in
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patients with disorders of consciousness [25,74,75]. Our data could provide new markers
to assess the performances in cognitive tests in healthy and pathological subjects.

However, the relatively small sample size represents the limitations of this study.
Moreover, the HRV decreases with the age [76,77], and as well as it was documented, the
menstrual cycle can influence the HRV in women and also its non-linear property [78].
Again, a recording of 300 s for the baseline and 366 s for the tasks could represent a limit in
calculating the multiscale entropy. However, the sample entropy has also been calculated
in short data points (i.e., N = 100; [36]). A bigger sample size could better explain the
outlier observed in Figure 2, where a male subject over 40 increased the LF/HF values
from 5.5 in baseline to 14.9 in task 2. The outlier does not change the significance of the
results. However, it is interesting to observe that the high error numbers are associated with
increased HR from baseline to task 2 and that while LF did not change, the HF decreased.
This highlights the importance of HF autonomic modulation during cognitive tests [79].

On the other hand, the strength of this study was the evaluation of the non-linear
proprieties of the HRV during all phases (baseline, tasks 1 and 2). In this way, it has been
possible to observe differences in the performance non-related to a significant difference in
the vagal modulation of the ANS but to a different modulation in the brain-heart two-way
interaction. Further studies should consider the ECG and EEG simultaneous recording to
understand the brain-heart two-way interaction better. Moreover, the use of novel methods
in the entropy analysis, such as Refined MSE, the Linear MSE, or the Modified MSE [80,81],
could better explain this complex interaction. Moreover, the analysis of the respiratory
sinus arrhythmia could provide further information about how vagal system mediates the
cognitive performance.

Our study performed an important initial exploration in defining the complex rela-
tionship between CI, sympathovagal balance, and age in inhibitory function.

Our approach could be applied in assessing cognitive decline and as a complement to
the EEG and fMRI analysis, providing additional information on the brain-heart interaction.
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Abstract: Distribution Entropy (DistEn) has been introduced as an alternative to Sample Entropy
(SampEn) to assess the heart rate variability (HRV) on much shorter series without the arbitrary defi-
nition of distance thresholds. However, DistEn, considered a measure of cardiovascular complexity,
differs substantially from SampEn or Fuzzy Entropy (FuzzyEn), both measures of HRV randomness.
This work aims to compare DistEn, SampEn, and FuzzyEn analyzing postural changes (expected to
modify the HRV randomness through a sympatho/vagal shift without affecting the cardiovascular
complexity) and low-level spinal cord injuries (SCI, whose impaired integrative regulation may alter
the system complexity without affecting the HRV spectrum). We recorded RR intervals in able-bodied
(AB) and SCI participants in supine and sitting postures, evaluating DistEn, SampEn, and FuzzyEn
over 512 beats. The significance of “case” (AB vs. SCI) and “posture” (supine vs. sitting) was assessed
by longitudinal analysis. Multiscale DistEn (mDE), SampEn (mSE), and FuzzyEn (mFE) compared
postures and cases at each scale between 2 and 20 beats. Unlike SampEn and FuzzyEn, DistEn is
affected by the spinal lesion but not by the postural sympatho/vagal shift. The multiscale approach
shows differences between AB and SCI sitting participants at the largest mFE scales and between
postures in AB participants at the shortest mSE scales. Thus, our results support the hypothesis that
DistEn measures cardiovascular complexity while SampEn/FuzzyEn measure HRV randomness,
highlighting that together these methods integrate the information each of them provides.

Keywords: multiscale entropy; spinal cord injury; posture; autonomic nervous system; SampEn;
FuzzyEn; DistEn

1. Introduction

In the last decades, the interest in the entropy of heart rate time series has risen steadily
due to the possibility of obtaining information on complexity aspects of cardiovascular
dynamics and their alterations with disease [1]. This interest was ignited by the work of
S.M. Pincus [2,3] who in 1991 proposed a computationally practical way to estimate the
Kolmogorov–Sinai (K-S) entropy, which is the rate of information produced by dynamical
systems. This method, called approximate entropy (ApEn), was aimed at overcoming
the limits related to the computational demands and strong dependence on noise of the
Grassberger–Procaccia [4] and Takens [5] formula by approximating their calculus (hence
the ApEn name). The method considered segments of m samples as the coordinates of
points in an m-dimensional space and evaluated how many segments were similar to each
other, which means that they appeared as points closer than a given distance r. Then,
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the method evaluated how many similar segments remained similar when the dimension
increased to m + 1. The number of similar segments can only decrease (or remain the
same) from m to m + 1 and ApEn was calculated from the rate of this decrease. In this way,
ApEn measured how unpredictable the value of a new sample is, given the m values of its
preceding samples. This approach made possible the practical estimation of entropy from a
relatively short series (hundreds of beats). However, ApEn was a biased estimator. In 2000,
J.S. Richman and J.R. Moorman corrected this problem by introducing the Sample Entropy
(SampEn) method which excludes self-matches from the count of similar segments [6].
ApEn and SampEn provide similar estimates for relatively long series while for short series
ApEn gives lower entropy values than SampEn.

Later, W. Chen et al. abandoned the dichotomous classification of “similar” or “dis-
similar” segments introducing less rigid criteria based on fuzzy functions, mitigating the
arbitrariness of the threshold choice, and making the estimates statistically more stable.
They called their method Fuzzy entropy (FuzzyEn) [7,8]. SampEn and FuzzyEn, like ApEn
from which they are derived, estimate the K-S entropy of physiological systems by eval-
uating a conditional probability and by approximating the original formulas to analyze
short series.

More recently, P. Li et al. proposed a different approach called Distribution Entropy
(DistEn) [9]. Their motivation was to remove the arbitrary choice of the distance threshold
and to improve further the statistical consistency for analyzing shorter series. Like SampEn
and FuzzyEn, DistEn considers segments of m samples as points in the m-dimensional
space and evaluates the distances between points. However, differently from SampEn and
FuzzyEn, neither a threshold nor an additional space dimension is considered because
DistEn is obtained from the relative frequencies of the probability distribution function of
the distances.

This procedure makes DistEn intrinsically different from SampEn or FuzzyEn. While
SampEn and FuzzyEn estimate the entropy of the time series, DistEn estimates the entropy
of a structure of the phase space of the system, i.e., the distances between points of the
phase space. This suggested that DistEn could be a better estimator of the “complexity
structure” of the cardiovascular system than SampEn or FuzzyEn, by contrast, with more
focus on the unpredictability of the series [9,10]. In this regard, the difference between
“time-series unpredictability” and “system complexity”, although not rigorously defined in
mathematical terms, was clearly enunciated by Costa et al. [11]. This was done to describe
the apparent inconsistency of certain diseases, such as atrial fibrillation, that have similar
or even higher heart-rate entropy than healthy systems, while it is expected that these
disease conditions should be associated with a lower complexity of the cardiovascular
system. The inconsistency could be explained by the higher randomness of heart rate
during atrial fibrillation, similar to the increase of entropy in surrogate data when time
series generated by complex dynamical systems are randomized. To solve the inconsistency,
these authors proposed a multiscale evaluation of entropy which takes into account the
entropic structure of the temporal fluctuations [11]. Successively, DistEn was proposed
as an alternative approach to distinguish between time-series randomness and system
complexity based on the spatial structure of the vector distances rather than on the temporal
structure investigated by multiscale entropy [9].

In a previous study, DistEn performed better than SampEn in distinguishing the
expected alterations of cardiovascular complexity associated with aging or heart rhythm
disturbances from short data segments [12], a result that may depend on more efficient
estimates because DistEn exploits all the data (not only those with distance closer than the
selected threshold) and is less sensitive than SampEn to the choice of the analysis parame-
ters. However, this result might also indicate that DistEn is better focused than SampEn on
the features of the complex cardiac dynamics altered by aging or cardiac diseases.

Our study aims to explore the nature of the information on heart rate variability (HRV)
provided by DistEn and the differences with SampEn or FuzzyEn, over multiple scales. In
perspective, this may allow the early diagnosis of alterations of circulatory regulation due

18



Entropy 2023, 25, 281

to disease and the monitoring of the dynamics of the cardiovascular system during treat-
ments or rehabilitation programs. For this aim, we consider two experimental conditions,
one in which we expect changes in the randomness of HRV not associated with structural
alterations in the generating cardiovascular system; the other, in which we expect differ-
ences in the HRV complexity associated with a structurally impaired integrative autonomic
control of the circulation. By autonomic integrative control, we mean the role played by
the autonomic nervous system to coordinate the heart action and the vasomotor changes in
response to the ever-changing organs and body needs, and the way it interfaces with the
centers of the brain, medulla, and spinal cord to organize and control body reactions and be-
havior [13]. Therefore, we consider the dataset of heart rate recordings in supine and sitting
postures that we collected in able-bodied (AB) and spinal cord injured (SCI) individuals
with a low lesion level previously [14]. To understand the rationale for the choice of this
dataset, we should consider that the spinal cord injury represents a clear alteration of the
overall cardiovascular control. By interrupting the flow of information between vascular
districts below the lesion level and the higher brain centers, the mechanisms of integrative
control are weakened allowing local regulations of individual vascular districts to prevail.
Actually, we previously demonstrated that the complexity structure of HRV, as quantified
by multifractality, is altered in SCI individuals [14]. By contrast, the postural shift from
supine to sitting does not induce any structural alteration in the cardiovascular control and
its influence on the HRV dynamics is the consequence of a relatively modest modulation
of the cardiac autonomic control, consisting of increased sympathetic tone and decreased
vagal tone. Selective pharmacological autonomic blockade in humans demonstrated that
the short-term self-similar structure of vagal driven fluctuations of heart rate resembles
the unpredictable white noise dynamic while sympathetic driven fluctuations of heart rate
show much more predictable, Brown-noise like, long-term correlations [15]. Thus, the
level of unpredictability of HRV in our participants should reflect the mixture of vagal
and sympathetic cardiac outflows. Consequently, the HRV randomness is expected to
decrease from supine to sitting, in parallel with the decrease of vagal tone and the increase
in sympathetic tone, with negligible effects on the system complexity.

Therefore, this dataset allows testing two working hypotheses separately, possibly
understanding the nature of the information provided by these entropy estimators better.
First, assuming that a postural shift from supine to sitting does not alter the complexity
structure of the cardiovascular control but only the irregularity/unpredictability of the
heart-rate series by modulating the autonomic tone, we will test the hypothesis that postural
differences will be clearer for SampEn or FuzzyEn than for DistEn (preliminary results
on this issue have been presented at the 12th ESGCO Conference in 2022 [16]). Second,
assuming that in SCI individuals, previously associated with an altered multifractality, the
impaired integrative autonomic regulation influences the cardiovascular complexity, we
will test the hypothesis that DistEn reveals more pronounced and significant differences
between AB and SCI groups than SampEn or FuzzyEn.

2. Materials and Methods

2.1. Synthetized Series

To compare the general characteristics of SampEn, FuzzyEn, and DistEn, we generated
30 series for each of 3 stochastic processes: Gaussian white, pink, and brown noises.
Furthermore, by using the logistic recursion x(n + 1) = ω × x(n) × (1 − x(n)) we generated
30 chaotic (ω = 4) and 30 periodic (ω = 3.5) series. Each of the 5 × 30 synthesized series
was composed of 512 samples.

2.2. Subjects and Data Collection

We considered the 14 SCI individuals with a complete lesion (ASIA scale A) at a level
between the 12th thoracic and 4th lumbar vertebra and 34 AB controls who participated in
our previous study for evaluating spectral and fractal HRV components [17]. Paraplegic
individuals had complete traumatic lesions with no current or previous history of overt
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dysautonomia (details on exclusion criteria are reported in [18]). Due to the low level of the
lesion, the paraplegic participants had impaired autonomic control of organs innervated by
the pelvic nerve and by efferent pathways from the mesenteric ganglia but intact autonomic
cardiac control. The experimental protocol, which is described in detail in [18], consisted
in recording the ECG at 200 Hz sampling rate for 10 min in sitting and 10 min in supine
postures after an adaptation period of 5 min, in a quiet environment (for technical reasons,
the supine recording was missing in two SCI participants). The study was approved by
the ethics committee of IRCCS Don C. Gnocchi Foundation, Milan (Italy) and each subject
gave informed consent before the start of the experiment.

AB and SCI groups were matched by age (AB, 39.3 ± 12.1 years; SCI, 40.9 ± 10.0 years;
mean ± SD), body mass index (AB, 24.7 ± 2.6; SCI, 25.5 ± 4.8 kg·m−2) and female/male
ratio (AB, 5/29; SCI: 2/12). As demonstrated previously [17] (p. 6), the mean R-R
interval (RRI) did not differ significantly between groups (supine AB = 958 ± 26 ms,
SCI = 885 ± 40 ms; sitting AB = 864 ± 23 ms, SCI = 853 ± 34 ms, median ± SE me-
dian); furthermore, AB and SCI participants were also matched in terms of the time-
domain vagal indexes RMSSD (supine AB = 30 ± 4 ms2, SCI = 28 ± 6 ms2; sitting
AB = 27 ± 3 ms2; SCI = 28 ± 5 ms2) and pNN50 (supine AB = 7.8 ± 3.6%, SCI = 8.8 ± 3.3%;
sitting AB = 6.2 ± 2.1%, SCI = 9.9 ± 3.7%), as well as frequency-domain vagal and sym-
patho/vagal indexes, HF power (supine AB = 258 ± 90 ms2, SCI = 132 ± 84 ms2; sitting
AB = 194 ± 47 ms2, SCI = 179 ± 80) and LF/HF powers ratio (supine AB = 2.3 ± 0.3,
SCI = 2.9 ± 1.2; sitting AB = 3.9 ± 0.4, SCI = 3.5 ± 0.7).

2.3. Entropy Estimators

Premature beats visually identified on the RRI time series from the ECG were removed.
The HRV entropy was estimated over a segment of 512 consecutive beats, with embedding
dimensions m = 1 and m = 2.

As to SampEn and FuzzyEn, we set the threshold r equal to 20% of the standard devia-
tion of the series. SampEn was calculated as in [6]: given the N samples X = {x1 x2 . . . xN}
we constructed the template vectors for the dimension m,

Xm
i = [xi, xi+1, . . . , xi+m−1]

T 1 ≤ i ≤ N − m, (1)

calculated the infinity norm distance between vectors

dm
ij = ‖Xm

i − Xm
j ‖∞ 1 ≤ i, j ≤ N − m, j ≥ i + 1, (2)

and counted the pairs of vectors with a distance lower than r, np(m,r). We repeated the
same steps for m + 1 obtaining:

SampEn(X, N, m, r) = −ln
np(m + 1, r)

np(m, r)
(3)

FuzzyEn was calculated as in [8]: first, we obtained the average of the similarity degree
among vectors Xm

i as

φm =
N−m

∑
i=1

(
1

N − m − 1

N−m

∑
j=1,j �=i

exp

(
−

dm
ij

n

r

))
(4)

with n = 2. In Equation (4) we employed an exponential membership function follow-
ing [19] but different choices might imply different behaviors of the estimator [8]. Then we
calculated the same quantity for m + 1 and Fuzzy Entropy as:

FuzzyEn(X, N, m, r, n) = ln[φm(n, r)]− ln
[
φm+1(n, r)

]
(5)
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It should be noted that the original definition of FuzzyEn [7] removes local trends
making FuzzyEn not directly comparable to SampEn at the same m [20]. For this reason,
we estimated the global FuzzyEn without trend removals as introduced in [8].

DistEn was obtained as in [9] by calculating the empirical probability distribution
function (ePDF) of the dm

ij distances. We calculated ePDF on M = 512 equispaced bins over
the range of the distance values, its Shannon entropy ShEn as

ShEn = −
M

∑
t=1

ptlog2(pt) (6)

and

DistEn(m) =
ShEn(m, M)

log2(M)
(7)

Figure 1 schematizes the steps for the calculus of these three entropy methods.
Multiscale estimates of SampEn (mSE), FuzzyEn (mFE), and DistEn (mDE) at scales τ

between 2 and 20 beats were obtained after low-pass filtering the RRI series at each τ by a
zero-phase Butterworth filter with a cut-off frequency equal to 0.5/τ as in [21]. We used
this filter because of its better transition band compared to the moving average originally
proposed for coarse-graining [22]. Then the coarse-graining decimation (consisting in
taking one sample for every τ samples) was not applied to use all the samples of the
low-pass filtered series to improve the quality of the estimate [21], and we calculated mSE,
mFE, and mDE setting a delay equal to τ between consecutive samples of the template
vectors as defined in [23].

2.4. Statistics

As stated in the introduction, the aim is to evaluate whether Sample, Fuzzy and Distri-
bution entropy identify or not the expected HRV changes due to (1) the postural autonomic
activation; and (2) the impaired integrative autonomic control. This logically leads to
testing two null hypotheses for each entropy estimator, one regarding the significance
of the factor “posture” comparing supine and sitting positions, the other regarding the
significance of the factor “case” comparing AB and SCI participants.

To test these hypotheses for SampEn, FuzzyEn, and DistEn, we applied a Linear
Mixed-Effects Model that simultaneously provides the statistical significance of the factors
Case (AB vs. SCI) and Posture (Supine vs. Sitting) and their interaction. We tested if
the residuals were normally and equally distributed and rank-transformed the data if the
assumptions were not satisfied. When one of the factors or their interaction was significant
at p < 0.05, we tested the differences between Supine and Sitting for each group and the
differences between AB and SCI participants in each posture with a-posteriori contrasts,
accounting for multiple comparisons with the false discovery rate correction.

As to the multiscale entropies, the statistical tests should regard each of the 19 scales
from τ = 2 to τ = 20 separately. For conciseness, we employed a non-parametric approach
(Wilcoxon–Mann–Whitney test) to check the assumption of Linear Mixed-Effects Models
for each scale. A null hypothesis was tested separately at each scale and thus corrections
for multiple comparisons were not applied. The ability of mSE, mFE, and mDE to detect
HRV changes associated with posture was assessed by the Wilcoxon Signed Rank test
comparing Supine and Sitting positions by groups at each τ; the ability to detect HRV
changes associated with the impaired integrative autonomic regulation was assessed by
the Wilcoxon Rank Sum test comparing AB and SCI groups by posture at each τ.
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Figure 1. Scheme of Sample (SampEn, left), Fuzzy (FuzzyEn, center), and Distribution Entropy (Dis-
tEn, right) calculation. SampEn and FuzzyEn estimate the K-S entropy of the series by representing
segments of m and m + 1 samples as points in spaces of m and m + 1 dimensions and calculating the
distances between points in both spaces, di,j

m and di,j
m+1, based on the conditional probability that

similar segments of m samples remain similar when the segment length increases to m + 1. SampEn
is the negative logarithm of the ratio between the number of points np closer than the threshold r
(red line) in spaces of m + 1 and m dimensions. FuzzyEn is the difference between the logarithms of
the degree of similarity among points in the m and m + 1 spaces, Φm(r,n) and Φm+1(r,n), with r the
fuzzy distance (red bar) and n the exponent that defines the similarity function. Unlike SampEn and
FuzzyEn, DistEn does not calculate the entropy of the series but the Shannon entropy (ShEn) of the
distances, di,j

m, by estimating the empirical probability distribution function (ePDF) of di,j
m over M

bins and ShEn as −∑M
t=1 ptlog2(pt), with pt the relative frequency of bin t.

3. Results

3.1. Synthetized Series

Figure 2 compares the entropy estimates for the synthesized series. Synthetized series
allow a better understanding of the role of SampEn and FuzzyEn as estimators of time
series irregularity and DistEn as an estimator of system complexity. In fact, the figure
highlights a very different behavior of the two estimators of the K-S entropy, SampEn,
and FuzzyEn, compared to DistEn. SampEn and FuzzyEn provide the largest entropy for
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white noise (the more unpredictable series) and lower values for pink and brown noises,
reflecting the increase in the long-range correlation of these series. The entropy of the
chaotic series is in between pink- and brown-noise entropies, and the periodic series has
the lowest entropy, close to zero.

Figure 2. Mean and SEM of SampEn (panels (a,d)), FuzzyEn (panels (b,e)), and DistEn (panels (c,f))
over groups of 30 synthesized series for dimensions m = 1 and m = 2. Wn = white noise; Pn = pink
noise; Bn = Brown noise; Cs = chaotic series; Ps = periodic series. The * indicates differences vs. Wn
at p < 0.05.

By contrast, DistEn provides a different picture and distribution entropy is the largest
for the chaotic series. Furthermore, DistEn is greater (and not lower) for Brown than white
noise. Moreover, pink and white noises virtually have the same DistEn. The periodic series
has the lowest DistEn, as for SampEn/FuzzyEn. However, while SampEn/FuzzyEn of the
periodic series is just 1% of the value of white noise, DistEn of the periodic series is around
one-third of the white-noise DistEn.
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As to the multiscale entropy (Figure 3), mSE and mFE show almost the same trends:
white and pink noises and the chaotic series monotonically decrease with the scale for all
τ > 2, with a steeper decrease for mFE; the periodic series is close to zero; and the Brown
noise entropy increases with τ, although it happens at all the scales for mSE and up to
τ = 10 only for mFE. The estimates appear slightly more stable for mFE than mSE, and for
m = 1 than m = 2. However, there are differences between mSE and mFE in the relative
entropy values among signals. For instance, mSE is greater for pink than Brown noise at all
the scales while for mFE the difference disappears at τ > 10 for m = 2 and is even reversed
(with mFE greater for Brown than pink noise) for m = 1. Furthermore, white noise and the
chaotic series have the same mSE at τ > 5 for mSE, while mFE is consistently greater for
white noise than the chaotic series at all τ.

Figure 3. Multiscale Sample (mSE, panels (a,d)), Fuzzy (mFE, panels (b,e)), and Distribution (mDE,
panels (c,f)) Entropies of synthesized signals. Values as mean and 95% confidence intervals.

The profile of mDE as a function of the scale appears rather different. The mDE of the
chaotic series decreases very quickly with τ so that Brown and pink noises have a greater
mDE than the chaotic series at the larger scales and Brown noise has the largest mDE at all
τ > 2. The periodic series has the lowest mDE at all scales. It should be noted that the mDE
of the periodic series generated by the logistic recursion with ω = 3.5 was calculated in
two previous works [24,25] that reported a systematic periodicity at scale multiples of τ = 4
which, however, is absent in our estimates of Figure 3c,f. The reason is likely due to the
poor transition band of the moving average filter employed in the previous works before
coarse-graining as demonstrated in Appendix A.
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3.2. Real Beat-to-Beat Series
3.2.1. SampEn, FuzzyEn, and DistEn

Table 1 reports the significance of “Posture” and “Case” factors and their interaction.
Only “Posture” is significant for SampEn and FuzzyEn. In particular, Figure 4 shows
lower SampEn and FuzzyEn in Sitting. The percent decrease of entropy from Supine to
Sitting is more pronounced for the AB group both when quantified by SampEn (m = 1:
AB = −9.9%, SCI = −6.2%; m = 2: AB = −11.8%, SCI = −5.1%) and FuzzyEn (m = 1:
AB = −19%, SCI = −0.9%; m = 2: AB = −17.6%, SCI = −2.2%). The differences reach
statistical significance in the AB group only.

Table 1. Significance p of Posture and Case factors and their interaction after linear mixed-effects
model analysis for two embedding dimensions m.

Factor SampEn FuzzyEn DistEn

m = 1
Posture 0.029 * 0.024 * 0.15

Case 0.17 0.30 0.020 *
Interaction 0.22 0.13 0.94

m = 2
Posture 0.007 * 0.038 * 0.25

Case 0.20 0.28 0.026 *
Interaction 0.23 0.23 0.90

Bold and * highlight statistical significances at p < 0.05.

Figure 4. Mean and SEM of SampEn (panels (a,d)), FuzzyEn (panels (b,e)), and DistEn (panels (c,f))
in AB and SCI participants for m = 1 and 2. The * indicates significant differences between postures
or groups at p ≤ 0.05; the ◦ indicates statistical trends at p < 0.10.
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By contrast, Table 1 reports that neither “Posture” nor the interaction of “Posture” with
“Case” is a significant factor for DistEn. However, differently from SampEn or FuzzyEn, the
“Case” factor is significant for DistEn demonstrating that the low-level spinal cord lesion
influences cardiovascular complexity. In particular, Figure 4 provides evidence of higher
DistEn in SCI than AB participants. The difference between SCI and AB groups expressed
as a percentage of the AB value was similar in the two postures (m = 1: Supine = +2.3%,
Sitting = +1.8%; m = 2: Supine = +1.8%, Sitting = +1.5%).

3.2.2. mSE, mFE and mDE

Figures 5 and 6 show the profiles of multiscale entropies separately in the two groups
and postures, respectively, for embedding dimensions 1 and 2. The capability of DistEn
to discriminate between AB and SCI groups is almost lost at τ > 1 and mDE shows just a
weak tendency to separate the AB and SCI groups at τ < 8. At greater mDE scales, the two
groups overlap each other.

Figure 5. Multiscale Sample (panels a,d), Fuzzy (b,e), and Distribution Entropies (c,f) for m = 1 in
supine and sitting postures. Values as mean ± SEM over SCI and AB controls. The symbols refer to
the scale-by-scale statistics for 2 ≤ τ ≤ 20: the * and ◦ in the panels a–f indicate significant differences
(p ≤ 0.05) or trends (p < 0.10) between AB and SCI groups; and in the panels (d–f) indicate significant
differences (p ≤ 0.05) or trends (p < 0.10) between postures.

By contrast, the multiscale Fuzzy Entropy allows distinguishing between the AB and
SCI groups at scales τ > 10 but only in the sitting position. Differences between groups that
are significant (m = 2) or close to the significance level (m = 1) appear for mSE too around
τ = 7: in this case, however, the trends characterize the supine position only.

26



Entropy 2023, 25, 281

 

Figure 6. Multiscale Sample (panels a,d), Fuzzy (b,e), and Distribution Entropies (c,f) for m = 2 in
supine and sitting postures. Values as mean ± SEM over SCI and AB controls. The symbols refer to
the scale-by-scale statistics for 2 ≤ τ ≤ 20: the * and ◦ in the panels a–f indicate significant differences
(p ≤ 0.05) or trends (p < 0.10) between AB and SCI groups; and in the panels (d–f) indicate significant
differences (p ≤ 0.05) or trends (p < 0.10) between postures.

Significant differences between postures are detected only by mSE: they regard the
AB group only and scale τ ≤ 8.

4. Discussion

Distribution entropy has been originally proposed to describe complexity aspects of the
physiological systems generating HRV because Sample entropy was considered a measure
more focused on the heart-rate irregularity [9,10]. Our study contributes to clarifying this
aspect. It is designed to compare how Distribution, Sample and Fuzzy entropies quantify
HRV changes having different origins: one is a posture change that modifies HRV without
affecting the physiological structure underlying the cardiovascular complexity; the other is
a condition anatomically characterized by an impaired integrative regulation.

This comparison was possible considering a human model of impaired integrative
autonomic control: the paraplegic individual with a low-level spinal lesion. Paraplegic
subjects with a high-level lesion, above the fifth thoracic vertebra, T5, have an impaired
sympathetic outflow that also affects the neural pathways directly innervating the heart:
this condition might influence both the long-term correlations of the heart rate (thus, the
heart rate irregularity) [18] and the overall system complexity. Lesions between T5 and T11
do not directly affect the cardiac autonomic outflows but influence importantly the central
autonomic regulation of several vascular districts. These innervations are responsible for
vasomotor components that generate the Mayer waves in blood pressure, reflected in the
low-frequency spectral power of HRV through the baroreflex [17]. Thus, also in the case of
spinal lesions between T5 and T11, we may expect both an altered cardiovascular complex-

27



Entropy 2023, 25, 281

ity due to the lesion and an altered heart-rate randomness due to the loss of predictable
oscillatory components (the Mayer waves). By contrast, paraplegic individuals with le-
sions below T11 preserve the oscillatory components of HRV that characterize the power
spectrum of AB controls [17]. Nevertheless, their spinal lesion alters the cardiovascular
complexity as previously demonstrated by assessing the HRV multifractality [14]. There-
fore, paraplegic individuals with spinal lesions below T11 represent a model of human
cardiovascular regulation that allows testing the information provided by different entropy
metrics, having an intact HRV power spectrum (i.e., second-order statistics) but an altered
multifractal spectrum (higher-order statistics). In the following, we will discuss the results
we obtained by assessing our dataset of heart rate recordings with Sample, Fuzzy, and
Distribution entropy methods.

4.1. SampEn, FuzzyEn, and DistEn

The significances of the factors “Case” and “Posture” highlighted the different nature
of DistEn compared to SampEn or FuzzyEn (Table 1) and support the hypothesis that DistEn
may identify structural alterations in the cardiovascular system rather than measuring
changes in the heart rate randomness, like SampEn or FuzzyEn. In line with the starting
hypothesis that a postural shift is not expected to be associated with structural changes
affecting the system complexity, DistEn fails to detect the increase in cardiac sympathetic
tone and decrease in vagal tone that characterizes the shift from supine to sitting. These
autonomic changes are detected by SampEn and FuzzyEn similarly, both describing a
decrease in heart rate irregularity in sitting. In fact, the higher sympatho/vagal balance in
the sitting position should increase the relative amplitude of the slower HRV components
driven by the cardiac sympathetic outflow, increasing the long-range correlation of heart
rate values and consequently their beat-to-beat predictability. Our results also show that
both SampEn and FuzzyEn quantify a more marked postural decrease of entropy in the AB
group. The similarity of the results provided by SampEn and FuzzyEn is not surprising
because both count the number of similar segments of length m that remain similar when
the segment length increases to m + 1, even if the way this number is obtained and processed
differs between the methods.

Also in line with the starting hypothesis is our finding that DistEn, unlike SampEn or
FuzzyEn, distinguishes the altered integrative autonomic control in SCI participants (the
“Case” factor is significant for DistEn only, Table 1). The effect is a greater DistEn in the SCI
group. We cannot exclude that SampEn and FuzzyEn may also partially reflect the effect
of the spinal lesion on the system complexity and Figure 4 might suggest a tendency for
SampEn/FuzzyEn to separate the AB and SCI groups in Supine. However, the difference
is far from being significant, supporting the hypothesis that SampEn and FuzzyEn are
more sensitive to changes in the signal randomness, and DistEn to alterations in the system
complexity, as formulated in [9,10].

Our results, therefore, indicate that the HRV complexity, as quantified by DistEn,
is greater in the SCI group. We cannot indicate how the impairment of the autonomic
integrative control due to the spinal cord lesion may have produced an increased com-
plexity. However, our results on the synthesized series might help to formulate a tentative
hypothesis. The trends we observed in our AB and SCI volunteers have the same sign
of the differences between white noise and chaotic series: greater DistEn and lower Sam-
pEn/FuzzyEn for the chaotic series compared to white noise, as in SCI compared to AB
participants. Looking at the ePDF functions of white noise and chaotic series (e.g., see
Figure 7) we found that the chaotic dynamics produced distances equally distributed at
all the amplitudes; by contrast, even if white noise is totally unpredictable the distances
between its vectors have certain amplitudes more likely than others. This might suggest
that the presence of an effective integrative autonomic control allows the higher centers of
the nervous system to coordinate the local vascular regulations orchestrating harmonically
the cardiovascular dynamics and shaping the ePDF in a sort of bell curve. This would avoid

28



Entropy 2023, 25, 281

that independent regulations of the local vascular districts reverberate into less structured,
and flatter, ePDF, resulting in a higher DistEn.

 

Figure 7. Empirical probability distribution functions of distances between vectors at m = 2 for white
noise series (panel (a)) and chaotic series (panel (b)).

4.2. mSE, mFE and mDE

The multiscale entropy approach was originally proposed to distinguish the sample
entropy of the uncorrelated white noise process from the entropy of series with long-
term correlation (like pink noise), as a tool for distinguishing time-series randomness
from system complexity. Our results on the synthesized series confirm the ability of the
multiscale approach to distinguish between white and pink noises not only for SampEn
but also for FuzzyEn. By contrast, the multiscale approach appears much less efficient in
separating white from pink noise when applied to DistEn.

Furthermore, the multiscale approach suggests complementary roles of Sample, Fuzzy,
and Distribution Entropy in describing the HRV dynamics. A result that deserves to be
discussed is that at scales τ > 1, mSE and mFE provide substantially different information
even if both estimate the K-S entropy by counting points close to each other in m and m + 1
dimensions. This contrasts strikingly with the similar behavior of SampEn and FuzzyEn in
distinguishing between groups or postures (Figure 4).

In fact, while both SampEn and FuzzyEn distinguish similarly the posture change in
the AB group, mSE only and not mFE differs significantly between Supine and Sitting in
the AB group. A possible explanation is offered by the analysis of the synthesized series
(Figure 3). The way mSE and mFE change with τ is similar for all the signals. However,
the relative differences between signals are not the same for mSE and mFE. For instance,
let us consider white and Brown noises: for both mSE and mFE, the white noise decreases
with τ from its highest value at τ = 1 and the Brown noise increases with τ from a much
lower value at τ = 1. However, the slope of Brown noise as τ increases differs between
mSE and mFE and at around τ = 4 mSE is much higher for the white than Brown noise
while the mFE of white and Brown noises are similar. We might hypothesize that the fuzzy
and dichotomous thresholds used for classifying segments as similar or dissimilar weight
differently in strongly correlated series, such as the Brown noise. The consequence is that
the mSE and mFE profiles with τ may differ depending on the level of correlation among
samples, justifying why the Sample and Fuzzy methods may provide different information
on the HRV entropy at scales greater than one.

The same reasoning may also explain a second interesting difference between mSE
and mFE, i.e., the ability of these multiscale methods to distinguish between AB and SCI
groups. In fact, at τ ≥ 10 (scale likely influenced by vasomotor components such as the
Mayer waves) the mFEs of AB and SCI groups in sitting position diverge while the mSEs
almost overlap each other. The greater mFE in sitting SCI participants suggests a higher
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system complexity, in line with the result provided by DistEn. Furthermore, differences
between groups seem to appear in the supine position too, in this case for mSE around
τ = 7 (scales more likely influenced by respiration). Our results, therefore, suggest that the
Sample and Fuzzy entropy methods provide complementary information on HRV when
considered over multiple scales.

By contrast, no significant differences between groups or postures are identified by
mDE at any τ > 1. In particular, the difference between groups that characterize DistEn
(i.e., mDE at τ = 1) vanishes as τ increases and the mDEs of the AB and SCI groups
practically overlap each other at τ > 7. This is not completely unexpected because DistEn
has been proposed to detect alterations in the system complexity even at scale 1, without
requiring a multiscale analysis, as for Sample and Fuzzy entropies; and because the way
mSE and mFE detect the entropic temporal structure depends critically on the definition
of the threshold r [26], a parameter that is absent in the calculation of DistEn. However,
a deterioration of the Distribution Entropy method in revealing structural alterations in
the system complexity at larger scales is possible: actually, the mDE inability to detect
differences between white noise and the chaotic signals at τ > 2 was reported previously [25]
and confirmed by our results (Figure 3). Even if mDE proved to be valid in distinguishing
multiscale entropy alterations with aging and congestive heart failure [25], likely thanks
to its capacity to provide statistically consistent estimates even on very short series, the
low performance in distinguishing purely random from deterministic chaotic signals at
τ > 1 may be responsible for the lack of significant differences between our AB and SCI
groups. Interestingly, a recent study suggested that the relatively poor performance of mDE
in distinguishing between chaotic and random series at larger scales is due to neglecting
more complete quantifications of the distance between vectors in the embedding space [24].
These authors introduced an improved distribution entropy method taking into account
also the orientation-based angular distance and the rank-based Spearman distance between
vectors in the phase space, with promising results [24].

4.3. Limitations

Some limitations should be considered in interpreting our results. The first regards
the relatively small number of enrolled SCI participants, in particular, female participants.
A larger number might have identified as significant some reported statistical tendencies,
or allowed identifying sex-related differences. However, it should be considered that the
enrollment criteria in the SCI group were particularly stringent, requiring a well-delimited
lesion level, the completeness of the lesion, and an active lifestyle to reduce the effect
of sedentariness as a confounding factor. Furthermore, some medications could not be
suspended (3 SCI participants were taking antibiotics for urinary infection, and another 3
were taking drugs against muscle spasms) and a possible influence of these drugs on the
results cannot be completely excluded.

5. Conclusions

We may conclude that Sample, Fuzzy, and Distribution Entropy methods are not
alternatives one to the other, but they complement each other providing different infor-
mation on HRV. Regarding the beat-to-beat scale, DistEn cannot be considered an index
of sympathovagal balance, because, unlike SampEn and FuzzyEn, it does not distinguish
between supine and sitting postures either in healthy controls or in paraplegic volunteers.
However, it demonstrates the ability to distinguish alterations in the integrative autonomic
control that SampEn and FuzzyEn fail to detect.

At larger scales, mSE and mFE provide different pieces of information that cannot be
derived from mDE and that, taken together, allow obtaining a more complete picture of the
alterations induced by the posture shift and the spinal lesion. Therefore, Sample, Fuzzy,
and Distribution entropies are not alternative tools but they represent different aspects of a
more complex picture.

30



Entropy 2023, 25, 281

Author Contributions: Conceptualization, P.C. and G.M.; methodology, A.F., P.C. and G.M.; software,
A.F.; validation, A.F.; formal analysis, A.F. and P.C.; investigation, G.M.; resources, G.M.; data curation,
A.F.; writing—original draft preparation, P.C.; writing—review and editing, P.C., A.F., G.M. and G.P.;
visualization, A.F.; supervision, P.C.; project administration, G.M.; funding acquisition, G.M. and G.P.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Italian Ministry of Health (Ricerca Corrente RC2022).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Ethics Committee of Fondazione Don Carlo Gnocchi in 1999.

Data Availability Statement: The data supporting the main findings of this study are available at
URL https://doi.org/10.5281/zenodo.7491970 (accessed on 28 January 2023) with access granted on
justified request to researchers meeting the criteria for access to confidential data due to the hospital
research policy and restrictions requested by the ethical committee.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

Appendix A

The multiscale Distribution Entropy has been evaluated for the logistic regression
with ω = 3.5 (periodic signal) and ω = 4 (chaotic signal) in two previous papers [24,25].
While mDE estimates for the chaotic signal are similar to our estimates (Figure 3c,f), the
estimates of the periodic signal present a systematic oscillation repeating at scales multiple
of τ = 4 that is absent in our estimates. Differently from [24,25], we used a Butterworth
filter for evaluating scales τ > 1 as suggested in [22] because of its narrower transition
band compared to the moving average filter used in previous estimates. To verify that the
reported systematic oscillation in multiscale Distribution Entropy of the periodic signal is
an artifact generated by the broad transition band of the filter, we estimated its mDE again
using the classic coarse-graining approach (which consists in decimating the signal by
taking one sample every τ and by substituting the selected sample with the average over τ
contiguous samples) and the moving-average approach followed in [24,25] (which consists
of filtering the signal with a moving average of order τ and calculating the distribution
entropy by introducing the delay δ = τ among the filtered samples). Figure A1 shows
that mDE estimates after coarse-graining or moving average present a clear periodicity
at multiples of τ = 4 and that its values depend on the filter (e.g., for m = 3 mDE shows a
relative minimum after coarse graining and a relative maximum after the moving average,
at scales τ = 2 + 4n, with n = 0, 1, 2, . . . ). This result demonstrates that the periodicity is
introduced by the filtering or coarse graining method and suggests that it is an artifact
introduced by the broad transition band of the moving average.

 

Figure A1. Multiscale Distribution Entropy of the periodic signal estimated with the traditional
coarse-graining approach (a), with the delay method using the moving average filter (b), and the
Butterworth filter (c).
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Abstract: Using the visibility graph algorithm (VGA), a complex network can be associated with
a time series, such that the properties of the time series can be obtained by studying those of the
network. Any value of the time series becomes a node of the network, and the number of other
nodes that it is connected to can be quantified. The degree of connectivity of a node is positively
correlated with its magnitude. The slope of the regression line is denoted by k-M, and, in this work,
this parameter was calculated for the cardiac interbeat time series of different contrasting groups,
namely: young vs. elderly; healthy subjects vs. patients with congestive heart failure (CHF); young
subjects and adults at rest vs. exercising young subjects and adults; and, finally, sedentary young
subjects and adults vs. active young subjects and adults. In addition, other network parameters,
including the average degree and the average path length, of these time series networks were also
analyzed. Significant differences were observed in the k-M parameter, average degree, and average
path length for all analyzed groups. This methodology based on the analysis of the three mentioned
parameters of complex networks has the advantage that such parameters are very easy to calculate,
and it is useful to classify heartbeat time series of subjects with CHF vs. healthy subjects, and also for
young vs. elderly subjects and sedentary vs. active subjects.

Keywords: visibility; tachograms; k-M slope; complex networks; average degree; average path length

1. Introduction

Nowadays, the scientific community is studying new tools for physiological sig-
nal analysis that can be successfully used for the classification of different groups by
computational algorithms [1–4]. Especially, the analyses of electrocardiograms (ECG) by
different methods have shown potential applications for the prediagnosis of several dis-
eases [5]. These tools could be helpful for physicians when giving a diagnosis. Some tradi-
tional techniques for the analysis are based on measurements of time and frequency [6,7].
For example, De Abreu et al. [8] analyzed the performance of cyclists with different kinds
of training by using time and frequency domain markers on beat-to-beat heart period series.
However, these methods have limitations due to the sampling frequency of the equipment
used to measure and the sensitivity of the results to the definition of the filter bandwidth [9].
For instance, vagal modulation could be studied in high-frequency heartbeat time series,
known as respiratory sinus arrhythmia [10]. Hence, new methodologies have emerged
for the analysis of these kinds of signals. Guzzetti et al. [11] showed that signals in a
group containing patients with chronic heart failure and in a healthy control group have
significant differences using linear and nonlinear methods. Therefore, the measurement
of the signals’ complexity and the application of nonlinear dynamic techniques have
shown relevant results for classifying the signals of healthy subjects from those of diseased
subjects [2,4,12]. Moreover, the influence of aging, gender, and the physical condition of
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subjects has been studied with heart rate variability (HRV) analysis with entropy calcula-
tions [9,13–15]. Furthermore, the results of Porta et al. [16] suggest that age is a factor in
the decrease in vagal modulation and increase in sympathetic modulation, which reduce
the complexity of cardiovascular regulation.

On the other hand, to characterize the irregular behavior of time series data, al-
ternative techniques have recently been applied in different areas of science, such as
network analysis, based on the concepts of statistical physics and graph theory [17,18].
The idea of transforming a discrete set of data into a network involves considering a set
of nodes and the links between them. The transformation of a time series into a network
allows the investigation of the dynamics of complex systems through analysis of the prop-
erties of the network [19,20]. Several methods have been proposed to convert time series
into networks as well as to characterize these series in terms of the parameters with which
the network is described. For example, Zhang and Small [21], starting from time series
with periodic properties, obtained complex networks representing each cycle as a node.
The work of Xu et al. [22] is also important; they analyzed the properties of complex net-
works and the distribution of subsets of the networks’ graphs. Gao et al. [23,24] proposed a
methodology to study chaotic time series and developed a new network, which they called
a multivariate recurrence network.

One of the most important methodologies in this field of research is the visibility graph
algorithm (VGA) [25], which consists of transforming a time series into a complex network
while maintaining its basic characteristics and making use of network theory to characterize
the original data. Through this mapping, the dynamic characteristics of the time series
become the characteristics of the network, and conversely, the features of the time series
can be deduced from those of the network. This algorithm has recently been applied in
various areas, such as finance [26–30], weather forecasting [31–33], medical science [34–37],
and especially in real [20,38–42], experimental [19], and synthetic seismicity analyses [43].

In the VGA approach, a segment connects two time series values that can see each
other. In terms of graph theory, each time series value is assigned a node, and there exists
a connection (or edge) between two nodes if there is visibility between them. The degree
of connectivity is the number of connections per node. Each node is visible at least to its
nearest neighbors (left and right), and there is invariance under related transformations
of the time series [25]. The graphs developed using the VGA method have been shown
to transform periodic, random, and fractal time series into regular, random, and unscaled
networks, respectively [25,44,45].

In the seismicity field, Telesca et al. [38] have used the VGA method to study se-
quences of seismic magnitude, and they observed power law behavior in the distribution
of connectivity degrees. This unscaled signature on connectivities is concomitant with
other scale-invariant properties observed in earthquake research. Earthquakes are complex
phenomena, both in terms of their spatial and temporal characteristics, and many of the
laws of seismology exhibit fractal properties, as reflected by scale exponents [46,47].

In the visibility graph methodology, the degree of connectivity k is defined for each
event according to its magnitude and position in the time series. The k-M parameter is the
slope of the straight regression line, with the magnitude on the x-axis and the degree of
connectivity on the ordinate axis. Telesca et al. [19] conducted a similar analysis on regional
seismicity in Pannonia and proposed that the correlation between these two parameters is
almost universal. Similar results have been obtained when analyzing seismicity time series
obtained experimentally [19]. Additional studies in this direction have been performed
by Azizzadeh-Roodpish et al. [42,48] for Southern California and the Alaskan Crustal and
Aleutian subduction zones; by Khoshnevis et al. [41] on the seismicity of northern Iran;
and by Pérez-Oregon et al. [43] in synthetic earthquake time series. All of these studies
have strengthened this universal linear correlation.

The variability in the human heart rate is the result of the combination of different
physiological control systems that allow the body’s functioning to adapt to physical, envi-
ronmental, or other changes. Time series of long-term R–R intervals (or tachograms) are
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nonlinear time series that present fractal properties. The behavior of heart rate variability
is altered with age, when subjects exercise, and when they are ill [9,49–53]. When HRV
is reduced, there is an increased risk of cardiovascular disease [54,55], and higher mortal-
ity has also been reported in patients with diseases of the circulatory system [56,57]. As
tachograms are nonlinear, inhomogeneous, and non-stationary time series, nonlinear meth-
ods can better capture changes in HRV than linear methods [12,58–60]. To analyze these
time series, many nonlinear methodologies have been used, such as detrended fluctuation
analysis (DFA) [61–63], fractal dimension [64,65], and multifractal analysis [4,66].

Changes in HRV induced by low or intense physical activity have been widely
studied [1,13,15,67–74]; when the subject is exercising, cardiovascular disorders can be
detected that are not observed when the subject is inactive [70]. Therefore, by introducing
extra work for the heart while exercising and monitoring the subject’s heart activity with
an electrocardiograph, it may be possible to discern heart problems that are not seen when
the subject is at rest [68]. Heart rate has been shown to increase during physical activity
due to the withdrawal of the parasympathetic system and increased sympathetic activity
(of course, this depends on the intensity of the exercise) [69]. Furthermore, it has been
reported in animal models that improving physical fitness can reduce problems caused by
heart disease [75].

Very interesting works analyzing cardiac interbeat series using the visibility algo-
rithm have been published; for example, Jiang et al. [76] applied the VGA to study the
dynamics of the human heartbeat during chi meditation and yoga. Their results indicated
that VGA analysis can reveal changes caused by meditation training, which manifest as
regular heartbeats, and they concluded that this methodology constitutes a reliable tool
for the assessment of the dynamic changes in heartbeat under different physiological
and pathological conditions, even when using a short series with only 400 beats. In 2018,
Bhaduri et al. [3] studied heartbeat time series taken from the Physionet databases, corre-
sponding to two groups of subjects: one healthy and the other with congestive heart failure.
As the distribution degree of the nodes was found to satisfy a power law, they proposed the
parameter of power of scale-freeness in visibility graph (PSVG), which could significantly
differentiate between healthy and diseased subjects and also allow for the determination
of different stages of the disease. Choudhary et al. [77] used the horizontal visibility
algorithm and proposed the parameter of grouped horizontal visibility entropy (GHVE) to
quantify the complexity as a function of the probability distribution of the observations.
They concluded that the proposed GHVE measure is more accurate in distinguishing
healthy from pathological subjects than its ungrouped HVE counterpart. Therefore, it is
better suited for the detection of changes related to aging, disease severity, and activity
levels. Other researchers [78] have investigated the possible impact of meditation on the
complexity of heart rate signals using the VGA. Using data from Physionet, they analyzed
the dynamics of heartbeat time series both before and during meditation by examining
the complexity of the VGs using the graphical index complexity (GIC) [79]. In general, the
results obtained showed that heart rate signals were more complex during meditation.

On the other hand, there are other parameters characterizing complex networks, such
as the average degree, which is the mean number of neighboring nodes for each node, and
the average path length, which is the mean distance between all pairs of nodes [17].

The objective of this work is to study the behavior of the k-M parameter for a totally
different complex system: the heart rate variability time series [50]. To do this, heartbeat
time series obtained from different people in various situations are studied: first, we
compare healthy young and elderly subjects, then healthy subjects and patients with
congestive heart failure (CHF), and, finally, subjects at rest and while exercising. In addition,
we analyze the average degree and average path length of the networks obtained for each
time series. We show, in this work, that these parameters are useful to determine differences
in time series and, remarkably, that the selected parameters are the simplest to obtain from a
network due to the low computational costs for time and resources. It is worth mentioning
that the main contribution of this work is to identify the network parameters that can be
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implemented for the classification of the heartbeat time series of patients with CHF vs.
healthy subjects, young vs. elderly subjects, and sedentary vs. active subjects. Although
VGA is not a new tool, in this paper we explore its use in heartbeat time series, something
that has not been widely studied, in order to enlarge the range of tools that can be used for
series analysis.

The remainder of the work is organized as follows. Section 2 presents the methods
of the VGA performed (Section 2.1) and the databases used for analysis (Section 2.2); this
last subsection is divided according to the kinds of series considered. First, we generate
white, pink, and Brownian noises to verify the differences between network parameters in
these artificial series; then, we obtain series from Physionet [80] with registers of young and
elderly subjects and another database with healthy subjects and subjects with CHF; and,
finally, the third database was generated by our own records of subjects at rest and during
exercise. Section 3 presents the results of the k-M slope, the average degree and average path
length of all databases mentioned above, and the statistical analysis to validate significant
differences between the groups. Section 4 opens the discussion and the contribution of the
work. Finally, Section 5 shows the concluding remarks.

2. Materials and Methods

2.1. Visibility Algorithm

The visibility graph algorithm is a method that maps a time series into a complex
network. We illustrate the method in Figure 1 in terms of a bar graph, where the height
of the bars represents the magnitude of the events. Two events are connected if they are
visible to each other, and this happens if any event between them intersects the straight
line that connects them. This visibility algorithm [25] has attracted a lot of attention as it
can reveal the nonlinear characteristics of time series. By mapping the time series into a
graph with connected nodes, this complex graph (or network) inherits various properties
of the time series; for example, random time series result in random graphs, periodic time
series result in random graphs, and time series with fractal properties result in scale-free
networks [17,18]. Let x(i), 1 ≤ i ≤ N be a time series composed of N data, and consider
each data point as a node in the VGA. Nodes x(i) and x(j) are connected only when the
following condition is satisfied [25]:

∀l ∈ (i, j); x(l) < x(i)− (j − l)
x(j)− x(i)

j − 1
. (1)
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Figure 1. Description of the visibility method. Each bar represents the magnitude of a single value
from a time series (called a node) and continuous lines represent connections between nodes. If a
node with higher magnitude (taller bar) is between two non-adjacent nodes, these other nodes do not
have a connection.
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This is the basic definition of an undirected visibility graph. The following properties
always hold for a VG graph [25]:

• A node is visible at least to its nearest neighbors (left and right).
• The edges do not have a direction.
• Visibility is not affected by the scaling of either horizontal or vertical axes, nor hori-

zontal or vertical translations.

There are various modified versions of the method, such as the horizontal visibility
algorithm and the directed visibility algorithm, in which the connection is defined in only
one direction. The direction can be forward (away from the node) or backward (toward
the node) [81–83]. In some applications, these variations have been applied with good
results; for example, in the analysis of chaotic periodic signals [81,82], as well as in other
randomly correlated ones, for which the correlation [81] or the reversibility have been
characterized [83].

We can build matrices for the visibility graph of a time series, called the adjacency
matrix. The dimension of the adjacency matrix is the number of nodes in the network.
If there is a connection between the nodes corresponding to a certain row and column,
the element of the matrix is equal to one; otherwise, it is equal to zero. For an undirected
visibility graph, this matrix is symmetric, with the elements of the main diagonal equal to
zero. There are usually ones around the main diagonal, as neighboring events are more
likely to be visible to each other. In the case of a directed visibility graph, the matrix is
asymmetric. The degree of connectivity of each node is obtained as the sum of the number
of connections in the matrix for each corresponding row [25].

The reliability of this methodology has been confirmed through its application to both
artificial fractal series and real series [25]. As has been reported, this method can provide
good results with relatively small series; for example, Jiang et al. [76] have claimed that
reliable results can be obtained with only 400 data.

In seismicity, the term k-M refers to a graph in which the degree of connectivity k
is plotted against the magnitude of the earthquake; however, for any time series, the
magnitude refers to the time series value that corresponds to that node. It is expected
that a small value of the time series will have a small value of k, and a large value of the
time series (which, in the visibility diagram, looks like a very high bar) would have a high
degree of connectivity as, from this point, many other bars can be seen [84].

2.2. k-M Slope, Average Degree, and Average Path 0 for White, Pink, and Brownian Noise

We illustrate the k-M calculations for 100 time series generated using white, pink (1/ f ),
and Brownian noise. Self-affine series were obtained with N = 1024 data and with values of
the spectral exponent β as follows: β = 0.5 (white), β = 1 (pink), and β = 2 (Brownian).
The methodology of [85–87] was used to generate the time series. In addition, the average
degree and average path length of networks generated from the aforementioned series were
also calculated. Furthermore, analysis of variance (ANOVA) was used to find significant
differences between the networks’ parameters calculated; if this was found, the contrast
test of Fisher’s least significant difference (LSD) was performed to determine exactly which
groups showed statistical differences.

2.3. Heartbeat Time Series
2.3.1. Young and Elderly Healthy Subjects

In order to evaluate the complexity lost with age [9], the VGA was applied to heartbeat
time series obtained from Physionet [49,80], a database containing data from 20 elderly
(68–85 years old) and 20 young (21–34 years old) healthy subjects, whose electrocardiog-
raphy signals (ECG) were recorded while they remained in a resting state watching the
movie Fantasia. Each subgroup included equal numbers of women and men. We extracted
samples with 1500 events from each time series. Then, we obtained the visibility graph and
the corresponding complex network for each time series, and the k-M value was obtained
by fitting the connectivity degree versus the magnitude (i.e., the duration of the time
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interval in seconds) of each R–R interval. In addition, the average degree and average path
length were also calculated. In order to prove that the differences between the obtained
values were statistically significant, we performed Student’s t tests with a significance level
of 0.05 for comparison.

2.3.2. Healthy Subjects and CHF Patients

In addition, heartbeat time series of healthy subjects and patients with congestive heart
failure (CHF) were obtained from Physionet [80], and we considered the following data:

• 54 registers over 24 h from subjects with normal sinus rhythm R–R interval
(30 men, aged 28.5–76; 26 women, aged 58–73).

• 29 registers over 24 h from subjects with CHF, New York Heart Association (NYHA)
classifications I, II, and III.

• 15 registers over 24 h from subjects with severe CHF, NYHA classifications III and IV
(11 men, aged 22–71; 4 women, aged 54–63).

We obtained six-hour sub-series when the subjects were sleeping and also six-hour sub-
series when patients were awake. However, for comparison purposes, we only separated
sub-series with 1500 data, as with the data on healthy old and young people from the
previous section. To obtain the k-M, average degree, and average path length, the same
procedure was followed as in the previous section. A Student’s t test was also performed
with a significance level of 0.05 for the comparison of these values calculated for both
groups. With this analysis, we intended to verify if there is also a loss of complexity in
the signals of subjects with CHF, as occurs in the aging process, which is associated with
an increase in sympathetic modulation due to the constant cardiac stress generated by
the disease.

2.3.3. Cardiac Interbeat Series Obtained at Rest and While Exercising

In total, tachograms of 152 subjects at rest and exercising (walking on a treadmill)
were analyzed. Of these 152, 84 were young men and women with an average age of
20.8 years, while the other 68 were middle-aged adults with a mean age of 51.9 years.
The measurements were repeated for all subjects. For each participating subject, personal
information was collected, including age, gender, weight, height, and so on. Subjects with
any disease related to the cardiovascular system were discarded, and it was ensured that
they were not taking medication of any kind. The tests were carried out in the morning,
at a suitable temperature. The average body mass indices of the subjects were as follows:
for young people, it was 25.24 ± 3.53; for middle-aged adults, it was 28.08 ± 4.54. For
each record, there were two measurements: a 60 min rest period and a 30 min walking
period on a treadmill. A total of 4096 and 2048 data were analyzed for resting and exercise
series, respectively. At the beginning of the test, seven electrodes were placed on the
subjects to take their ECG recordings, using a Fukuda Denshi Holter monitor model FM-
180 with a sampling frequency of 125 Hz. Once the 60 min rest period had ended, the young
subjects (under 30 years of age) were put on a commercial electric treadmill to walk at
1.56 m/s for 30 min. The speed for the older subjects was 1.34 m/s. The beat-by-beat signal,
or tachogram, was obtained for each digitized ECG using a peak detection algorithm.

The participants were volunteers and signed the informed consent form. The proto-
col for this research was approved by the Ethics Committee of the FES-UNAM-Mexico
under document number CE/FESI/022020/1348. Before the test, all subjects answered
the International Physical Activity Questionnaire (IPAQ) in order to classify their physical
activity [88]. With the help of this questionnaire, the subjects were classified into three
levels of physical activity (high, moderate, and low); all comparisons were made with
subjects with high and low physical activity because time series of subjects with moderate
results were discarded, so comparisons were made with 31 series of active middle-aged
adults, 24 series of sedentary middle-aged adults, 51 series of active young subjects, and
30 series of sedentary young subjects.
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In addition, all visibility graphs were generated from the R–R series of each person in
the previously described databases, allowing us to compare the k-M, the average degree,
and the average path length for the different populations. In order to prove that the
differences between the obtained values were statistically significant, we performed a
hypothesis test by ANOVA followed by Fisher’s LSD contrast test to determine which
groups showed significant differences. The objective of this analysis was to identify changes
in series through VGA. Subjects who performed regular exercise achieved the inhibition
of the sympathetic system during physical activity, causing an improvement in the vagal
response [8], which could be seen in minimal changes between series taken at rest and those
during exercise. This fact was evaluated in both young and middle-aged adult subjects.

3. Results

3.1. Visibility Parameters from White, Pink, and Brownian Noise

Figure 2a shows the visibility graph obtained for white noise, where the node color
depends on its degree (k), with darker colors representing higher degrees. The series that
generated this graph is shown in Figure 2b. Figure 2c shows the plot of connectivity degree
(k) vs. magnitude (M) for each value from the series, and the linear fit of the data by mean
least squares, which was used to obtain the k-M slope, can also be observed. Figure 3
corresponds to the 1/f noise, while Figure 4 corresponds to the Brownian noise. It can be
seen that the appearance of the networks, as these types of noise are different, presented
the following characteristics:

• White noise has more dispersion between nodes, providing a lower average degree in
the network and a greater average path length.

• With Brownian noise, the nodes form many large clusters with high connectivity,
leading to a greater average degree and a lower average path length.

• For pink noise, the average path length and average degree values were between those
obtained for white and Brownian noise.

From the plots of k (connectivity degree) vs. M (magnitude), we obtained the linear
fits: for white noise, k = 4.8787 M + 10.4871; for 1/f noise, k = 13.5515 M + 0.0853; and, for
Brownian noise, k = 19.4626 M − 5.0672.
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Figure 2. (a) Visibility graph generated for the white noise shown in (b); and (c) k vs. M plot with
linear fit.

40



Entropy 2023, 25, 677

Figure 3. (a) Visibility graph generated for the pink noise shown in (b); and (c) k vs. M plot with
linear fit.
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Figure 4. (a) Visibility graph generated for the Brownian noise shown in (b); and (c) k vs. M plot with
linear fit.

In the graph of k vs. M, despite the fact that the distribution of points was not close
to a straight line, we proved that the correlation was significant with the corresponding
hypothesis test for the white, 1/f, and Brownian noises. Considering a level of significance of
0.05, we obtained p-values less than 3.5× 10−3 in all cases; therefore, the correlation was sig-
nificant despite the large spread of the data in the k versus M plots, and other mathematical
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models were not considered to fit the data since the linear fit was statistically validated, as
indicated above.

On the other hand, 100 different series of white noise with 1024 data as well as
100 series of 1/ f noise and Brownian noise were generated. For each of the three hundred
series, the value of the slope k-M was obtained. The averages for each type were as follows:
for white noise, 21.6203 ± 2.1061; for 1/ f noise, 15.4359 ± 2.4233; and, for Brownian noise,
5.8246 ± 6.9253.

Figure 5a shows the average values of k and M from the 100 series for each kind of
noise. It is worth mentioning, in this context, that the hypothesis tests to validate the
correlation coefficients of the linear fit to calculate the k-M slope were also performed. In
addition, Figure 5b shows the distribution of the k-M slopes obtained from the series, from
which the differences between the k-M values of these three kinds of series can be observed.
The average values of the means are clearly separated, although the values of the standard
deviations are large, especially for Brownian noise. However, the ANOVA results indicated
significant differences between the k-M of the three groups. Since differences were found by
ANOVA, posthoc tests were necessary for evaluating pair-wise differences; hence, Fisher’s
least significant difference (LSD) procedure was performed, and the results showed that
there were significant differences between all the pairs of noise types (p < 1.0 × 10−5 in all
cases, α = 0.05).
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Figure 5. (a) Average connectivity degree vs. average magnitude plot for white, pink, and Brownian
noise; and (b) histogram and distribution of k-M slopes from 100 series of the above-mentioned noises.

It is precisely the very different values obtained for the average of the k-M slopes that
motivated us to think that this parameter may distinguish between different time series,
especially those of cardiac interbeat. In terms of the β spectral exponent, it has already
been reported that the R–R series has a β value of around one or a DFA exponent value of
one [60–62], which corresponds to the 1/f noise; however, deviations from this value may
occur in the elderly or in people with heart disease.

In addition, we compared the average degree and average path length in the white,
pink, and Brownian noise networks. Figure 6 shows the histogram of the average degrees,
from which we observed similar differences to those mentioned above. The values obtained
were as follows: 5.8249 ± 0.0855 for white noise, 7.0797 ± 0.1734 for pink noise, and
14.2925 ± 2.0838 for Brownian noise. Furthermore, an ANOVA was performed, and the
results indicated significant differences between the average degrees for the three series.
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Thus, a contrast pair-wise test was necessary, and in all cases, there were significant
differences when the corresponding Fisher’s LSD test was performed (p < 1.0 × 10−5

in all comparisons). On the contrary, the average path length values did not present
significant differences.
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Figure 6. Histogram of average degree for white, pink, and Brownian noises.

3.2. Analysis of Physionet Database

By analyzing the Fantasia database, it was possible to observe a difference between
the k-M plots of the two populations. While the mean and standard deviation of the slopes
of the k-M plots for young people had lower values, these values were higher for the older
subjects. The obtained values for the mean and standard deviation for both populations
can be observed in Table 1. These two populations were statistically different, with a
p-value of p = 0.004. It is worth mentioning that the average degree and average path
length calculated for these series can also be observed in Table 1; however, these results
did not indicate significant differences between populations. These results suggest that the
k-M value could be a network parameter that is useful to evaluate the aging process and
the complexity loss presented in the series of the elderly subjects, which also indicates a
reduction in regulatory mechanisms.

Table 1. Values of mean and standard deviation for the slope of the k-M plots, average degree, and
average path length for the Physionet database.

k-M Slope Average Degree Average Path Length

Young (Fantasia) 37.00 ± 4.05 7.48 ± 0.88 5.09 ± 0.26
Elderly (Fantasia) 65.00 ± 6.40 7.90 ± 1.28 5.02 ± 0.43

Healthy (awake) 47.38 ± 6.12 9.15 ± 1.35 4.62 ± 0.63
CHF (awake) 137.73 ± 11.58 8.15 ± 1.23 4.37 ± 0.81

Healthy (asleep) 48.09 ± 4.88 8.41 ± 1.26 4.79 ± 0.55
CHF (asleep) 120.97 ± 10.07 7.68 ± 0.97 4.37 ± 0.46

Similar results were observed when comparing the healthy subjects with the congestive
heart failure (CHF) patients from the Physionet database. The series were split into asleep
and awake periods, which were compared separately for the two populations. In both
periods, the healthy subjects reported lower values for the slope in the k-M plot than the
CHF patients, and these differences resulted in significant p-values (pawake = 9.0 × 10−5,
psleep = 9.0 × 10−5). The results of this analysis are provided in Table 1. Furthermore,
Table 1 also presents the average degree and average path length calculated for these
series, from which it was found that there were significant differences between the average
degree of healthy and diseased subjects in awake and asleep period (pawake = 2.7 × 10−3,
pasleep = 2.4 × 10−4); meanwhile, for the average path length, only significant differences
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were observed for the asleep series (pasleep = 3.73 × 10−4). Hence, these results indicate
that these network parameters can be useful tools for the classification of tachograms from
healthy subjects and those with CHF, but apparently it is better to make the comparisons
when the patients are asleep.

3.3. Heartbeat Time Series of Exercising Subjects

Figure 7 shows the recorded ECG signal from a young subject during rest and exercise
testing. From the Figure, it can be easily identified when the person is at rest and when they
are on the treadmill due to the time intervals between the R peaks decreasing in the exercise
period, caused by the blood and oxygen demand of the skeletal muscle cells to perform the
movement. Therefore, it is easy to differentiate the tachograms at rest and those of physical
activity once the artifacts are removed. When the Holter Fukuda Denshi FM 180 was used
to measure the ECG signal of subjects at rest and walking at low speeds, the signal obtained
was very stable and has almost no artifacts, so our results were not affected by the presence
of many non-stationarities [89]. The time series for physical activity were not taken from
the time the subject got on the treadmill, as the signal takes time to stabilize; that is, data in
the rest–exercise transition region were not considered.
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Figure 7. (a) Electrocardiography signal; and (b) R–R time interval series in rest period and during
physical activity.

A sample of networks for rest and activity for a young subject are shown in Figure 8,
from which it can be observed that the rest series graph generated more clusters and
the nodes have a greater connectivity degree compared with the graph derived from the
exercise series. We compared the k-M values for young and middle-aged subjects’ time
series at rest and during physical activity, from which it was found that differences were
higher than those in the previous results. The k-M mean and standard deviation for this
test are displayed in Table 2. In this case, an ANOVA was used to compare the calculations
of the k-M slope for the four groups. Using this test, significant differences were found
between the k-M means. Hence, we proceeded to performed a contrast test by using
Fisher’s LSD method, obtaining the following results:

• Series recorded of young subjects and middle aged adults at rest did not show signifi-
cant differences (p = 0.26).

44



Entropy 2023, 25, 677

• Series of young subjects at rest comparing with those during exercise showed signifi-
cant differences (p < 1 × 10−5).

• Series of middle-aged adults at rest comparing with those recorded while exercising
showed significant differences (p < 1 × 10−5).

• Series of young subjects and middle-aged adults during exercise showed significant
difference (p = 5.7 × 10−3).

These results showed that the k-M slope of the two populations at rest are similar
and this is attributed to the classification of all subjects as healthy, since it has been re-
ported [13] that healthy subjects, during rest periods, conserve their heart rate variability
and tachogram complexity. However, during physical efforts, the HRV and heart interbeat
time series’ complexity decreased, producing k-M slopes that were significantly higher in
the exercise series than those during rest in both populations.

Figure 8. (a) Visibility graph of a young subject at rest; (b) visibility graph of same subject during exercise.
The node color depends on its connectivity degree, where darker colors represent higher degrees.

Table 2. Mean and standard deviation of the slope of k-M plots, average degree, and average path
length for young and middle-aged subjects at rest and during exercise.

k-M Slope Average Degree Average Path Length

Young (rest) 27.24 ± 14.14 8.32 ± 1.07 5.80 ± 0.89
Adults (rest) 50.15 ± 20.04 7.87 ± 0.98 6.41 ± 3.47

Young (exercise) 196.97 ± 118.60 6.99 ± 1.10 5.18 ± 0.68
Adults (exercise) 214.27 ± 50.34 6.28 ± 0.75 5.36 ± 0.87

In order to ensure that the observed results were trustworthy and reproducible, we
compared the k-M values of young and adult subjects from the Fantasia database with
those we measured using a Holter monitor. As the Fantasia series were recorded while
the subjects were watching a movie, we compared these series with our subjects at rest.
The means and standard deviations can be observed in Tables 1 and 2 for the Fantasia
database and the subjects at rest, respectively. The Student’s t tests indicated that there were
no significant differences for these populations; that is, young subjects from the Fantasia
database were comparable to those measured at rest (and the same for the adults). The
p-values obtained in these statistical tests were pyoung = 0.56 and padult = 0.81.

The IPAQ results were used to compare the k-M slope differences between subjects
with high physical activity levels and those who preferred a sedentary lifestyle. The k-M
mean and standard deviation of these groups at rest and during activity can be observed
in Table 3. In addition, Figure 9 depicts the k-M values obtained from series for the two
groups, with the continuous line representing the average. The ANOVA was performed
and the results showed significant differences. Furthermore, the following results were
obtained by the Fisher’s LSD test:

• There were no significant differences between series of subjects with high physical
activity levels and sedentary subjects in both populations at rest (p > 0.36 in all cases).
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• There were significant differences found between series of subjects with high physical
activity levels and sedentary subjects in both populations at rest and those recorded
during exercise (p < 1.3 × 10−5 in all cases).

• A significant difference was found in series recorded during exercise of young subjects
with high physical activity levels and sedentary subjects (p = 9.7 × 10−6).

• A significant difference was found in series recorded during exercise of middle-aged
adults with high physical activity levels and sedentary subjects (p = 9.7 × 10−4).

• Series of young subjects who exercise regularly and sedentary middle-aged adults
during exercise did not show a significant difference (p = 0.12).

Table 3. Values of mean and standard deviation for the slope of the k-M plots, average degree, and
average path length of young and middle-aged subjects classified as subjects with high physical
activity levels and subjects with sedentary lifestyle, in resting period and during physical activity.

Condition Subjects k-M Slope
Average
Degree

Average Path
Length

Rest
Young subjects with high

physical activity levels 27.83 ± 13.53 8.33 ± 1.09 5.72 ± 0.34

Young subjects with
sedentary lifestyle 26.23 ± 17.99 8.28 ± 1.043 5.93 ± 1.40

Exercise
Young subjects with high

physical activity levels 169.23 ± 81.84 7.20 ± 1.04 5.08 ± 0.59

Young subjects with
sedentary lifestyle 244.13± 151.22 6.63 ± 1.13 5.35 ± 0.80

Rest
Adults with high

physical activity levels 40.82 ± 33.59 7.76 ± 0.89 6.48 ± 3.62

Adults with sedentary
lifestyle 44.07 ± 39.35 8.05 ± 0.92 5.61 ± 0.55

Exercise
Adults with high

physical activity levels 131.53 ± 71.64 7.04 ± 1.12 5.00 ± 0.43

Adults with sedentary
lifestyle 196.96 ± 65.71 6.33 ± 0.75 5.423 ± 0.85

Figure 9. Comparison of k-M slope from sedentary young subjects and high-physical activity young
subjects in (a) resting period and (b) during exercise; and those corresponding to middle-aged subjects
in (c) resting period and (d) during physical activity. Markers represent every value of k-M, and
continuous lines indicate the means.
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It can be observed in Table 3, that the k-M slopes obtained for the series of subjects in-
crease during exercise, above all in series of young subjects the increase is higher compared
with that of middle-aged adults. In addition, the k-M is greater in subjects with a sedentary
lifestyle in both groups. This fact produces an overlap in the series of sedentary adults and
young subjects with high physical activity levels.

It is worth mentioning that significant differences in this parameter were not obtained
for the resting series. We also attributed this to all subjects having been declared as healthy;
during the rest period, heart rate variability (HRV) is conserved, while during heart effort,
the variability decreases. These results indicate that the hearts of subjects with high physical
activity levels manage activity conditions better and maintain HRV, while the opposite is
observed in sedentary individuals.

Furthermore, the average degree of networks obtained from rest and exercise time
series were analyzed. Table 2 shows the results of the means and standard deviations for
young subjects and adults. In this case, the average degree of exercise series decreased in
physical activity. Significant differences between rest and physical activity periods were
obtained by ANOVA test and the contrast Fisher’s test showed the following:

• Average degree values of series recorded of subjects of both groups at rest showed
significant differences (p = 0.01).

• Average degree values of young subjects’ series at rest compared with those during
exercise showed significant differences (p < 1 × 10−5).

• Average degree values of middle-aged adults’ series at rest compared with those
recorded while exercising also showed significant differences (p < 1 × 10−5).

• Series of young subjects and middle aged adults during exercise did not show a
significant difference (p = 0.16).

Similar to the k-M slope, comparisons of the average degree calculated from subjects
with high physical activity levels and sedentary subjects were performed, with the averages
and standard deviations shown in Table 3 and a graphic representation in Figure 10. The
ANOVA results indicated that there were significant differences between the averages of
the eight groups, and the following results were found by Fisher’s LSD test:

• Series of young subjects with high physical activity levels and sedentary subjects at
rest did not show a significant difference (p = 0.85).

• Series of middle-aged adults with high physical activity levels and sedentary subjects
at rest did not show a significant difference (p = 0.30).

• Significant differences were found between the average degree values of series of sub-
jects with high physical activity levels and sedentary subjects from both populations
at rest and those recorded during exercise (p < 6.0 × 10−3 in all cases).

• A significant difference was found in exercise series of young subjects with high and
low physical activity levels (p = 1.5 × 10−2).

• A significant difference was found in exercise series of middle-aged subjects with high
and low physical activity levels (p = 1.0 × 10−2).

• Series of young subjects and middle-aged adults classified with high physical activity
levels while exercising did not show a significant difference (p = 0.50).

• Series of sedentary young subjects and middle-aged adults in exercise period did not
show a significant difference (p = 0.28).

It was also found that there were no significant differences in the rest series; again,
this was attributed to all subjects in database being healthy, such that the real difference in
HRV was observed only during physical activity. In addition, the results suggest that the
average degree calculated in series of subjects who exercise regularly are similar regardless
of age, and the same occurs for sedentary subjects.
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Figure 10. Comparison of average degree from visibility graph of sedentary young subjects and
high-physical activity young subjects in (a) resting period and (b) during physical activity; and
those corresponding to middle-aged subjects in (c) resting period and (d) during physical activity.
Markers represent every value of average degree and continuous lines indicate the means.

The average path length of networks obtained from resting and exercise series were
also analyzed. Table 2 shows the results in terms of the averages and standard deviations
of young subjects and adults in both conditions. In this case, the average path length is
lower during exercise and this difference is greater in middle-aged adults. The ANOVA
was performed and the Fisher’s LSD test showed the following:

• Average path length values of series of both groups at rest did not show significant
differences (p = 0.22).

• Average path length values of series during rest period and exercise of both groups
showed significant differences (p = 6.0 × 10−3 in all cases).

• Average path length values of series of both groups recorded during exercise did not
show significant differences (p = 0.99).

Finally, the comparisons of the average path length of networks from subjects with
high and low physical activity were performed. The results are provided in Table 3 and
depicted in Figure 11, and we obtained the following significant differences:

• Average path length values of middle-aged adults with high physical activity levels at
rest and during exercise showed a significant difference (p = 4.5 × 10−5).

• Average path length values of young subjects with high physical activity levels at rest
and during exercise showed a significant difference (p = 0.021).

In these comparisons, significant differences were only obtained in the average path
length of series of active subjects at rest and during physical activity. On the contrary, this
parameter for series of sedentary subjects in both populations was similar.
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Figure 11. Comparison of average path length from visibility graph of sedentary young sub-
jects and high-physical activity young subjects in (a) resting period and (b) during exercise; and
those corresponding to middle-aged subjects in (c) resting period and (d) during physical activity.
Markers represent every value of average path length and continuous lines indicate means.

4. Discussion

Once we had analyzed the selected visibility graph parameters for white, pink, and
Brownian noises and we had verified the differences, we decided to applied these calcula-
tions in heartbeat time series, since it has been reported that series of young and healthy
subjects present long-term correlations [1], such as in the pink noise. However, some condi-
tions (age or illness) modify this behavior, causing decorrelations or short-term correlations
in series, such as in the white and Brownian noises, respectively [60–62,90].

Generally the work was divided in three stages. In the first stage, we analyzed the se-
ries of young and elderly subjects watching the movie Fantasia, and significant differences
were obtained in the k-M values between both groups, which were attributed to a com-
plexity loss due to age [14,66]. This reduction also indicated alterations in the homeostatic
regulatory mechanisms, which may compromise the capacity of physiological adaptations
before several external conditions [9,10]. The second stage showed significant differences
in three parameters calculated in series of healthy and CHF subjects, especially during
sleeping periods. This was attributed to the fact that the complexity changes caused by the
aging process are also present in the disease process [9]. In addition, Guzzetii et al. [11]
reported that neuroendrocrine activation present in chronic heart failure can also be asso-
ciated with the parameters of the time and frequency domain analysis of heartbeat time
series. In this work, we confirmed that these changes also could be identified with VG
parameters. Finally, the third stage consisted of the comparison between series at rest
and during exercise of both sedentary and high physical activity subjects. The analysis
concluded that there were significant differences in three parameters mentioned above
between groups in both conditions, which is associated to the fact that the subjects who
regularly performed aerobic exercise promote the inhibition of sympathetic regulation and
the enhancement of vagal regulation [8], which causes a reduction in the loss of complexity
of the signal in athletes compared to sedentary subjects. This was also identified by the
VGA realized in this work.

In this study, we showed that the value of the slope for the k-M plots of the visibility
graph, the average degree, and the average path length created from the R–R time series
vary significantly for subjects under different conditions. It was confirmed that k-M values
are useful for classifying heartbeat time series of young and elderly subjects due to these
shown significant differences. In addition, with these parameters it can be distinguished
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between series of healthy subjects and patients with CHF, series of subjects at rest and
during exercise, and series of sedentary subjects and subjects with high physical activity
levels. Furthermore, the networks parameters selected are some of the simplest and fastest
to calculate and, even so, the results were effective in identifying between different groups.
This methodology has the advantage over traditional techniques of not being sensitive to
the definition of the filter bandwidth to analyze the series.

Several studies [1,2,4,8,12,13,51–53] have showed the correlation between the results
of nonlinear dynamic techniques applied to heartbeat time interval series (or tachograms)
and the health status or age of a subject. When we observed the graphical representation of
the networks obtained (Figures 2a–4a and 8), noticeable differences could be observed with
the naked eye. However, the task of distinguishing between different types of time series
should not be based solely on visual inspection. For this reason, several parameters were
considered; in particular, in this work, we emphasized the parameter k-M, which has been
used with great success in the analysis of seismic time series [38]. As we have attempted
to show, the three network parameters used can distinguish between cardiac interbeat
time series of young subjects and the elderly, between healthy subjects and CHF patients,
people at rest and people exercising, as well as sedentary people and people who exercise
regularly. The latter allowed us to glimpse some possible applications to help characterize
the physical state of people, as the complex networks obtained using the VGA algorithm
from the cardiac interbeat time series of sedentary people are very different to those of
people who exercise regularly, as has already been reported according to other types of
parameters [13,72].

Therefore, our work adds complementary information to the results that other au-
thors have reported, with the advantage that they were applied to a wider variety of
groups of subjects. As mentioned above, the VG algorithm has been used in several pre-
viously reported analyses [3,76–78], in which the time series of heartbeats were studied.
However, the parameters that have been used to study them previously differed from those
used in this work; in fact, in no previous work has the k-M, the average degree, and the
average length of the path been used together to distinguish heartbeat time series from
subjects under different conditions. Hence, this is the first time that the VGA algorithm
has been used to analyze heartbeat time series of subjects who exercise in an attempt to
distinguish between sedentary and active individuals. This means that these parameters
can be used to characterize the physical condition of a person, and may be used to measure
the progress of people who undergo an exercise routine to improve their physical condition.

As has been reported by Bhaduri et al. [3], this methodology can distinguish between
healthy individuals and individuals with congestive heart failure. We also considered
this aspect, but using the three parameters mentioned above, we found that we can also
distinguish between the series of heartbeats of young and old people. Of course, such
separations are made with respect to the mean values, namely, the means of the two
populations are different and their difference is statistically significant, but this does not
mean that there are no overlaps; that is, at the time of performing the separation, there
will always be some cases of healthy people who appear ill and some ill people who
appear healthy. This overlap is not exclusive to our work, but also occurs in other works
already published. For this reason, the joint use of several parameters is necessary to
make classifications; in addition to the list of already existing ones, we propose these three
relatively new parameters. In this sense, what we propose is that, if we wish for these
types of tools to be used, for example, to provide a diagnosis, we should use many of
these techniques together (even considering traditional analysis techniques), including
the ranges of values for these and other parameters with respect to the control groups of
healthy people, in such a way that deviations from these values can be quantified. Then,
when several deviations are observed in different parameters, it can be affirmed that the
person has a health concern, which could help the physician to provide a final diagnosis.
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5. Conclusions

In this work we used the visibility algorithm to map time series in complex networks
and calculate for these networks the parameters k-M, average degree, and average path
length, initially for white, pink, and Brownian noise time series. We used a broad set of
parameters that are used for complex networks, but we decided to only focus on those that
are easier to evaluate and that also gave us better results. Since the k-M parameter and the
average degree of the aforementioned noise networks showed significant differences, we
concluded that such parameters can be used to distinguish between heartbeat time series
from different groups, for which comparisons were made, for example, in young people vs.
elderly people, healthy subjects vs. CHF patients, resting subjects vs. exercising subjects,
and sedentary youth or adults vs. regularly exercising youth or adults.

Using time series obtained from Physionet [80], we found that there are significant
differences in k-M values between the heartbeat times series of young people and those
of the elderly, which is attributed to the fact that heart rate variability decreases with
age [66]. In addition, with Physionet data, we found statistically significant differences in
these parameters when comparing series of healthy subjects and patients with congestive
heart failure. In our research group, we have made electrocardiography (ECG) recordings
using Holter monitors of people who are first at rest and then performing physical activity.
The physical condition of the participating subjects was characterized using the IPAQ
questionnaire [88], so we were able to compare heartbeat time series of people with a
sedentary lifestyle (low physical activity) and people who exercise regularly (high physical
activity). There are significant differences in both sedentary and active young subjects and
middle-aged adults. In addition, it was found that there are no significant differences in
the series of the rest period, neither in young people nor in middle-aged adults. However,
during physical effort, the k-M slope, the average degree, and the average path length
of the series from sedentary and highly physically active young and middle-aged adults
showed statistically significant differences.

The k-M parameter has given excellent results applied to real and synthetic seismicity
time series. In this case, the results showed that the calculation of this parameter with the
average degree and average path length, despite them having been described several years
earlier for different applications, could be useful as a new tool for ECG analysis and the iden-
tification of subjects with CHF and sedentary subjects and for evaluation of aging process.
We are continuing to work on increasing the size of our database with the aim that in the
future other complex network parameters can be incorporated into this methodology.

Author Contributions: Conceptualization, methodology, writing—original draft preparation, writing—
review and editing, and supervision, A.M.-D.; software and writing—original draft preparation,
É.E.S.-M.; software, writing—review and editing, validation, and formal analysis, J.A.Z.-J. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was funded by Secretaría de Educación, Ciencia, Tecnología e Innovación
(SECTEI) of Mexico City grant number SECTEI/271/2019 and the Consejo Nacional de Ciencia y
Tecnología of Mexico grant number 4647203.

Institutional Review Board Statement: Not applicable.

Data Availability Statement: All data used in the present work can be requested from the corre-
sponding author.

Acknowledgments: Authors acknowledge all the participants in this project and the contribu-
tion of the members of Exercise Physiology’s Lab from Facultad de Estudios Superiores Iztacala,
UNAM, Mexico.

Conflicts of Interest: The authors declare no conflict of interest.

51



Entropy 2023, 25, 677

Abbreviations

The following abbreviations are used in this manuscript:

ANOVA Analysis of Variance
CHF Congestive heart failure
DFA Detrended fluctuation analysis
ECG Electrocardiogram
GHVE Grouped horizontal visibility entropy
GIC Graphical index complexity
HRV Heart rate variability
HVE Horizontal visibility entropy
IPAQ International Physical Activity Questionnaire
LSD Least significant difference
NYHA New York Heart Association
PSVG Power of scale-freeness in visibility graph
VG Visibility graph
VGA Visibility graph algorithm
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Abstract: Cardiovascular self-organized criticality has recently been demonstrated. We studied a
model of autonomic nervous system changes to better characterize heart rate variability self-organized
criticality. The model included short and long-term autonomic changes associated with body position
and physical training, respectively. Twelve professional soccer players took part in a 5-week training
session divided into “Warm-up”, “Intensive”, and “Tapering” periods. A stand test was carried out
at the beginning and end of each period. Heart rate variability was recorded beat by beat (Polar Team
2). Bradycardias, defined as successive heart rates with a decreasing value, were counted according
to their length in number of heartbeat intervals. We checked whether bradycardias were distributed
according to Zipf’s law, a feature of self-organized criticality. Zipf’s law draws a straight line when
the rank of occurrence is plotted against the frequency of occurrence in a log–log graph. Bradycardias
were distributed according to Zipf’s law, regardless of body position or training. Bradycardias were
much longer in the standing position than the supine position and Zipf’s law was broken after a
delay of four heartbeat intervals. Zipf’s law could also be broken in some subjects with curved long
bradycardia distributions by training. Zipf’s law confirms the self-organized nature of heart rate
variability and is strongly linked to autonomic standing adjustment. However, Zipf’s law could be
broken, the significance of which remains unclear.

Keywords: autonomic nervous system; baroreflex; blood pressure regulation; cardiovascular dynamics;
heart rate variability; homeostasis; fractal; self-organized criticality; soccer; Zipf’s law

1. Introduction

Maintaining internal conditions is a primary physiological challenge for all organ-
isms, and this is achieved through the stability of body constants [1,2]. It is commonly
believed that this stability is achieved by sensors involved in regulatory loops with negative
feedback, which is known as the homeostasis principle [1,2]. However, the homeostasis
principle fails to explain how an organism adjusts to various demands posed by environ-
mental conditions [1,3–5]. Physiological system adjustability requires cybernetic alterations
of each regulatory loop, referred to as resetting, which is complex to integrate into the
homeostasis principle [6].

An alternative concept for physiological homeostasis has been proposed from the
field of physics. In the late 1980s, Per Bak identified a pile of sand as a dynamic system
spontaneously poised at equilibrium without the need to tune any control parameter to
a precise value [7–9]. The pile of sand was poised at equilibrium but near to criticality,
which is referred to as self-organized criticality. This concept was soon applied to many
dynamic systems across various fields, including geophysics, astronomy, sociology, and
neurobiology [3–5,7–10].

The interesting point is that systems near to criticality can more easily adjust to
changes in environmental conditions [4,5,10]. Criticality means that sudden major events,
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known as catastrophes or avalanches, may spontaneously occur. In the case of the sand
pile model, these major events are sand avalanches, whereas in geophysics, they are
earthquakes. According to the Gutenberg–Richter law, the distribution of earthquakes by
their magnitude and frequency draws a straight line in a log–log graph [7]. Straight lines
such as these in log–log graphs or power laws are features of self-organized criticality [7].

In the cardiovascular system, major events include vasovagal syncope, which may
occur spontaneously in the standing position, even in healthy individuals [11]. We previ-
ously demonstrated that spontaneous vasovagal events observed on any cardiovascular
monitoring follow the Gutenberg–Richter law [12]. We also showed that focusing on heart
rate can reveal cardiovascular self-organized criticality, as decreasing heart rate is a part of a
vasovagal event [13]. We refer to these decreasing heart rates as “spontaneous bradycardia”
and demonstrated that they follow another power law, Zipf’s law [13]. This law states
that the longer the bradycardia, the less frequent its occurrence, and that this relationship
presents a perfect straight line on a log–log graph.

Cardiovascular adjustment to the standing position is mainly due to the autonomic
nervous system [11,14]. To better understand cardiovascular self-organized criticality, we
studied Zipf’s law in a model of autonomic nervous system changes. This model includes
short-term autonomic changes due to alterations in position, as well as long-term changes
due to levels of physical training.

2. Materials and Methods

2.1. Subjects

The study involved twelve professional male soccer players, with an average age of
24.9 ± 1.5 years (mean ± SEM). The players had normal characteristics, with an average
height of 1.77 ± 0.03 m and weight of 75 ± 1.3 kg. Informed consent was obtained from
all participants, and the procedures were approved by the Ethics Committee of Angers,
France (#2014-36, 30 April 2014) in accordance with the Declaration of Helsinki, Finland.

2.2. Experiment

Heart rate variability monitoring was achieved by using a sports watch on a beat-by-
beat basis with a one-millisecond resolution for RR interval measurements (the interval
between two consecutive heartbeats, Polar Team 2 Heart Rate Monitor). Continuous heart
rate recordings were obtained during stand tests that consisted of a ten-minute supine
period followed by a seven-minute period in the standing position. The stand tests were
performed at 8:30 am, before breakfast. Four stand tests were conducted for each player
during a five-week preparation period for the competition season, after the season break.
The preparation period included three phases: a two-week “Warm-Up” period, followed
by a two-week “Intensive” training period, and finally a one-week “Tapering” period. The
first standing test took place after the season break and before the training period. The
three subsequent standing tests were conducted at the end of each phase of the training
period. Individual performance was not assessed in this experiment due to the absence
of a known objective measurement to evaluate it within the context of a so-called team
intermittent sport. In soccer, performance relies primarily on abilities rather than aerobic
capacity and is influenced not only by physical fitness but also by situational factors such
as tactics, scoring, and refereeing [15].

2.3. Data Analysis

Heart rate recordings were analyzed during stand tests to obtain the mean heart rate
in both the supine and standing positions. Additionally, five-minute heart rate recordings
were analyzed in both positions to detect bradycardia sequences and determine their
distribution according to Zipf’s law. A bradycardia sequence was defined as successive
heartbeat intervals with a decreasing heart rate value. For each five-minute recording,
bradycardia sequences were counted and classified by their length in number of heartbeat
intervals. The rank of bradycardia sequences of the same length was determined by
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classifying them according to their frequency of occurrence. A natural log–log diagram
was plotted for each five-minute heart rate recording, with the number of sequences on the
x-axis and their rank on the y-axis. Linear regression was performed for each diagram to
obtain correlation coefficients and slopes. In cases where diagrams showed a tipping point,
its position was determined by the best linear fit.

2.4. Statistics

Data were presented as the mean ± standard error of the mean (SEM). Statistical
analyses were conducted using Prism 8 software (GraphPad Software, San Diego, CA, USA).
We considered that a Zipf’s graph distribution would fit a straight line when the absolute
value of the correlation coefficient |r| exceeded 0.95, as this high cut-off is commonly
used to test for power laws [7,12,13]. The normality of variable distributions was assessed
using D’Agostino–Pearson omnibus K2 tests. Pearson correlations were performed when
necessary. Linear mixed models were employed to model the relationship between position
and training, followed by Tukey’s multiple comparison tests when applicable. Statistical
significance was set at p < 0.05.

3. Results

The quality of the data collected during this field experiment was good, as demon-
strated in Figure 1.

Figure 1. Example of beat-to-beat heart rate recording in a single player during a stand test following
ectopic beat removal. The recording starts in the supine position and then transitions to the standing
position. bpm: beats per minute.

Heart rate decreased with each stage of training; the decrease was significant from the
end of the warm-up period but remained unchanged thereafter (Figure 2). As expected,
standing position increased heart rate, but standing heart rate decreased with training
and followed the same pattern as supine heart rate (Figure 2). These changes in heart
rate indicate changes in the autonomic nervous system resulting from both training and
standing position, as previously reported and as demonstrated by spectral analysis during
this experiment [16].

The number of heartbeat intervals involved in bradycardia remained unchanged
during the training period (Table 1). However, this number was slightly but significantly
lower in the standing position (Table 1).

The bradycardia distribution diagrams showed a short range of distribution in the
supine position (Figure 3a), extending to 5.2 ± 0.4 heartbeat intervals. A straight line
was observed in nine out of twelve players with |r| > 0.95. The |r| values of the three
remaining players who did not conform to a straight line were 0.93, 0.94, and 0.94.
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Figure 2. Mean heart rate of the players during four stand tests (T0 to T3) in the supine and standing
positions. T0 was the first stand test before the training period; T1 was after the “Warm-Up” period;
T2 was after the “Intensive” period; and T3 was after the “Tapering” period. bpm: beats per minute,
*: p < 0.05; **: p < 0.01; ***: p < 0.001 vs. T0, linear mixed model followed by Tukey’s multiple
comparison test.

Table 1. Normalized number of heartbeat intervals involved in bradycardia sequences during five-
minute recordings in supine and standing positions. The number of heartbeat intervals is normalized
by the total number of heartbeat intervals in the entire recording. Recordings were conducted at each
stage of a five-week preparation for a competition season: before the start of preparation, at the end
of the warm-up period, at the end of intensive training, and at the end of the tapering period (T0, T1,
T2, and T3, respectively).

T0 T1 T2 T3

Supine 0.76 ± 0.04 0.71 ± 0.06 0.71 ± 0.06 0.71 ± 0.04
Standing 0.61 ± 0.03 0.63 ± 0.02 0.64 ± 0.03 0.68 ± 0.05

Figure 3. Zipf’s distribution of bradycardia sequences. (a) In the supine position before the training
period (T0), nine out of twelve players displayed a straight line pattern. (b) In the standing position
before the training period (T0), all twelve players displayed a pattern of two straight lines with a
tipping point at four heartbeat intervals. (c) In the standing position after the “Warm-Up” period
(T1), only two players displayed a pattern of a curved distribution of bradycardia longer than four
heartbeat intervals. Each panel displays a representative example from a single player.

The range of bradycardia distribution was much larger in the standing position, ex-
tending to 10.9 ± 0.9 heartbeat intervals (Figure 3b). A tipping point was observed in
all twelve players in the standing position, with two lines: one included the first four
heartbeat intervals and the other included bradycardia longer than four heartbeat inter-
vals (|r| = 0.98 ± 0.00 and 0.97 ± 0.00, respectively, Figure 3b). Training did not lead
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to significant changes in the distribution of these longer bradycardias (|r| values were
T0: 0.98 ± 0.01, T1: 0.97 ± 0.01, T2: 0.98 ± 0.01, T3: 0.98 ± 0.00). However, the distribution
of the long bradycardias was clearly curved in two players in the standing position after the
warm-up, with |r| values less than 0.95 (0.90 and 0.94, Figure 3c). The short bradycardias
remained distributed according to a straight line in these two cases.

The slope of the short bradycardia distribution was not affected by training, while
position had a significant impact (Figure 4).

Figure 4. Slope of the distribution of short bradycardia sequences during four stand tests (T0 to
T3) in both supine and standing positions. T0 represents the initial stand test conducted before the
training period, T1 corresponds to the stand test after the “Warm-Up” period, T2 refers to the stand
test following the “Intensive” period, and T3 indicates the stand test conducted after the “Tapering”
period. A linear mixed model analysis revealed a lack of effect of training but a strong effect of
position (p < 0.0001).

Given the similarity in the strong effect of position on this slope and that of heart
rate, we sought to establish a correlation between these two variables. We observed
a high correlation between position and heart rate (Figure 5). The slope of the long
bradycardia distribution could only be studied in the standing position due to the limited
range of bradycardia distribution in the supine position (refer to Figure 3a). Throughout
the experiment, the slope remained consistent (−0.26 ± 0.02; −0.22 ± 0.06; −0.28 ± 0.04;
−0.27 ± 0.02 at T0, T1, T2, and T3, respectively). No correlation was found between the
slope of the long bradycardia sequence and heart rate (r2 = 0.04; p = 0.24).

Figure 5. Correlation between heart rate in beats per minute (bpm) and the slope of the distribution of
the short bradycardia sequences (no unit, n.u.) during four stand tests performed during a five-week
training period. The Pearson’s correlation was significant (p < 0.001).
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4. Discussion

The primary finding of this study is that changes to the autonomic nervous system
in response to body position strongly influence cardiovascular self-organized criticality.
Specifically, the use of Zipf’s law provides evidence of the impact of standing position on
heart rate variability recordings.

Professional soccer players are high-performance athletes and cannot be compared
to the general population. However, training high-level sport teams provides an excep-
tional opportunity to conduct long-term experiments on highly motivated and relatively
homogeneous groups of healthy individuals. Monitoring heart rate variability in athletes is
important for optimizing training, making it an excellent opportunity for studying long-
term cardiovascular adjustments [17]. The present study began after a season break when
the players were untrained and deconditioned. However, the subsequent training period
significantly improved their physical condition, as indicated by the decrease in heart rate.
The changes in heart rate also demonstrated the expected autonomic changes resulting
from training [18].

The description of heart rate variability in the 1980s challenged the traditional foun-
dation of physiology based on homeostasis, negative feedback regulatory loops, and the
stability of bodily constants [18,19]. Homeostasis faced further challenges when Kobayashi
and Musha described the fractal patterns of heart rate variability and when further studies
revealed multifractality [20,21]. Several alternative views to the principle of homeostasis
have been proposed [1,3–5,10], among which self-organized criticality is currently the most
compelling [3–5,10]. Self-organized criticality explains the fractal patterns observed in heart
rate variability and how a dynamic system operating at criticality can adjust to external
changes more effectively than a system relying solely on regulatory loops with negative
feedback [1,3–5,10].

There is no single robust way to demonstrate the self-organized criticality of a dynamic
system [8,9], as the evidence may be based on several factors. The analysis of transitions
between two states, such as the shift from a supine to a standing position, can provide
valuable insights, as suggested by Mukli et al. [22]. Unfortunately, the experimental setup
required for such analyses was not feasible in the field experiment we are reporting here.
However, we have previously demonstrated critical phase transitions during position
shifts by replicating, on the cardiovascular system, the seminal study on movement control
conducted by Shöner and Kelso [23,24]. Bak et al., who initially described self-organized
criticality, focused on the power law observed in earthquakes, known as Gutenberg–
Richter’s law, which has also been detected in cardiovascular dynamics [12,25]. Others
have concentrated on Zipf’s law, initially described in language dynamics. Several methods
have been employed to demonstrate this law in cardiovascular dynamics [13,26–28]. Lo
et al. demonstrated self-organized criticality in sleep–wake rhythms by analyzing not only
the distribution of brief awakening episodes but also the sleep duration between these
episodes [29]. A similar approach was employed by Racz et al. to argue that connectivity
dynamics in the prefrontal cortex reflect the critical state of a brain function [21]. This
kind of method could potentially be applied to heart rate variability time series, but would
require significantly longer recordings than the 5-min recordings conducted in our study.
Conducting longer recordings in future studies would also provide an opportunity to
validate the power law relationship using more advanced techniques, as proposed by
Clauset et al., instead of relying solely on linear regression [30].

Most studies examining Zipf’s law in heart rate variability have used Holter record-
ings [26–28]. A Holter device records the electrocardiogram over a period of at least 24
h during daily life activities. However, this type of recording includes variability that is
a response to daily life events. In our study, we focused on quiet, stationary subjects to
eliminate variability due to daily activities. The remaining variability reflects the intrinsic
regulatory mechanisms and delays of the cardiovascular system. Holter recordings also do
not distinguish between different body positions. In a previous study, we demonstrated
the effect of spontaneous movements, fidgeting, and iterative body position shifts on heart
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rate variability [31]. Amaral et al. confirmed that heart rate variability complexity remains
high in subjects who are motionless [32]. In the present study, we aim to account for
body position as the standing position leads to well-defined autonomic nervous system
adjustments [14,16,18]. Our previous work has also linked criticality and instability in heart
rate variability to the pathophysiology of vasovagal syncope, a health problem strongly
related to standing position [12,13].

Our study provides clear evidence that Zipf’s law is observed in heart rate variability
for the standing position, while the results were less conclusive for the supine position.
The range of straight lines is limited to a delay of a few beats in the former position.
Moreover, alterations of the slope of these bradycardia sequences limited to few beats
probably only reflect heart rate alterations since these two variables are strongly correlated.
On the contrary, the slope of long bradycardia is not correlated with heart rate and this
slope could indicates changes in criticality. This point is supported by the findings of our
previous research on vasovagal syncope, which showed that patients with syncope have
an increased slope of long bradycardia distribution [13].

The effects of autonomic nervous system adjustments on heart rate due to training are
typically noticeable, but their impact on heart rate variability is more challenging to observe,
regardless of the analysis tool used [16,18]. In our study, the subtle autonomic changes that
occur with training were also not detected by the self-organized criticality assessment tool.
However, in two players, Zipf’s law was clearly violated after the warm-up period.

We have previously reported that the cardiovascular Zipf’s law is violated at a delay
of four heartbeat intervals, with the underlying reasons remaining unclear [13]. Our recent
study confirms this law is broken, but suggests that the autonomic nervous system is not
involved. It is possible that this broken law is simply a finite side effect.

Our study provides robust evidence for the existence of Zipf’s law in heart rate
variability, supporting the notion of cardiovascular self-organized criticality. However, we
also observed instances where Zipf’s law was broken, emphasizing the need for further
research to elucidate its significance. Moreover, our study introduces a user-friendly tool for
characterizing the intricate dynamics of the cardiovascular system, which could potentially
aid in the diagnosis of heart rhythm disorders in clinical settings [33].
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Abstract: Entropy-based and fractal-based metrics derived from heart rate variability (HRV) have
enriched the way cardiovascular dynamics can be described in terms of complexity. The most
commonly used multifractal testing, a method using q moments to explore a range of fractal scaling in
small-sized and large-sized fluctuations, is based on detrended fluctuation analysis, which examines
the power–law relationship of standard deviation with the timescale in the measured signal. A more
direct testing of a multifractal structure exists based on the Shannon entropy of bin (signal subparts)
proportion. This work aims to reanalyze HRV during cognitive tasks to obtain new markers of HRV
complexity provided by entropy-based multifractal spectra using the method proposed by Chhabra
and Jensen in 1989. Inter-beat interval durations (RR) time series were obtained in 28 students
comparatively in baseline (viewing a video) and during three cognitive tasks: Stroop color and word
task, stop-signal, and go/no-go. The new HRV estimators were extracted from the f/α singularity
spectrum of the RR magnitude increment series, established from q-weighted stable (log–log linear)
power laws, namely: (i) the whole spectrum width (MF) calculated as αmax − αmin; the specific width
representing large-sized fluctuations (MFlarge) calculated as α0 − αq+; and small-sized fluctuations
(MFsmall) calculated as αq− − α0. As the main results, cardiovascular dynamics during Stroop had
a specific MF signature while MFlarge was rather specific to go/no-go. The way these new HRV
markers could represent different aspects of a complete picture of the cognitive–autonomic interplay
is discussed, based on previously used entropy- and fractal-based markers, and the introduction of
distribution entropy (DistEn), as a marker recently associated specifically with complexity in the
cardiovascular control.

Keywords: cardiovascular; multifractality; DFA; autonomic control; heart–brain; central autonomic
network; cognitive task

1. Introduction

Over the years, complexity metrics derived from cardiovascular signals, e.g., heart rate
variability (HRV) or blood pressure fluctuations, have enriched how the neurophysiological
control of cardiovascular dynamics can be described. Perhaps the most striking observation
after decades of methodological development lies in the fact that there exists no universal
method and probably no unique kind of complexity in cardiovascular dynamics. Cardio-
vascular control involves oscillatory components of vagal and sympathetic modulations
that combine to form complex dynamics. Cognitive tasking generates interconnections be-
tween cortical/subcortical networks and cardiovascular centers in the brainstem, reflected
in HRV dynamics, as described by markers of so-called complexity [1,2]. In this domain,
metrics obtained from entropy- or fractal-based analyses of HRV have demonstrated obvi-
ous interest in informing beyond the autonomic behavior per se on subtle adaptations in
brain–heart interplay.

Entropy-based complexity is believed to grasp the information content in the HRV
signal by quantifying the degree of predictability or regularity [3]. Somewhat differently,
by adopting the point of view of fractal calculus, scaling properties in HRV quantify
the way fluctuation sizes depend on observational timescales [4]. To characterize this
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dependence, analytic methods have envisaged windowing the entire series of collected
data into subparts called “bins”, and evaluating a given statistical property in these bins
(subparts) against the same property in other, larger bins. The most used method, detrended
fluctuation analysis (DFA), regresses the variance in bin samples against a variety of bin
sizes on a log–log scale to obtain a scaling exponent α-DFA, defined as the slope of this
linear relationship [5]. An extension of DFA consists in determining whether α-DFA (the
slope) keeps the same value when modifying the fluctuation function using q moments,
which emphasizes large-sized (q > 0) or small-sized (q < 0) fluctuations in the analyzed
series [6]. The heterogeneity in q-dependent α-DFA indicates a multifractal rather than
a monofractal behavior of the measured series. It has often been stressed that biological
signals exhibit multifractal behaviors [7], which deserved methodological efforts for a
quantitative approach of multifractality.

To obtain a multifractal geometry, an alternative method to DFA exists that introduces
the concept of entropy [8]. In brief, rather than bin variance, the method has its root in bin
proportion (P), where Pi(L) is the amount of the measure, i.e., the sum of the samples in the
i-th bin of size L, divided by the amount of all the measure across the entire series, i.e., the
sum of all samples in the series (see Appendix A for an example). Then, the collected series
is deformed using a predetermined set of q exponents to emphasize large-sized (q > 0) and
small-sized (q < 0) fluctuations. The multifractal spectrum is defined thanks to pairs of
f(q,L) and α(q,L), obtained after a mass coefficient (μi) is calculated for each scale and each
q moment as:

μi(q, L) =
[Pi(L)]

q

∑i[Pi(L)]
q (1)

The singularity strength α(q) is the singularity for μ(q)-weighted P(L), estimated by

α(q) = lim
L→0

∑i μi(q, L)logPi(L)
log L

(2)

The estimates α(q) belong to the multifractal spectrum if the Shannon entropy of μ(q,L)
evolves with L along a dimension f(q) calculated as

f(q) = lim
L→0

∑i μi(q, L)logμi(q, L)
log L

(3)

Generally, a set of predetermined values of q is used (see Section 2.3), including
extreme q values that provide P-L relationships not compatible with a linear fit. Based on
a threshold linear correlation coefficient as a benchmark, only the values of q providing
stable (linear) scaling relationships served to obtain the multifractal spectrum [9]. The
spectrum is determined by the curve α,f and the main estimator provided via the method
is the spectrum width (MF), calculated as MF = αmax − αmin, thus representing the range
of singularities α present in the measured signal.

The method has been successively applied in psychology to explore cognition through
movement behavior. Establishing the link between multiplicative cascading and nonlinear
multifractal behavior in this complex movement system helped conceptualize executive con-
trol as an emerging, nonlinear structure, where the activity of the system components can
be assembled and disassembled by the interactions unfolding across multiple scales [8,10].
A behavior of similar nature was shown in postural control [11,12]. To date, the nature
of the emerging structure in cardiovascular control during brain–heart interactions has
not been described in similar terms, and what cardiovascular complexity really means
in this context is not a settled matter. In a recent study that specifically addresses this
notion, distribution entropy (DistEn) in HRV has been suggested as a reliable estimate of
complexity in a human model of spinal cord injury [13]. It is hoped that entropy-based
multifractal testing can complement the rather fuzzy picture of cardiovascular complexity
and that applications to cognitive tasks can help highlight specific aspects of HRV complex-
ity. For that, the present reanalysis of the HRV series collected during Stroop, stop-signal,

65



Entropy 2023, 25, 1364

and go/no-go tasks could help complete a picture in which multiscale sample entropy
and multiscale multifractal estimators showed specific links with cognitive interference
(Stroop), action cancellation (stop-signal), and movement restraint (go/no-go) [2]. Perhaps
a multifractal testing combining entropy concepts/calculations may help to capture subtle
differences in HRV during cognitive tasks.

Here, it is hypothesized that multifractal testing of HRV using the method of Chhabra
and Jensen may provide reliable estimators to complete the picture of cardiovascular
complexity. To validate this hypothesis, multifractal testing based on Shannon entropy was
used for a reanalysis of HRV measures obtained during cognitive tasks. Some links between
task and specific HRV metrics have already been shown by applying multiscale sample
entropy and multiscale–multifractal DFA to the same dataset so that new information is
expected here.

2. Materials and Methods

2.1. Subjects and Data Collection

Among 37 participants in the study of Bouny et al. [2], we considered only the 28
participants having RR series > 513 samples to finally obtain an RR-increment series
with a length of 512 samples. The experimental protocol, which is described in detail
in [2], consisted in recording RR series from a bipolar electrode transmitter belt Polar
H10 (Polar, Finland) while participants watched an emotionally neutral video (baseline),
then performed successively in a randomized order, a Stroop color-word task (Stroop), a
go/no-go task (go/no-go), and a stop-signal task (stop signal), all displayed on a computer
screen. Briefly, the Stroop task consisted in hitting a keyboard key as fast as possible
that corresponded to the ink color of a word naming another color. The test assesses the
ability to inhibit cognitive interference. Go/no-go assess the ability to restrain an action
thanks to the relative amounts of no-go signals, here 30%. For this, a green or a red ellipsis
appeared on the screen indicating ‘press the space bar’ (go) or ‘do not press the space bar’
respectively. Reaction time in the ‘go’ condition is presented as critical. The stop-signal
task consisted in displaying an arrow pointing to the left or to the right to trigger a fast
response by hitting the left or right key on the keyboard. The stop signal was presented
in a short unpredictable delay (50 to 400 ms) after the presentation of the go stimulus, so
that the response of the participant is already in the process of completion. So, the task
assesses the ability to cancel an action as it imposes the suppression of an already initiated
motor response. Each task lasted approximately 8 min with a one-minute pause between
each. The participants kept a sitting position during the whole experiment (±40 min). As
already attested in the initial publication, the study was approved by the IRB of the faculty
des STAPS and followed the rules of the Declaration of Helsinki.

2.2. Measured Series, Analyses, and Main Parameters

The RR series that were free of visually removed artifacts and having length > 513
samples were truncated from the center of the series, which corresponded to the middle
of the task. Differentiated series were obtained from HRV recordings and transformed to
contain non-negative values by taking the absolute value of the successive increments:

|ΔRRi| = abs(RRi+1 − RRi)

Differentiating provides signals resembling multiplicative cascades, and the abso-
lute value avoids negative numbers that could not contribute to the computation of bin
proportion and for which the logarithm is not defined [6,9].

A predetermined list of bin length (L) was set up for the need of the analysis, which
corresponded to the observational time scales: 4, 8, 16, 32, 64, and 128 samples. So, the
minimal observational scale contained four samples, and the maximal scale contained
N/4 samples.

A predetermined set of q moments was considered with q values ranging from −20 to
20. The range of q values was established from a first-round analysis showing that a wider
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range was unnecessary due to the obvious lack of (log–log) linearity in the corresponding
relationships between bin proportion probability and the scales in all the series (see below).

2.3. Main Steps in the Employed Method

For readers who would like to go through the method of Chhabra and Jensen [14] in
detail, a tutorial is available in a must-read paper published recently [9]. In short, here, for
each bin length L (4 to 128) and each q moment (−20 to 20), the sum of the |ΔRRi| samples
in the bin i was divided by the sum of the samples of the whole series to obtain the bin
proportion for each i segment, Pi(L) in Equations (1) and (2). Then, the sum of the [Pi(L)]

q

was divided by the sum of the [Pi(L)]
q of the whole series (Appendix A).

To obtain a direct estimation of the multifractal spectrum, the Chhabra and Jensen
method considers three critical characteristics of bin proportion: (i) the singularity strength
α quantifies the scaling between bin proportion P and bin length L by establishing the linear
relationship logP~logL; (ii) using q moments to weight bin proportions allows quantifying
heterogeneity in scaling exponents, thus providing a q-dependent range of α values; (iii)
in addition, this heterogeneity is also sensitive to bin length. It follows that the (negative)
Shannon entropy of bin proportions regressed against bin length quantifies this sensitivity
(scaling exponent) in terms of the Hausdorff dimension, f. The method of Chhabra and
Jensen is described as a direct determination of the multifractal spectrum, where DFA-based
methods need to use a Legendre transformation [15,16].

As introduced in Section 1, the q-order generalization of the singularity strength α is
the slope of the μ-weighted P against L on a log–log scale. In the same vein, the q-order
generalization of the Hausdorff dimension f is the slope of the Shannon entropy (actually
the negative Shannon entropy) against logL.

By considering the paired value of α and f at the given q value, the multifractal
spectrum is obtained by plotting f(q)~α(q). For that first step, a range of q values [−20 +20]
was used. However, it is advised to hold only q values that allow obtaining relative
stability in the μ(q)logP~logP and μ(q)logμ(q)~logP linear relationships to establish the
final multifractal spectrum. It is achieved by considering a benchmark, here a given
value of R2 as a threshold below which linearity cannot be an acceptable fitting model to
quantify α and f. Although the most recommended threshold R2 > 0.9 was used here, it is
generally advised to choose the threshold value as a function of the analyzed series and
the parametric data. Other standards exist to determine the boundaries of the multifractal
spectrum that have been employed, for instance, with DFA-based methods of multifractal
testing [17–20]. Again, all these considerations are nicely discussed in the recent tutorial,
including the procedure for surrogate data testing [9].

2.4. Phase-Randomized Synthetic Data

The width of the multifractal spectrum (here MF) has its possible origin in non-linearly
decomposable forms of tightly interwoven interactions involving processes across all scales
on the one hand. On the other hand, multifractality can be observed in a case of interactions
unfolding similarly but across several independent scales (see Figure 1 in [8]). It is possible
to distinguish between across-scale origins, and independent-scale origins of multifractality
by transforming the original series into phase-randomized surrogates that retain only the
linear structure of the series. This is generally achieved using the iterative amplitude-
adjusted Fourier-transform (IAAFT) routine proposed by Schreiber and Schmitz [21]. The
MF of a finite set of IAAFT series (here, 50 surrogates obtained after 100 iterations to
preserve the spectral amplitude despite phase randomization) is compared to the MF of
the original series using a one-sample t-test [9].

2.5. DistEn

A recent publication shows an interest in computing DistEn to infer complexity in HRV
series [13]. The workflow allowing the computation of this estimator is explained in the
cited work, and the code used here was kindly provided by the authors. Computations of
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DistEn were obtained here to analyze the complexity of the HRV series obtained at rest and
during each cognitive task. Keeping in mind that any computation of entropy is affected
by trends or drifts in the measured signal, a filtering pre-processing step is mandatory,
and it should be added that the process is critical when it comes to the use of entropy
markers [13,22]. Especially when analyzing nervous autonomic regulations of the heart
rhythm, so-called very low frequencies (VLF < 0.04 Hz), despite obvious physiological
backgrounds, are out of the spectrum of interest when it comes to capturing the entropy
linked to short-term sympathovagal modulations. For this, a data-driven filtering method
was used by employing empirical mode decomposition [23]. The method extracts the
dominant oscillations in the measured signal based on local maxima to provide so-called
intrinsic mode functions (imf) and a residual that does not have the property of an imf
(meaning that it does not exhibit symmetric oscillations around zero, as did intrinsic modes,
imfs). As it is generally unclear if subtracting only the residual is enough to detrend the
signal adequately, the criterion here to provide a stable (not drifting) final signal to explore
DistEn was a test of stationarity, and the RWS method as proposed by Porta et al. [24].
By progressively adding imf1 (highest frequency), with other imfs of lower frequencies
(imf2, imf3, . . .) and testing at each step how many experimental series reached reasonable
stationary, a threshold was observed when summing three imfs (imf1-3) rather than four
imfs (imf1-4) (Figure 1). So, DistEn was computed here on a series of pre-processed HRV
retaining the first three imfs obtained with the emd procedure.

Figure 1. Percentage of stationary series identified via the RWS method when summing successive
imfs (e.g. 1-to-2, then 1-to-3, then 1-to-4) obtained from prior HRV mode decomposition via the emd
procedure. Imf1 contains the highest frequencies; imf4 adds low frequencies that could resemble
trends identified as poor stationarity, given the short signal. The four bars indicate the four conditions,
respectively: rest, Stroop, stop-signal, and go/no-go. Wide circles indicate the averaged % of
stationary signals when grouping the four conditions.

The present computation of DistEn considered all existing two-sample segments and
evaluated all the corresponding distances between two points of the series (embedding
dimension m = 1). Then, to derive the Shannon entropy of all the distances that are
computable in the HRV series, the empirical probability distribution function (ePDF) of
the distances was calculated over 512 bins to derive the Shannon entropy of the distances,
ShEn. DistEn was obtained by normalizing ShEn by log2(512), where 512 is the number of
bins considered.

2.6. Statistics

Given the design of the experiment, the aim was to evaluate HRV estimators obtained
in repeated cognitive tasks of different natures performed by all the participants, which
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means a four-repetition design in one sample of individuals. So, after testing for normality
using the Shapiro–Wilk test to determine if the null hypothesis of composite normality is
a reasonable assumption regarding the population distribution (based on p-value < 0.05),
either a one-way ANOVA for repeated measures (null hypothesis true) or a Friedman test
was used to compare the estimators among the four tasks.

3. Results

3.1. MF Estimates

Figure 2 shows a typical MF spectrum and compares the multifractal estimates for
the measured RR increment series during each cognitive task. As main results, the figure
highlights a different multifractal cardiovascular control behavior among cognitive tasks
and resting conditions reflected in MF (χ2 = 12.66, p = 0.005, post-hoc indicated on the
figure) and in MFlarge (χ2 = 10.91, p = 0.012, post-hoc indicated on the figure). While
cognitive inhibition required to perform the Stroop test was specifically reflected in the MF
estimator, MFlarge allowed distinguishing the go/no-go task from the other tasks. A higher
MFlarge during go/no-go indicated that large-sized fluctuations in HRV are specifically
affected by the kind of cognitive–autonomic interplay in this particular condition. It has
been suggested that the spectrum symmetry could be another estimator of interest [25]. The
MFlarge/MFsmall ratio (sym) was computed to assess this symmetry. The value obtained for
sym showed no difference (χ2 = 2.63, p = 0.452) among the four conditions (rest 1.09 ± 0.32,
Stroop 0.98 ± 0.28, stop-signal 1.03 ± 0.23, and go/no-go 0.94 ± 0.23).

Figure 2. (a) A typical multifractal spectrum obtained by using a full range of q values [−20:20] (blue
dots) where only q values providing R2 > 0.9 (see methods) were retained (red dots) for computing
the value of estimates MF, MFsmall, and MFlarge. (b–d) Values obtained from the three main estimates
of the HRV behavior during each condition, baseline, and three cognitive tasks: MF, the multifractal
spectrum width; MFlarge, the width of the spectrum that is determined by magnifying large-sized
fluctuations in the signal when using q > 0 moments.; MFsmall, the width corresponding to q < 0
moments and magnification of small-sized fluctuations. Points are layed over a 1.96 SEM (95%
confidence interval) in heavy grey and a 1 SD in light grey. The mean is indicated as a red line;
p-values are indicated when the difference between the experimental conditions is significant in
post-hoc tests.
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3.2. Surrogate Data Testing

Phase-randomization of increment RR series, a method that aims to distinguish across-
scales vs. scale-dependent origin of multifractality, indicated that across-scale behavior
was not really dominant. In fact, the difference between the MF in measured series and MF
in their linearized surrogates (IAAFT) did not reach significance, respectively, p = 0.061,
p = 0.091, p = 0.076, and p = 0.069 for Stroop, stop-signal, and go/no-go. The corresponding
t-statistic index was not higher either. In the same way, MFsmall and MFlarge values were
not modified via the phase-randomization procedure (all p > 0.05).

3.3. DistEn

DistEn in the detrended HRV series showed almost identical values at rest (0.883 ± 0.015)
and during each task: Stroop (0.872 ± 0.020), stop-signal (0.874 ± 0.020), and go/no-go
(0.874 ± 0.019). Hence, despite a slightly higher value in resting condition, DistEn failed to
distinguish task-dependent HRV complexity.

4. Discussion

Multifractal testing has been the subject of intense research in recent years to describe
the complexity of control systems, including posture [12], cognition [10,26,27], move-
ment [19,20,28], and cardiovascular control [17,18]. The present study, elaborating on a
dataset obtained during cognitive tasking, aimed at exploring multifractal estimates of
HRV complexity derived from a direct determination of the multifractal spectrum based on
Shannon entropy metrics: the Chhabra and Jensen method [14]. Exploring new estimates
is based on the intuition that different aspects of complexity can be reflected by specific
markers, which depends on how entropy-based or fractal-based metrics are computed, as
illustrated in recent studies [2,13]. Specifically, different components of the multifractal
spectrum reflecting large-sized and small-sized fluctuations in HRV were evaluated here
and confronted with cardiovascular responses to four different cognitive challenges that
rely on distinctive cognitive–autonomic interplay (Figure 2). Cognitive models are obvious
candidates to explore cardiovascular complexity since brain–heart interplay is generally
more prompt to alter the complex dynamics of HRV rather than to produce a simple shift
in the sympatho–vagal balance reflected in the power spectral density of HRV [1,29–31].

The main findings here, thanks to the application of the Chhabra and Jensen method
to directly obtain the multifractal spectrum of HRV, were that: (i) during the Stroop task
only, the width of the multifractal spectrum (MF) was greater than in baseline (resting)
conditions (Figure 2b); (ii) the subpart of the MF spectrum highlighting the large-sized
fluctuations in HRV (MF-large) mainly distinguished specific HRV dynamics during the
go/no-go task (Figure 2c). It is worth noting that no such methodological sensitivity was
reached in a previous analysis of this dataset [2] based on refined composite multiscale
(sample) entropy, linear multiscale entropy (LMSE), conditional entropy computed with
the binning model-free estimator (CEBi), conditional entropy computed with the kernel
model-free estimator (CEKe), conditional entropy computed with the nearest neighbor
model-free estimator (CENN), or the multifractal–multiscale detrended fluctuation analysis
(MM-DFA). In fact, RCMSE and MM-DFA showed promising results, indicating that system
complexity rather than signal randomness alone is modified, but estimates derived from
said methods unveil singular HRV dynamics in one cognitive task each, separately. The
ability of the present multifractal testing to provide estimates that distinguish several
situations could be plaid for better performance, at least for the exploration of heart–brain
interactions.

Applying the method of Chhabra and Jensen on increments series allowed a non-
ambiguous determination of multifractal spectra, as illustrated in Figure 2. The predeter-
mined choice of range in q moments (−20 to +20) allowed obtaining coherent values of
q-dependent singularity strength α (x-axis) as well as coherent values of fα (y-axis) based
on Shannon entropy conceptualization. The use of a correlation coefficient benchmark
ensuring that stable values of α and fα are used to draw the multifractal spectrum allowed
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providing estimators MF, MFlarge, and MFsmall adequately. In this vein, combining better
performance and non-ambiguous application, the present method is suggested to offer a
reliable additional (but not exclusive) tool for exploring cardiovascular complexity.

Recently, distribution entropy was compared to sample entropy and fuzzy entropy in
HRV dynamics, following the intuition that specific estimates of HRV might be less blind
to complexity structures or more adequate to highlight a certain form of complexity [13].
Interestingly, the authors compared DistEn in white noise, pink noise, brown noise, and
chaos to experimental HRV series from a human model to explore several forms of com-
plexity. It was shown that DistEn highlights complexity in a chaotic series as well as in HRV
series obtained in low-level spinal cord-injured (SCI) participants [32]. In our conditions,
DistEn failed to provide a distinction among the cognitive tasks; the resting period before
tasking also showed slightly but not significantly higher DistEn values (see Section 3.2). It
is concluded that MF and DistEn may not provide the same type of information; although
DistEn is an obvious marker of HRV complexity emerging from perturbated dynamics
in vascular districts of SCI patients, this estimator might be less sensitive to changes in
HRV complexity during cognitive tasks. In agreement with this intuition, sample entropy
(RCMSE) distinguished the cognitive tasks in the previous analyses of the present data,
and Castiglioni et al. [13] opposed sample entropy and DistEn. So, as hypothesized during
the introduction of the present work, the notion that HRV markers derived from different
nonlinear analyses can point to subtle neurophysiological dynamics in cardiovascular
control coordination is strengthened by the present findings. Discrepancies among non-
linear analyses are not alarming but rather encourage us to consider that the dynamics of
biological systems may take different forms of complexity.

The hypothesis that different kinds of emerging interactions in biological systems
can be reflected in subtle multifractal properties is attractive. Nonlinear interactions are
suspected to cohere in the large system linking cognitive, sensory, and motor processes,
which has been documented in several studies, some of them being cited in the present
manuscript. Less attention has been paid to subtilities in nonlinear dynamics of cardio-
vascular control. Mainly, it is unknown whether multifractality in HRV reflects intricate
interactions across a wide range of scales or if scale-specific non-overlapped multifractal
phenomena are finally reflected in a spectrum of similar width. Here, surrogate data
testing using phase randomization to preserve only the linear attributes of the series leaves
MF, MFsmall, and MFlarge unchanged. This would indicate that the strength of nonlinear
multifractality in our conditions is low, so the multifractal organization mostly emerges
from an assemblage of local interactivity spanning several scales [9]. In a sense, this echoes
the need to combine a multifractal and a multiscale approach to HRV dynamics [17]. This
observation offers another interesting point of view when considering why MF but not
DistEn could distinguish cognitive tasks. The MF in our condition could be sensitive
to changes in local interactivity during mental tasking, while DistEn might rather point
to nonlinear behavior of the cardiovascular control when peripheral vascular beds have
ineffective autonomic control. It could be added that MF in the present dataset analysis
resembles RCMSE (sample entropy) in the previous exploration of the same dataset [2]
since both estimates distinguish the HRV signature of cognitive interference during the
Stroop test. On its side, MF-large, a specific aspect of MF where large-sized fluctuations
are emphasized, is distinguished mainly from the go/no-go situation from other cognitive
tasks. Large-sized fluctuations in a RR increments series rely dominantly on intense vagal
outflow because only vagal arousals can have a rapid action on the sinus rhythm. Establish-
ing the link between action–restraint (go/no-go testing) and multifractality in intense vagal
outflow is out of the scope of the present study, but it is the perfect illustration that adding
a multifractal approach based on Shannon entropy could shed light on particular aspects of
cardiovascular control, not encountered in other approaches. Among alternative methods,
multifractal DFA has been a widely used and reliable method to explore cardiovascular
complexity. It is worth noting that DFA-based approaches evaluate the power-law form
of the power spectrum, while the present approach evaluates the power-law form of an

71



Entropy 2023, 25, 1364

aggregate distribution of fluctuations. The former indicates the magnitude of oscillations
at different observational scales, and the latter reflects the probability of different-sized
fluctuations. Both approaches can make significant contributions to exploring cardiovas-
cular complexity since the present reanalysis of the dataset illustrates that different kinds
of mathematical views of the HRV series can help gain an improved understanding of
complex neurophysiological mechanisms.

5. Conclusions

The observations in this work are consistent with the initial idea that there is no unique
estimate(s) that can help researchers grasp the HRV complexity, but rather a number
of mathematical views of the HRV series, each able to provide a reliable estimator of
self-organized interactions in cooperating systems. This work is further evidence that
entropy-based, multifractal-based, and other methods are not mutually exclusive but
provide complementary information to understand the functioning of a complex networked
system. In the absence of direct evidence to link a given marker to a given organization of
cardiovascular control, our only weapon is default reasoning, which is strengthened by
multiplying complexity explorations in specific contexts. MF, MFsmall, and MFlarge derived
from applying the Chhabra and Jensen method to HRV could add value to this ongoing
way of research.
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Appendix A

A more detailed explanation about calculating bin (signal subparts) proportions (P) at
a given bin length (L) is provided here. Indeed P~L and q-P~L relationships are the roots
that allow the evaluation of α and f(α). A range of observational timescales is chosen, where
each timescale corresponds to a subpart (here called bin) of the whole series containing
a corresponding number of samples. For each timescale, the sum of the samples in the
bin is divided by the sum of the samples of the whole series to obtain the bin proportion
(P). An example is provided assuming that bins contain four samples (L = 4) each (RR
increments in ms) and supposing that the whole series has eight samples (for simplicity).
Actually, longer collected series allow us to reiterate the same calculation at several bin
lengths (observational scales) chosen to be equally distant on a log scale (e.g., L = 8, L = 16,
L = 32, . . . L = N/4).

The whole series = 48 4 13 14 6 28 2 12
bin1 = 48 4 13 14 bin2 = 6 28 2 12
sumbin1 = 79 sumbin2 = 48
sumseries = 79 + 48 = 127
P1 = 79/127 = 0.622 P2 = 48/127 = 0.378
The q moments are then introduced to modify each initial bin proportion and obtain

new q-specific P; an example is provided assuming q = −4.
P1ˆ−4 = 6.681 P2ˆ−4 = 48.982
q-sum = 55.663
q-P1 = 6.681/55.663 = 0.120 q-P2 = 48.982/55.663 = 0.880
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The above example (q = −4) illustrates that q < 0 values enhance small-sized fluctua-
tions: here, P2 was only 0.378, but q-P2 reached 0.880. Inversely, P1 was 0.622, but q-P1
dropped to 0.12. The inverse is true; when using positive q moments (example here with
q = 3) one obtains a magnification of large-sized fluctuations:

P1ˆ3 = 0.241 P2ˆ3 = 0.054
q-sum = 0.295
q-P1 = 0.241/0.295 = 0.817 q-P2 = 0.054/0.295 = 0.183
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Abstract: Complexity analysis of electroencephalogram (EEG) signals has emerged as a valuable tool
for characterizing Parkinson’s disease (PD). Fractal dimension (FD) is a widely employed method
for measuring the complexity of shapes with many applications in neurodegenerative disorders.
Nevertheless, very little is known on the fractal characteristics of EEG in PD measured by FD. In
this study we performed a spatio-temporal analysis of EEG in PD using FD in four dimensions
(4DFD). We analyzed 42 resting-state EEG recordings comprising two groups: 27 PD patients without
dementia and 15 healthy control subjects (HC). From the original resting-state EEG we derived the
cortical activations defined by a source reconstruction at each time sample, generating point clouds in
three dimensions. Then, a sliding window of one second (the fourth dimension) was used to compute
the value of 4DFD by means of the box-counting algorithm. Our results showed a significantly higher
value of 4DFD in the PD group (p < 0.001). Moreover, as a diagnostic classifier of PD, 4DFD obtained
an area under curve value of 0.97 for a receiver operating characteristic curve analysis. These results
suggest that 4DFD could be a promising method for characterizing the specific changes in the brain
dynamics associated with PD.

Keywords: fractal dimension; box-counting; EEG; Parkinson’s disease; neurodegeneration

1. Introduction

The fractal dimension (FD) [1] is a quantitative measure of shape complexity with
a large number of applications in characterizing neurodegenerative diseases from both
medical imaging data [2] and electroencephalogram (EEG) signals [3]. Analyzing the
complexity of EEG signals is crucial for understanding the underlying brain dynamics and
detecting early signs of neurodegeneration. Correlation dimension [4] and, in particular,
Higuchi’s fractal dimension [5] are the most widely-used methods for computing the fractal
dimension of EEG signals. Nevertheless, some other non-linear metrics, such as those
related to the concept of entropy [6], are also commonly used to analyze the complexity
of EEG signals. In [7], a novel methodology was presented for analyzing the complexity
of the spatio-temporal dynamics in the brain based on the 3D fractal dimension (3DFD)
and the 4D fractal dimension (4DFD) computed from EEG. The novelty of this approach
relies on the use of source reconstruction from EEG to obtain a 3D representation of cortical
activations over time, from which the values of 3DFD and 4DFD were then computed.

Parkinson’s disease (PD) is a neurodegenerative disorder which affects approximately
1% of the world’s elderly population [8]. Patients with PD suffer motor dysfunction
symptoms such as gait disturbance, resting tremor, and muscle rigidity, and also non-motor
symptoms such as cognitive impairment and neuropsychiatric symptoms such as anxiety,
depression, and apathy, which can occur even many years before the motor symptoms [9].
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Therefore, an early diagnosis is of great relevance in optimizing the clinical management of
the disease [10].

Previous studies have shown that non-linear measures of EEG complexity can be of
relevance in characterizing early neurodegeneration processes in PD. Müller et al. [11]
showed that the correlation dimension of EEG is higher for PD patients compared to healthy
subjects, especially during motor task performance. When comparing the performance
of linear and non-linear methods in distinguishing resting-state EEG of PD patients from
healthy subjects, non-linear measures, such as entropy, had a more powerful ability to
differentiate between PD and healthy subjects, with higher entropy in PD [12]. Multiscale
entropy was also used in [13] for exploring the characteristics of sleep EEG in patients
with PD. The analysis of multiscale entropy revealed an increased complexity of the
EEG signal during non-REM (rapid eye movement) sleep in PD compared to healthy
controls. Furthermore, Han and colleagues found increased entropy (wavelet packet
entropy) over the global frequency domain of resting-state EEG in patients with early
PD compared to healthy subjects [14]. All these previous studies revealed that using
complexity measures of EEG could be a useful tool for early diagnosis of PD. However,
there is limited understanding of the fractal characteristics of EEG in PD, which our study
wishes to address.

To this aim, using fractal dimension we analyzed the complexity of resting-state EEG
signal in PD patients without dementia. As described above, most previous work in this
topic has analyzed EEG using several measures of entropy, but very little is known about
the fractal characteristics of EEG in PD. In our study, we followed a similar approach to
the one presented in [7], adapted for the case of resting-state EEG, analyzing the spatio-
temporal complexity in terms of the 4DFD of brain activations. The results demonstrated
that patients with PD without dementia showed higher complexity values compared to the
elderly, supporting the hypothesis that PD is characterized by a significant alteration in
brain complexity and overall changes to the underlying organization of the brain. These
findings suggest that 4DFD could be a valuable complexity measure for identifying early
neurodegeneration in PD, even before it is captured by clinical scales for cognitive decline,
with potential implications for enhancing early diagnosis and informing clinical practice in
order to plan rehabilitation intervention.

2. Materials and Methods

2.1. Subjects

A total of 42 subjects participated in the study: 27 patients diagnosed with Parkinson’s
disease (PD group) (12 females and 15 males, with a mean age of 69.59 ± 6.74), and
15 healthy control subjects (HC group) with no symptoms or history of any neuropsychiatric
disorder (7 females and 8 males, with a mean age of 67.53 ± 4.94). Demographics of
both groups and clinical data of patients (see Table 1) were collected during face-to-face
interviews by a neurologist and a neuropsychologist specialized in movement disorders.

Table 1. Study demographics and clinical data. Values expressed as mean ± standard deviation.
Education given as years of school. UPDRS III: Unified Parkinson’s Disease Rating Scale part III;
MoCA: Montreal Cognitive Assessment; MMP: Mini-Mental Parkinson.

PD HC Test, p-Value

N 27 15
Sex (F:M) 12:15 7:8 χ2 = 0.019, p = 0.89 a

Age 69.59 ± 6.74 67.53 ± 4.94 U = 249.5, p = 0.22 b

Education 12.74 ± 3.79 12.80 ± 2.95 U = 195.0, p = 0.84 b

Disease duration 10.24 ± 6.78
Hoehn and Yahr 2.41 ± 0.42

UPDRS III 39.00 ± 9.79
MoCA 25.01 ± 2.65
MMP 28.62 ± 2.45

a Chi-squared test. b Mann–Whitney test.
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For each PD patient, the disease was diagnosed on the basis of their medical history
and neurological examinations. Specifically, the diagnosis of PD was made following
the Movement Disorder Society (MDS) clinical diagnostic criteria [15]. All patients also
underwent a global cognitive assessment including Mini-Mental Parkinson (MMP) and
Montreal Cognitive Assessment (MoCA) as recommended by the MDS PD-MCI study
group [16]. Exclusion criteria were: a diagnosis of Parkinson’s disease dementia (PD-D)
based on MDS Task Force criteria [17], the presence of vascular Parkinsonism, drug-induced
Parkinsonism, any suggestive features of a diagnosis of atypical Parkinsonism, concomitant
neurologic and/or psychiatric diseases, and any other severe comorbidities which may
significantly influence cognitive testing. As a global measure of the severity of motor
symptoms, the MDS-Unified Parkinson’s Disease Rating Scale part III (UPDRS III) [18]
was also employed. A modified Hoehn and Yahr’s scale [19] between 2 and 3 was also
employed as a criterion to recruit patients with mild-to-moderate bilateral motor disability.
Table 1 shows mean and standard deviation for all these scores in the PD group.

All subjects gave their informed consent for participation in the study (for details of
the ethical protocol, please refer to the specific section below).

2.2. EEG Acquisition and Processing

During EEG recordings, both patients and healthy controls were seated in an upright
or slightly reclined position in a quiet room. Spontaneous resting EEG recordings were
acquired while at rest with their eyes open, not engaging in any task for a minimum of
5 min. The EEG session took place approximately 1–2 h after the administration of morning
medications.

EEG was recorded with a Brainamp DC (Brain Products GmbH, Germany) equipped
with 62 channels following the standard 10–20 montage. In all the recordings, reference and
ground electrodes were located on the forehead and two additional channels were used
to record the electrooculogram (EOG) in a diagonal montage to monitor for eye-blinking
and saccades. Impedance at all electrodes was kept below 5 kOhm. Spontaneous EEG data
were collected at 1000 Hz sampling rate and with a hardware filtering between 0.016 and
250 Hz. Due to the computational restrictions of further analysis, a resampling process to
500 Hz was performed.

EEG preprocessing was performed using MATLAB R2016b (Mathworks Inc., Natick,
MA, USA) and custom-made scripts based on the EEGLab toolbox [20]. EEG was band-pass
filtered (3rd order Butterworth, 0.5 Hz cutoffs, using the filtfilt MATLAB function) and
notch-filtered (50 Hz harmonics up to 250 Hz). A trained researcher manually rejected arti-
factual epochs and bad electrodes. Artifactual electrodes were interpolated using spherical
splines. Electrodes were then re-referenced to the average reference. Additional analysis
of artifactual components through independent component analysis (ICA) decomposition
allowed us to visually identify and reject components from ocular, muscular, and cardiac
origin.

Source modelling was performed using the Brainstorm software [21], which is freely
available for download online (http://neuroimage.usc.edu/brainstorm, accessed on
1 July 2023). First, a forward EEG model was computed using the boundary element
method implemented in OpenMEEG [22]. We used the MNI/ICBM152 brain template
of Brainstorm as the MRI anatomy [23]. Then, a source model of 15,002 current dipoles
was obtained with the inverse sLORETA method implemented in Brainstorm [24]. Dipole
orientations were constrained from normal to cortex, and the identity matrix was used
as the noise covariance matrix. The EEG preprocessing process rejected a considerable
amount of EEG signals, so finally a unique epoch consisting of the first 120 clean seconds
of each recording was used. As a result of the source modelling process, a matrix of
15,002 (sources) × 60,000 (time samples) was obtained for each subject.
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2.3. Fractal Dimension Computation

A 4D fractal dimension (4DFD) approach was used for measuring the spatio-temporal
complexity of brain activations. We used the well-known box-counting algorithm [25] to
estimate the 4DFD value of brain activations. By using the box-counting algorithm, the
fractal dimension (FD) of a set S ∈ R

d can be computed as:

FD(S) =
log(n(r))

log
(

1
r

) (1)

where n(r) is the number of boxes of scale rd covering the set S. If S is not an ideal fractal,
then the FD is estimated as the slope of the linear regression of log(n(r)) vs. log(1/r).

In our study, the set S is composed of the 4D points defined by the 3D locations of
cortical activations at each time sample (time is the fourth dimension). In order to obtain
this 4D set, firstly, a binary 3D representation of the cortical activations at each time sample
was obtained. As an example, Figure 1 shows this binarization process for three samples in
the first second of one of the EEG recordings. A source was considered a cortical activation
at a time sample if its absolute value was greater than the mean plus the standard deviation
of the absolute values of that current for all time samples in the epoch (see Figure 1C,D).
This threshold allowed us to select as cortical activations at a time sample those sources
having a value significantly greater than the average in the epoch. Moreover, a sufficient
number of brain activations were selected in this way, which guarantees a correct estimation
of the 4D fractal dimension value obtained through the box-counting algorithm.

 

Figure 1. (A) Sources activity for one second. (B) 3D representation of sources activity at three
different samples (red boxes). (C) 3D representation after binarization. (D) Point cloud defined by
sources after binarization.
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Once the 3D point clouds for all the time samples in the 120 s epoch had been com-
puted, the epoch was divided using a sliding window of 1 s without overlapping. Then, the
box-counting algorithm was used to obtain the 4DFD value for the 4D set defined in each
window by putting together the 3D point clouds of the time samples for the corresponding
second. In this way, a total of 120 4DFD values were obtained for each epoch. Figure 2
shows an example of the process of computing the FD of the brain activations using the
box-counting algorithm. For the sake of clarity, the example shown in Figure 2 is presented
in three dimensions. For the 4D case, the algorithm performed similarly with the same
parameters, but having as input the 4D point clouds defined by all the 3D point clouds
contained in one second.

Figure 2. (A) Sources activity at a time sample. (B) Sources after binarization. (C) Point cloud defined
by sources binarization. (D) 3DFD computation through the box-counting algorithm: log-log plot of
number of boxes (N(r)) vs size (1/r) for voxelizations of sizes from r = 1 to r = 128. 3DFD computed
as the slope of the regression line for box sizes from r = 8 to r = 64.

Computing the box-counting algorithm in 4D is a highly time-consuming task, so we
used the CUDA/C++ source code of the GPU-optimized parallel version of the algorithm
provided in [26]. Binarizing brain activations and obtaining the 3D point cloud repre-
sentation from Brainstorm matrices containing source modelling were computed using
home-made MATLAB scripts.

2.4. Statistical Analysis

Demographic variables were compared between groups using the nonparametric
Mann–Whitney U test [27] (age and years of school) and Chi-squared test [28] (sex). In
order to study differences in mean values of 4DFD and distributions of 4DFD over time
between the PD and HC groups, nonparametric Mann–Whitney U tests were performed.
Correlations between 4DFD and neuropsychological scores in the PD group were assessed
using the nonparametric Spearman’s rank correlation test (ρ) [29]. Since several variables
were compared simultaneously, the Spearman’s correlation test was configured using a
Bonferroni post-hoc correction for multiple comparisons. In order to measure the perfor-
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mance of 4DFD as a classifier, we used a receiver operating characteristic (ROC) curve
analysis [30]. In this analysis, the area under the ROC curve (AUC) was used to measure
the classification accuracy of 4DFD.

Results of statistical tests were considered significant when the p-value obtained was
below 0.05. All statistical analyses were performed in IBM SPSS 28.

3. Results

3.1. Demographic Results

The demographic and baseline clinical information are summarized in Table 1.
Mann–Whitney and Chi-squared tests comparing demographic variables found no sig-
nificant differences between the PD and HC groups in sex, age, and years of school (see
Table 1). These results confirmed that both groups were matched regarding sex, age, and
education.

3.2. 4DFD Comparison between HC and PD

Comparison between HC and PD groups based on 4DFD is shown in Figure 3. For
each subject, the mean of the 120 4DFD values computed in the corresponding epoch was
considered as a single 4DFD value. Results revealed that 4DFD was significantly higher in
the PD group (U = 393, p < 0.001).

 

Figure 3. Boxplot with differences in 4DFD between the HC and PD groups. Each 4DFD value
corresponds to the average of the 120 4DFD values computed for each subject, one 4DFD for each
second in the epoch. p-value for Mann–Whitney U test (****: p < 0.001).

Six patients in the PD group exhibited tremor-related symptoms, so we conducted
additional analyses in order to check whether the 4DFD increase in the PD group could
be affected by this factor. Our analyses revealed that there was no significant difference
in 4DFD values between PD patients with tremor and those without (U = 87, p = 0.239).
Moreover, significant differences in 4DFD values were also found when comparing healthy
subjects and PD patients without tremor (U = 303, p < 0.001).

We also compared the evolution of the 4DFD for the 120 s analyzed in each epoch
(see Figure 4). Each point in Figure 4 represents the average of the 4DFD values for all the

80



Entropy 2023, 25, 1017

subjects of the group in the corresponding second. Each point is accompanied by the error
bars showing the standard deviation of the mean. Results showed that the distribution of
4DFD values over time is clearly different between groups, with higher values for the PD
group (U = 14,400, p = 0.000).

 

Figure 4. Average 4DFD evolution in 120 s for the PD and HC groups. Each point shows the average
value of all the 4DFD computed for that second in the corresponding group. Error bars with standard
deviation for each point are also shown.

3.3. 4DFD as Classifier for PD

In order to assess the performance of 4DFD as a diagnostic classifier for PD we used an
ROC curve analysis (see Figure 5). In that analysis an AUC of 0.970 was achieved, meaning
that 4DFD is an excellent classifier.

 
Figure 5. ROC curve analysis evaluating the performance of 4DFD as a classifier for PD. The area
under the ROC curve (AUC) is 0.970.
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3.4. Correlations between 4DFD and Motor and Neuropsychological Scores

Finally, in order to analyze the relationship between neuropsychological scores and
4DFD in the PD group, we calculated the Spearman correlation coefficient between all these
variables with a post-hoc Bonferroni correction for multiple comparisons (see Figure 6). No
significant correlations were found between 4DFD and scores of global cognitive impair-
ments (as quantified by MMP and MoCA), but also with motor disability (UPDRS III and
Hoehn and Yahr). Additionally, we performed a data reduction of the neuropsychological
scores by using a principal component analysis to identify those factors which preserved
the maximum variance in the data. The first principal component explained 90.1% of the
variance, so we used the score of this first principal component for each PD subject as
a new variable to compare. However, the Spearman correlation coefficient between the
scores of the first principal component and the 4DFD measure was not significant either
(ρ = −0.118, p = 0.55).

 

Figure 6. Significant Spearman correlations between neuropsychological scores and 4DFD for the PD
group, corrected for multiple comparisons with the Bonferroni post-hoc method. Only statistically
significant correlations (p < 0.05) are shown. UPDRS III: Unified Parkinson’s Disease Rating Scale
part III; MoCA: Montreal Cognitive Assessment; MMP: Mini-Mental Parkinson.

4. Discussion and Conclusions

In the last few years, several studies have proposed complexity measures of EEG as
potential neurophysiological markers of early neurodegeneration in PD. These complexity
measures were mainly related to the concept of entropy [11–14,31–33]. In the present
paper we have also studied the complexity of EEG in PD, but our approach was based on
analyzing the fractal structure of the brain activity evolution over time through the 4DFD,
a measure which is sensitive to the dispersion of cortical activations.

We found that 4DFD was significantly higher in the PD group compared to the HC (see
Figures 3 and 4), suggesting that the brain activity in patients suffering from PD presents a
distribution over time more complex than in healthy subjects. Hence, with this study we
verified that brain dynamics are modified in PD without dementia, and that the related
brain activations over time occupy the 4D space in a more complex way than for the case of
healthy subjects. A similar pattern of higher complexity in PD compared to healthy subjects
has been observed in the majority of prior studies which analyzed complexity in terms of
several different measures of entropy computed directly from the EEG signal [11–14,33].
This finding of increased complexity has been interpreted as reflecting a state of decreased
organization which in turn leads to a decrease in information flow as a result of early
alterations in cortical functioning and information processing.
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Nevertheless, our approach based on the fractal dimension adds a spatial component
which is not taken into account in those previous studies based on entropy. Roughly
speaking, the higher the fractal dimension of a shape is, the more complex the object covers
the space in which it is defined. In our study, the shape being analyzed was the 4D point
cloud defined by the cortical brain activations over time. That means that the dynamics of
brain activations in PD patients are distributed in a more complex (meaning more compact,
complete, or widespread) way throughout the brain over time than for healthy controls. A
possible explanation for this finding is that PD patients show an early impairment in their
ability to regulate the flow of information and to allocate attention to filtering stimuli [34].
Therefore, an impairment of attentional processing may imply a more diffuse and changing
distribution of brain activations in PD, as revealed by 4DFD. This increase in complexity
may also reflect early compensatory mechanisms employed at the cortical level to maintain
functionality despite the loss of dopamine-producing neurons. Additionally, the increase
in fractal dimension could also be related to the presence of abnormal oscillatory patterns
and altered network dynamics observed in Parkinson’s patients. Therefore, further studies
on complexity analysis of the specific brain regions associated with functional networks are
needed. Two different strategies could be adopted: (1) following a similar 4DFD approach
but applied only in those brain regions most affected by PD [35]; and (2) analyzing directly
the functional networks using measures of fractal dimension of complex networks [36].
Our future efforts will focus on these directions and try to integrate neurophysiological
with additional data types and neuroimaging findings. Moving forward, we recognize
the importance of incorporating a broader spectrum of physiological and neuroimaging
markers. Alongside our exploration of neurophysiological indicators, we see great potential
in integrating cardiac data, such as EKG, into our analysis, and further enriching it with
neuroimaging findings. This would provide a more holistic view of the physiological
changes associated with PD, possibly unveiling meaningful correlations between the heart,
brain, and structural changes as detected by neuroimaging.

There are also some other studies where PD patients presented reduced complexity
of EEG compared to control subjects, such as the study of Yi et al. [31] and the one from
Keller and colleagues [32]. In the first case, it was found that early-stage PD patients
presented a lower value of permutation entropy of resting-state EEG than healthy controls.
Similarly, Keller’s study found a decreased complexity of resting-state EEG in the PD
group, measured through Tsallis entropy, both compared to healthy subjects at baseline and
after three years of cognitive decline. The most recent study that we found in analyzing
the complexity of EEG in PD was the one presented by Pappalettera et al. [33]. Again,
the results of this study showed that PD patients presented significantly higher values of
entropy (approximate entropy) than elderly healthy controls when analyzing resting-state
EEG signals. The variability in these findings could be attributed to the relatively few
studies that concentrate on the significance of different complexity metrics in predicting
early cognitive impairments, as well as the inclusion of PD patients who do not have
dementia but already present pre-morbid minimal cognitive impairment (MCI) profiles.

4DFD also performed very well as a classifier (see Figure 5), separating PD and HC
groups with very few exceptions. This means that 4DFD could be used as one of the
features in advanced deep learning and machine learning methods for detecting PD [37,38].

No significant correlations were found between 4DFD and the severity of motor
impairment in the PD group, nor were any correlations found with overall cognitive im-
pairment scores. Thus, based on these findings, the spatio-temporal fractal dimension does
not appear to be a suitable descriptor for the progression of motor and cognitive symptoms
in PD. We hypothesize that, although 4DFD can detect general changes in brain dynamics
between PD patients and healthy subjects, the subtle progressive neurodegeneration in
PD may not be adequately captured by this whole-brain complexity measure. This could
be attributed to the fact that the patients do not exhibit major cognitive impairments. Tar-
geted follow-up studies could help clarify the role of fractal dimension as a predictor of
progression into MCI and dementia.
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Regarding previous studies using fractal analysis for assessing the complexity of EEG
signal in PD, to the best of our knowledge there is only one study, the one presented
by Muller and collaborators [11], based on correlation dimension. This previous study
showed the ability of correlation dimension in differentiating PD and HC when subjects
were performing motor tasks. However, no significant differences between groups were
found for the resting-state EEG signal. Therefore, our approach based on 4DFD adds a new
capacity of fractal analysis for differentiating PD from HC from resting-state EEG.

One requirement of the FD computation based on the box-counting algorithm is the
necessity of binarizing the signal in order to construct the boxes at different scales [26].
This process of binarization naturally implies an information loss, which could affect more
clearly in the case of using resting-state EEG signals instead of processing event or stimulus
evoked potentials, where it is easier to select the brain activations based on significant
changes in the signal due to the event or stimulus [7]. Therefore, further studies should be
conducted using alternative methods for computing the fractal dimension which avoid the
binarization of the signal. The differential box-counting algorithm (DBC) [39] is one of these
methods, allowing the computation of the fractal dimension of gray-scale images. Our
future efforts will focus on adapting the DBC algorithm to be used with the spatio-temporal
4D structures obtained from the resting-state EEG signal. In future research it may also
be intriguing to investigate the potential of fractal dimension as a biomarker of minimal
cognitive impairment, for example, by monitoring the cognitive progression of the disease
and evaluating patients through longitudinal EEG recordings obtained at follow-up.

While our study has provided valuable insights into the complexity of resting-state
EEG signals in PD patients, we acknowledge that our analysis of brain dynamics was
confined to the resting-state. Future research would benefit from an extended analysis that
includes active-state EEG, possibly during specifically designed cognitive tasks. Such an
approach could provide insights into brain activity dynamics and complexity in PD and
help unravel whether the observed changes in complexity are state-dependent and to what
extent they are influenced by engagement in cognitive tasks.

In conclusion, in this study we have presented a novel methodology for performing the
complexity analysis of resting-state EEG signals in PD. Our method is based on computing
the 4DFD of the brain activations induced from the EEG signal, allowing us to perform
in this way a spatio-temporal analysis. This complexity analysis based on the 4DFD
of resting-state EEG obtained excellent performance in differentiating PD patients from
healthy subjects. Our findings indicate that 4DFD is a promising tool for gaining deeper
insights into the early cortical neurodegeneration characteristics of PD and to better plan
rehabilitation treatment.
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Abstract: Emotion recognition is an advanced technology for understanding human be-
havior and psychological states, with extensive applications for mental health monitoring,
human–computer interaction, and affective computing. Based on electroencephalogra-
phy (EEG), the biomedical signals naturally generated by the brain, this work proposes
a resource-efficient multi-entropy fusion method for classifying emotional states. First,
Discrete Wavelet Transform (DWT) is applied to extract five brain rhythms, i.e., delta, theta,
alpha, beta, and gamma, from EEG signals, followed by the acquisition of multi-entropy
features, including Spectral Entropy (PSDE), Singular Spectrum Entropy (SSE), Sample
Entropy (SE), Fuzzy Entropy (FE), Approximation Entropy (AE), and Permutation Entropy
(PE). Then, such entropies are fused into a matrix to represent complex and dynamic char-
acteristics of EEG, denoted as the Brain Rhythm Entropy Matrix (BREM). Next, Dynamic
Time Warping (DTW), Mutual Information (MI), the Spearman Correlation Coefficient
(SCC), and the Jaccard Similarity Coefficient (JSC) are applied to measure the similarity
between the unknown testing BREM data and positive/negative emotional samples for
classification. Experiments were conducted using the DEAP dataset, aiming to find a suit-
able scheme regarding similarity measures, time windows, and input numbers of channel
data. The results reveal that DTW yields the best performance in similarity measures with
a 5 s window. In addition, the single-channel input mode outperforms the single-region
mode. The proposed method achieves 84.62% and 82.48% accuracy in arousal and valence
classification tasks, respectively, indicating its effectiveness in reducing data dimensionality
and computational complexity while maintaining an accuracy of over 80%. Such perfor-
mances are remarkable when considering limited data resources as a concern, which opens
possibilities for an innovative entropy fusion method that can help to design portable
EEG-based emotion-aware devices for daily usage.

Entropy 2025, 27, 96 https://doi.org/10.3390/e27010096
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1. Introduction

Emotions are fundamental components of human psychological processes that shape
thinking patterns, behavior, and decision making and play a critical role in social interaction,
learning, and work. As humans increasingly rely on intelligent systems, the advancement
of emotion recognition technologies is poised to revolutionize human–computer interac-
tion. Thus, integrating emotional intelligence into such systems can significantly improve
the efficiency of human–machine communication [1]. Furthermore, gaining a deeper un-
derstanding of the intrinsic mechanisms of emotions is beneficial for mental health, as it
facilitates the development of accurate emotion monitoring methods while paving new
pathways for the prevention and treatment of mental disorders such as depression and
anxiety [2]. While emotions can be detected through external cues like facial expressions,
speech, and other body language, social norms, personal contexts, and habits often obscure
actual expressions, which are current challenges for precise emotion recognition [3].

Usually, a model capable of quantifying emotions is first needed to achieve emotion
recognition. On the one hand, a discrete model divides emotions into a series of distinct
emotional entities, such as happiness, contentment, sadness, and anger. Nonetheless, there
still needs to be an academic consensus on the exact number of these basic emotions [4]. In
addition, discrete emotion models struggle to describe continuous changes in emotions.
On the other hand, a continuous model defines emotions through continuous dimensions,
such as arousal and valence, better representing the variations in emotions. Specifically,
valence refers to the pleasantness of emotion, ranging from negative (e.g., sadness or anger)
to positive (e.g., happiness or contentment), and arousal denotes the level of emotional
excitement, ranging from low (e.g., calmness or relaxation) to high (e.g., excitement or
tension) [5]. Second, less masked inputs like physiological signals are preferred to improve
emotion recognition accuracy. For instance, electroencephalography (EEG), electroocu-
lography (EOG), and electrocardiography (ECG) signals are naturally generated by the
body’s systems. They directly reflect emotional reactions and are less easily influenced
by human factors [6]. Typically, EEG signals, which record electrophysiological signals
of neuronal activity in the brain, objectively contain response behaviors [7]. They pro-
vide a clear description of emotional expression, as their high-temporal-resolution record
changes at the millisecond level, which makes them appropriate for detecting instantaneous
variations in response to emotions triggered by specific stimuli or situations, demonstrat-
ing their portability and cost-effectiveness for the design of portable devices in emotion
recognition [8].

As for EEG-based emotion recognition, data pre-processing, feature extraction, and
classification are vital steps, and performance evaluation is essential for methodological
validation. Initially, data pre-processing is necessary, as EEG signals are highly susceptible
to noise and interference from other physiological signals. To this end, Independent Com-
ponent Analysis (ICA) can denoise and remove artifacts [9]. In addition, raw EEG signals
are segmented into several slices of varying lengths to include short-term fluctuations that
sense emotional changes [10]. Therefore, pre-processed EEG signals provide a foundation
for subsequent feature extraction, which aims to quantify and express the overt and latent
information in the EEG signals. In this regard, these features are typically divided into three
categories: time-domain (e.g., mean, standard deviation, and first-order difference [11]),
frequency-domain (e.g., power spectral density [12]), and nonlinear (e.g., asymmetry, au-
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tocorrelation, zero-crossing rate, and entropy [13]) features. In light of the intricate and
multifaceted nature of EEG signals, integrating different features to encapsulate their in-
herent characteristics is often imperative [14]. Moreover, the advance of deep learning
has enabled the development of automated feature extractors based on Convolutional
Neural Networks (CNNs) and Long Short-term Memory (LSTM) [15]. Classification aims
to categorize emotional states based on extracted features. Generally, classifiers can be
divided into two categories: conventional machine learning classifiers and deep learning
models. Among conventional classifiers, Support Vector Machine (SVM), Random Forest
(RF), k-nearest Neighbors (kNN) [16], and XGBoost [17–19] are widely utilized. For in-
stance, SVM is particularly effective in addressing nonlinear problems, especially when
dealing with limited datasets. RF enhances classification stability by combining the outputs
of multiple decision trees. kNN is a nonparametric algorithm that makes no assumptions
about the underlying data distribution that benefits biomedical signals like EEG, as it ex-
hibits complex, nonlinear patterns across different emotions. XGBoost, a gradient-boosting
framework, has demonstrated strong performance in EEG-based emotion recognition tasks
by leveraging its efficiency and ability to handle imbalanced data. On the other side, deep
learning models such as CNN, LSTM, Temporal Convolutional Network (TCN), and Graph
Convolutional Neural Network (GCNN), are well-suited for handling high-dimensional
data [20]. While deep learning models typically outperform conventional classifiers on
large datasets, they usually require more computational costs and training time. Finally,
the performance of the features and classifiers is assessed in a comparative study, where
the most commonly used metrics include accuracy, precision, recall, F1 score, and the
Receiver Operating Characteristic (ROC) curve [21]. Thus, a comprehensive evaluation
ensures that the classifier or model demonstrates adequate generalization and stability for
emotion recognition.

Recent studies have been reported based on the above steps. For example, Trujillo
et al. [11] extracted 1086 time-domain and frequency-domain features from EEG signals
and assessed them through feature selection combined with various classifiers. They
claimed that the RF classifier paired with Kernel Principal Component Analysis (KPCA)
offered an accuracy of 93.20%. Yu et al. [12] downsampled, filtered, and designed a short
time window to analyze the temporal dependence in EEG signals by combining an at-
tentional mechanism with LSTM, which provided accuracies of 85.40% and 74.26% on
the SEED dataset and SEED-IV datasets, respectively. Zong et al. [19] constructed a hy-
brid FCAN-XGBoost model for EEG-based emotion recognition. It achieved 95.26% and
94.05% accuracy on DEAP and DREAMER, respectively. Fernandes et al. [22] investigated
time-domain and frequency-domain features, employing deep learning models and con-
ventional machine learning classifiers. They found that combining differential entropy
with Dynamic Graph Convolutional Neural Networks (DGCNNs) yielded an accuracy
of 89.97% across various frequencies. In comparison, kNN only achieved an accuracy of
73.23%, indicating the advantages of deep learning models in optimizing classification
performance, although they necessitated more prolonged processing procedures. Song
et al. [23] proposed an EEG-based Variational Instance-Adaptive Graph (V-IAG) method
to address individual differences and uncertainty in the dynamic relationship between
brain regions. By extracting the energy features of each EEG channel and constructing a
fractional variational-instance adaptive graph combined with a multi-layer multi-graph
neural network model, they obtained accuracies of 92.82% and 93.09% in the classification
of valence and arousal, respectively. In addition, they stated that emotions exhibited a
complex dynamic relationship with individualized modeling and brain regions and that
integrating this relationship with graph neural networks can effectively improve the accu-
racy of emotion recognition. García-Hernández et al. [24] applied a genetic algorithm to

89



Entropy 2025, 27, 96

select an optimal subset from the 2548 features, then compared the performances utilizing
kNN, RF, and an Artificial Neural Network (ANN), which achieved accuracies of 90.06%,
93.62%, and 95.87%, respectively. Such results reveal that feature optimization and method-
ological comparison can beneficially identify the best approaches for EEG-based emotion
recognition. Finally, Padhmashree and Bhattacharyya [25] adopted Multivariate Variational
Mode Decomposition (MVMD) to extract modulated oscillations from multi-channel EEG
signals, where the time-frequency images were generated by combining Joint Instantaneous
Amplitude (JIA) and Joint Instantaneous Frequency (JIF). These time-frequency images
were fed into a Residual Network (ResNet)-18 model to extract valuable features, followed
by a softmax layer for emotion recognition. This framework offered classification accuracies
of 99.03% for arousal and 97.75% for valence, demonstrating its ability to extract complex
EEG features for emotion recognition.

The above studies reported various techniques for EEG-based emotion recognition,
each with strengths, but they also presented drawbacks, especially in the case of a data
resource-efficient classification. Many deep learning models, such as DGCNN and ResNet-
18, demand substantial computational resources, limiting their deployment in resource-
constrained environments. In addition, their complexity may lead to overfitting, par-
ticularly with smaller datasets, and the required extensive hyperparameter tuning can
make them less practical compared to more straightforward solutions. Moreover, several
studies could have improved the interpretability of advanced models, complicating the
understanding of their decision-making processes. In this regard, multi-entropy fusion
yields more interpretable results, as the entropy feature originates from information theory
and mainly represents the uncertainty or complexity of an EEG system. It is also less
sensitive to artifacts and noise, allowing it to present small fluctuations in brain activity,
which are beneficial for analyzing emotional states and enhancing practical applications in
real-world scenarios. However, prior works have yet to fully consider the effective achieve-
ment of multi-entropy fusion under conditions of limited data resources. To this end, this
work proposes a resource-efficient multi-entropy fusion method for classifying emotional
states, the novelty of which is the similarity measures of the Brain Rhythm Entropy Matrix
(BREM), which involves multi-entropy feature extraction and similarity measure-based
classification to improve the accuracy and interpretability of emotion recognition. For a
better illustration, the overall framework is depicted in Figure 1.

The first step is data pre-processing, which comprises two operations: filtering and
slicing. Filtering eliminates potential interference from ECG and EOG signals [26]. Then,
to further optimize the data size and adapt it for portable devices, this work thoroughly
investigates a series of segments with varying time lengths (5 s, 10 s, 20 s, and 30 s) for the
identification of a suitable time window in the proposed method.

The second step is feature extraction, which contains three phases: obtaining brain
rhythms by Discrete Wavelet Transform (DWT), extracting multi-entropy features, and
producing the BREM through data fusion. As for emotion processing, negative emotions
are primarily processed in the subcortical nuclei, temporal lobe, temporoparietal junction
area, and inferior frontal gyrus [27]. Similarly, hyperactivity in the left prefrontal lobe is
generally associated with positive emotions, while hyperactivity in the right prefrontal lobe
is linked to negative emotions [28]. Such behaviors suggest that the forebrain plays a pivotal
role in emotion recognition. In addition, there is a strong correlation between emotional
states and brain rhythms: delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz),
and gamma (above 30 Hz) [29]. For instance, delta power increases when the subject is in a
highly relaxed or emotionally depressed state [30]. Although time-domain and frequency-
domain features provide deep insights into emotional changes by analyzing brain rhythms
and brain regions, they are insufficient for indicating the subtle complexity of emotional
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shifts [31]. Therefore, the proposed method adopts entropy as a quantitative characteristic
that extracts six types—Spectral Entropy (PSDE), Singular Spectrum Entropy (SSE), Sample
Entropy (SE), Fuzzy Entropy (FE), Approximation Entropy (AE), and Permutation Entropy
(PE)—from five brain rhythms and fuses them into a 5 × 6 matrix on a single channel,
denoted as the BREM, which offers highly interpretable representations of emotional
variations by considering the rhythmic characteristics in the entropy scale.
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Figure 1. The overall framework of the proposed resource-efficient multi-entropy fusion method for
EEG-based emotion recognition.

The third step is establishing a specialized classification method by applying the
similarity measures of the BREM between the unknown testing data and positive/negative
emotional samples. Specifically, a higher similarity indicates more significant information
overlap, implying they are in the same category, while a lower similarity reveals they are
less likely to be the same [32–34]. Since BREM includes the details regarding brain rhythms
and entropies, similar BREMs show similar emotional states, providing an interpretable
basis for EEG-based emotion recognition through the multi-entropy view. In addition,
unlike other classification methods, such an approach does not rely on large amounts of
data for training. Instead, it requires only positive and negative samples for similarity
measures, making it more resource-efficient. Note that there are different methods for
similarity measures, so selecting the appropriate one is vital for the classification task.

Finally, in the evaluation step, this work assesses the single-channel mode and the
single-region mode for emotion recognition. The single-region mode is created by fusing
the BREMs from the channels located in the same brain region, and the single-channel
mode applies the BREM to one specific channel only. By evaluating the data inputs from a
single channel or single region, the results provide an in-depth understanding of how the
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BREM can be effectively improved for emotion recognition through the use of a few data
resources to establish a resource-efficient multi-entropy fusion method. The contributions
of this work are summarized as follows:

1. We propose the use of highly interpretable BREM data through a multi-entropy fusion
approach to represent emotional EEG signals and the employment of a similarity-
based classification approach to reduce the required sample size and the complexity
of the training process.

2. We identify a suitable similarity measure method for classifying the BREMs from
various emotional states, enhancing the performance of the proposed method.

3. We investigate the most suitable length (5 s, 10 s, 20 s, or 30 s) and the most resource-
efficient data input mode (single-channel or single-region mode) to minimize data
sources while maintaining an accuracy of over 80%.

The rest of this work is organized as follows: Section 2 describes the DEAP dataset and
the valence–arousal emotional model. Subsequently, the details of the BREMs derived from
multi-entropy fusion and the resource-efficient classification method through similarity
measures are presented in Section 3. Section 4 shows the results and discussion, including
statistical analysis, classification results, appropriate time-segment and channel results, a
comparative study, and discussion. Finally, the conclusion and future work are contained
in Section 5.

2. Experimental Dataset

The experimental data are from the DEAP dataset [35]. It contains EEG signals and
corresponding emotion labels. The key information regarding the DEAP dataset is listed
in Table 1. In total, 32 subjects (15 females and 17 males) participated in the experiment,
with a mean age of 27.19 ± 4.45 years. Subjects were asked to watch 40 one-minute music
videos with a Self-Assessment Manikin (SAM) to rate each music video according to their
valence and arousal levels on a scale of 1–9. Moreover, different emotional states can be
mapped into a coordinate system to form an emotional space consisting of valence and
arousal, i.e., a valence–arousal model, where a valence score ≥ 5 indicates High Valence
(HV) a score < 5 indicates Low Valence (LV). High Arousal (HA) and Low Arousal (LA) are
similarly categorized based on score of 5 [36]. While watching music videos, EEG signals
were recorded using a 32-channel system under a sampling frequency of 128 Hz. It is worth
noting that EEG signals provided by the DEAP dataset were pre-processed with careful
attention to minimizing noise, enabling their usage without artifact removal [37–39].

Table 1. Key information of the DEAP dataset.

Number of Subjects 32

Age 27.19 ± 4.45 years
Number of subjects 15 females + 17 males

Number of experimental trials per subject 40
Experimental stimuli Music videos from YouTube

Time duration per trial One minute
Number of EEG channels 32
Sampling frequency (Hz) 128

In addition, a balanced distributed sample is beneficial for methodological validation.
The DEAP dataset exhibits a ratio of HA/HV (positive) to LA/LV (negative) approaching
1:1, reducing the risk of overfitting. Meanwhile, in order to investigate the resource-efficient
data input mode based on a single channel or single region, the 32-channel system is
categorized either by electrode positions, as shown in Figure 2a, or by brain regions in
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terms of anatomical distribution, as illustrated in Figure 2b. Here, each brain region is
represented by a set of channels located within that region, with specific channels outlined
in Table 2. Due to the low spatial resolution of electrodes, signals from a small surrounding
area near the channels are also included in the regional representation.

  
(a) (b) 

Figure 2. Channel and region locations in DEAP: (a) 32 EEG channels; (b) five brain regions.

Table 2. Specific EEG channels in each brain region.

Brain Region EEG Channels

Frontal FP1, FP2, AF3, AF4, F3, FZ, F4
Central FC5, FC1, FC2, FC6, C3, CZ, C4
Parietal CP5, CP1, CP2, CP6, P3, PZ, P4

Temporal F7, F8, T7, T8, P7, P8
Occipital PO3, PO4, O1, OZ, O2

3. Proposed Method

3.1. Feature Extraction

First, DWT is adopted to extract the brain rhythms from EEG. Unlike the commonly
used transform approaches in signal processing, such as the Short-Time Fourier Transform
(STFT), DWT offers multi-resolution analysis through time-frequency decomposition. This
property allows DWT to adaptively focus on both high-frequency details and low-frequency
trends in the signal, making it well-suited for the processing of EEG and sufficiently able
to obtain local features at different time scales [40]. Furthermore, DWT’s hierarchical
decomposition enables it to preserve both time-domain and frequency-domain information,
which is critical for analyzing the non-stationary nature of EEG. As a result, five brain
rhythms, which correlate with diverse emotional states, are extracted. Specifically, DWT
involves convolving the signal with a set of wavelet basis functions and extracting the
rhythmic features from different frequency bands through multi-layer decomposition and
reconstruction, as presented in (1):

X(j, k) = ∑
n

x[n]2j/2ψ[2jn − k] (1)

where X(j, k) denotes the wavelet coefficients, which consist of the low-frequency approxi-
mation coefficient (Ai) and the high-frequency detail coefficient (Di); j represents the scale
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level; k is the displacement on scale j; and x[n] represents the input EEG signals. Meanwhile,
ψ represents the discretized wavelet basis function used in the analysis.

In this work, the Daubechies 4 (db4) wavelet is employed as the basis function for
DWT due to its ability to balance time and frequency resolution well. Moreover, the
compact support and symmetry of the db4 wavelet allow it to efficiently capture the non-
stationary nature of EEG, making it well-suited for emotion recognition. An EEG signal
from the DEAP dataset is applied to illustrate the DWT in the proposed method, with a
sampling frequency of 128 Hz. Technically, emotional EEG signals can be decomposed and
reconstructed through a four-level DWT to extract the five brain rhythms, as displayed in
Figure 3.

 

Figure 3. The 4-level DWT extracts five brain rhythms from emotional EEG signals.

Subsequently, entropy is viewed as a key, since it possesses the uncertainty, complexity,
and regularity of EEG signals [41]. Mainly, with respect to multi-entropy fusion, PSDE,
SSE, SE, FE, AE, and PE are extracted to indicate the dynamic characteristics of five brain
rhythms comprehensively. Mathematically, their calculations are expressed as follows:

PSDE quantifies the uncertainty in the frequency distribution of a signal and helps
analyze the complexity of rhythmic activities under various emotions [42]. It is derived
from the Power Spectral Density (PSD), measuring how signal energy is distributed across
different frequency components, as presented in (2):

PSDE = −
N

∑
i=1

p( fi)log(p + ε) (2)

where p(fi) is the normalized PSD that uses Welch’s method for energy metrics and ε is a
value employed to avoid the log(0) case.

SSE is based on a signal’s Singular Value Decomposition (SVD). It mainly assesses the
structural complexity of the time series rather than just its frequency content by examining
the singular values obtained from the decomposition; in particular, it shows high sensitivity
in processing brain activities during emotional states [43], as presented in (3):

SSE =
r

∑
i=1

∼
σi log(

∼
σi + ε) (3)

where
∼
σi is the normalized singular value. If the singular value distribution is uniform, the

signal is complex and has a larger value. On the contrary, if the signal is regular, it has a
small value.

94



Entropy 2025, 27, 96

SE reflects the complexity and regularity of time-series signals by determining the
likelihood that similar patterns will remain similar when the data are measured at different
time points. It does not require data to be stationary, making it particularly suitable for
physiological signals assessing complexity, like EEG [44]. In addition, it is sensitive to noise
and outliers, as presented in (4):

SE(m, r) = −ln(
φ(m, r)

φ(m + 1, r)
) (4)

where m refers to the embedding dimension, r is the control threshold, and φ denotes the
number of statistically similar vector pairs.

FE extends the concept of SE by incorporating fuzziness into the measure. It evaluates
the uncertainty of the signal’s state based on the degree of membership of patterns to sets.
Thus, it not only captures subtle differences in patterns due to its fuzzy nature but also
shows robustness to noise and variability in data [45], as presented in (5):

FE(m, n, r) = limN→∞[φm(n, r)− φm+1(n, r)] (5)

where n represents the fuzzy weights.
AE assesses the randomness and variation patterns of time-series data by comparing

sequences of points to detect patterns. It is sensitive to the choice of parameters such as the
embedding dimension and tolerance [46], as shown in (6):

AE(m, r) = limN→∞[φm(r)− φm+1(r)] (6)

Lastly, PE evaluates the complexity of time series by analyzing the order of values
rather than their actual magnitudes. It considers the patterns formed by the ranks of the
data points and is robust to noise, so it effectively analyzes EEG signals that exhibit chaotic
properties [47], as shown in (7):

PE(x) = −
k

∑
j=1

Pjln(Pj) (7)

where Pj is the probability of occurrence of the j-th alignment pattern; meanwhile, the
range of values of PE is [0, ln(Np)], with smaller values indicating a more structured signal
and larger values referring to a more disordered signal.

3.2. Multi-Entropy Fusion

By integrating six extracted entropies, multi-entropy fusion offers a comprehensive
understanding of changes in brain rhythms, particularly in the context of EEG-based
emotion recognition. This approach leverages the strengths of each measure: SSE and
PSDE complement each other by revealing the dynamic structure of EEG signals, capturing
how brain activity evolves in the time scale; FE and AE delve deeper into the complexity
and uncertainty of these signals, offering insights into the regularity and predictability of
emotional responses; PE excels at identifying nonlinear features in EEG, which are often
crucial for detecting subtle emotional states; and SE quantifies energy distribution across
different frequency bands, showing a broad view of frequency-domain characteristics
that are essential for assessing the stability and energy patterns of brain rhythms. This
nuanced fusion not only enhances the understanding of EEG characteristics associated with
emotional changes but also helps to identify specific brainwave patterns that correlate with
distinct emotional states, making it a powerful solution in affective neuroscience. Thus, the
proposed method incorporates feature-level fusion to generate the BREM.
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Another aim is to investigate the single-channel mode and single-region mode for
emotion recognition, resulting in variations in BREM generation for each mode. In the
single-channel mode, BREM contains 30 features, representing a combination of five brain
rhythms and six entropies for a single EEG channel. Therefore, the size in this mode is
5 × 6, as presented in (8). As for the single-region mode, the BREM is formed by fusing
the channels within the same brain region. For example, regarding the occipital region,
the BREMs from PO3, PO4, O1, O2, and OZ are combined, resulting in a larger matrix
size of 5 × 30, as shown in (9). Following this approach, the BREMs of five brain regions
are generated by fusing the corresponding EEG channels listed in Table 2, providing a
comprehensive feature representation. This fusion strategy facilitates in-depth analysis of
the channel number in emotion recognition by involving various BREMs, which helps to
determine the appropriate data size for accomplishing a resource-efficient method.

BREMsingle−channel =

⎡
⎢⎢⎢⎢⎢⎣

γAE γFE γSE γPE γSSE γPSDE

βAE βFE βSE βPE βSSE βPSDE

αAE αFE αSE αPE αSSE αPSDE

θAE θFE θSE θPE θSSE θPSDE

δAE δFE δSE δPE δSSE δPSDE

⎤
⎥⎥⎥⎥⎥⎦ (8)

BREMoccipitalregion =
[

BREMPO3 BREMPO4 BREMO1 BREMO2 BREMOZ

]
(9)

where γ, β, α, θ, and δ denote gamma, beta, alpha, theta, and delta, respectively.

3.3. Classification Method

Concerning biological sequences, the degree of similarity is a fundamental measure
of the extent of resemblance between them. Inspired by this concept, this work puts
forth a classification method based on the similarity measures of the BREM. For instance,
unknown BREM data are compared with a positive BREM sample (HA/HV) and a negative
sample (LA/LV) to determine similarity measures between them. If the unknown BREM
exhibits a greater degree of similarity with the positive sample, this indicates that the
testing data can be characterized as HA/HV. Then, four commonly used methods in this
field, namely Dynamic Time Warping (DTW), Mutual Information (MI), the Spearman
Correlation Coefficient (SCC), and the Jaccard Similarity Coefficient (JSC), are chosen to
investigate in this work. The details are outlined as follows:

DTW is a nonlinear matching algorithm for comparing time-series signals that can
perform dynamic alignment on the time axis to minimize the distance between two data
points [48]. It mainly focuses on the shape of the time-series signals rather than their abso-
lute values, which beneficially handle data of different lengths and temporal distortions, as
shown in (10) and (11):

C(i, j) = d(Ai, Bj) + min{C(i − 1, j), C(i, j − 1), C(i − 1, j − 1)} (10)

DTW(A, B) = C(n, m) (11)

where A and B are two data point that are needed to calculate the similarity lengths of
n and m; d is the local distance between Ai and Bj at points i and j, respectively; C is the
cumulative distance matrix; and C(n, m) is denoted as the value of the last element in the C
matrix. The smaller the DTW, the higher the similarity between the BREMs.
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MI measures the dependency between two data points, and it can demonstrate how
much information they share [49]. Thus, by comparing the BREMs of different emotional
states, the trend of entropy change can be indicated, as shown in (12):

MI(A; B) = H(A) + H(B)− H(A, B) (12)

where H denotes the entropy of data points A and B and H(A, B) represents the joint entropy
between them.

SCC is a nonparametric measure of rank correlation that assesses how well a monotonic
function can describe the relationship between two variables. It helpfully evaluates the
degree to which the relationship between two variables can be expressed as a linear
relationship after ranking the data [50], as shown in (13):

SCC = 1 − 6∑n
i=1 (Ai − Bi)

2

n(n2 − 1)
(13)

Lastly, JSC is a measure of the similarity between two sets. It is commonly used to
compare finite discrete sets by calculating the ratio of the intersection to the union of the
sets, effectively identifying how much the two sets overlap [51]; its values range from 0 (no
similarity) to 1 (entire similarity), as shown in (14):

JSC = 1 − |A ∩ B|
|A ∪ B| (14)

To achieve a resource-efficient classification method using similarity, a template that
serves as either a positive or negative sample is essential, functioning as a benchmark.
Meanwhile, after thoroughly considering inter-individual variability and the differences
in emotions elicited by watching music videos in the DEAP dataset, the Leave-One-Out
Cross-Validation (LOOCV) approach is employed to choose the templates. For instance, for
subject S1, out of 40 trials, 16 of them are LA, and 24 are HA. Thus, the BREMs from the
first LA and the first HA trials are selected as positive and negative templates, respectively.
In contrast, the remaining trials are applied as unknown testing data in the similarity
measures to classify their emotional state as LA or HA. Next, the BREMs of the second
LA and the first HA trials are selected as templates, followed by sequential cyclic analysis.
Based on that, 16 × 24 evaluations are conducted, employing similarity measures per
subject. In addition, as for evaluation metrics, the accuracy is defined as follows:

Accuracy =
TN + TP

TN + FN + TP + FP
(15)

where TP refers to the correctly predicted positive examples, i.e., instances classified as HA
or HV. FP represents the incorrectly predicted positive examples, i.e., HA or HV instances
misclassified as LA or LV. FN denotes the incorrectly predicted negative examples, i.e.,
LA or LV instances misclassified as HA or HV. Finally, TN represents correctly predicted
negative examples, i.e., instances correctly classified as LA or LV.

4. Results and Discussion

In this work, the experimental results of the proposed method are programmed by
MATLAB. To facilitate reproducible research and positively affect the academic field, the
codes are freely available at https://github.com/zyzc75/BREM-SIMILARITY.git (accessed
on 18 January 2025).
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4.1. Statistical Analysis

First, a qualitative analysis is performed to demonstrate the statistical significance
of the selected entropy features in relation to emotional states. Specifically, Analysis
of Variance (ANOVA) is a commonly used statistical verification method that evaluates
differences in group means and variances. When the resulting p-value is equal to or smaller
than the significance level (typically 0.05), the feature exhibits a significant difference
concerning specific emotional variations. It is, therefore, suitable for classification tasks.
Figure 4 presents two examples of ANOVA test box plots for the best entropy features that
provide the highest accuracy from subject S1 in the DEAP dataset. In Figure 4a, the alpha-
sample entropy (αSE) in the P7 channel is selected for arousal classification. In contrast,
in Figure 4b, the beta-singular spectrum entropy (βSSE) in the O2 channel is chosen for
valence classification. Their p-values are less than 0.05, so the statistical analysis indicates
significant differences in the emotional categories.

 
(a) (b) 

Figure 4. Two examples of ANOVA test box plots for the best entropy features that provide the
highest accuracy from subject S1 in the DEAP dataset. (a) The alpha sample entropy (αSE) in the P7
channel for arousal classification; (b) the beta singular-spectrum entropy (βSSE) in the O2 channel for
valence classification.

In Figure 4, higher values of P7-αSE predominantly appear in the HA state for arousal
classification. In comparison, lower values are found in the LA state, suggesting a positive
correlation between arousal level and the presence of P7-αSE in the BREM for subject
S1. Similarly, the appearance of O2-βSSE in the BREM for valence classification provides
informative clues indicating valence levels. In this work, the BREM is not subjected to
feature selection to retain the comprehensiveness of the entropy features while ensuring
classification accuracy. Nonetheless, several features may not exhibit statistical significance
for emotion recognition. Consequently, this statistical analysis only focuses on those
entropy features selected based on specific channels with the highest accuracy rather than
all extracted features.

Following this approach, ANOVA tests are conducted on the entropy features selected
from each channel for all 32 subjects meeting the same conditions in the DEAP dataset.
The overall results indicate that their p-values are all less than 0.05, showing trends similar
to those of the two examples illustrated in Figure 4, demonstrating statistical significance.
Such statistical results confirm the rationale for selecting valuable entropy features and
provide optimal support for robust classification.
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4.2. Classification Results

The mean ± standard deviation (%) of accuracy for arousal and valence classifica-
tion employing different time windows, similarity measures, and data input modes are
summarized in Table 3. The best results are underlined in bold.

Table 3. The classification results (mean ± standard deviation (%)) using different time windows,
similarity measures, and data input modes.

Similarity
Measure
Method

Time
Window (s)

Classification Accuracy (Mean ± Standard Deviation (%))

Single-Channel Mode Single-Region Mode

Arousal Valence Arousal Valence

DTW

30 80.92 ± 4.38 78.95 ± 3.27 78.29 ± 5.43 76.23 ± 3.81
20 82.24 ± 4.28 79.85 ± 3.18 80.51 ± 5.08 78.54 ± 4.68
10 83.06 ± 4.77 81.42 ± 3.40 80.92 ± 4.82 78.29 ± 3.41
5 84.62 ± 4.39 82.48 ± 2.88 83.06 ± 5.13 79.69 ± 2.93

MI

30 81.25 ± 5.62 78.78 ± 3.89 79.36 ± 6.27 77.06 ± 3.68
20 83.31 ± 4.80 79.36 ± 3.21 79.61 ± 5.71 76.97 ± 3.34
10 83.72 ± 4.25 80.51 ± 2.40 81.42 ± 4.86 78.62 ± 3.39
5 84.79 ± 5.08 81.99 ± 3.07 82.24 ± 4.87 79.61 ± 3.13

SCC

30 66.37 ± 12.45 62.34 ± 9.56 70.56 ± 13.17 68.42 ± 8.21
20 65.87 ± 13.31 62.17 ± 8.71 70.64 ± 12.81 67.93 ± 8.06
10 65.46 ± 14.38 62.58 ± 9.16 70.39 ± 13.33 68.09 ± 8.71
5 68.75 ± 13.97 65.54 ± 7.33 71.96 ± 11.88 68.91 ± 8.41

JSC

30 59.38 ± 16.26 56.91 ± 9.70 59.38 ± 16.26 56.91 ± 9.70
20 59.38 ± 16.26 56.91 ± 9.70 59.38 ± 16.26 56.91 ± 9.70
10 59.38 ± 16.26 56.91 ± 9.70 59.38 ± 16.26 56.91 ± 9.70
5 59.38 ± 16.26 56.91 ± 9.70 59.38 ± 16.26 56.91 ± 9.70

As shown in Table 3, SCC and JSC are less effective than the other methods, since the
average accuracy of these two methods is below 72% and the standard deviation is around
10%. For example, JSC remains at 59.38 ± 16.26% and 56.91 ± 9.70% for 30 s time lengths for
arousal and valence classification, respectively. The analysis demonstrates that, taking the
arousal classification of subject S1 with 40 trials (16 LA and 24 HA) as an example, 15 LA and
23 HA samples need to be tested after selecting positive and negative samples. Employing
JSC for similarity measures, all testing samples are misclassified as HA, resulting in a fixed
classification accuracy of 23/(15 + 23) = 60.53%. This pattern is consistent across other
subjects, so the mean and standard deviation remain fixed, regardless of changes in time
windows, leading to performance failure. The failure of the JSC method is likely due to
its limitations. JSC is suitable for measuring the degree of overlap between two sets, but
the multi-entropy features in EEG signals are dynamic and complex. The changes under
different emotional states are not simple set relationships or linear. As a result, it is not
good enough to effectively capture such complex dynamic characteristics. In addition, the
SCC mainly measures the rank correlation of two BREMs, i.e., their monotonic relationship.
Nonetheless, emotional changes are often not monotonic, and EEG signals show nonlinear
properties under different emotional states. Therefore, the SCC is improper for obtaining
such changes in the BREM and only measures similarity according to the change in rank,
making it ineffective at discerning the subtle differences between emotions, resulting in
poorer performance.

On the other side, DTW adaptively addresses temporal data deformation. It effectively
includes the nonlinear characteristics of change between disparate time segments in EEG
signals, demonstrating high accuracy and stability in emotion recognition. MI reflects the
relationship between EEG signals by quantifying the information shared between two
variables, yielding promising results in emotion recognition. Consequently, nonlinear
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similarity measure methods, such as DTW and MI, are appropriate in this work. Overall,
DTW shows stability in valence classification, as indicated by a smaller standard deviation.
Meanwhile, it maintains balanced performance in arousal classification. Therefore, con-
sidering its accuracy and stability, DTW can be regarded as a suitable similarity measure
method for the BREM to perform resource-efficient classification.

After settling the DTW, it is observed that as the time window progressively decreases,
accuracy improves for both valence and arousal, accompanied by a reduction in the stan-
dard deviation. In particular, the performance of a 5 s time window is up to 80%, whether
in a single channel or single region. To be precise, it improved by nearly 3% compared to a
30 s window and by almost 1% compared to both 10 s and 20 s windows. This improvement
may be due to the instantaneous nature of emotional changes, which experience significant
fluctuations over a relatively short period. On the other hand, a longer time window may
contain more information but include additional irrelevant signals, which may reduce the
prominence of these instantaneous fluctuations. As a result, a 5 s window is selected as the
stationary segment for emotion recognition, consistent with previous work [52].

Next, the experimental results demonstrate that employing a single-channel input
produces better outcomes than single-region input. Specifically, the arousal classification
accuracy of the single-channel mode using DTW with a 5 s time window is 1.56% higher
than that of the single-region mode. In comparison, the standard deviation is 0.74% lower.
Similarly, in valence classification, the accuracy of the single-channel mode is 2.79% higher,
with a standard deviation that is 0.05% lower. This enhancement is attributed to the sin-
gle channel’s ability to directly involve multi-entropy features associated with specific
emotional dimensions, which helps to minimize potential interference and redundant infor-
mation. Conversely, integrating multiple channels introduces complexity that may dilute
the contribution of effective signals from individual channels. Although the difference is
insignificant, single-channel data input reduces computational cost and model training
time, accentuating the practical advantages of single-channel input in the proposed method,
which is a primary concern when designing portable devices. Thus, the characteristics of
the single-channel mode are the focus of the proposed method.

4.3. Appropriate Time-Segment and Channel Results

When selecting DTW as the similarity measure method for single-channel BREMs
derived from a length of 5 s as input, the subsequent investigation concentrates on the
appropriate time segment and channel for EEG-based emotion recognition. The results of
32 subjects from the DEAP dataset are listed in Table 4, based on which the best combination
of each subject can be determined.

Table 4 reveals that the appropriate time segment and channel for arousal and valence
classification vary among the subjects, implying individual differences in EEG responses to
emotional stimuli. For arousal classification, the appropriate time segment is predominantly
concentrated in the early stage of the experiment (0–20 s for 16 subjects) and the middle
stage (20–40 s for 12 subjects), with the highest classification accuracy for S21, reaching
94.74% in 0–5 s. It also follows a similar trend for valence classification, where the highest
classification accuracy of 89.47% appears in 20–25 s (S6) and 30–35 s (S23). In addition,
Figure 5 depicts the statistical frequency of the optimal time segment for 32 subjects from
the DEAP dataset. Such findings as those reported in Table 4 and Figure 5 align with
the nature of the two emotional dimensions. Arousal reflects an individual’s immediate
response to emotional stimuli, which tends to be most prominent in the initial or middle
periods [53]. In contrast, valence is associated with the individual’s overall emotional
evaluation and response, which may require more time for processing and assessment by
the subject themselves [54].
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Table 4. The appropriate time segments and channels of 32 subjects from the DEAP dataset for
arousal and valence classifications.

Subject

Arousal Valence

Channel
Time

Segment (s)
Classification
Accuracy (%)

Channel
Time

Segment (s)
Classification
Accuracy (%)

S1 T8 15–20 84.21 CP5 5–10 84.21
S2 FC5 30–35 81.58 O2 5–10 81.58
S3 PO4 10–15 89.47 FC2 20–25 84.21
S4 CP6 0–5 84.21 AF4 30–35 84.21
S5 PO3 5–10 81.58 P3 35–40 81.58
S6 CZ 20–25 81.58 F4 20–25 89.47
S7 PO3 15–20 84.21 FC6 5–10 86.84
S8 F4 15–20 81.58 P7 10–15 81.58
S9 CP1 5–10 78.95 F7 30–35 81.58

S10 F8 0–5 78.95 FC6 25–30 81.58
S11 P4 25–30 81.58 F3 5–10 81.58
S12 FC1 20–25 92.11 P3 10–15 78.95
S13 F4 0–5 92.11 PO3 0–5 81.58
S14 F7 5–10 86.84 AF3 0–5 81.58
S15 CP5 5–10 78.95 FC5 25–30 81.58
S16 P8 30–35 84.21 FC2 0–5 81.58
S17 C4 45–50 81.58 F8 50–55 81.58
S18 CP1 40–45 84.21 C4 0–5 81.58
S19 F3 20–25 84.21 T8 25–30 81.58
S20 P8 35–40 89.47 C3 10–15 81.58
S21 PO3 0–5 94.74 FZ 20–25 78.95
S22 FP1 15–20 84.21 CP1 40–45 81.58
S23 FZ 35–40 86.84 C3 30–35 89.47
S24 O2 25–30 92.11 PZ 35–40 81.58
S25 PO4 50–55 86.84 CP5 0–5 78.95
S26 FP1 50–55 84.21 F7 10–15 81.58
S27 CP1 0–5 81.58 F7 5–10 86.84
S28 F7 5–10 78.95 F4 20–25 81.58
S29 AF4 35–40 86.84 FC1 15–20 81.58
S30 PO3 35–40 78.95 FZ 50–55 86.84
S31 FC2 20–25 81.58 C4 20–25 84.21
S32 O2 0–5 89.47 F3 20–25 76.32

 
(a) (b) 

Figure 5. Statistical frequency of the optimal time segment (s) for 32 subjects from the DEAP dataset:
(a) arousal classification; (b) valence classification.

For better understanding, Figure 6 illustrates word clouds of the identified appropriate
channels, indicating that most are located in the central, occipital, and frontal regions when
conducting arousal and valence classifications. On the one hand, such regions are typically
associated with sensory and attentional processing, given their role in arousal levels, which
aligns with the function of the occipital region (responsible for visual processing), the
central region (linked to motor control and sensory integration), and the frontal region
(also involved in the cognitive evaluation of emotional stimuli, playing a central role in
emotional regulation). Consequently, they facilitate the integration of the brain’s immediate
response to stimuli, contributing to effective arousal classification. On the other hand,
regarding valence, the channel results exhibit slight differences, with higher occurrences
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of F7, C3, and C4, which aligns with the conclusion that the frontal region is associated
with social behavior, decision making, and emotional control. Specifically, the central
part of the brain is part of the motor cortex, which is involved in motor expression and is
closely related to emotional expression, including facial expressions and body language.
Moreover, the discovered channels are not identical among all subjects, indicating that
cognitive processing and the cooperation of multiple brain regions are typically required
to assess emotion. For example, the prefrontal cortex modulates activity in brain regions
that produce emotions, with downregulation and upregulation enhancing activity in areas
associated with emotional experiences, such as the amygdala and the prefrontal lobes [55].
The prefrontal lobe’s location corresponds with that of F7, C3, and C4, situated on the
left side of the frontal lobe and extending forward, implying a close relationship with the
activity associated with downregulation and upregulation in emotions.

 
(a) (b) 

Figure 6. Word clouds of the representative channels for 32 subjects from the DEAP dataset: (a) arousal
classification; (b) valence classification.

Based on the above observations, it is plausible to speculate that arousal classification
relies more on brain regions associated with visual stimulus processing. In contrast,
valence classification involves more excellent processing of social–emotional information
and internal emotional regulation. Furthermore, activity in motor-related brain regions
indicates a significant role of bodily expression in valence regulation. These findings
provide vital insights for the further exploration of the application of single-channel EEG
signals in emotion recognition, particularly regarding how specific emotional dimensions
can be captured through various channels. Future research should explore the associations
of such channels with other potential functional areas and their collaborative roles in the
complex process of individual emotion recognition.

4.4. Comparative Study

To thoroughly investigate the benefits of the proposed method, a comparative study
with recent works is performed, as outlined in Table 5. As seen, although the classification
accuracies of the proposed method are somewhat lower than those of methods using
multiple channels and complex deep learning networks, such as a fuzzy rank-based deep
learning model [56], CNN [10,57], Multi-Layer Perceptron (MLP) [57], and LSTM [58,59],
managing to deliver remarkable performance through single-channel data inputs, reducing
dimensionality and computational cost. On the one hand, the CNN-based deep learning
approach [57] achieves classification accuracies of 94.33% for arousal and 93.53% for valence,
highlighting the potential of multi-channel configurations and deep learning networks
in sophisticated emotion recognition. Other model-based networks like MLP [57] also
display high accuracy, offering 94.25% for arousal and 93.39% for valence. On the other
hand, conventional approaches, such as SVM [60], logistic regression [61], and Minimum
Distance to Riemannian Mean (MDRM) [62], present comparatively lower performance.
For instance, MDRM combined with Principal Component Analysis (PCA) [62] achieves
only 57.42% for arousal and 64.06% for valence with 60 s data. Such disparities indicate
the vital roles of feature selection and fusion in EEG-based emotion recognition. In this
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regard, the proposed method established by the BREM derived from multi-entropy fusion
and similarity measures has been successfully implemented to recognize various emotions
through a single-channel approach, emphasizing a balance between channel number and
classification accuracy. Hence, such performances are more outstanding than those reported
in previous studies, considering fewer data resources as a concern, facilitating the resource-
efficient design of low-cost portable emotion-aware devices.

Table 5. Comparison with recent works.

Time Window (s)
Number of

Channel
Main Methodology

Classification Accuracy
(%)

Arousal Valence

Akhand et al. [10] 8 32 Connectivity feature map with CNN 91.66 91.29

Dhara et al. [56] 2 14 Fuzzy rank-based deep learning
approach using Gompertz function 91.65 90.84

Kumar and Molinas [57] 1 32
Differential entropy with MLP 94.25 93.39
Differential entropy with CNN 94.33 93.53

Gaddanakeri et al. [58] 60 14
Brain rhythms with LSTM (S1–S22) 82.40 78.28
Brain rhythms with LSTM (S23–S32) 63.15 62.06

Singh et al. [59] 3 5 Grey Wolf Optimization (GWO) and
LSTM with data augmentation 81.25 92.50

Jha et al. [60] 60 32 Brain rhythms with SVM 70.88 76.00

Pan et al. [61] 1 32 Logistic regression with Gaussian kernel
and Laplacian prior 77.03 77.17

Al-Mashhadani et al. [62] 60 32 MDRM-PCA 57.42 64.06

This work 5 1 BREM from multi-entropy fusion and
similarity measure by DTW 84.62 82.48

4.5. Discussion

First, the proposed method is validated and analyzed using the publicly available
DEAP dataset in this work. The findings indicate that the classification accuracy gradually
increases as the time length decreases. This trend is particularly evident when utilizing
5 s time segments, during which classification performance peaks. Such an observation
suggests that shorter time segments help assess transient emotional responses. Longer time
segments, despite containing more EEG signals, may include disturbances unrelated to the
emotion, which could reduce the accuracy. The results from shorter time segments also
exhibit lower standard deviations, revealing more stable outcomes for emotion recognition.

Second, when comparing various methods for measuring similarity levels between the
BREMs derived from multi-entropy fusion, it becomes apparent that DTW is appropriate
for this context, outperforming other similarity measures through its refined analytical
capabilities. DTW excels in capturing nonlinear temporal variations, which are beneficial for
identifying subtle emotional changes over time through the BREMs. Unlike SCC and JSC,
which assume a more straightforward relationship between the signals, DTW can account
for time shifts and distortions, making it highly effective for processing non-stationary
biomedical signals such as EEG, where emotional states usually evolve dynamically.

Third, the investigation demonstrates that the inputs from individual channels achieve
higher classification accuracy than those from the same region, reaffirming that individual
channels can more directly capture EEG signals pertinent to emotions. Meanwhile, the
appropriate time segments and channels for arousal and valence vary among subjects,
reflecting the functional diversity of emotional dimensions across different brain parts.
Thus, the proposed method provides valuable insights for choosing suitable time lengths
and channels in EEG-based emotion recognition, laying the groundwork for future resource-
efficient hardware designs.

Finally, this work exhibits several limitations despite demonstrating the advantage of
multi-entropy fusion. The complexity and variability in emotional responses indicate that
individual differences are significant. While several subjects exhibit better classification
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results with short time segments, others achieve better results with longer segments, such
as 10 s. Future work could explore the association between individual differences and
time lengths, particularly the potential links between emotional dimensions and individual
neural responses regarding EEG-based entropy fusion views.

5. Conclusions

This work proposes an innovative resource-efficient multi-entropy fusion method for
EEG-based emotion recognition in which the development of the BREM involves the extrac-
tion of five brain rhythms through DWT, followed by acquisition of multi-entropy features
that encapsulate the inherent complexity and dynamics of EEG signals. Subsequently,
DTW emerges as a suitable method for measuring similarities among BREM samples. The
focused evaluation of time window analysis reveals that the 5 s EEG segment yields robust
data for recognition. Although most methods select 32-channel or other multi-channel
setups as input to capture abundant brain information to enhance emotion recognition
performance, the proposed method using the single-channel mode provides a promising,
resource-efficient way to simplify the EEG setup without compromising classification
performance. The experimental results from the DEAP dataset demonstrate that single-
channel data achieve 84.62% and 82.48% accuracy in arousal and valence classification
tasks, respectively, underscoring the effectiveness of BREMs from multi-entropy fusion.
Therefore, such performances are meaningful when considering fewer data resources as a
concern, which opens the possibility of an entropy fusion method that can helps to design
portable EEG-based emotion-aware devices for daily usage.

While the results are particularly interesting, further refinement and validation of
the proposed method across diverse scenarios are desirable, especially with a single-
channel EEG setup, which may not fully capture the complexity of emotional responses
across different brain regions. Therefore, future work should explore ways to combine
the resource-efficiency of single-channel EEG with the comprehensive spatial coverage
provided by multi-channel EEG, improving performance for more nuanced emotional
analysis. In addition, it is vital to focus on exploring real-time classification by integrating
multimodal data and customizing the methodology to accommodate individual differ-
ences in emotional processing and validating its robustness using datasets beyond DEAP.
Such efforts will assess the method’s performance across diverse experimental conditions,
enhancing its applicability in broader real-world scenarios.
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Abstract: Traditional entropy-based learning methods primarily extract the relevant en-
tropy measures directly from EEG signals using sliding time windows. This study applies
differential entropy to a time-frequency domain that is decomposed by Stockwell transform,
proposing a novel EEG emotion recognition method combining Stockwell entropy and a
common spatial pattern (CSP). The results demonstrate that Stockwell entropy effectively
captures the entropy features of high-frequency signals, and CSP-transformed Stockwell
entropy features show superior discriminative capability for different emotional states. The
experimental results indicate that the proposed method achieves excellent classification
performance in the Gamma band (30–46 Hz) for emotion recognition. The combined ap-
proach yields high classification accuracy for binary tasks (“positive vs. neutral”, “negative
vs. neutral”, and “positive vs. negative”) and maintains satisfactory performance in the
three-class task (“positive vs. negative vs. neutral”).

Keywords: EEG; emotion recognition; Stockwell transform; Stockwell entropy; common
spatial pattern

1. Introduction

Emotion recognition refers to the detection and analysis of human emotional states
through technological means [1]. The electroencephalogram (EEG) technique measures
brain activity by recording the electrical activity of cortical neurons [2]. Due to its non-
invasive nature and real-time capabilities, EEG technology plays a crucial role in brain
function research, particularly in studies that require the prolonged continuous monitoring
of brain activity [3]. EEG signals are commonly represented in the form of waveforms,
where distinct waveforms, such as alpha, beta, theta, and delta waves, correspond to
different states of brain activity [4]. By analyzing key features of EEG signals, including fre-
quency, power spectral density, and phase, researchers are able to investigate the functional
state of the brain and discern various emotional states, such as happiness, sadness, and
anxiety [5]. As a result, the potential of EEGs as a tool for emotion recognition is considered
highly promising [6].

However, due to the asymmetric and non-stationary nature of electroencephalogram
(EEG) signals [7], emotion recognition based on EEGs remains a complex scientific chal-
lenge [8]. Recently, learning approaches based on entropy measures have been demon-
strated to be one of the most effective technical pathways for emotion-related EEG recogni-
tion [9]. Entropy, as a measure of information uncertainty, possesses a strong capability
to extract clinically meaningful regularity information from EEG signals [10]. Entropy
measures can be utilized to quantify the irregularity, randomness, and complexity of physi-
ological signals [9]. Moreover, there is substantial and compelling evidence indicating that
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entropy-based metrics are highly effective for analyzing EEG signals [9,11]. For instance,
Beatriz García-Martínez and Arturo Martínez-Rodrigo et al. were the first to introduce
the application of three entropy-based metrics, namely, sample entropy, quadratic sample
entropy, and distribution entropy, to differentiate between calm and negative-stress emo-
tional states [12]. Ruo-Nan Duan and Jia-Yi Zhu et al. proposed differential entropy (DE)
features and compared them with traditional energy spectrum (ES) features, demonstrating
that DE features and their associated combinations offer superior performance for emotion
recognition [11]. Yun Lu and Mingjiang Wang et al. introduced a dynamic entropy-based
pattern-learning framework for recognizing inter-individual emotions from EEG signals,
aiming to address the poor generalization capability of existing emotion recognition meth-
ods, which is caused by individual variability [9]. Wei-Long Zheng and Bao-Liang Lu
utilized differential entropy features extracted from multi-channel EEG data to train a
deep belief network for identifying positive, neutral, and negative emotions. They also
investigated the weights of the trained deep belief network to explore key frequency bands
and channels [13]. Research by Wu et al. demonstrates that Stockwell entropy, combined
with the Hilbert transform, effectively detects events of interest (EoIs) compared to the
standard Hilbert transform, achieving accurate identification of both EoIs and non-EoIs [14].
The experimental results indicated that neural features related to different emotions do,
indeed, exist and exhibit commonalities across different experiments and individuals [13].

In this study, we propose combining Stockwell differential entropy with the CSP
algorithm for the classification and recognition of emotional EEG signals. Specifically, dif-
ferential entropy is first applied to the time-frequency domain decomposed by the Stockwell
transform, followed by the use of the CSP algorithm to extract feature vectors correspond-
ing to different emotional states. Additionally, this study further investigates how signal
frequency and amplitude influence Stockwell entropy and its classification performance.

2. Related Work

The successful implementation of any EEG-based emotion recognition system relies
on the accurate identification of features representing emotional states, which necessi-
tates efficient feature extraction algorithms [15]. The extracted features must exhibit high
discriminability to achieve superior recognition rates. The Stockwell transform is a time-
frequency analysis tool that combines the advantages of short-time Fourier transform
(STFT) and wavelet transform analyses, providing a detailed view of frequency variations
over time [16,17]. CSP is another feature extraction technique that is widely used in biomed-
ical applications. CSP employs a linear transformation method to project multi-channel
EEG data into a low-dimensional space, thereby enhancing its discriminative capability for
classifying EEG data across different categories [18,19]. K. Venu and P. Natesan proposed
an approach called the HC+SMA-SSA scheme, which extracts features using improved
Stockwell transform (ST) and CSP for motor imagery task classification, demonstrating
superior performance in key metrics [20]. S. Sethi and R. Upadhyay et al. proposed a
feature extraction method that integrates the Stockwell transform technique with CSP for
designing motor imagery-based brain-computer interfaces, significantly improving the
discriminability of motor imagery tasks [21]. Mausovi et al. combined wavelet transform
(WT) with the CSP algorithm, achieving high classification accuracy in asynchronous offline
brain–computer interface applications [22]. M.I. Chacon-Murguia and E. Rivas-Posada
evaluated five feature extraction methods, including Stockwell, CSP + CWT, and CSP + ST,
for classifying two types of motor imagery signals. Their proposed methods demonstrated
superior performance compared to conventional approaches [23].

The main contributions of this paper are organized as follows: Section 3 introduces the
EEG dataset used in this study, along with the Stockwell transform, Stockwell entropy, the
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CSP algorithm, and the experimental procedure. Section 4 provides a detailed comparison
of the emotion recognition performance of the combined Stockwell entropy and CSP
approach across different frequency bands and emotional states, presenting both data
analysis and experimental results. Section 5 offers an in-depth analysis of the experimental
outcomes and the underlying reasons for this observed classification performance. The
final section summarizes the key findings and conclusions of this study.

3. Dataset and Methods

3.1. Dataset

The SEED dataset is a publicly available dataset provided by Shanghai Jiao Tong Uni-
versity, which was primarily designed for research in affective computing [13]. This dataset
comprises electroencephalogram (EEG) signals collected from 15 participants (7 males and
8 females), recorded using a 62-channel EEG system, arranged according to the interna-
tional 10–20 standard, and covering major regions of the brain. During the experiments,
the participants watched 15 carefully selected film clips (encompassing positive, neutral,
and negative emotions), each lasting approximately 4 min, to induce coherent emotional
responses. Consequently, each participant’s data file contains 15 segments of preprocessed
EEG data (channels × time-series data). The experiments were conducted three times for
each participant, with intervals of approximately 1 week or longer between sessions [13].

3.2. Preprocessing

This study utilizes the “Preprocessed_EEG” brain electrical data files provided by the
SEED dataset, as these EEG data files have already been downsampled and preprocessed.
The data has been downsampled to 200 Hz and filtered using a 0–75 Hz bandpass filter [13].
On this basis, this study further applied a 0.1–46 Hz bandpass filter.

3.3. Methods
3.3.1. Stockwell Transform

Stockwell transform, also known as the S-transform, combines the advantages of the
Fourier transform and the wavelet transform, providing a means for achieving the multi-
resolution analysis of signals. It is particularly well-suited for the analysis of non-stationary
signals [24,25].

Stockwell transform can be mathematically defined as follows:

S(τ, f ) =
∫ +∞

−∞
x(t)w(τ − t)e−j2π f tdt

In the given expression, x(t) denotes the original signal, and the window function w(t)
is typically a Gaussian window. Here, τ represents the time position, and f represents the
frequency. This integral expression provides the complex value of the signal at a given time
and frequency, while the magnitude represents the energy level at that specific time and
frequency [26,27].

The formula demonstrates that the Stockwell transform technique exhibits multi-
resolution analysis capabilities [27]. Through the time-frequency decomposition of non-
stationary signals, the technqiue generates a time-frequency representation of the signal [28].
The spectrum characteristics of the signal vary over time, thereby enabling the visualization
of frequency component variations at different time points [29]. Unlike the short-time
Fourier transform (STFT), the S-transform employs a frequency-dependent Gaussian win-
dow function, comprising a narrower window for high frequencies and a wider window for
low frequencies [27,30]. Consequently, at high frequencies, the S-transform achieves higher
time resolution through a narrower time window, while at low frequencies, it maintains
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better frequency resolution using a wider time window [31]. This adaptive window func-
tion enables the S-transform to more accurately capture transient features in non-stationary
signals, making it a valuable tool for analyzing such signals in numerous fields including
EEG and ECG [32–34].

3.3.2. Stockwell Transform Entropy

Shannon entropy serves as a measure of information uncertainty. Time-frequency
signals processed using the Stockwell transform technique yield a new feature vector by
computing the differential entropy in the time domain for each frequency band through a
sliding time window approach. This feature vector is termed “Stockwell entropy” [14].

By calculating Stockwell entropy, we can quantify the complexity and randomness of
EEG signals across different frequency bands over certain time periods. The computational
process of Stockwell entropy using a sliding window approach is depicted in Figure 1.

Figure 1. Calculation process of Stockwell entropy with sliding windows.

Under the assumption that the time series X follows a Gaussian distribution N (μ, σ2),
the formula for differential entropy shows that, for a fixed-length EEG sequence, the differ-
ential entropy in a specific frequency band equals the logarithm of the energy spectrum [35]:

f (X) = −
∫ ∞

−∞
p(x) · log(p(x))dx =

1
2

log(2πeσ2) (1)

where: p(x) = 1√
2πσ2 e−

(x−μ)2

2σ2

Suppose that in a certain epoch, the EEG signal of one channel, after employing
Stockwell transform, has a time-series of length N in the time-frequency signal, denoted as
S = [s1, s2, . . . , sN ], and a sliding window with a width of k, where k ≤ N. Then, the data
processing process of the sliding window on the time-series in the time-frequency signal is
as follows.

For each position i, where 1 ≤ i ≤ N − k + 1, the sub-sequence covered by the sliding
window is Si = [si, si+1, . . . , si+k−1].

Step 1. Calculate the average value of all elements within the window Si.
Step 2. Calculate the standard deviation of the sub-sequence covered by the sliding

window Si.
Step 3. Apply Formula (1) to each sub-sequence covered by the sliding window,

to obtain a new sequence T = [t1, t2, . . . , tN−k+1]. The new formula can be expressed
as follows:

T = f ([si, si+1, . . . , si+k−1]) =
1
2

log(2πeσ2
i )

The obtained sequence T = [t1, t2, . . . , tN−k+1] is Stockwell entropy.
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3.3.3. Common Spatial Pattern

The CSP is a feature extraction algorithm that highlights spatial distribution patterns
in the EEG signals associated with specific tasks [36,37]. The core principle of the CSP
algorithm involves finding a set of spatial filters that maximize the variance between two
types of trials [38]. When these spatial filters are applied to the original EEG signals, the
signals are projected into a new feature space, generating features that are optimized for
classification. In this transformed space, the samples from different categories become
more distinguishable [39,40]. Additionally, CSP reduces the dimensionality of the original
EEG data by extracting discriminative features while preserving classification-relevant
information. Finally, the extracted feature vectors are fed into machine learning classifiers,
such as support vector machines (SVM) or random forests, for training and testing to
classify the different task states. In this study, Stockwell entropy is processed using the CSP
algorithm to generate eight distinct feature vectors for subsequent analysis [40].

3.3.4. Feature Extraction Process Combining Stockwell Entropy and CSP

To obtain certain features of EEG activity based on Stockwell entropy and CSP, in
this study, the EEG time periods for one experiment for each subject (including 15 EEG
segments) were first decomposed into several epochs. In this study, the length of each epoch
was set to 3 s, and each epoch served as a sample, corresponding to an emotional state code
(1—positive, 0—neutral, and −1—negative). Subsequently, time-frequency decomposition
based on Stockwell transform was performed on each channel of every epoch [41]. For
this paper, the ‘epochs.compute_tfr’ function from the MNE library was used with the
following parameters: ‘method = “stockwell”’, ‘freqs = (0.1, 46.0)’, and ‘width = 1’ [42].
Then, the coefficients of the Stockwell transform were grouped, and the time-frequency
domain was divided into six different frequency sub-bands, namely, the full frequency
band (0.1, 46) Hz, Delta (0.1, 4) Hz, Theta (4, 8) Hz, Alpha (8, 12) Hz, Beta (12, 30) Hz, and
Gamma (30, 46) Hz frequency bands. Next, the differential entropy value was calculated
for each “frequency sub-band-time” unit on each channel of every epoch. The result of this
step was to obtain a new “channel × frequency-sub-band × Stockwell entropy” matrix.
Subsequently, the CSP algorithm was executed separately on each frequency sub-band to
obtain the corresponding emotional feature vectors of each frequency sub-band on each
channel [41]. At the same time, the effect of dimensionality reduction was also achieved.
Finally, the generated feature vectors were input into classifiers such as SVM or random
forest for the classification of emotional states. Figure 2 shows the flowchart of the Stockwell
entropy-CSP feature extraction method.

Figure 2. Flowchart of the Stockwell entropy-CSP feature extraction method.

3.4. Classification

In the first step of this study, stratified k-fold cross-validation was adopted to evaluate
the effectiveness of the “Stockwell entropy–CSP combination model”; at the same time, this
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could avoid data leakage in the second-step classification comparison. This study used the
most common stratified 5-fold cross-validation technique, dividing the training dataset into
5 subsets. In each iteration, a different subset was used as the test set, and the remaining
part was used as the training set. Firstly, the “positive, neutral, and negative” emotions of
each subject were combined. Three groups of experiments, namely, “Positive vs. Neutral”,
“Positive vs. Negative”, and “Neutral vs. Negative”, respectively, were designed to verify
the model’s performance. Meanwhile, the influence of different frequency bands on the
classification of emotional states was examined. Then, the frequency band with the best
evaluation effect was tested under different window states and for different emotional
classifications. The final result of the experiment was an average recognition rate of
15 subjects in the three groups of experiments.

In the second step, two classifiers—SVM and random forest (RF)—were employed
to compare the model’s classification performance on the test set data. SVM performs
exceptionally well in high-dimensional spaces and can effectively address nonlinear classifi-
cation problems using kernel functions. In contrast, random forest, as an ensemble learning
method, demonstrates strong robustness against noise and overfitting [42]. By comparing
the recognition rates of these two classifiers, the stability and reliability of the classification
results were comprehensively validated. Four experimental setups were designed: Positive
vs. Neutral vs. Negative, Positive vs. Neutral, Positive vs. Negative, and Neutral vs.
Negative. In each setup, the data were randomly divided into training and test sets, with
80% being allocated to the training set and the remaining 20% to the test set. The final
results were reported as the average recognition rates across the four experimental groups
for all 15 subjects.

4. Results

4.1. Impact of Different Frequency Bands on Emotional State Binary Classification

As described in Section 3.4, this experiment employed stratified five-fold cross-
validation. Three experimental setups—Positive vs. Neutral, Positive vs. Negative, and
Neutral vs. Negative—were examined to assess the impact of different frequency bands
on emotional state classification. The impact of different frequency bands is evaluated
for each experimental setup. The classifier employed here is an RBF-kernel SVM, with its
parameters set to kernel = ‘rbf’, C = 20, and Gamma = ‘scale’.

Table 1 summarizes the recognition accuracy and standard deviation obtained using
stratified five-fold cross-validation for three binary classification tasks: Positive vs. Neutral,
Negative vs. Neutral, and Positive vs. Negative. The results are reported across different
window widths (W_5, W_10, W_20) and frequency bands (full frequency band, Delta,
Theta, Alpha, Beta, and Gamma). Abbreviations are defined as follows: Pos = positive,
Neu = neutral, and Neg = negative.

Table 1. Classification of three emotional combinations according to different frequency bands and
different window widths.

Bands

W_5% W_10% W_20%

Neu vs.
Neg

Pos vs.
Neg

Pos vs.
Neu

Neu vs.
Neg

Pos vs.
Neg

Pos vs.
Neu

Neu vs.
Neg

Pos vs.
Neg

Pos vs.
Neu

All 90.1 ± 1.1 95.2 ± 0.9 95.8 ± 0.8 90.2 ± 1.2 95.3 ± 0.9 95.9 ± 0.8 90.3 ± 1.2 95.5 ± 0.8 95.9 ± 0.7
Delta 70.9 ± 1.6 71.9 ± 1.8 71.1 ± 2 70.9 ± 1.8 72.1 ± 1.7 71 ± 1.9 70.7 ± 1.7 72.2 ± 1.6 70.9 ± 2.1
Theta 67.7 ± 1.9 71.5 ± 1.7 71.6 ± 1.8 67.9 ± 1.7 71.3 ± 1.6 71.9 ± 1.7 67.8 ± 2 71.1 ± 1.9 71.6 ± 1.7
Alpha 72.2 ± 2 78.9 ± 1.5 79.4 ± 1.6 72.4 ± 2.2 79 ± 1.6 79.1 ± 1.5 72.3 ± 2.3 79 ± 1.8 79.2 ± 1.5
Beta 87.1 ± 1.3 94.3 ± 1.1 94.1 ± 1 87 ± 1.3 94.3 ± 1.1 94.1 ± 1 87.1 ± 1.3 94.4 ± 0.9 94.1 ± 1

Gamma 92.8 ± 1.2 96.2 ± 0.9 96.7 ± 0.8 92.9 ± 1.3 96.2 ± 0.8 96.7 ± 0.7 92.8 ± 1.3 96.2 ± 0.8 96.8 ± 0.8
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Figure 3 illustrates the recognition accuracy of pairwise classifications among three
emotion categories (Positive vs. Neutral, Negative vs. Neutral, Positive vs. Negative)
across different frequency bands: the full frequency band, Delta, Theta, Alpha, Beta, and
Gamma. The x-axis denotes the frequency bands, while the y-axis indicates the recognition
accuracy. Specifically, Figure 3a corresponds to a sliding window width of 5 during
Stockwell entropy calculation, Figure 3b corresponds to a sliding window width of 10, and
Figure 3c corresponds to a sliding window width of 20.

Figure 3. Classification of the combinations of three emotional combinations under different frequency
bands: (a) when the width of the sliding window is 5; (b) when the width of the sliding window is 10;
(c) when the width of the sliding window is 20.

Table 1 and the three images in Figure 3 indicate that the Gamma frequency band
achieved the highest accuracy across all three emotional combinations, with the full fre-
quency band following closely. The classification accuracies of the Delta and Theta fre-
quency bands were generally low, indicating significant differences in classification perfor-
mance across the different frequency bands and tasks. Selecting an appropriate frequency
band is crucial for enhancing the accuracy of EEG-based emotion classification.

4.2. Influence of Gamma Frequency Band on the Classification of Four Emotional Combinations

Since the Gamma frequency band exhibited the highest accuracy, the classification
performance of this band was further evaluated for four emotional combinations: three-
class classification (Positive, Negative, and Neutral), Positive vs. Neutral, Negative vs.
Neutral, and Positive vs. Negative. This evaluation was conducted under different sliding
window widths (W_5, W_10, and W_20). The classifier employed was an RBF-kernel SVM
with the parameters set as follows: kernel = ‘rbf’, C = 20, and Gamma = ‘scale’, as shown in
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Figure 4. The x-axis denotes the window width, while the y-axis indicates the recognition
accuracy. W_5, W_10, and W_20 correspond to sliding window widths of 5, 10, and 20,
respectively, during Stockwell entropy calculation.

Figure 4. Classification of the combinations of four emotional states.

Figure 4 shows that, for the Gamma frequency band, increasing the window width
from W_5 to W_20 had minimal impact on classification accuracy, thereby demonstrating
the relatively stable performance of the Stockwell entropy-CSP algorithm in EEG-based
emotion recognition. The accuracy of the Gamma frequency band in two-class classification
tasks (Positive vs. Neutral, Negative vs. Neutral, and Positive vs. Negative) was generally
high, with the lowest accuracy reaching 92.8%. Moreover, the accuracies of Positive vs.
Neutral and Positive vs. Negative both remained above 96%. When the window width
was 20, the classification accuracy of Positive vs. Neutral reached its highest value of
96.8%. Generally, the CSP algorithm is more suitable for two-class classification scenarios.
However, as shown in Figure 4, the CSP algorithm was also applied to evaluate the three-
class classification case (Positive vs. Negative vs. Neutral). Although the three-class
classification accuracy was lower than that for the two-class case, the lowest level of
accuracy still reached 88.7%.

As shown above, as the window width increased from 5 to 20, the model’s classification
accuracy tended to improve. However, increasing the window width had a limited impact
on classification accuracy. Most classification tasks demonstrated consistent performance
across all window widths. For two-class tasks (Positive vs. Neutral, Negative vs. Neutral,
and Positive vs. Negative), high accuracy was achieved at all window widths. The three-
class classification task (Positive vs. Negative vs. Neutral) achieved lower accuracy than
the two-class tasks but remained above 88% across all window widths.

4.3. Influence of Different Classification Methods on Emotional State Recognition

In the first two sections, the model’s performance was evaluated using stratified five-
fold cross-validation. In this section, the classification performance of two classifiers—RBF-
SVM (kernel = ‘rbf’, C = 20, Gamma = ‘scale’) and random forest (n_estimators = 256)—on
the test set data was compared. In the experiment, the emotional states of each subject
(positive, neutral, and negative) were used to design four experimental setups: Positive vs.
Neutral vs. Negative, Positive vs. Neutral, Positive vs. Negative, and Neutral vs. Negative.
In each setup, the data were randomly divided into training and test sets, with 80% of the
data allocated to the training set and the remaining 20% to the test set. The final results
were reported as the average recognition rates across the four experimental groups for all
15 subjects.

The experimental results demonstrate that the varying window widths have minimal
impact on classification accuracy. Figure 5 compares the classification accuracy across
different frequency bands for binary tasks (Positive vs. Neutral, Negative vs. Neutral, and

115



Entropy 2025, 27, 457

Positive vs. Negative) and the ternary task (Positive vs. Negative vs. Neutral). The analysis
was performed using a sliding window width of 20. The x-axis denotes the frequency bands
(full frequency band, Delta, Theta, Alpha, Beta, and Gamma), while the y-axis indicates the
classification accuracy. Figure 5 reveals that the overall performance of SVM and RF was
similar across all frequency bands. RF outperformed SVM in the Delta, Theta, and Alpha
bands, whereas SVM achieved slightly higher accuracy in the Gamma band. Notably, the
Gamma band yielded the highest accuracy under both classifiers. Binary classification
tasks generally achieved greater accuracy than ternary tasks. Nevertheless, both classifiers
exceeded 88% accuracy in the Gamma band for ternary classification tasks.

Figure 5. Classification of emotional states by SVM and RF in different frequency bands: (a) Positive
vs. Neutral; (b) Negative vs. Neutral; (c) Positive vs. Negative; (d) Positive vs. Negative vs. Neutral.

5. Discussion

5.1. Experimental Conclusions

This study’s innovative nature is demonstrated by applying differential entropy to the
time-frequency domain decomposed by the Stockwell transform and by proposing an EEG-
based emotion extraction method that integrates Stockwell entropy with the CSP algorithm.

The experiments demonstrate the following:

1. The classification accuracy was highest in the Gamma frequency band.
2. Increasing the sliding window width from W_5 to W_20 had a minimal impact on

classification accuracy, demonstrating that the Stockwell entropy–CSP algorithm
exhibits relatively stable performance in EEG-based emotion recognition.

3. The accuracy of binary classification tasks—namely, Positive vs. Neutral, Negative vs.
Neutral, and Positive vs. Negative—was generally high. Among these tasks, Positive
vs. Neutral and Positive vs. Negative achieved the highest recognition rates.

4. Although the CSP algorithm is more suitable for binary classification tasks, it also demon-
strated strong performance in the three-class task (Positive vs. Negative vs. Neutral).
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In prior neurophysiological research, the overall body of evidence also supported
an association between Gamma oscillations and emotional states [43]. Yang et al. (2020)
observed increased Gamma connection density between the prefrontal, temporal, pari-
etal, and occipital regions during emotional processing [44]. Luther et al. (2023) reported
increased Gamma power over posterior areas for unpleasant compared to pleasant and
neutral pictures [45]. These findings suggest that Gamma oscillations play a role in various
aspects of emotional processing, including the perception of emotional stimuli, the cog-
nitive regulation of emotions, and the interaction between emotions and other cognitive
processes [46].

5.2. Analysis of the Reasons Behind the Experimental Results
5.2.1. Influence of Signal Frequency and Amplitude on Stockwell Entropy

This study primarily focuses on the analysis of swept-frequency signals. To better simu-
late the behavior of Stockwell entropy for real EEG signals, the frequency range of the swept-
frequency signal was set to 0–46 Hz, with a sampling rate of 200 Hz. Figure 6 illustrates the
influence of different signal states on Stockwell entropy. Figure 6a demonstrates the effect
of increasing frequency with constant amplitude on Stockwell entropy. As the frequency
of the swept-frequency signal increases, the entropy values of high-frequency signals
gradually stabilize, whereas those of low-frequency signals exhibit significant fluctuations.
Figure 6b depicts the scenario where both signal frequency and amplitude increase. The
results indicated that the entropy values of high-frequency signals increased approximately
linearly and remained relatively concentrated, while those of the low-frequency signals
fluctuated significantly. Figure 6c represents the scenario where signal frequency increases
while amplitude decreases. It can be seen that the entropy values of high-frequency signals
decreased approximately linearly and remained relatively concentrated, whereas those
of low-frequency signals continued to fluctuate significantly. Collectively, Figure 6a–c
demonstrates that as the frequency increases, the entropy values across different window
widths converge toward stability.

Figure 6. Cont.
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Figure 6. Influence of signal frequency and amplitude on Stockwell entropy: (a) the frequency of the
swept-frequency signal increases; (b) both the frequency and amplitude of the swept-frequency signal
increase; (c) the frequency of the swept-frequency signal increases, while its amplitude decreases;
(d) the frequency of the signal is fixed, while the amplitude increases; (e) the amplitude of the signal
is fixed, but the frequencies are different.

As shown in Figure 6d,e, we used the controlled variable method to analyze the effects
of amplitude and frequency changes on Stockwell entropy. Figure 6d illustrates the scenario
where the signal amplitude increased while the frequency remained constant, with the
signal frequency fixed at 5 Hz. The results indicated that when the signal frequency was
held constant and the amplitude increased, the entropy value exhibited oscillatory growth,
accompanied by significant fluctuations. Figure 6e depicts the scenario where the signal
amplitude remained unchanged while the frequency varied. It is evident that low-frequency
signals exhibit substantial fluctuations in entropy values, whereas high-frequency signals
demonstrate relatively stable behavior.

Table 2 compares the standard deviations of Stockwell entropy for the signal sin(2πft)
across different frequencies and window widths (W = 5, 10, 20). The table lists only the
standard deviations at the boundary frequencies of different frequency bands. The results
indicate that as the frequency increased, the standard deviations generally decreased.
When the frequency reached the Gamma band, the standard deviations reported in Table 2
typically dropped below 1, thereby showing that Stockwell entropy values are relatively
stable and suitable for effective emotional classification. Figure 6e compares the results for
frequencies of 13 Hz and 30 Hz.

Table 2. Standard deviations of Stockwell entropy at different frequencies with different window widths.

Bands Frequency
Window = 5

Std
Window = 10

Std
Window = 20

Std

Delta
1 16.62 15.43 13.66
3 14.66 12.29 9

Theta
4 13.82 11.09 7.26
7 11.93 8.17 3.04

Alpha
8 11.37 7.33 1.88

12 9.39 4.4 0.76

Beta
13 8.94 3.75 0.59
30 2.82 0.36 0

Gamma

31 2.51 0.61 0.24
36 1.03 0.84 0.29
41 0.23 0.22 0.21
42 0.43 0.41 0.33
43 0.62 0.55 0.32
44 0.79 0.63 0.17
45 0.93 0.64 0.04
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From Figure 6 and Table 2, the following conclusions can be drawn:

1. The entropy values of high-frequency signals are relatively stable, while those of
low-frequency signals fluctuate significantly.

2. Both an increase and a decrease in amplitude can cause changes in the entropy values
of high-frequency signals, and these changes are approximately linear. Therefore, the
entropy values of high-frequency signals respond well to amplitude changes and can
be used to detect such changes.

3. As the frequency increases, the values under different window conditions tend to
stabilize, indicating that the selection of window width has little impact on the
Stockwell entropy values of high-frequency signals. This demonstrates that Stockwell
entropy values are highly stable for classification and recognition.

These conclusions indicate that the entropy values in the high-frequency Gamma band
remain relatively stable, thereby contributing to the identification of emotional states. This
is why the classification accuracy in this band is relatively high.

5.2.2. Influence of the CSP Algorithm on Emotional State Classification

In this study, the CSP algorithm was applied to decompose Stockwell entropy into
eight components. This study uses the CSP component features of the “Positive vs. Neg-
ative” binary classification state in the Gamma frequency band of the 15th subject as an
example. For clarity, Figure 7 displays the curves of three representative components. It
can be observed from Figure 7 that negative emotions correspond to low values on the
orange curve and high values on the blue curve, whereas positive emotions correspond
to high values on the orange curve and low values on the blue curve. Thus, the CSP-
transformed Stockwell entropy features exhibit high discriminability for emotional EEG
signals, effectively distinguishing between different emotional states and achieving high
recognition rates.

Figure 7. CSP components in the “Positive vs. Negative” state.

5.3. Deficiencies and Prospects

In this study, an emotion recognition method combining Stockwell entropy and CSP
was compared with the findings of previous studies by Ruo-Nan Duan, Wei-Long Zheng,
and Bao-Liang Lu. Ruo-Nan Duan and Jia-Yi Zhu investigated the classification accuracy of
four features—the energy spectrum (ES), differential entropy (DE), differential asymmetry
(DASM), and rational asymmetry (RASM)—for the Positive vs. Negative binary classifi-
cation task. The average classification accuracies of these features were 76.56%, 84.22%,
80.96%, and 83.28%, respectively [11]. In contrast, the classification accuracies of the SVM
and RF classifiers in the Gamma frequency band for the same task reached 96.1% and 95.7%,
respectively. Wei-Long Zheng, Bao-Liang Lu, and their colleagues developed an EEG-based
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emotion recognition model using deep belief networks (DBNs). The DBNs were trained
on differential entropy features extracted from multi-channel EEG data. The SEED dataset
was utilized to classify three emotional states: positive, neutral, and negative, achieving a
maximum accuracy of 86.65%. The average classification accuracies of DBN, SVM, logistic
regression (LR), and K-nearest neighbors (KNN) were 86.08%, 83.99%, 82.70%, and 72.60%,
respectively [13]. In this study, the classification accuracies of the SVM and RF classifiers for
the three-class task in the Gamma frequency band reached 88.5% and 88.0%, respectively.

Although the combination of Stockwell entropy and CSP has demonstrated strong
performance in classifying emotional EEG signals, this study still has certain limitations. In
existing emotion recognition research, individual differences remain a significant challenge.
Emotion-related signal patterns exhibit substantial inter-individual variability, potentially
achieving high performance in within-subject tests but performing poorly in cross-subject
scenarios. The final experimental results reported in this study represent the average
recognition rates across 15 subjects; however, the emotional data used for each classification
test were derived from the same individual. Therefore, future work will focus on enabling
individual-independent emotion recognition and refining the proposed method accordingly.
Additionally, investigating the spatial distribution of entropy features in the brain may
help identify the key cortical regions associated with emotional changes, which could serve
as a promising direction for future research.

6. Conclusions

This study proposes a method for extracting emotional EEG features by integrating
Stockwell entropy with the CSP technique. Stockwell transform, a time-frequency analysis
tool, provides a localized time-frequency representation of non-stationary EEG signals,
while Stockwell entropy captures entropy features in the time-frequency domain. The CSP
algorithm, a widely used feature extraction method, achieves dimensionality reduction
and is frequently applied to spatial filtering in binary motor imagery tasks within the
brain–computer interface (BCI). This study integrates these two techniques to enhance the
accuracy and stability of emotional EEG recognition.

The experimental results indicate that the proposed combined method exhibits both
excellent classification performance and strong stability for emotional EEG signals in the
Gamma (30–46 Hz) frequency band. The method achieves high classification accuracy in
binary classification tasks, including Positive vs. Neutral, Negative vs. Neutral, and Positive
vs. Negative. Furthermore, it also achieves satisfactory classification results in the three-class
task (Positive vs. Negative vs. Neutral). Additionally, this study investigates and analyzes the
impact of varying window sizes and frequency bands on classification accuracy.
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Abstract: Schizophrenia is characterized by widespread disruptions in neural connectiv-
ity and dynamic modulation. Traditional EEG analyses often rely on static or averaged
measures, which may overlook the temporal evolution of neural complexity across cogni-
tive demands. This study employed Higuchi Fractal Dimension, a non-linear measure of
signal complexity, to examine the temporal dynamics of EEG activity across five cortical
regions (central, frontal, occipital, parietal, and temporal lobes) during an attentional and
a memory-based task in individuals diagnosed with schizophrenia and healthy controls.
A permutation-based topographic analysis of variance revealed significant differences in
neural complexity between tasks and groups. In the control group, results showed a con-
sistent pattern of higher neural complexity during the attentional task across the different
brain regions (except during a few moments in the temporal and occipital regions). This
pattern of differentiation in complexity between the attentional and memory tasks reflects
healthy individuals’ ability to dynamically modulate neural activity based on task-specific
requirements. In contrast, the group of patients with schizophrenia exhibited inconsistent
patterns of differences in complexity between tasks over time across all neural regions. That
is, differences in complexity between tasks varies across time intervals, being sometimes
higher in the attentional task and other times higher in the memory task (especially in the
central, frontal, and temporal regions). This inconsistent pattern in patients can explain
reduced task-specific modulation of EEG complexity in schizophrenia, and suggests a
disruption in the modulation of neural activity on function of task demands. These find-
ings underscore the importance of analyzing the temporal dynamics of EEG complexity to
capture task-specific neural modulation.

Keywords: schizophrenia; electroencephalography; Higuchi fractal dimension; neural
complexity; temporal dynamics

1. Introduction

The brain’s complex dynamics are inherently non-linear, with non-linearity arising
even at the cellular level due to threshold and saturation phenomena in neuronal be-
havior [1]. These non-linear properties extend to large-scale neural networks, where
interactions among neurons give rise to emergent behaviors that cannot be fully captured
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by linear models. Electroencephalogram (EEG) signals are particularly valuable in neuro-
science research due to their high temporal resolution, which enables the capture of rapid
neural dynamics on the millisecond scale. This precision is crucial for studying the brain’s
non-linear and transient processes, as cognitive functions such as attention, memory, and
sensory integration often unfold over very short time intervals [2]. Historically, EEG analy-
ses have heavily relied on linear methods focused on spectral power or averaged measures
across time and frequency domains. While these approaches have provided critical insights
into brain function, they often fail to capture the full complexity and temporal variability
of neural processes, particularly those underlying cognitive tasks [3,4].

To address these limitations, non-linear methods have emerged as powerful tools for
quantifying the irregularity and complexity of EEG signals. These measures are particularly
adept at capturing dynamic changes in brain activity that occur during both physiological
states and pathological conditions. For instance, fractal dimension analysis has been
applied to study the spatiotemporal complexity of brain activity in Alzheimer’s disease [5],
epilepsy [6], and schizophrenia [4]. Such methods provide unique insights into how neural
networks adapt—or fail to adapt—to cognitive demands. Higuchi’s fractal dimension
is a nonlinear measure used to quantify the complexity of time-series data, such as EEG
signals. This method evaluates the self-similarity and irregularity of a signal over multiple
scales, providing a robust representation of its dynamic properties. Unlike linear methods,
Higuchi’s fractal dimension is particularly well-suited for nonstationary data, as it captures
the intricate temporal patterns inherent in brain activity without requiring transformations
into the frequency domain [7,8].

In the context of schizophrenia, EEG studies have consistently highlighted widespread
disruptions in neural connectivity and dynamic modulation, particularly during tasks
requiring attention or memory retrieval [9,10]. These disruptions are thought to stem
from impairments in the brain’s ability to dynamically reconfigure its functional networks
in response to changing cognitive demands. However, many traditional EEG studies
rely on static or averaged measures, which may obscure subtle but meaningful temporal
fluctuations in neural complexity that are critical for understanding these impairments.
For example, averaged power spectral analyses or event-related potentials (ERPs), while
informative, often fail to capture the non-linear and transient nature of brain activity [2,11].

Recent advances in non-linear time-series analysis have provided powerful tools for
exploring the temporal dynamics of brain activity. Unlike linear methods, which assume
proportionality and constant relationships between variables, non-linear methods capture
irregularities and emergent behaviors characteristic of brain activity [1]. HFD quantifies the
fractal complexity of EEG signals directly in the time domain, offering a sensitive measure
of how neural complexity evolves dynamically over time [7]. This method is particularly
well-suited for studying schizophrenia, where abnormalities in neural complexity have
been linked to core cognitive deficits, such as impaired working memory and attentional
control [4,12]. A study of Iglesias-Parro et al. [13] showed that schizophrenic patients, when
compared with control participants, exhibited less differentiated EEG complexity at differ-
ent conscious states (external attention vs. mind wandering). This finding suggests that
patients tend to show the same overall complexity pattern regardless of the specific mental
state that they present. In the present study, we aim to explore whether this reduction of
differentiation holds for attention and memory processes and whether a temporal evolu-
tion of complexity analysis adds new light on understanding EEG complexity patterns in
schizophrenic patients.

The attention task consisted of presenting images with local landscapes to participants,
and they needed to detect whether a small red dot appeared on the screen. In the memory
task, the same type of images were presented, but in this case, participants were instructed
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to recall an event from their memory. Hence, our study builds on this growing body of
research by applying HFD to analyze the temporal evolution of EEG complexity across
different cortical regions during attentional (Dots) and memory-based (Remember) tasks in
individuals diagnosed with schizophrenia (SCZ) and healthy controls (CTRL). By focusing
on temporal evolution rather than averaged measures, we aim to capture the dynamic
modulation of neural networks underlying task-specific processing. We hypothesize
that individuals with schizophrenia will exhibit reduced task-specific modulation of EEG
complexity and less consistent patterns of neural complexity over time compared to controls.
This approach highlights the importance of moving beyond traditional static analyses to
better understand the disrupted dynamics of brain activity in schizophrenia.

In this study, we conceptualize complexity as the brain’s capacity to generate diverse,
adaptive, and organized patterns of activity. This concept aligns with theoretical frame-
works that describe the brain as a dynamic system operating at the edge of order and
chaos. Such a balance is essential for functional efficiency and cognitive flexibility, allowing
neural networks to adapt dynamically to changing cognitive demands. By employing
Higuchi’s fractal dimension, we aim to quantify this balance and explore how it varies
across tasks (Dots vs. Remember) and groups (controls vs. schizophrenia). The primary
objective of this study was to identify significant differences in brain activity between the
experimental conditions Dots and Remember using Higuchi’s complexity metric. These
differences were analyzed across temporal windows (Steps) and brain regions (topologies)
using a permutation-based topographic analysis of variance (TANOVA). This approach
was inspired in [14], allowing for robust statistical testing of differences while accounting
for the spatial and temporal structures of EEG data. To complement the TANOVA findings,
the correlation between the complexity of different brain regions across tasks (Dots and
Remember) was analyzed in both the control and schizophrenia groups.

2. Method

2.1. Participants

The sample included 21 individuals diagnosed with schizophrenia (SCZ) attending
the Mental Health Day Unit at the University St. Agustin Hospital (Spain) and 17 healthy
controls (HC).

In the SCZ group, 19% were women and 81% were men. The mean age was
36.476 (SD = 8.256, median: 34 [min: 25, max: 51]). For the SCZ participants, the inclu-
sion criteria were an ICD-10 diagnosis of schizophrenia (F20) or a psychotic disorder (F23).
The educational level of the participants was categorized into three categories: basic (pri-
mary and secondary education), medium (general certificate of education, certificate of
higher education), and high (university degree). According to these categories, the sample
of participants with SCZ included 57.1% participants with a basic educational level, 28.6%
with a medium level, and 14.3% with a high level.

In the HC group, 41% of participants were women and 59% were men. The mean age
was 41.7 (SD = 13.1, median: 38 [min: 25, max: 66]). This group included 35.3% with a basic
educational level, 41.2% with a medium level, and 23.5% with a high level.

There was neither a significant association between group and education level
(χ2 (4, N = 38) = 6.209, p = 0.184), nor between sex and group (χ2 (1, N = 38) = 2.237,
p = 0.135), nor did the groups differ significantly with respect to age (t = 1.500; p = 0.142).

Exclusion criteria for all groups were as follows: concurrent diagnosis of neurological
disorder, concurrent diagnosis of substance abuse, history of developmental disability,
inability to sign informed consent, or vision disorders (vision disorders which, although
corrected by glasses or contact lenses, suppose a loss of visual acuity, e.g., cataracts). In
addition, an exclusion criterion for the HC group was the diagnosis of a mental disorder
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(according to verbal reports from participants). All participants gave their written informed
consent according to the Declaration of Helsinki and the Ethics Committee on Human
Research of the Hospital approved the study.

2.2. Procedure

The experiment was carried out in one session in the laboratory of the Mental Health
Department at San Agustín Hospital in Linares. All participants provided written informed
consent before participating in the study, in accordance with the principles outlined in the
Declaration of Helsinki. The study protocol was approved by the Human Research Ethics
Committee of the hospital. Participants were seated at a distance of approximately 70 cm
from a computer screen. A set of 64 active electrodes was then placed on the participants’
scalps, with electrode impedance maintained below 5 kΩ.

Participants in this study performed two tasks while their EEG activity was recorded
with an AD rate of 500 Hz. The experimental tasks were carried out in the same order for
all participants. First, they performed a sustained attention task, and subsequently, within
the same experimental session and after a 5 min break, they completed a recall task.

In the sustained attention task (Dots) participants were shown a series of neutral
images (landscapes) on a computer screen. Each image was displayed for 10 s. In 50%
of the trials, a red dot appeared randomly at any location on the screen. Participants
were instructed to press a designated key as soon as they detected the red dot. The task
comprised 40 trials in total: 20 trials in which the red dot was present and 20 trials without
it. The trials with a dot and without a dot were presented in random order. Following the
dot detection task, participants completed a memory task (Remember). During this phase,
the same set of images was presented again on the screen for 10 s each. Participants were
instructed to observe each image and allow their thoughts to wander freely to any memory,
regardless of whether it was related to the content of the image. This task consisted of
20 trials.

Each trial was divided into 40 temporal windows of 2 s each, referred to henceforth as
steps. Each step overlapped 90% of the time with the previous one. These steps represent
consecutive time intervals during which Higuchi’s fractal dimension (HFD) was calculated
for EEG signals recorded from the 63 electrode channels referenced to the Cz electrode
site. The trials were grouped by experimental conditions (Dots and Remember), and the
electrodes were further categorized into five brain regions or topologies: frontal, central,
occipital, parietal, and temporal. Below is a detailed description of how the channels were
assigned to each topology (see Appendix A).

The frontal topology included 16 electrodes positioned over the anterior region of the
scalp. These regions have been associated with higher-order cognitive functions such as
decision-making, attention, and working memory [15]. The central topology comprised
13 electrodes located near the central midline of the scalp. This region is primarily involved
in motor control and somatosensory processing [16]. This grouping ensured that activity
from both hemispheres and the central sulcus was adequately represented. The parietal
topology included 16 electrodes positioned over the parietal cortex, which is associated
with sensory integration, spatial reasoning, and attention [17]. The occipital topology
consisted of 8 electrodes placed over the posterior region of the scalp, corresponding to
areas responsible for visual processing [18]. The temporal topology included 10 electrodes
located over the lateral temporal regions of the scalp. These regions are involved in auditory
processing, language comprehension, and memory functions [19,20].

The assignment of the channels to topologies was based on standard EEG electrode
placement systems [10–20] and their correspondence to underlying cortical regions. This
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grouping facilitated region-specific analyses while maintaining consistency with estab-
lished neuroanatomical landmarks [21].

2.3. Data Processing, Analysis, and Results

Data processing was conducted using Brain Vision Analyzer (Version 2.2.2., Brain
Products GmbH, Gilching, Germany), EEGLAB (Version 2023.0, Swartz Center for Compu-
tational Neuroscience, San Diego, CA, USA), and MATLAB (R2024b, MathWorks, Natick,
Massachusetts, MA, USA). Blinks and other artifacts were removed using Infomax ICA
(version 2.2.0.0, https://www.mathworks.com/matlabcentral/fileexchange/38300-pca-
and-ica-package (accessed on 5 May 2018)). The Infomax ICA algorithm is based on the
principle of maximizing entropy. Specifically, it seeks to optimize the representation of
the data by finding an unmixing matrix that maximizes the mutual independence of the
sources. Unlike other dimensionality reduction techniques, such as principal component
analysis (PCA), which decorrelates data but assumes orthogonality, Infomax ICA focuses
on achieving statistical independence without imposing constraints on orthogonality. ICA
components containing artifacts were identified by visual inspection of the scalp topog-
raphy, power spectra, and raw activity from all components. Once the noisy components
were selected, they were removed from the original signals.

The cleaned EEG signals were then used as inputs for a custom MATLAB script
developed to calculate Higuchi’s fractal dimension (HFD) as a measure of signal complexity
over time. This non-linear approach provides insight into brain activity dynamics by
capturing variations in signal complexity [7]. We selected HFD due to its computational
efficiency and relevance for analyzing nonstationary signals. This metric was chosen over
other nonlinear measures, such as entropy-based methods or recurrence quantification
analysis (RQA) because it provides a direct and interpretable measure of signal complexity
while being computationally less demanding. HFD is a measure of irregularity for discrete
time series. The algorithm obtains new series by sampling the original signal at different
intervals (k). For each k, the lengths, L(k), of the signals are calculated, normalizing
the sums of the differences of the values, with a distance of k and a starting point m
(m = 1, 2,. . . , k). Finally, a double logarithmic plot, ln L(k) vs. ln k, is used to estimate the
actual dimension value of the signal. The range of values for HFD lies between 1 and 2.
Higher HFD values indicate greater EEG complexity, often associated with increased neural
activity, greater neural network engagement, and higher cognitive demands. Conversely,
lower HFD values reflect more regular or predictable activity, typically observed during
resting states or under reduced cognitive load. For this experiment, we calculated a single
HFD estimation for each trial using a sliding window procedure (n = 40 windows or steps).

To statistically evaluate the differences in neural complexity between experimental
tasks and groups, we implemented linear mixed-effects models (LMMs) using the R
package lme4 (version, 1.1-36 R Core Team, Global). Separate models were fitted for
healthy controls and individuals with schizophrenia to account for group-specific neural
dynamics. Each model incorporated Task (Dots vs. Remember) and Topology (brain
region: central, frontal, occipital, parietal, temporal) as fixed effects, along with their
interaction term (Task × Topology), to assess how task-related differences in complexity
varied across cortical regions. To account for repeated measures and individual variability,
random intercepts were included for participants (ID), allowing baseline complexity levels
to vary between individuals. Additionally, random slopes for Task nested within ID were
incorporated to model intra-individual variability in task-related complexity differences.

Next, to examine how task-related neural complexity evolved across both cortical
regions and temporal windows, we implemented a permutation-based topographic analysis
of variance (TANOVA) inspired by [14]. This method extends traditional ANOVA by
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explicitly modeling the interaction between Task (Dots vs. Remember) and Topology
(brain regions) across successive temporal steps (1–40), thereby capturing spatiotemporal
dynamics often obscured in static analyses based on averages across time.

HFD values were calculated for 40 steps separately for each of the five brain regions.
To assess statistical significance, condition labels (Dots/Remember) were permuted 1000
times within each Step–Topology pair, generating a null distribution of differences. Ob-
served differences were considered significant if they exceeded the 95th percentile of this
distribution (p < 0.05, two-tailed). The TANOVA’s design allowed us to test whether
task effects depended on specific spatiotemporal contexts (i.e., Task × Topology × Step
interactions), a critical feature for detecting dynamic reconfigurations in neural networks.

To control for Type I error inflation from multiple comparisons (40 steps × 5 topologies
= 200 tests per group), we applied Benjamini–Hochberg false discovery rate (FDR) correc-
tion (q < 0.05) [22]. This approach ensured the robust identification of regions and time
points where task demands significantly modulated neural complexity while preserving
the hierarchical structure of EEG data across space and time.

To further explore the relationships between brain regions and to complement the
findings from the TANOVA, we conducted correlation analyses. These analyses were
performed to assess the strength and direction of functional connectivity between regions
(central, frontal, occipital, parietal, and temporal) during the Dots and Remember tasks
for both the control and schizophrenia groups. By calculating pairwise correlations of
complexity values across regions, we aimed to capture patterns of synchronization and
interaction that could provide additional insights into task-specific network dynamics and
group differences.

We have structured our analyses and results into two main sections. First, we present
dynamic analyses that explicitly consider the temporal dimension of complexity differences
between experimental tasks for controls. Second, we introduce the equivalent analyses for
the participants with schizophrenia.

2.3.1. Control Participants

A linear mixed-effects model (LMM) was conducted to evaluate differences in EEG
complexity (Higuchi fractal dimension) between the attentional and memory-based tasks
in the healthy control participants. The model included fixed effects for Task, Topology, and
their interaction, with random intercepts and slopes for Task nested within participants to
account for individual variability.

The analysis revealed a non-significant main effect of Task, F(1, 16) = 2.27,
p = 0.151, indicating no overall differences in neural complexity between the tasks
across participants. However, a significant main effect of Topology was observed,
F(4, 2,608,158) = 1858.04, p < 0.001, showing pronounced variability in complexity across
brain regions. Importantly, the interaction between Task and Topology was statistically
significant, F(4, 2,608,158) = 44.86, p < 0.001, indicating that task-related differences in
complexity were region-specific.

For each topology, we computed the mean Higuchi fractal dimension across all subjects
and trials for each task (Dots and Remember). These mean values illustrate the temporal
evolution of complexity within a typical trial. The results are shown in Figure 1.
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Figure 1. Temporal dynamics of Higuchi’s fractal dimension across brain regions (central, frontal,
occipital, parietal, and temporal lobes) for the control group during attentional (Dots) and memory
(Remember) tasks. The solid lines represent the mean HFD values, while the shaded areas indicate
the standard error of the mean (SEM).

Next, HFD values were calculated for 40 steps separately for each of the five brain
regions. These differences provided a measure of the observed effect size for each temporal
window and brain region.

A permutation-based approach was employed to test the statistical significance of
the observed differences. Condition labels (Dots and Remember) were randomly shuffled
within each experimental condition (Step and Topology). For each permutation, the mean
difference was recalculated. This process was repeated 1000 times to generate a null
distribution of differences. The null distribution allowed us to estimate the likelihood that
the observed differences occurred by chance.

HFD values were calculated for 40 steps separately for each of the five brain regions,
and p-values were calculated as the proportion of permuted differences that were greater
than or equal to the absolute value of the observed difference. To control for Type I error
due to multiple comparisons, the false discovery rate (FDR) correction was applied using
the Benjamini–Hochberg procedure [22].

The results can be visualized as bar plots, with each bar representing the observed
difference for a specific combination of Step and Topology (see Figure 2). Significant
differences were highlighted with red asterisks above or below the corresponding bars,
depending on the sign. The visualization included separate panels for each brain re-
gion (Topology).

As can be seen in Figures 1 and 2, the control participants exhibited a consistent
temporal pattern of higher complexity during the attentional task compared to the memory
task. This is especially evident in the central, frontal, and parietal regions. In the occipital
and temporal regions, there were a few specific moments when complexity was higher
during the memory task, but for most periods, complexity was higher in the attentional task.
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Figure 2. Differences in observed Higuchi complexity between tasks (Dots vs. Remember) for the
control group across brain regions (central, frontal, occipital, parietal, and temporal lobes) and steps.

2.3.2. Participants with Schizophrenia

Replicating the mixed model framework used for the controls, patients exhibited a non-
significant main effect of Task, F(1, 20) = 0.007, p = 0.931, indicating no overall differences in
neural complexity between the attentional and memory tasks across participants. However,
a significant main effect of Topology was observed, F(4, 3,283,510) = 3648.86, p < 0.001,
showing substantial variability in complexity across brain regions. Importantly, the in-
teraction between Task and Topology was statistically significant, F(4, 3,283,510) = 57.598,
p < 0.001, highlighting that task-related differences in complexity depended on specific
brain regions.

Next, we replicated the same permutation-based topographic analysis of variance
(TANOVA) methodology previously applied to the control group to examine the temporal
evolution of Higuchi’s fractal dimension (HFD) during task performance across brain
regions. Specifically, for each topology, the mean Higuchi fractal dimension across all
subjects and trials was computed for each task (Dots and Remember). The results for this
sample are presented in Figure 3.

Next, HFD values were calculated for 40 steps separately for each of the five brain regions.
The results are presented as bar plots (Figure 4), where each bar represents the ob-

served difference for a specific combination of Step and Topology. Significant differences
are marked with red asterisks. As with the control group, separate panels are included for
each brain region (Topology) to facilitate comparison. Positive differences indicate greater
complexity during the attentional task (Dots), while negative differences reflect greater
complexity during the memory task (Remember).

In Figures 3 and 4, the patterns of complexity differences between tasks in the patient
group demonstrate considerable variability. Specifically, in all brain regions, the complexity
values during the attentional task (Dots) are higher than those observed during the memory
task (Remember) at certain temporal steps, while at other steps, the opposite occurs
(Figure 5). This temporal variability does not follow a consistent or statistically significant
pattern across time. The inconsistency is particularly pronounced in the central, frontal,
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and temporal regions, where fluctuations between tasks appear more irregular and lack
a clear trend. These findings suggest that, in patients, the dynamic modulation of brain
complexity between tasks is less structured compared to what might be expected in a more
organized neural system.

Figure 3. Temporal dynamics of Higuchi’s fractal dimension across brain regions (central, frontal,
occipital, parietal, and temporal lobes) for the schizophrenia group during attentional (Dots) and
memory (Remember) tasks. The solid lines represent the mean HFD values, while the shaded areas
indicate the standard error of the mean (SEM).

Figure 4. Differences in observed Higuchi complexity between tasks (Dots vs. Remember) for the
schizophrenia group across brain regions (central, frontal, occipital, parietal, and temporal lobes)
and steps.
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Figure 5. Correlation matrices between brain regions (central, frontal, occipital, parietal, and temporal)
based on complexity values during the Dots and Remember tasks in control (Ctrl) and schizophrenia
(Scz) groups.

3. Discussion

In this study, we explored the temporal dynamics of EEG complexity during an at-
tentional and memory task in healthy controls and patients with schizophrenia. Previous
research has shown that patients with schizophrenia exhibit reduced task-specific modu-
lation of EEG complexity compared to healthy controls [13]. These findings suggest that
patients exhibit a diminished ability of the brain to dynamically adjust its functioning to
meet the cognitive demands of the task. In this experimental design, we aimed to further
explore brain dynamics by analyzing the temporal evolution of complexity across different
cognitive tasks.

Consistent with our hypothesis, patients and controls showed differences in the tem-
poral patterns of EEG complexity. Healthy controls exhibited a highly regular temporal
pattern, showing increased complexity during the attentional task consistently over time.
However, in the group of patients, differences in complexity between tasks varied inconsis-
tently over time. This variability likely accounts for the reduced complexity differences
between tasks reported in previous research; unpredictable fluctuations in patients’ EEG
complexity levels (sometimes higher, sometimes lower) result in a smaller average differ-
ence between tasks.

To our knowledge, this finding of high temporal inconsistency in complexity among
patients is entirely novel. It supports the notion that patients with schizophrenia have
impaired modulation of brain complexity in response to task demands and struggle to
adjust brain dynamics to the task at hand.

Now, we will discuss these differences between patients and controls according to the
brain regions of interest (central, frontal, occipital, parietal, and temporal lobes).

3.1. Central, Parietal, and Frontal Lobe

We have grouped the discussion of the results into these regions since the findings
are similar across them both in the controls and patients. The CTRL group consistently
shows significant positive differences favoring the attentional task. This result may be
reflective of efficient somatosensory integration and motor control, as well as executive
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high-order processes, necessary for attentional tasks [23]. In contrast, the SCZ group
exhibits inconsistent patterns of neural complexity differences between tasks, with both
positive and negative differences observed. The presence of negative differences in the SCZ
group, which are absent in the CTRL group, suggests that individuals with schizophrenia
may struggle to maintain stable neural complexity across tasks. This variability could
reflect compensatory mechanisms or disruptions in connectivity that impair their ability
to dynamically adapt to cognitive demands [9,12]. The presence of negative differences
in the SCZ group is particularly intriguing because it indicates greater neural complexity
during the memory compared to the attentional task, an atypical pattern not observed in
the CTRL group. This may suggest that individuals with schizophrenia require additional
neural engagement during memory-based tasks to compensate for deficits in episodic
memory retrieval or sensory integration. Such findings align with prior research indicating
that schizophrenia is associated with altered connectivity and reduced efficiency in neural
networks responsible for attention and memory [9,16]. As we have mentioned before, these
findings support the idea that with schizophrenia there is a disruption in neural modulation,
leading to both reduced task-specific modulation of EEG complexity and unexpected shifts
in cortical complexity. Further investigation into these negative differences could provide
valuable insights into the compensatory mechanisms at play in schizophrenia and how
they influence cognitive performance.

3.2. Occipital and Temporal Lobes

In the occipital and temporal lobes, the temporal pattern of differences was more
similar in the controls and patients. In the control group, negative and positive differences
in complexity could be observed, especially in temporal regions. That is, in some temporal
steps there was higher complexity in the attentional task, and in others, there was higher
complexity in the memory task, possibly reflecting the role of temporal regions in episodic
memory retrieval through interactions with the hippocampus and prefrontal cortex [24,25].
Patients with schizophrenia also showed negative and positive differences although again,
the pattern was more irregular and variable.

On the whole, our findings support prior research indicating that schizophrenia
is associated with deficits in sensory integration and attentional control [9,21,26]. It is
reasonable to think that this inability to modulate brain activity on the function of the
task contributes to difficulties prioritizing external stimuli versus internal representations,
which are key deficits observed in schizophrenia [26].

4. Limitations

The study has certain limitations that should be considered when interpreting the
results. The relatively small sample size may limit the generalizability of the results to
broader populations. Future studies with larger and more diverse samples could provide
additional insights and strengthen the conclusions drawn here. Additionally, the experi-
mental tasks were performed in a fixed order for all participants, which might introduce
potential order effects, such as fatigue or learning (although the temporal pattern during
each task did not show fatigue or learning effects). While Higuchi’s fractal dimension
(HFD) is a robust tool for analyzing EEG complexity, it is worth noting that it provides
an overall measure of signal complexity without distinguishing between specific neural
processes. The division of trials into 40 temporal windows allowed for detailed temporal
analysis but may not fully capture rapid fluctuations in neural complexity at finer scales.
Exploring alternative methods with even higher temporal resolution could complement
these findings in future research. Finally, EEG inherently has limited spatial resolution
compared to imaging techniques like fMRI. Although this study focused on cortical re-
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gions using well-established electrode groupings, future investigations combining EEG
with other neuroimaging modalities could provide a more comprehensive understanding
of neural dynamics. Despite these considerations, the study’s innovative use of HFD
to explore temporal dynamics in schizophrenia offers valuable insights into neural com-
plexity and task-specific modulation. In addition to HFD, future studies could benefit
from incorporating other nonlinear and dynamic measures to analyze EEG complexity in
schizophrenia. For instance, indices such as approximate entropy, multiscale entropy, or
nonlinear correlation coefficients may provide complementary insights into the underlying
neural dynamics.

5. Conclusions

Our results highlight significant differences in the dynamics of cortical activity between
the CTRL and SCZ groups across various brain regions, emphasizing how schizophrenia
disrupts task-specific neural modulation. In the CTRL group, cortical regions, such as the
central, frontal, occipital, parietal, and temporal lobes, demonstrate dynamic and efficient
neural responses tailored to the demands of attention-focused and memory-based tasks.
These findings align with prior research indicating that healthy individuals exhibit robust
neural flexibility, allowing them to allocate resources appropriately for sensory integration,
attentional control, and episodic memory retrieval [23–25].

In contrast, the SCZ group shows reduced task-specific modulation of EEG complexity
across all cortical regions analyzed. This diminished task-specific modulation reflects
impairments in sensory integration, attentional control, and memory retrieval—core cog-
nitive deficits associated with schizophrenia. For example, the parietal lobe shows fewer
significant differences between tasks in patients with schizophrenia, suggesting difficulties
in integrating multisensory information and directing attention effectively [10,27]. The
frontal lobe also exhibits reduced modulation in SCZ participants, likely due to disrupted
connectivity with other cortical regions such as the hippocampus, key for episodic memory
retrieval and contextual integration [24,26].

The correlation analyses also support the hypothesis of a lack of functional specificity
in the schizophrenia group. Thus, in the control group, distinct correlation patterns emerge
depending on the task, reflecting functional specificity. During the Dots task, stronger
correlations are observed between frontal and parietal regions, while the Remember task
shows higher synchronization involving occipital and temporal regions. In contrast, the
schizophrenia group exhibits consistently high correlations across all regions and tasks,
suggesting a generalized hyperconnectivity pattern. This lack of task-dependent variability
would indicate impaired functional segregation in the schizophrenia group.

Overall, these findings underscore widespread disruptions in neural networks in
schizophrenia, highlighting the critical role of connectivity impairments in cognitive dys-
functions observed in this population.

The findings of this study could have significant clinical implications. Temporal dif-
ferences in cortical activity may serve as neurophysiological biomarkers for the diagnosis
of schizophrenia, the assessment of disease progression, and the evaluation of treatment
response [28,29]. Identifying reliable biomarkers is essential for improving early detection
and personalized treatment approaches. Therefore, future research should focus on inte-
grating multimodal biomarkers to enhance diagnostic accuracy and optimize therapeutic
strategies for schizophrenia. Likewise, these findings could serve as a starting point for fu-
ture studies on other mental disorders, expanding the understanding of neurophysiological
mechanisms beyond schizophrenia.
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Appendix A

Electrodes assigned to each topology

Frontal Topology
Fp1, Fp2, AF7, AF3, AFz, AF4, AF8, F7, F3, Fz, F4, F8, F1, F5, F6, F2.
Central Topology
FC5, FC1, FCz, FC2, FC6, C3, C4, C1, C5, C2, FC3, C6, FC4.
Parietal Topology
CP5, CP1, CPz, CP2, CP6, P3, P4, Pz, P1, P2, P5, P6, P7, P8, CP3, CP4.
Occipital Topology
O1, Oz, O2, PO7, PO3, POz, PO4, PO8.
Temporal Topology
T7, T8, TP9, TP10, FT9, FT10, FT7, FT8, TP7, TP8.
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Abstract: This study examined spontaneous activity in children aged 3–11 years with
specific language impairment (SLI) using an electroencephalogram (EEG). We compared
SLI-diagnosed children with a normo-development group (ND). The signal complexity,
multiscale entropy (MSE) and parameterized power spectral density (FOOOF) were ana-
lyzed, decomposing the PSD into its aperiodic (AP, proportional to 1/fx) and periodic (P)
components. The results showed increases in complexity across scales in both groups. Al-
though the topographic distributions were similar, children with SLI exhibited an increased
AP component over a broad frequency range (13–45 Hz) in the medial regions. The P
component showed differences in brain activity according to the frequency and region. At
9–12 Hz, ND presented greater central–anterior activity, whereas, in SLI, this was seen for
posterior–central. At 33–36 Hz, anterior activity was greater in SLI than in ND. At 37–45 Hz,
SLI showed greater activity than ND, with a specific increase in the left, medial and right
regions at 41–45 Hz. These findings suggest alterations in the excitatory–inhibitory balance
and impaired intra- and interhemispheric connectivity, indicating difficulties in neuronal
modulation possibly associated with the cognitive and linguistic characteristics of SLI.

Keywords: multiscale entropy; parameterized PSD; aperiodic component; periodic
component; specific language impairment

1. Introduction

Specific language impairment (SLI) is classified within Communication Disorders
in the DSM-V. It incorporates expressive language disorder and mixed receptive and
expressive language disorder from the DSM-IV edition. Within this classification, SLI
would be embedded in the Developmental Language Disorder category in the DSM-
V [1,2]. It is defined as an impairment in language acquisition and use, arising from
inappropriate social conditions, in the absence of physical, cognitive, sensory or social–
affective deprivation [3]. Research suggests that these difficulties are influenced by genetic
factors [4–7]. Diagnosis is most common in childhood, with an international prevalence
ranging from 1.4% to 16.2% of the school population [3,8]. In Andalusia (Spain), the
prevalence ranges from 5.26% to 12.58% [3]. SLI often leads to reading difficulties, such as
dyslexia [9], and negatively impacts academic performance [10]. Furthermore, it has been
associated with emotional, behavioral and social difficulties during adolescence [11–13], as
well as a significant reduction in quality of life and well-being in adulthood [14].

Entropy 2025, 27, 572 https://doi.org/10.3390/e27060572
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Several models have been proposed to understand the underlying mechanisms of SLI.
Among these, the speed-of-processing limitation hypothesis [15] suggests that children
with SLI have difficulty processing rapid auditory stimuli, which impairs their ability to dis-
criminate phonemes with brief transitions and consequently affects language development.
Meanwhile, the statistical learning model [16] proposes that individuals with SLI have
difficulty extracting implicit regularities from sequences of stimuli, which may explain their
difficulties in acquiring grammatical rules. Finally, the temporal processing hypothesis of
language [17] proposes that disruptions in neural synchronization with the rhythmic struc-
tures of language may serve as a neurobiological basis for SLI. In other words, difficulties
in aligning neural activity with speech rhythms may impair the perception of prosodic and
phonological patterns, contributing to deficits in language development. Taken together,
these models suggest that SLI possibly is not just a language disorder but also involves
impairments in learning and auditory processing.

Neurobiological studies in SLI have shown structural, functional and connectivity
changes in key brain regions involved in language processing [18]. At a global level, the
findings are inconsistent: while some studies report a reduced total brain volume in SLI [19],
others find an increased volume [20]. This discrepancy may be explained by variations in
cortical morphology, suggesting that the primary affected variable is the surface area rather
than the cortical thickness, with lower values observed in the SLI group [21]. At a regional
level, an increase in the volume of the left inferior frontal cortex and a decrease in the right
caudate nucleus and superior temporal cortex has been observed in children with SLI [22].
Furthermore, in children under 11 years of age, more extensive growth patterns were
identified in regions such as the entorhinal, temporopolar, motor-precentral and precuneus
cortex [23], as well as structural enlargement in subcortical regions such as the putamen,
nucleus accumbens and right globus pallidus [24]. At the microstructural level, based on
diffusion tensor imaging (DTI), an increase in white matter in the frontal and temporal
regions has been reported [23], as well as reductions in fractional anisotropy (FA) in the
globus pallidus and thalamus [24]. In addition, it has been shown that the dorsal striatum
has reduced myelin content, which may reduce the neuronal transmission efficiency [25].
In terms of connectivity, findings suggest an abnormal increase in white matter in children
with SLI, indicating impaired connectivity across neural networks [18,20,26].

From a functional perspective, atypical patterns of lateralization and activation have
been described in the left hemisphere, with reduced or absent activation in the left inferior
frontal gyrus and compensatory activation in the right, according to functional magnetic
resonance imaging (fMRI) studies [27,28]. In addition, research using single-photon emis-
sion computed tomography (SPECT) has shown the abnormal lateralization of blood flow
patterns and/or hypoperfusion in language-related regions [29], while studies using func-
tional transcranial Doppler (fTCD) have shown the right hemisphere lateralization of
language or a bilateral distribution in SLI [30]. These studies have linked specific language
deficits to the atypical development of both ventral [31] and dorsal [32,33] language streams.
Furthermore, a persistent deficit in the maturation of these pathways has been proposed in
SLI [33].

Neurophysiological studies using electroencephalograms (EEGs) and computing
event-related potentials (ERPs) have identified deficits in children with SLI [34]. These
studies highlight limitations in the attentional discrimination of auditory stimuli, evidenced
by a reduced or absent mismatch negativity (MMN) component [35–37]. Specific deficits
have been observed in lexical access and semantic integration, with a delayed [35] or absent
N400 component [38,39]. Impaired speech processing and differences in the allocation
of attentional resources to auditory stimuli have been reported, reflected in a delayed
P100 component [40]. Difficulties in central auditory processing have also been noted, as
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indicated by alterations in the T-complex [41], which is a bilateral negative component at
temporal sites [42], and the P300 component [43]. Furthermore, deficits in processing and
storing visual information in working memory have been evidenced by a decreased P3b
amplitude [44].

Resting-state EEG studies have analyzed the signal using both linear (power spec-
tral density [PSD]) and non-linear (multiscale entropy [MSE]) measures in ND subjects
and those with neurodevelopmental disorders. Regarding the PSD, during typical brain
maturation, the absolute spectral power decreases, while the relative spectral power fluc-
tuates, reflecting a transition from slow (delta and theta) to fast (alpha, beta, and gamma)
frequencies. This shift is associated with synaptic pruning, which optimizes neuronal trans-
mission [45–50]. As for MSE, maturation is characterized by increased values at fine scales
and decreased values at coarse scales, indicating the strengthening of local connections and
the refinement of long-range connections with age [51,52].

In neurodevelopmental disorders such as attention-deficit hyperactivity disorder
(ADHD) and autism spectrum disorder (ASD), the typical maturation pattern is altered. In
ADHD, the PSD increases in specific frequency bands, including delta and theta [50,53–55],
and this occurs in theta, alpha and beta in ASD [56–60]. Regarding MSE, studies indicate a
less consistent maturation pattern and lower values in both ADHD [61–64] and ASD [65–68].
However, the literature remains inconsistent for both PSD [53,69,70] and MSE [71,72]. For
SLI, although research is more limited, studies report increased delta and theta band activity
(relative PSD [73]; absolute PSD [74]; absolute PSD [75]) and reduced alpha and beta band
PSD values (relative PSD [73]; absolute PSD [75]; absolute PSD [76]). However, recent
findings suggest higher spectral power in the beta band in children with SLI compared to
ND children (absolute PSD [75]). As far as we know, complexity measures have not been
described for the analysis of resting-state EEG in SLI. This lack of evidence, combined with
inconsistencies in the PSD literature, underscores the need for further research to clarify
the underlying neurophysiological mechanisms of SLI.

Recently, an innovative approach to PSD analysis has been proposed, offering a more
detailed and accurate neurophysiological assessment while minimizing information loss
in the interpretation of cognitive and behavioral states [77,78]. This method involves de-
composing the PSD into two components: the aperiodic component (AP), characterized by
a 1/f-like distribution, which provides insights into the neuronal activation level (offset
parameter) and the balance between excitatory and inhibitory synaptic currents (expo-
nent parameter) [79,80], and the periodic component (P), which reflects genuine rhythmic
patterns of brain activity [77]. This decomposition is based on the assumption that the
EEG power spectrum contains oscillatory activity overlaid on a scale-free background
signal. Traditional spectral analyses often combine these components, which can obscure
physiologically relevant information. By modeling and subtracting the aperiodic compo-
nent, the newly proposed method isolates the actual oscillatory peaks, allowing for the
more accurate characterization of frequency-specific activity. Technically, this approach
is commonly implemented using algorithms such as Fitting Oscillations and One Over F
(FOOOF), which iteratively fits the aperiodic background and identifies periodic peaks
that exceed the aperiodic estimate [77,78]. These components appear to be altered in
neurodevelopmental disorders such as ADHD [81–84] and ASD [85].

The present study aimed to apply this new PSD decomposition methodology to a
sample of children with SLI compared to ND children to examine more precisely the
patterns of neural activity underlying this disorder. Additionally, given the lack of previous
studies on brain signal complexity in SLI, MSE was explored to assess the stability and
adaptability of neural activity. We expected to observe an increase in MSE with the order of
the scale in both groups, with lower complexity values in the SLI group. Regarding the
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PSD components, we hypothesized that there would be group differences in the AP and P
components, primarily in language-related regions and at the most relevant frequencies,
similarly to those observed in canonical PSD analyses [73,75,76]. The selection of resting-
state EEG responds to the need for a neurophysiological assessment that is not dependent
on task-specific performance, which is especially important in populations with language
difficulties, such as children with SLI. These analyses were computed in a broad age range
(3–11 years) given the extension of the SLI impairment across ages and in order to obtain a
sufficient number of SLI subjects.

2. Materials and Methods

2.1. Sample

A total of 66 subjects participated in this study, divided into two groups: a normo-
development (ND) group and a clinical group diagnosed with specific language impair-
ment (SLI). The SLI group consisted of 30 children aged 3 to 10 years (M = 6.37, SD = 1.75,
19 males). Participants were recruited from the Unidad de Desarrollo Infantil y Atención
Temprana (UDIATE: https://hospitalveugenia.com/udiate-atencion-temprana-desarrollo-
infantil/ accessed on 1 April 2025), affiliated with the Hospital Victoria Eugenia, part of the
Spanish Red Cross, which specializes in the assessment and treatment of neurodevelop-
mental disorders.

The ND group consisted of a total of 36 participants aged 3 to 11 years (M = 6.69,
SD = 2.08, 19 males). This group was recruited from different schools in Seville. Parents
did not report any neurological diseases, signs of epileptic discharge, learning difficulties
or developmental delays in the children.

The experimental protocol was approved by the biomedical research ethics committee
of the Autonomous Community of Andalusia, following the guidelines of the Declaration
of Helsinki (code: 0818-N-21). Written informed consent was obtained from the parents,
who were provided with written information and an explanation regarding the objectives
and characteristics of the study.

2.2. Psychological Test

To be included in the study, SLI children required a clinical report confirming their
language deficits, supported by language experts from the clinical center (see above)
based on tests such as the Clinical Evaluation of Language Fundamentals-5 (CELF-5; [86]),
the Navarre Oral Language Test—Revised (PLON-R; [87]), the Illinois Test of Psycholinguistic
Abilities (ITPA; [88]), the Peabody Picture Vocabulary Test (PPVT-5; [89]) or the Kaufman Brief
Intelligence Test (KBIT; [90]) or a structured interview following the DSM-V or CIE-10 criteria,
all of which were administered by language therapists. Previously, otorhinolaryngologists
did not find basic auditory problems according to audiometry and/or brainstem auditory
evoked potentials.

The KBIT [90] was used to assess the non-verbal cognitive skills of all children partici-
pating in the study.

2.3. EEG Recording

Spontaneous brain electrical activity was recorded using EEG for three minutes while
participants had their eyes open. Participants were asked to sit in a comfortable position and
look at an hourglass. This element was used as a passive aid for visual fixation, minimizing
eye movements and maintaining a stable resting state. Given the young age of many
participants, traditional fixation strategies, such as the cross on a blank screen, were not
considered optimal for maintaining attention. The hourglass provided a slow and engaging
visual stimulus that helped to maintain gaze stability, which promoted consistency in the
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recording conditions across participants. The recording was obtained from 19 electrodes
mounted on an electrode cap (ELECTROCAP), selected from the international 10–20 system
(Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T3, T4, T5, T6, Cz, Fz, Pz). For all
participants, an average reference was used, and impedance was kept below 10 kΩ. Data
were recorded in direct current at 1024 Hz, without any filtering. The amplification gain was
set to 20,000 using an analog-to-digital acquisition and analysis system (ANT Amplifiers,
The Netherlands).

2.4. Data Analysis
2.4.1. EEG Pre-Processing

The EEGLAB software package [91] and Matlab R2021b were used to analyze the
raw EEG data. Pre-processing consisted of applying (i) a 47–53 Hz notch filter (EEGLAB
function: eegfiltnew), (ii) an average reference and (iii) an artifact subspace reconstruction
(ASR) algorithm (EEGLAB function: clean_raw_data). ASR was used to correct segments of
the data with a standard deviation greater than 20 times that of the calibration data [92].
The epochs had a duration of 4 s (4000 ms). Eyeblink, muscle and other movement artifacts
were removed using independent component analysis (ICA; function: pop_runica) with the
natural gradient function [93,94] and the ICLabel extension classification [95] in EEGLAB.
The EEG signal was reconstructed, and all epochs with amplitudes exceeding ±120 μV
were rejected using the eegthresh function.

2.4.2. Multiscale Entropy

Multiscale entropy (MSE) was calculated for all EEG participants and electrodes using
the Multiscale Sample Entropy function in MATLAB [96], based on the MSE method proposed
by Costa et al. [97]. This method measures the signal complexity by calculating the sample
entropy (SE; [98]) on multiple time scales using a coarse-graining procedure. MSE provides
an estimate of complexity by dividing the EEG signal into non-overlapping windows of
different sample sizes and evaluating the repetition frequency of patterns of length ‘m’
compared to patterns of length ‘m + 1’. To calculate MSE, each time scale is defined by
averaging neighboring points (p) in the original time series (length τ). A similarity limit (r)
is set to define the tolerance range within which neighboring points are considered similar
(k), and this limit is normalized to the standard deviation (SD) of the EEG, according to the
relationship k < r × SD [96]. Sample entropy is calculated for each time scale according to
formula (1):

SE = log
pm(r)

p(m+1)(r)
(1)

Following previous recommendations in studies on EEG signal complexity [98–102],
the parameters were set to m = 2 and r = 0.5. The MSE was calculated for 136 time scales,
corresponding to 30 point windows obtained by collapsing 136 consecutive points sam-
pled in each 4-s trial (0.97656 ms × 136 scales = 132.81 ms). A detailed description of
the number of points, sample periods and frequencies covered in MSE is provided in
Supplementary Table S1. High MSE values are associated with high complexity, indicat-
ing less repetition and greater diversity of patterns at different time scales, suggesting
an information-rich signal [103]. In contrast, low MSE values reflect greater regularity
or predictability in the signal patterns, which may indicate a reduction in information
richness [99,104].

In the MSE calculation, the coarse-graining procedure acts as a filter for higher frequen-
cies as the time scales increase. This implies that, at lower scales, all frequencies present
in the EEG signal are included, while, at higher scales, only low frequencies are retained.
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Recently, this approach has been linked to power spectrum analysis using methods such as
Haar wavelets, which also separate frequencies into different levels [105].

2.4.3. Parameterization of Fitting Oscillations and One over F (FOOOF)

A MATLAB-adapted version of the Fitting Oscillations and One Over F (FOOOF) func-
tion (version 3.8), originally implemented in Python, was used to analyze the power
spectral density (PSD) data. The FOOOF specparam tool (https://fooof-tools.github.io/
fooof/reference.html) [77] allowed us to decompose the spectrum (canonical PSD) into the
full model fit (adjusted PSD), the aperiodic component (AP) and the periodic component
(P). Given the high similarity between the canonical PSD and the fitted PSD observed
in a previous study [106] and confirmed in the present data (Supplementary Figure S1),
the present study focused exclusively on the adjusted PSD and the AP and P component
analyses. The PSD is provided directly from specparam, which implements Welch’s method,
incorporated into the EEGLAB spectopo function, to calculate the power spectral density in
the range of 1 to 45 Hz.

The FOOOF algorithm was configured using the following recommended parameters:
peak_width_limits = [1,8], min_peak_height = 0.05, peak_threshold = 0.5, max_n_peaks = 6
and aperiodic_mode = ‘fixed’ [77,78]. In this approach, the AP component computed from
the offset and exponent parameters models the background activity in log–log space, while
the P component represents the oscillations that stand out from this activity, modeled by
Gaussian functions with peak power, central frequency and bandwidth parameters (see [77]
for details). As FOOOF does not directly provide a fitted spectrum for the P component,
it was obtained by subtracting the AP component (ap_fit in specparam) from the adjusted
PSD (2):

P = PSD adjusted − ap f it (2)

To assess the goodness-of-fit of the model across all subjects, the explained variance
(R2) and mean absolute error (MAE) metrics were calculated, comparing the fitted model
with the original power spectrum. The results showed the good fit of the algorithm in
each data set, as shown in Supplementary Figure S1, following the fit criteria reported by
Ostlund et al. [107] (MAE underfit > 0.1, MAE overfit < 0.020).

2.5. Statistical Analysis

The assumptions of normality and homogeneity of variances were tested using the
Shapiro–Wilk and Levene tests, respectively. When these assumptions were violated, non-
parametric analyses were conducted using the Mann–Whitney U test. This approach was
applied to assess group differences in demographic and preprocessing variables such as
age, biological sex, the number of remaining ICA components and epochs. For variables
that met the parametric assumptions, such as the KBIT raw scores, independent-sample
t-tests were used.

Statistical analyses were performed in SPSS v25 and MATLAB for multiscale entropy
(MSE) and power spectrum component (PSD) parametrization using the Parametrization
of Fitting Oscillations and One Over F (FOOOF) model. For both measurements, the ana-
lytical strategy for electrodes was a reduction in dimensionality by creating nine regions
covering the whole scalp: left anterior, left central, left posterior, medial anterior, medial
central, medial posterior, medial posterior, right anterior, right central and right posterior
(Supplementary Table S2).

2.5.1. Multiscale Entropy

The MSE was divided into three types of scales [52] in order to reduce the 136 scales
to a lower resolution and dimensionality: (i) fine scales, ranging from scale 1 (0.976 ms,
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4095 time points) to scale 25 (24.41 ms, 163 time points); (ii) medium scales, ranging
from scale 26 (25.39 ms, 157 time points) to scale 46 (44.92 ms, 89 time points); and
(iii) coarse scales, ranging from scale 47 (45.89 ms, 87 time points) to scale 136 (132.81 ms,
30 time points) in each group (ND and SLI). For the parameters of the different scales, see
Supplementary Table S1. This classification reflects the underlying neural dynamics: fine
scales capture high-frequency activity linked to local processing and tend to increase with
age; coarse scales capture low-frequency activity related to long-range communication and
tend to decrease with age; and medium scales reflect intermediate dynamics with mixed
frequency contributions and typically show minimal age-related changes [52].

A repeated-measures analysis of variance (RM-ANOVA) was applied. Within-subjects
factors were (i) scale (fine, medium and coarse); (ii) laterality (left, medial, right); and
(iii) anteroposterior orientation (anterior, central, posterior). The intersubject factor was
group (ND and SLI), with age in days and biological sex as covariates. The statistical power
was also computed, and the effect size was calculated directly using the partial eta-squared
(ηp2). Post hoc analyses were performed using Student’s t-test for pairwise comparisons,
with Cohen’s d as the effect size metric [108] and correction for multiple comparisons using
the False Discovery Rate method (FDR; [109]). Only significant results will be discussed
when including the group factor, and the FDR-corrected post hoc analyses were significant.
Some laterality effects are reported for their possible relation to language lateralization.

2.5.2. Parametrization of Fitting Oscillations and One over F (FOOOF)

The aperiodic component (AP), its offset and exponent parameters and the periodic
component (P) were analyzed separately. This decision was based on the recommendations
of Donoghue et al. [77], who proposed to model these components independently in order
to obtain a more accurate interpretation of the underlying neural dynamics. Although
both components are derived from the same decomposition model (FOOOF), they reflect
distinct neurophysiological processes: the AP component has been linked to the balance
between excitation and inhibition, while the P component captures specific oscillatory
activity. A topographical analysis was performed for each experimental group (ND and
SLI), as well as for the differences between both groups (ND-SLI), on the parameters of
both components (AP and P). For the P component, topographic maps were generated for
11 frequency bands (4 Hz windows: 1–4 Hz to 41–45 Hz). It should be noted that the last
frequency range included frequencies up to 45 Hz.

Subsequently, independent RM-ANOVAs were performed for the AP component
parameters (offset and exponent), as well as for the AP and P components, in each of the
11 frequency bands indicated above. In all cases, the same within-subject factors (laterality
and anterior–posterior distribution), the between-subject factor (group: ND vs. SLI) and
the covariates (age and biological sex) were included. Post hoc analyses were performed
following the same criteria as described for the MSE analysis, including correction for
multiple comparisons using FDR and calculation of the effect size with Cohen’s d.

In response to possible concerns about the sensitivity to outliers, a complementary
analysis was performed using a standard z-score method (z > 3) to identify and correct for
outliers by replacing them with the mean of the respective variable. This procedure was
applied to the periodic and aperiodic components separately.

3. Results

3.1. Demographic, Cognitive and Technical Results of Participants

The normality of the age data was assessed using the Shapiro–Wilk test (appropriate
for samples under 50 participants). The ND group showed a normal distribution (p = 0.191),
whereas the SLI group did not (p < 0.001). Homogeneity of variances was confirmed with
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Levene’s test (p = 0.947). No significant age differences were found between groups (Mann–
Whitney U = 547.5, Z = 0.097, p = 0.923).

As biological sex presented only two categories, they were considered as dummy
variables, and no significant statistical differences were found in the subject sample (U = 597,
Z = 0.857, p = 0.391). Consequently, age and biological sex are not considered relevant
factors for the discussion of the results.

The KBIT raw scores met the assumptions of normality (ND: p = 0.132; SLI: p = 0.840)
and homogeneity of variances (p = 0.900). The statistical analysis revealed a significant
difference between the ND and SLI groups in cognitive skills (t(55) = 2.22, p = 0.030,
d = 0.059) (Table 1).

Table 1. Means (M) and standard deviations of the specific language impairment (SLI) and normo-
developmental (ND) groups.

SLI ND

Age M = 6.38, SD = 1.75 M = 6.90, SD = 2.08
Males M = 6.52, SD = 1.71 M = 7.05, SD = 2.09

Females M = 6.09, SD = 1.87 M = 6.29, SD = 2.05
KBIT M = 22.52, SD = 7.49 M = 26.63, SD = 6.49

Components M = 12.93, SD = 0.254 M = 12.56, SD = 0.652
Epochs M = 27.87, SD = 2.45 M = 32.58, SD = 7.51

Subjects’ recordings in the range of 20–45 epochs and 11–13 remaining components
were accepted for analysis. The Shapiro–Wilk test revealed that the number of epochs in
both groups did not follow a normal distribution (ND: p < 0.001; SLI: p < 0.001), which was
also observed for the components (ND: p < 0.001; SLI: p < 0.001). Levene’s test indicated that
homogeneity of variances was not satisfied for the epochs (p < 0.001) or for the components
(p < 0.001). The Mann–Whitney U-test revealed significant differences in epochs (U = 315,
Z = -2.99, p = 0.003) and components (U = 702, Z = 2.86, p = 0.004) between the groups.

Table 1 shows the means and standard deviations of the specific language impairment
(SLI) and normo-developmental (ND) groups.

3.2. Multiscale Entropy (MSE)

Figure 1 presents the results regarding multiscale entropy (MSE) across the nine
evaluated areas, comparing participants from the ND and SLI groups. In both groups, we
observed a consistent increase in MSE with the order of the scales across all considered
areas. The RM-ANOVA analysis did not reveal significant effects between the groups. Some
laterality effects are reported in the description of Supplementary Table S3 considering its
possible relationship with language lateralization.
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Figure 1. (A) Multiscale entropy (MSE) for nine considered areas in each group (normo-development
(ND) and specific language impairment (SLI)). (B) Marginal means of MSE when collapsing the
electrodes across the antero-posterior dimension to observe the laterality effects reported in the
RM-ANOVA (Supplementary Table S3).

3.3. Parametrization of Fitting Oscillations and One over F (FOOOF)
3.3.1. Aperiodic Component (AP)

Figure 2 shows the topographies of the offset and exponent parameters of the AP
component and the differences between the groups (ND-SLI). The offset parameter displays
a predominant distribution in the frontocentral and posterior areas, while the exponent is
mainly distributed in the frontocentral and parietal areas.

 
Figure 2. Topographies of the offset and exponent parameters for each group (normo-development
(ND) and specific language impairment (SLI)) and the differences between the groups (ND−SLI).
The asterisk indicates the interaction of the effects of laterality × group in the RM-ANOVA (marginal
means are represented in the inset in the lower-right corner for this significant interaction).
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The results of the RM-ANOVA analysis for the offset and exponent parameters of
the AP component show a laterality × group interaction for the exponent parameter
(F(1.81,108.498) = 3.48, p = 0.039, np2 = 0.055, power = 0.610). The post hoc results
(Supplementary Table S4) did not survive the multiple comparison correction (FDR). Some
laterality effects are reported in the description of Supplementary Table S5 considering its
possible relationship with language lateralization.

Figure 3 shows the AP component of the PSD in each considered area. Table 2 presents
the results of the RM-ANOVA analyzing the group effect for each frequency band of the AP
component. Table 3 displays the RM-ANOVA exploring the group effect in the P component.
Finally, Table 4 summarizes the significant effects of the post hoc analyses resulting from
both analyses after multiple comparison correction (FDR), specifically highlighting the
significant laterality × group or anterior–posterior x group interactions, which are described
in the following paragraphs.

Figure 3. (A) Aperiodic component (AP) of the PSD across all frequencies and in each considered
area for the ND group (blue line) and the SLI group (red line). (B) The marginal means of the AP
PSD of the frequencies that showed significant effects of the interaction laterality × group in the
RM-ANOVA.
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Table 2. Significant group interactions were obtained in the RM-ANOVA of the aperiodic component
(AP) of the power spectral density (PSD) with the following factors: subject group (ND and SLI),
antero-posterior distribution (anterior, central, posterior) and laterality (left, medial, right). Each
RM-ANOVA was performed for each frequency collapse (4 Hz, total 11 frequency ranges). Age in
days and biological sex were used as covariates.

Frequency Within Subjects

13–16 Hz Laterality × group p = 0.034
F(1.89,114.96) = 3.58, np2 = 0.055, power = 0.636

17–20 Hz Laterality × group p = 0.025
F(1.88,114.93) = 4.52, np2 = 0.060, power = 0.676

21–24 Hz Laterality × group p = 0.021
F(1.89,115.11) = 4.12, np2 = 0.063, power = 0.701

25–28 Hz Laterality × group p = 0.018
F(1.89,115.36) = 4.27, np2 = 0.065, power = 0.719

29–32 Hz Laterality × group p = 0.016
F(1.89,115.63) = 4.38, np2 = 0.067, power = 0.731

33–36 Hz Laterality × group p = 0.015
F(1.90,115.90) = 4.47, np2 = 0.068, power = 0.741

37–40 Hz Laterality × group p = 0.014
F(1.90,116.16) = 4.54, np2 = 0.069, power = 0.748

41–45 Hz Laterality × group p = 0.013
F(1.91,116.43) = 4.60, np2 = 0.070, power = 0.755

Table 3. Significant group interactions obtained in the RM-ANOVA of the periodic component
(P) of the power spectral density (PSD) with the following factors: subject group (ND and SLI),
antero-posterior distribution (anterior, central, posterior) and laterality (left, medial, right). Each
RM-ANOVA was performed for each frequency collapse (4 Hz, total 11 frequency ranges). Age in
days and biological sex were used as covariates.

RM-ANOVA

Frequency Within Subjects Between Subjects

1–4 Hz Laterality × group p = 0.050
F(1.98,120.93) = 3.07, np2 = 0.048, power = 0.581 -

9–12 Hz

Laterality × group p = 0.017
F(1.57,95.48) = 4.78, np2 = 0.073, power = 0.710

Antero-posterior × group p = 0.031
F(1.97,120.13) = 3.59, np2 = 0.056, power = 0.650

-

13–16 Hz Antero-posterior × group p = 0.030
F(1.89,115.23) = 3.69, np2 = 0.057, power = 0.650 -

33–36 Hz Antero-posterior × group p = 0.036
F(1.53,93.23) = 3.84, np2 = 0.059, power = 0.603 -

37–40 Hz - Group p = 0.005
F(1,61) = 8.61, np2 = 0.124, power = 0.823

41–45 Hz Laterality × group p = 0.037
F(1.97,120.09) = 3.40, np2 = 0.053, power = 0.626

Group p = 0.006
F(1,61) = 8.03, np2 = 0.116, power = 0.796
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Table 4. Summary of post hoc analysis for aperiodic and periodic components across selected
frequency ranges (4 Hz). Only significant group effect remains after false discovery rate (FDR) correc-
tion.

Aperiodic

Frequency Range Between Subjects Within Subjects

13–16 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

17–20 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

21–24 Hz Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

25–28 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

29–32 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

33–36 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND))

37–40 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

41–45 Hz - Left–Medial (SLI > ND)
Right–Medial (SLI > ND)

Periodic

9–12 Hz - Central–Anterior (ND>SLI)
Posterior–Central (SLI > ND)

33–36 Hz - Anterior (SLI > ND)
37–40 Hz SLI > ND -

41–45 Hz SLI > ND
Left (SLI > ND)

Medial (SLI > ND)
Right (SLI > ND)

For the AP component, post hoc analyses show that, for the 13–16 Hz range, after FDR
correction, the left–medial area difference (t(64) = 2.44, p = 0.047, d = 0.60) is higher for the
SLI group (M = 0.114, SD = 0.099) compared to the ND group (M = 0.059, SD = 0.084). In
addition, the right–medial area difference (t(64) = 2.19, p = 0.047, d = 0.054) shows higher
values in the SLI group (M = 0.124, SD = 0.098) than the ND group (M = 0.069, SD = 0.105).
For the 17–20 Hz range, interactions between group and laterality were also found. The
left–medial area difference (t(64) = 2.53, p = 0.037, d = 0.62) is higher in the SLI group
(M = 0.145, SD = 0.105) compared to the ND group (M = 0.085, SD = 0.088). Moreover,
the right–medial area difference (t(64) = 2.30, p = 0.037, d = 0.06) is greater in the SLI
group (M = 0.153, SD = 0.103) compared to the ND group (M = 0.094, SD = 0.107). Similar
patterns are observed at higher frequencies. For 21–24 Hz, the left–medial area difference
(t(64) = 2.58, p = 0.031, d = 0.63) is higher in the SLI group (M = 0.169, SD = 0.111) vs. the
ND group (M = 0.105, SD = 0.093), as well as the right–medial area difference (t(64) = 2.37,
p = 0.031, d = 0.058; SLI: M = 0.177, SD = 0.107; ND: M = 0.113, SD = 0.109). For 25–28 Hz,
the left–medial area difference (t(64) = 2.61, p = 0.031, d = 0.638) is higher in the SLI group
(M = 0.190, SD = 0.115) compared to the ND group (M = 0.122, SD = 0.097), as well as the
right–medial area difference (t(64) = 2.41, p = 0.031, d = 0.060; SLI: M = 0.196, SD = 0.111;
ND: M = 0.130, SD = 0.112). For 29–32 Hz, significant laterality × group interactions were
observed. The difference between the left and medial areas (t(64) = 2.62, p = 0.026, d = 0.643)
shows higher values in the SLI group (M = 0.207, SD = 0.119) compared to the ND group
(M = 0.137, SD = 0.100), similarly to the difference between the right and medial areas
(t(64) = 2.45, p = 0.026, d = 0.061; SLI: M = 0.213, SD = 0.114; ND: M = 0.144, SD = 0.114).
For 33–36 Hz, laterality × group interactions were found regarding the left–medial area
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difference (t(64) = 2.63, p = 0.024, d = 0.646) and right–medial area difference; (t(64) = 2.48,
p = 0.024, d = 0.061). For both, the SLI group had consistently higher scores (left vs. medial:
M = 0.223, SD = 0.124; right vs. medial: M = 0.227, SD = 0.117) compared to the ND group
(left vs. medial: M = 0.149, SD = 0.104; right vs. medial: M = 0.156, SD = 0.116). For
37–40 Hz, interactions were also observed in the left–medial area difference (t(64) = 2.64,
p = 0.023, d = 0.648) and the right–medial area difference (t(64) = 2.50, p = 0.023, d = 0.062),
being higher in the SLI group (left–medial: M = 0.237, SD = 0.127; right–medial: SLI:
M = 0.240, SD = 0.119) compared to the ND group (left–medial: M = 0.161, SD = 0.107; right
vs. medial: M = 0.167, SD = 0.118). Finally, significant interactions of Laterality × group
were found for 41–45 Hz. The left–medial area difference (t(64) = 2.65, p = 0.022, d = 0.649)
is higher in the SLI group (M = 0.251, SD = 0.131) compared to the ND group (M = 0.172,
SD = 0.110), and the right–medial area difference (t(64) = 2.51, p = 0.022, d = 0.062) is higher
in the SLI group (M = 0.255, SD = 0.122) compared to the ND group (M = 0.178, SD = 0.120).
Supplementary Table S6 shows the significant interactions without the group effect.

3.3.2. Periodic Component (P)

Figure 4 shows the topographies of the periodic component in both groups (ND and
SLI) and their differences (ND-SLI). A well-defined regional distribution is observed for
the different frequencies, with a higher intensity in the SLI group in high frequencies.

Figure 4. Topographies of the periodic component in the 11 collapsed frequency bands (4 Hz) for each
group (ND and SLI) and the differences between them. The asterisk indicates significant differences
between groups in the RM-ANOVA.

Figure 5 shows the periodic component’s power values (P) in each defined area.
The RM-ANOVA results for the P component of the PSD revealed significant group
differences across specific frequency ranges (Table 3). Post hoc analyses (summary in
Table 4) indicated that, in the 37–40 Hz range (t(64) = 3.27, p = 0.003, d = 0.787), the SLI
group (M = 0.047, SD = 0.039) had significantly higher values compared to the ND group
(M = 0.022, SD = 0.020). Similarly, in the 41–45 Hz range (t(64) = 3.23, p = 0.004, d = 0.774),
the SLI group (M = 0.048, SD = 0.040) had higher values than the ND group (M = 0.023,
SD = 0.019). Interactions of the effect of the group with laterality were also found. Addi-
tionally, for the same frequency range (9–12 Hz), a significant antero-posterior x group
interaction was found. In this case, the difference between the central and anterior ar-
eas (t(64) = 2.29, p = 0.038, d = 0.057) is higher in the ND group (M = 0.194, SD = 0.101)
compared to the SLI group (M = 0.142, SD = 0.076). Moreover, the difference between
the posterior and central areas (t(64) = 2.37, p = 0.038, d = 0.058) shows higher values
in the SLI group (M = 0.066, SD = 0.078) than in the ND group (M = 0.017, SD = 0.086).
In the 33–36 Hz range, an antero-posterior × group interaction was found. Post hoc
analyses revealed that the anterior area (t(64) = 2.97, p = 0.013, d = 0.72) had signifi-
cantly higher values in the SLI group (M = 0.069, SD = 0.058) compared to the ND group
(M = 0.035, SD = 0.034). For the 41–45 Hz range, a significant Laterality × group interac-
tion was observed, with differences across all three areas. In the left area (t(64) = 2.46,
p = 0.035, d = 0.591), the SLI group (M = 0.054, SD = 0.048) showed significantly higher
values compared to the ND group (M = 0.031, SD = 0.026). A similar pattern was found

149



Entropy 2025, 27, 572

in the medial area (t(64) = 2.29, p = 0.035, d = 0.551), where the SLI group (M = 0.029,
SD = 0.038) had higher values than the ND group (M = 0.013, SD = 0.020). Finally, the
right area (t(64) = 3.86, p = 0.002, d = 0.927) exhibited the most pronounced difference,
with the SLI group (M = 0.060, SD = 0.047) showing significantly higher values than the
ND group (M = 0.026, SD = 0.024). In Supplementary Table S7, we show the significant
interactions without the group effect. Significant post hoc results that did not survive
multiple-comparisons correction are shown in Supplementary Table S8.

Figure 5. (A) Periodic component of the PSD across all frequencies and in each considered area for
the ND group (blue line) and SLI group (red line). (B) Marginal means of the significant interaction
effects of the factors Laterality × group and antero-posterior x group in the RM-ANOVA.

As a complementary robustness check, an additional RM-ANOVA analysis was per-
formed after correcting for possible outliers (z-score > 3) in the periodic and aperiodic
components. This analysis revealed a slight improvement in the stability and statistical
robustness of the previously reported effects, as well as some additional significant interac-
tions (see Supplementary Table S9). Notably, the proportion of corrected data remained
low across all groups and components (ND: aperiodic = 0.79%, periodic = 1.77%; SLI:
aperiodic = 0.07%, periodic = 1.25%).
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4. Discussion

This study analyzed brain activity at rest in a group of children diagnosed with
SLI compared to an ND group. The objective was, on one hand, to assess the stability
and adaptability of neuronal activity measured through MSE. On the other hand, the
study aimed to examine more precisely the patterns of neuronal activity underlying this
disorder, measured with an innovative approach that decomposes the PSD into its AP and
P components.

4.1. Multiscale Entropy (MSE)

Our findings show an increase in MSE values across the scales in both groups, but
with a non-significant tendency toward lower values in the SLI group. These findings are
consistent with previous studies on complexity in neurodevelopmental disorders, such as
ADHD [61–64] and ASD [65–68], which have reported lower variability in neural network
dynamics. However, the absence of significant differences between the groups suggests
that the variability in the neural dynamics of children with SLI would be more similar to
that of typically developing children, indicating that their adaptability, although slightly
reduced, is not as compromised as in other neurodevelopmental disorders.

4.2. Parametrization of Fitting Oscillations and One over F (FOOOF)
4.2.1. Topographies of the Exponent and Offset Parameters of the Aperiodic Component

The topographies of the AP component parameters (offset and exponent) show in-
dependence in the regional distributions for each parameter, consistent with previous
studies [110,111]. The offset parameter presents a predominant distribution in the fron-
tocentral and posterior regions, with higher values in posterior areas, and the exponent
parameter is primarily distributed in frontocentral and parietal areas, being consistent
with previous results [106]. These findings suggest that the offset and exponent reflect
distinct neurophysiological mechanisms. While the offset is related to the overall cortical
excitability and global electroencephalogram amplitude [112–114], its distribution suggests
that it may be influenced by the default mode network [115,116]. On the other hand, the
exponent is linked to the spectral organization of neuronal activity and the balance between
excitatory and inhibitory processes [79,80], and it seems to focus on regions crucial for
cognitive control and sensory integration. The lower value of the exponent in the SLI group
could indicate alterations in cortical dynamics, with the impaired maturation of the balance
of excitatory and inhibitory synaptic currents (E/I, balance), as observed in other neu-
rodevelopmental disorders [81,83–85], suggesting alterations in neuronal communication
efficiency and sensory and cognitive processing in children with SLI. This change in the
E/I balance, indexed by the decrease in the exponent in the SLI group, could have been
due to a reduced inhibitory or some increased excitatory synaptic currents in the SLI group
during development.

4.2.2. Aperiodic Component (AP)

The analysis of the aperiodic component (AP) shows significant interactions between
the laterality and group, with higher aperiodic values in the SLI group in the 13–45 Hz
frequency range. These alterations in the AP component suggest the atypical modulation of
background activity and increased cortical excitability in the lateral areas in the SLI group.
The elevated aperiodic component values in this same region for the SLI group, if due to a
lower exponent—as suggested by the statistical trend for a lower exponent in SLI—would
suggest an atypical E/I balance with a bias for excitatory activity [79,80].

These spectral differences in lateralized regions could be related to dysfunctions in
neural connectivity, which have been associated in the literature with language devel-
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opment [117,118]. However, as this study did not include direct measures of functional
connectivity, this interpretation should be viewed with caution and considered as a hypoth-
esis for future studies integrating measures of connectivity and language performance.

4.2.3. Topographies of the Periodic Component

Moreover, the topographies of the P component exhibit a well-defined regional distri-
bution across the different frequency ranges analyzed. This regional organization aligns
with the canonical frequency bands described in the literature, including delta (1–4 Hz),
theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz) and gamma (>30 Hz) [49,50,77,119–121].
The low P beta topography (13–20 Hz) is slightly different from the canonical PSD beta
topography given that the posterior frequency in P beta is prolonged to higher frequencies
than in the canonical beta. The distribution patterns observed in this study are consis-
tent with those reported in a previous parametrization analysis conducted on a sample of
240 neurotypical participants [106]. The increased intensity at higher frequencies (33–45 Hz)
in the SLI group suggests that, while the spectral organization of low-frequency (1–8 Hz)
oscillations remains preserved in these children, differences emerge in the magnitude
of this organization at higher frequencies. This finding may indicate that, although the
fundamental architecture of rhythmic neural activity is not disrupted in SLI, the deficits
observed in language processing and other cognitive functions, such as attention [40,122],
memory [123] and executive function [124,125], could be associated with reduced neuronal
synchronization efficiency, impairing the modulation of high-frequency oscillatory activity
in these children.

4.2.4. Periodic Component (P)

The results of the group comparison for the P component show an increase in power at
high frequencies (37–45 Hz) in the SLI group compared to the ND group. Previous studies
have reported an increase in activity in slower bands (delta and theta) and a decrease in
faster bands (alpha and beta) in children with SLI [73–76]. However, our results indicate a
different pattern in the high-frequency gamma band (33–45 Hz), which has been linked to
processes of sensory integration, neuronal synchronization and cognitive modulation [126].
An increase in the gamma P band in SLI could reflect an imbalance, once again, in the
regulation of cortical excitability, possibly related to the reduced efficiency of inhibitory
mechanisms, as suggested by the AP PSD component, increasing the neuronal capacity for
the generation of synchronization for high frequencies [126] in children diagnosed with SLI.

These results are not homogeneous across all regions or high frequencies but instead
vary based on the laterality (41–45 Hz) and antero-posterior distribution (33–36 Hz). Thus,
we found (i) greater high-frequency power (41–45 Hz) in the SLI group in the left, medial
and right areas, suggesting a disruption in the synchronization of interhemispheric net-
works, and (ii) greater power in the anterior area for the SLI group (33–36 Hz), suggesting
an impairment in intra-hemispheric synchronization. This could be related to alterations in
executive control and attentional modulation—functions that are strongly associated with
activity in the prefrontal cortex [127]. These findings, on the one hand, reinforce previous
evidence of structural alterations in lateralized regions (left and right) in children with
SLI [22,27]. Additionally, they suggest that these differences are not solely explained by
an increase or decrease in certain frequency bands but by an atypical pattern of oscilla-
tory modulation between regions, which could impact the intra- and inter-hemispheric
functional dynamics of the SLI brain.

On the other hand, the results for the 9–12 Hz range, corresponding to the canonical
alpha band [128], show that the difference between the central area and the anterior area
is greater in ND children, which is similar to the results of Stanojević et al. [76], while
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the difference between the posterior area and the central area is greater in children with
an SLI diagnosis. This suggests an antero-posterior alteration of these frequencies and
the modulation of oscillatory activity. Previous studies have indicated that alpha rhythm
modulation is key for corticocortical and intracortical coordination [129], as well as for the
integration of sensory and linguistic information [130,131]. The differences found in this
study, regarding the distribution of alpha oscillatory activity, could be related to difficulties
in neuronal synchronization between regions associated with processes such as cortical
inhibition, attention regulation and language [130], as well as with the modulation of
sensory perception [131] in children with SLI.

4.3. Limitations

While these findings highlight the importance of research on how brain activity in
neurodevelopmental disorders such as SLI could reflect alterations in the underlying
neuronal dynamics, this study presents some limitations that must be considered. Firstly,
the small sample size could have led to the lack of significance in some of our results, such
as the MSE, although the observed trend suggests similarities with other disorders, such
as ADHD [64] and ASD [68]. Moreover, the different tests used for the delimitation of the
diagnostic threshold do not permit the computation of correlations between behavioral
tests and EEG-derived parameters. A methodological limitation of this study is that no
correction for multiple comparisons was applied to the p-values obtained in the RM-
ANOVA models by frequency band. Although FDR correction was applied to the post hoc
analyses, the band omnibus models were not corrected. This decision was based on the
fact that the main objective was to identify general patterns of interaction and differences
between groups, rather than to derive independent statistical inferences for each frequency
band. However, we recognize that this approach may increase the risk of type I errors, so
the results should be interpreted with caution. Furthermore, although our main analyses
were conducted without modifying the outliers, a complementary robustness analysis
using z-score correction revealed consistent and even strengthened effects in some cases.
These results support the robustness of our findings despite the presence of a small number
of outliers. However, we recognize that the definition of outliers in physiological data
is context-dependent, and future studies could further explore this aspect using robust
statistical methods. Despite these limitations, the findings of this study provide a better
understanding of the differences in connectivity, measured indirectly, and the modulation
of brain activity, which could have implications for diagnosis and the development of
interventions to improve cognitive and linguistic performance in these children.

5. Conclusions

This study analyzed brain activity in children with specific language impairment (SLI)
compared to typically developing children (ND), using measures of neural complexity
(MSE) and the decomposition of the power spectrum (PSD) into its periodic (P) and
aperiodic (AP) components. Although no significant differences were observed in the
multiscale entropy (MSE) or in the overall topographical organization of the AP and P
components, statistically significant differences were identified in specific frequency bands
and specific brain regions, after correction for multiple comparisons. These alterations could
reflect changes in spectral dynamics linked to neurophysiological processes such as cortical
excitation–inhibition balance or neuronal synchronization, particularly at high frequencies
and in the alpha band. It is important to note that no direct functional connectivity analyses
were performed, nor was the involvement of networks such as the default mode network
(DMN) assessed, so such interpretations should be viewed with caution.
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From a clinical perspective, these findings underline the value of analyzing the AP
and P components of the PSD separately to identify atypical neuroelectrical patterns in
children with language difficulties. In the future, the more precise characterization of these
differences could contribute to the development of EEG biomarkers that support early
diagnosis and the personalization of interventions in SLI. However, further studies should
include direct measures of functional connectivity and correlations with linguistic and
cognitive performance to confirm and extend these results.
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ADHD Attention-Deficit Hyperactivity Disorder
AP Aperiodic
ASD Autism Spectrum Disorder
ASR Artifact Subspace Reconstruction
CELF Clinical Evaluation of Language Fundamentals
DTI Diffusion Tensor Imaging
EEG Electroencephalogram
ERPs Event-Related Potentials
FDR False Discovery Rate
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fMRI Functional Magnetic Resonance Imaging
FOOOF Fitting Oscillations and One Over F
fTCD Functional Transcranial Doppler
ICA Independent Component Analysis
ITPA Illinois Test of Psycholinguistic Abilities
KBIT Kaufman Brief Intelligence Test
M Mean
MAE Mean Absolute Error
MMN Mismatch Negativity
MSE Multiscale Entropy
ND Normo-Development
P Periodic
PLON-R Navarre Oral Language Test—Revised
PSD Power Spectral Density
PPVT-5 Peabody Picture Vocabulary Test
RM-ANOVA Repeated-Measures Analysis of Variance
SD Standard Deviation
SE Sample Entropy
SLI Specific Language Impairment
SPECT Single-Photon Emission Computed Tomography
UDIATE Unidad de Desarrollo Infantil y Atención Temprana
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Abstract

Functional near-infrared spectroscopy (fNIRS) is a non-invasive imaging technique that
measures brain hemodynamic activity by detecting changes in oxyhemoglobin and de-
oxyhemoglobin concentrations using light in the near-infrared spectrum. This study aims
to provide a comprehensive characterization of fNIRS signals acquired with a prototypal
continuous-wave fNIRS device during a breath-holding task, to evaluate the impact of res-
piratory activity on scalp hemodynamics within the framework of Network Physiology. To
this end, information-theoretic and spectral analysis methods were applied to characterize
the dynamics of fNIRS signals. In the time domain, time-resolved information-theoretic
measures, including entropy, conditional entropy and, information storage, were employed
to assess the complexity and predictability of the fNIRS signals. These measures highlighted
distinct informational dynamics across the breathing and apnea phases, with conditional
entropy showing a significant modulation driven by respiratory activity. In the frequency
domain, power spectral density was estimated using a parametric method, allowing the
identification of distinct frequency bands related to vascular and respiratory components.
The analysis revealed significant modulations in both the amplitude and frequency of oscil-
lations during the task, particularly in the high-frequency band associated with respiratory
activity. Our observations demonstrate that the proposed analysis provides novel insights
into the characterization of fNIRS signals, enhancing the understanding of the impact of
task-induced peripheral cardiovascular responses on NIRS hemodynamics.

Keywords: network physiology; functional near-infrared spectroscopy; power spectral
density; Information Dynamics; time-resolved analysis; time-varying autoregressive
modeling; recursive least-squares

1. Introduction

Functional near-infrared spectroscopy (fNIRS) is a non-invasive imaging technique
which relies on the use of light at specific wavelengths for measuring the hemodynamic
activity of brain tissue [1]. Specifically, the near-infrared region (650–950 nm) enables the
estimation of the concentration of oxyhemoglobin (HbO2) and deoxyhemoglobin (HHb)
by exploiting their different absorption spectra at different wavelengths [2,3]. Among the
different fNIRS techniques available on the market, the continuous-wave (CW) modality
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employs constant tissue illumination to quantify light attenuation through the head. Given
its reliance on low-cost electronic components, as well as its high portability and ease of use,
the CW modality has become the most commonly used technique. Indeed, only recently
novel multichannel fNIRS systems were developed to answer the need of a portable system
that can monitor hemodynamic activity in ecological and clinical settings [4,5].

In a recent study, an integrated system was developed that combines a novel
continuous-wave fNIRS device with a modified commercial electroencephalographic (EEG)
system [4]. This hybrid system has been validated for monitoring Event-Related Potentials
across three distinct experimental paradigms designed to elicit the following: (i) motor
cortex activity via a finger-tapping task [6]; (ii) visual cortex activity using a flickering
black-and-white checkerboard at a frequency of 2 Hz [7]; and (iii) frontal cortex activity
through a Stroop task [8].

However, it is well established that cognitive and emotional tasks can influence
peripheral physiology by altering heart rate, respiration, blood pressure, and skin con-
ductance [9,10]. These physiological changes affect both scalp and brain hemodynamics,
thereby contributing to the fNIRS signal in ways that extend beyond neural activity [11].
In particular, systemic physiological variations—especially those driven by autonomic
or cardiorespiratory activity—can impact both superficial and intracerebral hemodynam-
ics. Previous research has shown that signals recorded from a given scalp location do
not exclusively reflect neurovascular coupling but may also result from hemodynamic
changes in extracerebral tissues (e.g., skin, muscles, skull) as well as in deeper brain regions
influenced by systemic processes [12]. This issue is especially pronounced in CW fNIRS
systems with short source–detector separations (typically < 4 cm), where the sensitivity
to extracerebral tissues often exceeds that to cortical areas. Recent studies confirm that
the extracerebral compartment—including scalp, skull, and cerebrospinal fluid—absorbs a
substantial portion of the incident light, often leading to signals dominated by superficial
layers [13–15]. This limited depth sensitivity remains a major limitation of CW fNIRS,
particularly in adult populations, and must be considered when interpreting signal origin.

As a result, fNIRS measurements are affected by various background physiological
components that are often considered “noise” in traditional analyses of brain connectivity,
as they can obscure the detection of evoked neural responses. Yet, the influence of these
systemic signals on both brain and scalp hemodynamics remains underexplored. Most
analysis techniques aim to remove such components from the fNIRS signal [16,17]. Recent
developments in the field of network physiology, however, propose a paradigm shift:
rather than viewing these fluctuations as artifacts, they can be interpreted as meaningful
indicators of physiological interactions [18,19]. According to this perspective, the human
body can be seen as an integrated network, where each physiological system, despite
having its own regulatory mechanisms, continuously interacts with others to coordinate
functions and generate distinct physiological states in both health and disease [20]. In
this framework, cardiorespiratory dynamics arise from the coordination of respiratory,
cardiovagal, and sympathetic functions, which operate across various levels of the nervous
system. These interactions play a critical role in maintaining physiological equilibrium
and have only recently been shown to have a direct impact on both scalp and neural
signals in specific clinical conditions [21,22]. To investigate these complex interactions, we
designed a protocol based on the breath-holding task, in which the presence of respiratory
signals is systematically modulated, allowing for a detailed assessment of the influence
of respiratory activity on the local concentration of oxy- and deoxyhemoglobin measured
over the scalp [23]. While previous studies have demonstrated strong responses in all brain
chromophores due to respiratory activity using well-established methods [17], traditional
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approaches do not fully characterize the regularity, complexity, or transient dynamics of
these signals.

Therefore, the aim of this work is to characterize the effects of respiratory activity
on scalp hemodynamics as measured by a prototypal fNIRS system. We employ a multi-
domain analysis that includes state-of-the-art signal processing techniques, which have not
yet been extensively applied in the context of fNIRS signal analysis. These techniques are
designed to assess physiological oscillations and their modulation during breath-holding,
as well as the transient dynamics during the intermittent presence of respiratory activity.
Specifically, to investigate the complexity and predictability of the fNIRS signals dynamics,
we leverage information-theoretic measures computed in a time-resolved fashion such
as conditional entropy (CE) [24] and information storage (IS) [25]. Moreover, given the
presence of oscillatory activity that can be measured over the scalp, we perform a frequency-
domain analysis to explore the distribution of power across frequency bands, providing an
indirect measure of both the intensity and temporal evolution of neural activity [26].

2. Materials and Methods

2.1. Dataset Description and Pre-Processing

A total of 6 healthy subjects (4 males, 2 females; mean age: 27 ± 2.5 years) were enrolled
in this study and provided informed consent prior to participation. The experimental
procedure was approved by the ethical committee of the University of Palermo and was
conducted in accordance with the ethical standards of the Helsinki Declaration. The subjects
were seated in a chair in an isolated room and instructed to breathe normally, avoiding
other actions or excessive movements. The experimental protocol consisted of a five-minute
recording alternating two different phases: (i) apnea episodes, during which subjects were
instructed to hold their breath, starting at predefined time points (8, 50, 110, 170, and 230 s),
and (ii) a breathing phase, during which the subject resumed normal breathing before the
onset of the subsequent apnea.

The signal acquisitions were performed using a multi-channel CW-fNIRS system.
This system includes 16 bicolor light-emitting diodes (LEDs) operating at wavelengths
of 735 nm and 850 nm, alongside 16 silicon photomultipliers (SiPMs). Each SiPM is
positioned approximately 3 cm away from its corresponding LED source and acquires
signals at a sampling frequency ( fs) of 130 Hz. This is in line with previous studies with
a similar setup [22,27], and with a work demonstrating that, under optimal conditions,
optode spacings up to 5 cm are usable with NIRS equipment [28]. According to a “banana-
shaped” model, which assumes that the penetration is similar for all wavelengths, the
resulting wavepath had a maximum penetration depth of about 1.5 cm [29,30]. Thus,
these fNIRS measurements are a superposition of signals from multiple tissue layers,
with dominant contributions from extracerebral tissues [14,15]. Further details about the
prototype electronic components and the realization procedure can be found in [4]. The
selected configuration of the optodes is shown in Figure 1, where each optode is labeled
with the letter ‘S’ (source) if it is an LED, or ‘D’ (detector) if it is a SiPM. Each optode is also
assigned a number to identify its position on the scalp. In particular, the positions of the 6
LEDs are marked in red, while the 6 SiPMs are marked in blue. Together, they provide 16
different channels, which are listed in the table of the same figure.
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Figure 1. fNIRS optodes configuration and selected channels.

The pre-processing pipeline employed in this study included the following steps:
(i) the raw intensity signals were converted to optical density (OD) signals using the
equation OD = − ln(I(t)/Io), where I(t) is the time-dependent recorded signal intensity
and Io is its initial value [4]; (ii) the Temporal Derivative Distribution Repair (TDDR)
method was applied to the OD signals as implemented in the fNIRS Brain AnalyzIR Python
toolbox [31]. TDDR is a motion correction algorithm designed to eliminate the two most
common motion artifacts in fNIRS data: spikes and baseline shifts; (iii) the corrected OD
signals were converted to hemoglobin concentration signals (HbO2 and HHb) using the
modified Beer–Lambert law [32], following the procedure described in [4]. The resulting
signals were then low-pass-filtered with a cutoff frequency of 0.5 Hz to prevent aliasing and
subsequently downsampled to 1 Hz; (iv) finally, a high-pass autoregressive (AR) filter with
infinite impulse response (IIR) and zero phase [33], with a cutoff frequency of 0.018 Hz,
was applied to emphasize variations in the respiratory frequency band induced by the task.
The resulting time series, each consisting of N = 300 samples, were normalized to zero
mean and unit variance. Representative trends for one channel and one subject are shown
in Figure 2a.1 for HbO2 and Figure 2a.2 for HHb, highlighting the variations observed
during the breath phases (red windows) and the apnea phases (blue windows).

2.2. Time-Resolved Information Measures

Information-theoretic measures provide powerful approaches to assess the regularity and
predictability of the dynamics of a given system. While traditional analyses provide overall
measures of complexity and predictability, recent advancements extend these measures to
enable time-resolved characterization [24,34,35]. Here, we apply these methods to study the
transient evolution of scalp hemodynamics during breath-holding tasks—revealing dynamic
responses in extracerebral oxygenation that conventional fNIRS analyses cannot resolve.

The analysis of any given dynamical system can be performed by mapping the system
activity with a set of random variables and then studying the statistical dependencies
among the observed realizations of the variables collected in the form of time series. In the
general field of information theory, starting from the basic concept of entropy introduced
by Shannon [36], it is possible to dissect the information processed in a dynamical system
into meaningful elements of computation to quantify the complexity and predictability of
the aforementioned system.
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Figure 2. Time series showing the variation in hemoglobin concentration over a period of 5 min
(panels (a.1,a.2)) obtained for a representative channel for HbO2 (panel (a.1–f.1)) and HHb (panel
(a.2–f.2)). The blue and red windows correspond to the time intervals associated with the apnea
(blue area) and breathing (red area) phases, respectively. Time-resolved analysis of entropy (panels
(b.1,b.2)), conditional entropy (panels (c.1,c.2)), and information storage (panels (d.1,d.2)) obtained
for HbO2 and HHb, respectively. PSD trends along with their spectral decompositions obtained for
the apnea (panels (e.1,e.2)) and breathing phases (panels (f.1,f.2)) computed separately for HbO2 and
HHb, respectively.

The HbO2 or HHb signal, acquired for each subject and channel, was modeled as a
realization of a zero-mean stochastic process X, with Xn representing the random vari-
able sampling the process at time n (temporal counter). Then, the Shannon entropy (H)
can be used to quantify the amount of information needed to describe Xn as follows:
H(Xn) = −E[log p(xn)], where xn refers to a realization of Xn and p(xn) is the probability
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density function of Xn measured for the outcome xn, and E[·] is the expectation oper-
ator computing the statistical average over all possible values of xn. Assuming X as a
Markov process, its past history can be truncated up to a lag p to obtain the p-dimensional
vector Wn = [Xn−1, . . . , Xn−p]�. To account for the dynamical evolution of the system
X, it is possible to quantify the new information carried by the present state Xn of the
process which cannot be inferred from its past Wn, i.e., the Conditional Entropy (CE) [37]:
H(Xn|Wn) = −E[log p(xn|wn)] where wn refers to a realization of Wn and p(·|·) is the
conditional probability. Specifically, the higher the CE, the more complex the dynamics
generated by the system. Entropy and CE serve as measures to introduce the Information
Storage (IS), which quantifies the amount of information contained in the present state that
can be predicted by the knowledge of its past state [38] and can be defined as

SX,n = I(Xn; Wn) = E

[
log

p(xn|wn)

p(xn)

]
. (1)

The IS measures the predictability of the process at time n by quantifying the average level
of uncertainty about the current state of the process Xn that can be resolved by knowledge
of its past states Wn.

To describe the time-resolved behavior of the fNIRS signal (HbO2, HHb) during
breathing and apnea phases, a time-varying analysis of the measures of H, CE, and IS was
performed, through the adoption of a time-varying version of an autoregressive (TV-AR)
model [24,34]:

Xn =
p

∑
k=1

ak,nXn−k + Un, (2)

where Un represents the prediction error, while ak,n denotes the AR coefficient describing
the interaction from Xn−k to Xn at lag k, relevant to the time instant n. Then, under
Gaussian assumption of Xn, the time-resolved H can be expressed as follows [24]: H(Xn) =
1
2 log(2πe · σ2

Xn
), where σ2

Xn
represents the variance of Xn. Moreover, if Xn and Wn are

jointly Gaussian, the time-resolved CE of Xn given Wn can be expressed as follows [39]:
H(Xn|Wn) =

1
2 log(2πe · σ2

Un
), where σ2

Un
is the variance of the prediction error Un at the

time step n. Thus, the equation given in (1) can be rewritten as

SX,n = H(Xn)− H(Xn|Wn) =
1
2

log
σ2

Xn

σ2
Un

. (3)

The identification procedure of the TV-AR model (2) can be performed through the recursive
least-squares (RLS) as described in [40]. Briefly, the RLS consists of the following steps:
(i) choose a value for the adaption factor c ∈ (0, 1) and an order p of the AR model; (ii) define
proper initial conditions for the vector of coefficients at time p, Ap = [a1,p, ..., ap,p] ∈ R

1×p

and for the correlation matrix of the past state of X stored in Wn,ΣWn = E[WnW�
n ] ∈ R

p×p ;
(iii) considering N-p consecutive time steps, for n = p + 1 to N, repeat the following steps:

ΣWn = (1 − c)ΣWn−1 + WnW�
n , (4a)

Kn = (ΣWn)
−1Wn, (4b)

Zn = Xn − An−1Wn, (4c)

An = An−1 + ZnK�
n , (4d)

where Kn ∈ R
p×1 is the so-called gain vector and Zn ∈ R

1×1 is intended as the a priori
estimation error before updating the AR coefficients vector. The parameter (1 − c) controls
the memory of the algorithm allowing it to follow possible statistical variations in the
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property of X in non-stationary conditions. To complete the identification procedure, a
recursive estimation of the time-varying innovation variance can be obtained as follows:
σ2

Un
= σ2

Un−1
+ c(Z2

n − σ2
Un−1

) [24,34]. The required recursive estimation of the process
variance σ2

Xn
can be directly derived from the structure of the linear TV-AR representation

of the process X as described in [24].

2.3. Spectral Analysis of fNIRS Signals

Biomedical signals are often rich with oscillatory content, and therefore naturally lend
themselves to spectral representation. Classical approaches integrating the power spectral
density profile within the spectral bands of interest attempt to obtain band-specific time-
domain powers, while the method of spectral decomposition used here allows for focusing
only on the spectral components with frequencies within those bands, thus avoiding
spurious contributions due to broadband oscillations [41].

To characterize the oscillatory content of each fNIRS signal (HbO2, HHb), a linear
model governed by the following difference equation was employed:

Xn =
p

∑
k=1

akXn−k + Un, (5)

where Un is the prediction error with a variance σ2
U and ak is the AR coefficient describing

the interaction from Xn−k to Xn at lag k. The linear model (5) can be represented in
the Z-domain through its Z-transform yielding X(z) = H(z)U(z), where H(z) = [1 −
∑

p
k=1 akz−k]−1 is the transfer function relating the Fourier Transform (FT) of U to the FT of

the process X. Applying the residue theorem, H(z) can be expressed as follows [41]:

H(z) =
zp

∏
p
k=1(z − pk)

=
p

∏
k=1

H(k)(z), (6)

where pk, k = 1, . . . , p, are the p poles of the AR process, while the terms H(k)(z) =
z

z−pk
· 1/z∗

1/z∗−pk
are pole-specific factors associated each with a given pole pk, with ∗ indicating

the Hermitian transpose. The power spectral density (PSD) of the process X can be
expressed in the Z-domain as P(z) = H(z)σ2

U H∗( 1
z∗ ). Then, by using the Heaviside

decomposition, it can be expanded into simple fractions corresponding to the poles of the
system. These include the poles inside the unit circle, pk, and their reciprocals outside the
unit circle, p̄k = p−1

k , for k = 1, . . . , p, weighted by the residuals of P(z), specifically rk pk

and −rk p−1
k . This results in the following expression [41]:

P(z) =
p

∑
k=1

P(k)(z) =
p

∑
k=1

[
rk pk

z − pk
− rk p−1

k

z − p−1
k

]
, (7)

where the residuals are given by rk =
σ2

U
z ∏h �=k(z−ph)·∏(z−1−ph)

∣∣∣∣
z=pk

, k = 1, . . . , p. Evaluating

P(z) on the unit circle of the complex plane, specifically P( f ) = P(z)|z=ej2π f / fs , where
f ∈ [− fs/2, fs/2] and fs is the sampling frequency (1 Hz), allows for the derivation of
the spectral profile, P( f ), along with its kth component, P(k)( f ). Each spectral component
is characterized by a unique profile, which is determined by the central frequency of the
oscillation, derived from the argument of the pole ( fk =

arg(pk)
2π ), and by the power related

to the residual of the pole. For real poles, the power is σ2
k = rk, and for complex conjugate

poles, it is σ2
k = rk + r∗k . Notably, the total variance σ2

X of the process is equal to the sum of
the variances of all poles, σ2

k , for k = 1, . . . , p.
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The computation of the PSD of X relies on the identification procedure of the AR model
(5) which herein was performed through the ordinary least-squares (OLS) method [42].
By recalling the p-dimensional vector Wn containing the past states of X and considering
N consecutive time steps, a compact representation of the VAR model (5) can be defined
as X = AW + U, where A = [a1, . . . , ap] is the 1 × p vector of unknown coefficients,
X = [Xp+1, . . . , XN ] and U = [Up+1, . . . , UN ] are 1 × (N − p) vectors collecting the present
states and the residuals, and W = [Wp+1, . . . , WN ] is a p × (N − p) matrix collecting the
regressor terms. Then by using the OLS formula an estimate of the AR coefficient can be
obtained as follows: Â = X(W)�[W(W)�]−1. The innovation process can be estimated as
the residual time-series Û = X − ÂW, whose σ̂2

U is an estimate of the innovation variance.

2.4. Data Analysis and Statistical Validation

All the analyses were performed by considering separately the concentrations of HbO2

and HHb for each channel and for each subject. Regarding their spectral analysis, two distinct
identification procedures for the model (5) were performed, separately analyzing the breathing
phase and the apnea task. Specifically, given O = [O1, . . . , O6] = [8, 50, 110, 170, 230, 300]
as a vector representing the time instants of the apnea task onsets, with the last element
indicating the total length of the time series, we defined li and mi, i ∈ {1, . . . , 5}, as the i-th
time window during which the subjects breathed normally (red windows in Figure 2) or
performed the apnea task, respectively (blue windows in Figure 2). Let Bi denote a generic
instant when the subject begins to breathe normally after an apnea task (which may differ
for each apnea event and subject). Using this notation, we can define the following time
windows: mi = [Oi + (p + 1), . . . , Bi − 1], and li = [Bi + (p + 1), . . . , Oi+1 − 1]. Then when
the breath task was considered, we used X = [Xl1 , . . . , Xl5 ] as the present state, while the
matrix of regressors W was defined by simply switching the content of each window li of one
temporal unit in the past, up to p lags. The same rationale was used for the apnea task where
X = [Xm1 , . . . , Xm5 ]. This procedure was implemented to prevent potential discontinuities
that could arise from simply concatenating different time windows and to increase the
number of observations, thereby reducing the estimation bias [43]. Spectral profiles were
computed using (7), and the low-frequency (LF) and high-frequency (HF) components were
identified based on poles with central frequencies in the ranges [0.04–0.15] Hz and [0.15–
0.4] Hz [44]. The PSD profile relevant to each pole, P(k)( f ), was then integrated within
the whole frequency spectrum to obtain the power content associated with the LF and HF
components, respectively. A representative example of the spectral decomposition performed
on one representative channel for HbO2 and HHb is reported in Figure 2 (panel e: apnea;
panel f: breath). The code used for performing the Power Spectral Density Analysis can
be found here: https://github.com/YuriAntonacci/LSP_toolbox/tree/main, accessed on
12 December 2024. To test whether the spectral content of fNIRS signals was modulated
during the breath-holding task, a statistical comparison between the distributions of central
frequency and spectral power obtained across subjects during the breath and apnea phases
was performed using the paired non-parametric Wilcoxon signed-rank test (α < 0.05).

As for the time-resolved analysis of the different information-theoretic measures, the
identification procedure of the TV-AR model (2) was performed setting p = 4 and (1− c) =
0.975. The model order p was selected using the Akaike Information Criterion (AIC) [42] as a
guide. Analysis across the entire scalp and for all subjects returned values ranging from four
to six. To ensure consistency and avoid duplicate or negative peaks in the subsequent spectral
analysis, the model order was fixed at four [44]. As regard for the forgetting factor (1 − c),
the selection was performed according with previous studies, which highlighted the interval
[0.97, 0.98] as an ideal compromise for the bias–variance trade-off [24,34].
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The time-resolved measures of entropy (H(Xn)), conditional entropy (H(Xn|Wn)),
and information storage (SX,n) (panels b–d of Figure 2) were then computed and averaged
within each i-th time window corresponding to the analyzed experimental condition (breath
and apnea). The obtained values were further averaged across the five available windows
for each experimental condition to obtain a representative value for each of the six subjects.
Statistically significant differences between the apnea and breath conditions were evaluated
for each information-theoretic measure using the Wilcoxon test for paired data (α < 0.05).
The code necessary to compute time-resolved information measures can be found here:
https://github.com/YuriAntonacci/Time-VaryingIS, accessed on 12 December 2024.

Therefore, a measure of the effect size was also determined to assess the magnitude of
the differences observed among experimental conditions. Specifically, denoting with μS1 , μS2 ,
σ2

S1
, and σ2

S2
, the mean and the variance of two distributions S1 and S2 obtained measuring

the mean and the SD of the distribution across subjects of each information theoretic measure,
we computed the Cohen’s d measure defined for equally sized groups as follows [45]:

d =
μS1 − μS2√
(σ2

S1
+ σ2

S2
)/2

. (8)

Typically, a small effect size arises for d = 0.2, a medium effect size between 0.2 and 0.8,
and large was considered when d = 0.8 [45]. Finally, we assessed the statistical power of
each test to evaluate how the sample size (N = 6) would influence the results. Statistical
power (1 − β) represents the probability of correctly rejecting a false null hypothesis (i.e.,
the likelihood of detecting a true physiological effect if one exists).

3. Results

3.1. Frequency Specific Analysis of fNIRS Signals

Panels e,f of Figure 2 present the spectral decomposition of the PSD for HbO2 (panel 1)
and HHb (panel 2) signals from one representative subject during the apnea (panel e) and
breath (panel f) phases. Regardless of the analyzed time series (HbO2 or HHb), the PSD
trends reveal two distinct peaks centered at approximately 0.05 Hz and 0.2 Hz with the
latter showing a modulation when the respiratory activity is considered.

Figures 3 and 4 report the boxplot distributions illustrating the frequency locations
of the LF and HF spectral peaks for the apnea (blue) and breath (red) phases, computed
separately for HbO2 (panel a) and HHb (panel b). Figure 3 displays the distribution
of spectral peak frequencies within the [0.04–0.15] Hz frequency band, which reveals
negligible modulation between apnea and breathing phases, indicating that respiratory
activity has limited influence on low-frequency oscillations.

Figure 4 displays the distribution of spectral peak frequencies within the [0.15–0.4] Hz
frequency band, revealing significant task-dependent shifts. Overall, regardless of the
time series analyzed (i.e., HbO2 or HHb), there is a consistent trend of increased oscillation
frequency observed during the breathing task across all fNIRS channels. This increase
becomes statistically significant for HHb, occurring in four specific channels (Figure 4b).
Remarkably, the corresponding Cohen’s d values consistently exceed 1.2 (1 − β >0.6),
indicating a strong difference between the two experimental conditions.

Figures 5 and 6 display the boxplot distributions obtained for the spectral power of the
fNIRS signal relevant to the LF and HF frequency bands, respectively. The results highlight
an increase in both LF and HF power associated with breathing activity. Though this increase
is statistically significant only for a few channels, when HHb is considered, the corresponding
values of Cohen’s d are always greater than 1 (1− β > 0.55), highlighting the presence of a
strong modulation of the spectral content of fNIRS signals as an effect of respiratory activity.
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Figure 3. Boxplot distributions and individual values of the frequency locations of the LF spectral
peaks for HbO2 (panel (a)) and HHb (panel (b)) are shown for each channel, separately for apnea
(blue) and breath (red) phases.
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(blue) and breath (red) phases. Statistically significant differences between breath and apnea windows
are indicated with * (p < 0.05, Wilcoxon signed rank test).
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Figure 5. Boxplot distributions and individual values of the spectral power averaged over the
LF ([0.04–0.15] Hz) frequency band for HbO2 (panel (a)) and HHb (panel (b)), computed for each
channel and displayed separately for the apnea (blue) and breath (red) phases. Statistically significant
differences between breath and apnea windows are marked with * (p < 0.05, Wilcoxon signed
rank test).
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Figure 6. Boxplot distributions and individual values of the spectral power averaged over the HF
([0.15–0.4] Hz) frequency band for HbO2 (panel (a)) and HHb (panel (b)), computed for each channel
and displayed separately for the apnea (blue) and breath (red) phases. Statistically significant differences
between breath and apnea windows are marked with * (p < 0.05, Wilcoxon signed rank test).

3.2. Time-Resolved Information-Theoretic Measures

Figures 7–9 display the boxplot distributions of the time-resolved information measures
of entropy, conditional entropy, and information storage, averaged across five different time
windows relevant to the apnea (blue color) and breath (red color) phases, computed separately
for HbO2 (panel a) and HHb (panel b). The results in Figure 7 suggest a modulation of uncer-
tainty in the oxyhemoglobin and deoxyhemoglobin time series during breathing compared to
the apnea condition. However, this difference is not statistically significant, indicating that
the amount of information contained in the concentrations of oxyhemoglobin and deoxyhe-
moglobin remained largely unchanged despite the breath-holding task. Conversely, Figures
8 and 9 reveal statistically significant modulations of the time-resolved conditional entropy
and the information storage measures, respectively. In detail, the analysis of time-resolved
conditional entropy reveals a statistically significant decrease in the complexity of scalp hemo-
dynamics during breathing periods, regardless of the hemoglobin time series considered, and
across nearly all analyzed channels. In contrast, time-resolved information storage shows a
statistically significant increase in the predictability of scalp hemodynamics during the same
periods. A variability can be observed in these measures across different channels even though
Figures 8 and 9 consistently show Cohen’s d values > 0.6 with statistical power (1− β) > 0.8.
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Figure 7. Boxplot distributions and individual values of the time-resolved entropy (H(Xn)) for HbO2

(panel (a)) and HHb (panel (b)), computed for each channel and displayed separately for the apnea
(blue) and breath (red) phases.
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Figure 8. Boxplot distributions and individual values of the time-resolved conditional entropy
(H(Xn|Wn)) for HbO2 (panel (a)) and HHb (panel (b)), computed for each channel and displayed
separately for the apnea (blue) and breath (red) phases. Statistically significant differences between
the breath and apnea windows are marked with * (p < 0.05, Wilcoxon signed-rank test).
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Figure 9. Boxplot distributions and individual values of the time-resolved information storage (SX,n)
for HbO2 (panel (a)) and HHb (panel (b)), computed for each channel and displayed separately for
the apnea (blue) and breath (red) phases. Statistically significant differences between the breath and
apnea windows are marked with * (p < 0.05, Wilcoxon signed-rank test).

4. Discussion

The main results of this work can be summarized as follows: (a) the presence of two
different peaks in the PSD of fNIRS signals centered approximately at 0.05 Hz and 0.2 Hz
and mainly related to vascular and respiratory components [46–49]; (b) the modulation in
both the amplitude and frequency of oscillations in the time series of oxyhemoglobin and
deoxyhemoglobin concentrations during the breath-holding task, which may be sustained
by the strong coupling between blood pressure and the hemodynamic responses measured
in extracerebral tissues [22,50]; (c) the presence of a transition in the information processing
characteristics of fNIRS dynamics associated with the shift between breathing and apnea
phases, which is marked by an increase in signal predictability during respiratory activ-
ity—an effect that cannot be captured using simple measures such as Shannon entropy.

The results reported in Figures 3 and 5 highlighted the presence of a vascular com-
ponent, known as Mayer waves, consisting of rhythmic fluctuations in arterial pressure
caused by changes in vasomotor tone, typically occurring within frequencies ≤0.1 Hz,
which are reflected in the hemodynamic oscillations of superficial scalp tissues, thereby
modulating the optical fNIRS signals [47]. The reduced amplitude of low-frequency compo-
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nents (<0.1 Hz) observed during apnea, even if limited to a few channels, may be attributed
to the induction of hypercapnia, i.e., an increase in CO2 levels during breath-holding tasks
in humans [51]. Indeed, the temporary suspension of breathing activity leads to a rise
in carbon dioxide levels, triggering a vasodilation response. This vasodilation increases
cerebral blood flow, which directly modulates the amplitude of low-frequency oscillations
associated with Mayer waves [52].

The results displayed in Figures 4 and 6 revealed the presence of a spectral component
in the 0.15–0.4 Hz range, which can be attributed to respiratory activity. This component
reflects respiratory-driven variations in arterial pressure as well as in cerebral and extrac-
erebral blood flow. The observed shift in frequency location, occurring exclusively within
the HF band, has been previously reported and is physiologically linked to increased respi-
ratory rates during the breathing phase compared to the apnea phase [53]. Interestingly, the
peak relevant to the HF range was also observed during apnea and reflects fundamental
respiratory physiology: while voluntary breath-holding suppresses overt chest movements,
it cannot interrupt the brainstem’s central respiratory rhythm [54]. We speculate that these
HF oscillations can be related to respiratory sinus arrhythmia—a well-documented phe-
nomenon where autonomic nervous system activity causes a person’s heart rate to oscillate
in phase with the residual respiratory drive, even during apparent apnea [55]. However,
the expected increase in the spectral content within HF components during the breathing
phase, as reported in previous studies, was not clearly observed in our analysis—possibly
due to the limited duration of the experimental period, which should ideally last at least
28–30 s to reliably capture such changes [56].

Overall, our results revealed dynamic changes in both vascular and respiratory com-
ponents for oxygenated and deoxygenated hemoglobin, consistent with established mecha-
nisms of respiratory–cardiovascular coupling [54]. Previous studies show that spontaneous
hemodynamic oscillations, although not directly elicited by external stimuli or tasks, can
still exhibit variations in amplitude and frequency. These fluctuations significantly affect
frequency-domain analyses, as they shape the spectral profile of the recorded signals and
underscore the influence of underlying physiological rhythms on hemodynamic activ-
ity [11,57–59].

The results shown in Figures 7–9 indicated less-complex fNIRS signal dynamics
associated with the presence of respiratory activity. Although not directly comparable
with previous studies characterizing brain dynamics and physiological systems using
information-theoretic approaches [24,34,38,60], these works consistently show that the
emergence of a predominant oscillation—often driven by synchronization phenomena—is
associated with increased predictability of brain dynamics across different contexts [61].
These findings are consistent with the PSD analysis of fNIRS signals dynamics herein
performed, where the breathing task was associated with an increase in the PSD within
both the LF and HF bands. Moreover, since a transition occurs after the onset of apnea, we
can link the observed decrease in predictability to previous studies, which have highlighted
that such transitions are associated with a reduction of the time-resolved information
storage [34]. Lastly, we observed a variability in the information-theoretic measures across
fNIRS channels, which may originate from the following: (i) spatial heterogeneity in
fNIRS sensitivity (superficial vs. deep tissue contributions) [14]; (ii) regional variations in
neurovascular coupling [62]; and (iii) task-specific activation patterns [63]. Despite this
channel-wise variability, the measures of time-resolved information storage and conditional
entropy consistently showed Cohen’s d values > 0.6 with statistical power (1 − β) > 0.8,
indicating robust effects of breath-holding on both time-resolved conditional entropy and
information storage.
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Final Remarks and Limitations

Our results demonstrated that integrating time-resolved information-theoretic mea-
sures (entropy, conditional entropy, information storage) with parametric spectral analysis
can yield novel insights into fNIRS signal dynamics. Power spectral density analysis
revealed distinct spectral signatures: Mayer waves (0.04–0.15 Hz) exhibited minimal modu-
lation during breath-holding, suggesting autonomic stability, while high-frequency oscilla-
tions (0.15–0.4 Hz) persisted during apnea, reflecting the ongoing influence of the central
respiratory rhythm and respiratory sinus arrhythmia. Time-resolved measures further
showed that the presence of respiratory activity reduces hemodynamic complexity and
increases signal predictability compared to apnea, underscoring the role of respiration in
shaping scalp-measured hemodynamic activity.

The main limitation of our study is that the presented results cannot be directly at-
tributed to cortical activity, as CW single-distance NIRS is known to be more sensitive to
superficial tissues than to brain tissue. The measured signals likely reflect a superposition
of responses from multiple depths, with a substantial contribution from scalp hemody-
namics [14]. Indeed, both incident and backscattered light traverses highly vascularized
extracerebral layers such as the skin, subcutaneous fat, and scalp muscles, making the
signals particularly sensitive to hemodynamic fluctuations in these regions [30].

Finally, the generally low statistical power and small effect sizes observed in our
analyses suggest that some nonsignificant results may be attributed to insufficient statistical
sensitivity, primarily due to the limited sample size. This represents a key limitation of
the study and highlights the need for larger datasets to enable more robust statistical
assessments of the observed effects.

5. Conclusions

This study highlights the significance of fNIRS monitoring and advanced signal
processing techniques in exploring scalp hemodynamics during physiological tasks, specif-
ically the breath-holding task. As a non-invasive and portable modality, fNIRS offers a
unique capability to monitor real-time hemodynamic responses, complementing other
neuroimaging methods [4]. Our findings support the value of a multi-domain analytical
approach for reinterpreting physiological “noise” as evidence of functional interactions
within the framework of network physiology, and demonstrate the feasibility of applying
advanced signal processing techniques even with prototype CW fNIRS systems. Indeed,
combining fNIRS with information-theoretic measures allows for the identification of subtle
dynamics in both cerebral and extracerebral functions, thereby deepening the physiological
insights that can be gained from fNIRS data.

Our results reveal that novel aspects of respiratory–scalp coupling could enable
practical applications in the following: (i) clinical monitoring of patients with impaired
respiratory–cerebral coupling, such as those with sleep apnea or cerebrovascular disorders;
(ii) passive brain–computer interfaces, where entropy-based measures could provide real-
time assessment of cognitive state [64,65]. Future work should focus on the validation of
these measures in larger cohorts (N > 30 subjects), comparing performance across differ-
ent fNIRS systems (including time-domain devices), and developing hybrid fNIRS-EEG
protocols to better separate neural and vascular contributions.
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Abstract: Continuous adaptations of the movement system to changing environments or task de-
mands rely on superposed fractal processes exhibiting power laws, that is, multifractality. The
estimators of the multifractal spectrum potentially reflect the adaptive use of perception, cognition,
and action. To observe time-specific behavior in multifractal dynamics, a multiscale multifractal
analysis based on DFA (MFMS-DFA) has been recently proposed and applied to cardiovascular
dynamics. Here we aimed at evaluating whether MFMS-DFA allows identifying multiscale structures
in the dynamics of human movements. Thirty-six (12 females) participants pedaled freely, after a
metronomic initiation of the cadence at 60 rpm, against a light workload for 10 min: in reference to
cycling (C), cycling while playing “Tetris” on a computer, alone (CT) or collaboratively (CTC) with
another pedaling participant. Pedal revolution periods (PRP) series were examined with MFMS-DFA
and compared to linearized surrogates, which attested to a presence of multifractality at almost
all scales. A marked alteration in multifractality when playing Tetris was evidenced at two scales,
τ ≈ 16 and τ ≈ 64 s, yet less marked at τ ≈ 16 s when playing collaboratively. Playing Tetris in collab-
oration attenuated these alterations, especially in the best Tetris players. This observation suggests
the high sensitivity to cognitive demand of MFMS-DFA estimators, extending to the assessment of
skill/demand interplay from individual behavior. So, by identifying scale-dependent multifractal
structures in movement dynamics, MFMS-DFA has obvious potential for examining brain-movement
coordinative structures, likely with sufficient sensitivity to find echo in diagnosing disorders and
monitoring the progress of diseases that affect cognition and movement control.

Keywords: detrended fluctuation analysis; multifractal; multiscale analysis; cycling; Tetris; multifrac-
tal cumulative function; Legendre spectrum

1. Introduction

The complex dynamics of human movements result from the interactions among
perceptive, cognitive, and motor systems aimed at responding to changes in the environ-
ment or achieving specific tasks. Such interactions are responsible for continuous motor
adaptations, and the resulting variability reflects the superposition of fractal processes
with different power laws. For this reason, the intrinsic variability of human movements is
characterized by multifractal dynamics [1–4].

Among the estimators of the multifractal spectrum, the detrended fluctuation anal-
ysis (DFA) [5] for multifractal series (MF-DFA) [6] has gained popularity in the study
of motor control due to the statistical performance of the recently proposed focus-based
approach [7]. In fact, a limit of most studies is to find a reasonable trade-off between two
contrasting requirements: On the one hand, recording long time series to improve the
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statistical consistency of the regressions that estimate the scale exponents; on the other
hand, restricting the duration of motor or cognitive tasks to avoid fatigue, learning or
habituation phenomena. The focus-based approach assumes that the DFA regressions of
each multifractal exponent converge to a theoretical focus, and it improves the estimates
by calculating the focus empirically and by forcing the passage of the regression lines
through the calculated focus. Since it provides statistically stable estimates for relatively
short series, the focus-based MF-DFA has been used to assess human movements during
concurrent visuomotor tasks [8] or complexity-matching phenomena between coupled
neural networks [9].

Often, however, the fractal dynamics of physiological systems exhibit different power
laws at different temporal scales, that is, a multiscale spectrum. This was soon recognized in
the heart-rate series for which the DFA coefficients are traditionally estimated at short and
long scales separately [5]. Multiscale analyses have also been used for the monofractal DFA of
human movements [10,11]. By contrast, the focus-based approach implicitly assumes that the
multifractal exponents are the same at all scales; thus, it cannot separate “short-term” from
“long-term” exponents. Therefore, the possible presence of multiscale structures can only be
inferred by progressively removing the shorter scales from the multifractal analysis [9].

In this regard, a method for quantifying the multifractal DFA coefficients at each
scale separately has been proposed recently [12]. This method improves the statistical
consistency of the estimates by splitting the series into maximally overlapped blocks and
does not require any assumption on the linear convergence of the DFA variability functions
into focus. Based on this approach, a scale-by-scale measure of multifractality that avoids
the inapplicability of the Legendre transform when the convexity hypothesis is not satisfied
has been also proposed [13]. This multifractal and multiscale approach (MFMS-DFA) has
been applied so far to cardiovascular series only [14], but it could be a valuable tool for
studying the temporal structures of the multifractal spectrum of human movements as
well. By investigating the multifractal dynamics at different scales, such a tool could allow
for better assessing the interactions of cognitive- and motor-neural networks in patients
after a trauma, or more accurately monitoring the progression of degenerative diseases, as
well as the effectiveness of rehabilitation treatments, over time.

Therefore, the present methodological work aims to evaluate whether the recently
proposed MFMS-DFA allows effective identification of multiscale structures also in the multi-
fractal dynamics of human movements and quantifying their possible alterations. For this
aim, we will describe the multifractal multiscale structure of cycling by maintaining a target
pedal rate as the reference multifractal motor task. Furthermore, we will quantify the possible
alterations in the multifractal structure of the pedal revolution intervals when a cognitive task
is performed simultaneously. We expect that the performance of the reference motor task may
be altered due to the greater dual-task cognitive demand and because of the limitations in
simultaneously processing the associated interfering streams of information [15,16]. Thus, we
aim to describe the intrinsic multifractal dynamics that should characterize the time series of
pedal revolution periods and the possible alterations induced in such structure by a dual-task
cognitive load, which in our study consists of playing Tetris while cycling.

Therefore, if the recently proposed MFMS-DFA can properly assess the complex dynam-
ics of human movements, we expect to identify possible alterations induced by the cognitive
tasks in the multifractal structure at specific scales; and that the presence of multifractality,
which is expected to characterize the intrinsic variability of human movements, should be
detected also within this temporal structure of multifractal scale coefficients.

2. Materials and Methods

2.1. Subjects and Data Collection

Thirty-six healthy participants (12 females) aged 31.1 ± 12.5 years, all students or
university members, gave their written informed consent to participate in this study, which
was approved and authorized by the Institutional Review Board Faculte des STAPS and
followed the rules of the Declaration of Helsinki.
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In order to get temporal variability in movement repetitions emitted by a free-running
neurophysiological system, the participants followed a synchronization-continuation
paradigm [17]. They were asked to pedal on a friction-loaded cycle ergometer (Monark
818E, Monark, Vansbro, Sweden), imposing the cadence of 60 revolutions per minute (rpm)
by a metronome for the first 60 s period (no recordings). The metronome was subsequently
stopped, and the participants were asked to keep the same pedaling cadence for the next
10 min against a friction load amounting to 10N. A previous study already reported that
such a cycling protocol generates fractal fluctuations in the pedaling cadence [18].

The duration of each pedal revolution period (PRP) was obtained thanks to a Light
Meter Pod connected to a PowerLab acquisition system (ADInstruments, Sydney, Australia)
at a 1 kHz sampling rate, detecting the changes in light when the pedal passed by the
sensor. Each participant reiterated the above procedure in three conditions. The first is the
reference cycling (C) condition with the participant’s arm resting on an elevated table in
front of the bicycle. The second is the dual-task condition, cycling and playing “Tetris” [19]
on a computer placed on the table (CT). In Tetris, the player observes a field on the screen
in which pieces of different geometric shapes descend from the top. The player can rotate
and move the pieces laterally and accelerate them as they fall to create the greatest number
of complete horizontal lines of blocks; when a line is completed, it disappears granting
points. Thus, Tetris can be considered a progressively demanding cognitive task requiring
visuospatial functions. The third condition is again a dual-task performance but cycling
simultaneously playing Tetris collaboratively (CTC) on shared screens with the one cycling
concomitantly on their side (hidden by a board). In the latter condition, one subject could
turn the pieces, the other one could shift them horizontally while they drop and accelerate the
drop. Since in CTC the tasks of turning the pieces and moving them horizontally/vertically
are no longer performed by a single player, as in CT, but each of the two players takes care
of a single task, we expect a somehow lower cognitive load of playing Tetris collaboratively.
Tetris collaborations were matched by gender and age.

We recorded the Tetris best score achieved by each participant during CT. At the end of
each condition, participants reported the workload they perceived by compiling the NASA
Task Load Index (NASA-TLX) questionnaire [20]. The score of the overall workload may
range between the minimum value of 0 up to the maximum value equal to 100. Figure 1
shows an example of a PRP series recorded in one participant.

 

Figure 1. Example of pedal revolution periods, PRP. Recording in the same participant (a) during
cycling, C; (b) cycling playing Tetris alone, CT; (c) cycling playing Tetris collaboratively, CTC.

2.2. Multifractal Multiscale DFA
2.2.1. Estimation of Multifractal Multiscale Coefficients

The PRP fluctuations around the desired set point of 60 rpm result from the superim-
position and interaction of several factors. If these factors act independently without any
underlying feedback control, we may expect that they produce uncorrelated deviations from
the set point. On the other hand, if they interact with the higher brain center of the motor
control to maintain the set point, we may expect long-term correlations in the PRP deviations.
The DFA coefficients may characterize this phenomenon as being equal to 0.5 for uncorrelated
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fluctuations (like white noise) and 1.0 for a purely self-similar process like the 1/f noise. Thus,
a decrease in the DFA coefficient might reflect a lower motor control of the higher brain center.
In our fractal model of motor control, the multifractal analysis allows to separately describe
interacting factors with different fractal dimensions; and the multiscale analysis might reveal
shifts of the correlated fluctuations among the temporal scales, possibly providing further
clues on the motor adaptation strategies during a dual-task performance.

We estimated the multifractal multiscale structure of the PRP series by the MFMS-DFA
algorithm described and downloadable in [12]. Briefly, we calculated the cumulative sum, yi, of
each PRP series and split yi into M maximally overlapped blocks of n samples. Then we detrended
each block with a least-square polynomial regression and calculated the variance of the residuals
in each k-th block, σ2

n(k). The variability function Fq(n) is the q-th moment of σ2
n [6]:

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Fq(n) =

(
1
M

M
∑

k=1

(
σ2

n(k)
)q/2

)1/q

for q �= 0

Fq(n) = e
1

2M

M
∑

k=1
ln (σ2

n(k))
for q = 0

(1)

We calculated Fq(n) for −5≤ q ≤ 5 and 6 ≤ n ≤ L/4, with L the length in samples of the
PRP series. We mapped the scale units from number of pedal revolutions, n, to time τ, in
seconds, with the transformation:

τ = n × μPRP (2)

where μPRP is the mean PRP, in seconds. We spline-interpolated the log τ axis evenly [21]
between 8 and 128 s to consider the same scales in all the participants. Scales τ < 8 s
were excluded to avoid the large estimation bias for negative q at shorter scales [12]. We
calculated Fq(τ) twice, for detrending polynomials of first and second order (Figure 2)
because the second-order polynomial removes the longer trends more efficiently but it
over-fits block sizes shorter than 12 beats [12,22,23].

 

Figure 2. MF-DFA variability functions. Fq(τ) after polynomial detrending of order 1 (p.o. = 1) in C (a),
CT (b), and CTC (c) and order 2 (p.o. = 2) in C (d), CT (e), and CTC (f): average of 36 participants.
Fq(τ) in red for q < 0, blue for q > 0, and black for q = 0; the dashed line is q = 2 (moment order of
the monofractal DFA). Note the larger effects of overfitting at the shorter scales for the second-order
polynomial, which, however, is expected to better remove trends at the larger scales.
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We calculated the multifractal coefficients as the derivative of log Fq(τ) vs. log τ

separately for the two detrending orders. The final estimate, α(q,τ), combined the coeffi-
cients of the two detrending orders with a weighted average that progressively weights
order 1 more at the shorter than longer scales, as described in [12]. To check the influence
of possibly present long-term drifts in the recorded series, we recalculated α(q,τ) twice,
after removing a linear or a quadratic drift from the original PRP series. We did not find
substantial effects of drift removal when the scale coefficients were estimated by combining
the two detrending orders (see Appendix A); thus, the analysis was performed without
drift removal so as not to introduce an additional pre-elaboration stage.

2.2.2. Statistical Comparison with the Reference Condition

We compared the α(q,τ) coefficients in “CT” and “CTC” vs. the reference “C” by
the Wilcoxon signed-rank test for each q and τ. In this way, we obtained the Wilcoxon
V signed-rank statistics as a function of both the moment order and scale: V(q,τ). The
significance of observing a given V(q,τ) value was represented by a color map. The map
allows visualizing the regions of the q-τ space with the more significant differences with
the reference condition.

To stratify the results by skill levels, the group was subdivided into tertiles according
to the individual Tetris score, and the comparisons were repeated in each tertile separately.

2.3. Degree of Multifractality Scale by Scale
2.3.1. Cumulative Multifractality Function

We quantified the degree of multifractality at each scale by the cumulative function of
the squared increments of scale exponents, αCF(τ):

αCF(τ) =
5

∑
q=−4

[α(q, τ)− α(q − 1, τ)]2 (3)

For empirical physiological time series, this index of multifractality is more stable than the
width of the singularity spectrum based on the Legendre transform [13].

2.3.2. Surrogate Data Analysis

We employed two generators of surrogate data [24]: (1) the “random phase” (RP)
algorithm that preserves the second-order statistics (e.g., the power spectrum) but not
the amplitude distribution by shuffling the phases of the Fourier spectrum; and (2) the
“iterative amplitude adjusted Fourier transform” (IAAFT) algorithm, which tries to preserve
both the power spectrum and the amplitude distribution through an iterative procedure of
gaussianization, phase randomization, and de-gaussianization. We created 100 surrogate
series for each PRP recording, both for the RP- and the IAAFT generator.

2.3.3. Statistical Comparison with the Surrogate Data

We tested the presence of multifractality at each τ by comparison with the surrogate
data. For each participant j, with 1 ≤ j ≤ 36, we first calculated the cumulative function
of the original series “O”, αO,j

CF (τ). Then we calculated the cumulative function of each of

100 RP-surrogate series i, αi,j
CF(τ), with 1 ≤ i ≤ 100, and their median values, αM,j

CF (τ). Finally,
we tested the presence of multifractality evaluating whether the cumulative function of the
original series, αO,j

CF (τ), was statistically greater than the median cumulative function of

the surrogate series, αM,j
CF (τ), at each scale τ, over the group of N = 36 participants, by the

Wilcoxon one-tailed paired test. The test was repeated for the IAAFT-surrogate series.
All the statistics were conducted using R (R Core Team, 2023) and RStudio (Posit

Team, 2023).

183



Entropy 2024, 26, 148

3. Results

3.1. MFMS-DFA and Cognitive Tasks

Figure 3 compares the α(q,τ) coefficients in the reference cycling condition C with
cycling playing Tetris alone, CT, or collaboratively, CTC. Color maps show the statistical
significance at p < 1% in bright yellow and point out marked alterations induced by the
cognitive tasks. Playing Tetris alone produces changes at two scales, around τ = 16 s
and τ = 64 s, mainly for positive moment orders (the differences quickly lose significance
for q < −1). The upper left panel shows that for q > 0, α(q,τ) decreases from C to CT. In
particular, for q = 2 (moment order of the monofractal DFA, dashed lines in Figure 3), the
scale coefficient at τ = 16 s decreases from the value of a fractional Brownian motion process
(α > 1) to the value of pink noise (α = 1) and at τ = 64 s decreases from pink noise to the
value of a fractional Gaussian noise (α < 0.8).

Figure 3. MFMS-DFA coefficients in C (a,b), CT (c), and CTC (d) and color maps of the statistical
significance of the Wilcoxon p comparing C vs. CT (e) and CTC (f); α(q,τ) in red for q < 0, blue for
q > 0, black for q = 0; dashed lines indicate q = 2 (moment order of the monofractal DFA).
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Playing Tetris collaboratively (CTC) produces marked changes too. While at τ = 64 s
the color map of C vs. CTC highlights the same α decrease we found in the C vs. CT
comparison, the decrease is less pronounced at τ = 16 s. Furthermore, playing Tetris
collaboratively slightly but significantly decreases α around τ = 32 s for q < 0.

3.2. Multifractality

Figure 4 compares the α(q,τ) functions for the original and surrogate series. Visually, a
lower dispersion of the multifractal coefficients is apparent at all the scales τ.

 

Figure 4. MFMS-DFA coefficients for original and surrogate series. α(q,τ) of the original series in
C (a), CT (b), and CTC (c); RP-surrogate series in C (d), CT (e), and CTC (f); and IAAFT-surrogate
series in C (g), CT (h), and CTC (i). For the original series, the figure shows the average over N = 36
participants; for the surrogate series, the median over 100 surrogates was calculated for each of the
N = 36 participants and the figure shows the average over N = 36 medians.

The visual trend is confirmed by Figure 5 which shows the degree of multifractality of
the original and surrogate series and their statistical comparison. The cumulative function
αCF(τ) is significantly lower for the surrogate data over most of the scales, indicating
an almost ubiquitous presence of multifractality at all τ’s. It is worth noting a greater
significance of multifractality in C than in CT or CTC at τ < 32 s for both the RP and IAAFT
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surrogates and a systematically larger p (i.e., lower significance) when the comparison is
performed against the IAAFT than the RP surrogate.

 

Figure 5. Multifractality cumulative function αCF(τ). Averages over 36 participants for the original
series and its RP- and IAAFT surrogates in C (a), CT (b), and CTC (c). Statistical significance p of the
difference between original and surrogate series in C (d), CT (e), and CTC (f): When p is above the
dashed lines at 5% and 1% levels, αCF is significantly lower for the surrogate than the original series
at the 0.05 and 0.01 statistical significance.

3.3. Stratification by Skill Level

Participants were subdivided into tertiles according to their Tetris best score. The
I tertile included 12 participants with a best score between 1400 and 7900; the II tertile
12 participants with a best score greater than 7900 up to 10,967; and the III tertile the
remaining 12 participants, with a best score from 10,967 to 32,200. Table 1 reports the
general characteristics of participants in each tertile separately. The three subgroups had
similar age and sex composition. They also reported similar scores for the perceived
workload of the three tasks, with greater scores for the dual tasks.

Table 1. Participants’ characteristics by tertiles of Tetris score.

I Tertile II Tertile III Tertile

Females/Males 4/8 5/7 3/9
Age (yoa) 34 (15) 32 (13) 28 (9)

NASA-Task Load Index of Total Workload
C 46.3 (27.8) 43.3 (21.2) 47.7 (11.3)

CT 64.7 (23.8) 60.3 (12.3) 66.7 (18.7)
CTC 65.3 (20.8) 67.0 (18.7) 63.3 (10.2)

Values as mean (standard deviation) for age, as median (interquartile range) for NASA-TLX questionnaire scores.
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The effects of playing Tetris, alone or collaboratively, are evident in the I tertile (partic-
ipants with the lower skill): By contrast, almost no effects of playing Tetris collaboratively
appear in the tertile with the highest skill level (Figure 6). The same high-skill participants,
however, when they played Tetris alone, that is, in the experimental condition where they
reached their best scores, showed a clear alteration in the α(q,τ) coefficients (CT vs. C) at
the scales around τ = 64 s and q > 0.

 

Figure 6. Wilcoxon p significance of the comparison of the MFMS-DFA coefficients between the
reference C vs. CT and CTC by tertile of Tetris score. Color codes as in Figure 3 compare C vs. CT in
the I (a), II (b), and III (c) tertile and C vs. CTC in the I (d), II (e), and III (f) tertile.

4. Discussion and Conclusions

This work applied the recently proposed MFMS-DFA to quantify for the first time the
scale-by-scale profile of the multifractal exponents of motor time series. Multiscale DFA
is common in studies on cardiovascular dynamics, and the MFMS-DFA has been already
used on heart rate and blood pressure beat-to-beat recordings. By contrast, multifractal
analyses of motor series never exploited the temporal structure of scale exponents, and
our work provides evidence supporting the feasibility of the MFMS-DFA also in these
studies. In particular, we considered an experimental design where concurrent cognitive
tasks during cycling limited the duration of the recordings to no more than 10 min. Such
short recordings make particularly important the statistical consistency of the α(q,τ) es-
timates that characterize the MFMS-DFA method, thanks to its strategy of maximizing
the overlapping between consecutive blocks. There are two other innovative solutions for
the assessment of fractal analysis that can be applied using the MFMS-DFA and that the
present work employs for the first time in a study on motor control. The first solution is
the possibility of progressively shifting the order of the detrending polynomials fitting
each block of data according to the block size n: The progressive increase from the first- to
the second order by mixing the scale coefficients with a weighted average allowed us to
efficiently remove second-order trends from the longer data blocks without introducing
important polynomial overfitting in the shorter blocks (see also the Appendix A). The
second solution is the use of the multifractal cumulative function for quantifying the degree
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of multifractality scale by scale: This index of multifractality is more stable compared to
the traditional width of the Legendre spectrum, which often exhibits “zigzag shapes rather
than the expected parabolic shape” on empirical series, as reported by other authors [9,25].

Our results highlighted the usefulness of a multiscale approach to multifractality
also for motor time series because the MFMS-DFA identified alterations in the PRP fractal
structure induced by the cognitive task, i.e., playing Tetris, separately at short (τ ≈ 16 s)
and long (τ ≈ 64 s) scales (Figure 3e). The alterations occurring at short and long scales
may have a different nature because the short-term alterations prevail in the less skilled
participants compared to the other volunteers (Figure 6a–c), while long-term alterations
appear with high statistical significance in the subgroup with the best Tetris scores in which,
by contrast, short-term alterations are almost absent. A multifractal structure presenting
different α coefficients at positive and negative moment orders q suggests that fractal
processes with different amplitudes are acting simultaneously, being the influence of the
fractal processes with lower amplitude amplified by q < 0 and decreased by q > 0 while the
opposite is true for the fractal processes with higher amplitude. Thus, our results suggest
that playing Tetris influences significantly the fractal processes with larger amplitude.

When Tetris was played in collaboration with another participant, the MFMS-DFA
suggested a reorganization of the interactions among neural networks that may alter the
fractal components with a lower amplitude (Figure 3d). The stratification by skill level
provides further insights. While the multifractal structure of the PRP time series was again
importantly altered in the less skilled subgroup (Figure 6d), we did not find significant
alterations induced by the collaborative task in the subgroup with the best Tetris score,
over the whole range of scales and for all the moment orders (Figure 6f). The present
work, aimed at evaluating the applicability of the MFMS-DFA for assessing the fractal
dynamics of human movements, is not designed to identify the mechanisms underlying
the adaptations of brain motor centers during dual-task performance. However, our results
appear consistent with the hypothesized phenomenon of dual-task interference, meaning
that the performance of a specific task is impaired when the task is executed simultaneously
with another task [15]. An explanation of dual-task interference is a limitation in the
cognitive capacity of processing the flow of information. The latter has been experimentally
associated with the limited recruitment of the neurons in the lateral prefrontal cortex: These
neurons may be overloaded by the task-relevant information that increases proportionally
with the demands of the concurrent tasks [26]. In our participants, we found significant
changes in the MFMS-DFA of the PRP series at different scales and in all moment orders
when cycling was performed while playing Tetris (Figure 3). These changes support the
hypothesis that playing Tetris interferes with cycling. Actually, the dual-task performance
is perceived as more demanding than the single task, according to the scores of the NASA-
TLX questionnaire (Table 1). Interestingly, the NASA-TLX scores appear similarly high in
CT and CTC compared to the single task in all the tertiles of Tetris best score. This indicates
that the dual task was perceived as equally challenging by both more skilled and less skilled
players. However, CTC is expected to be less cognitively demanding than CT, since the
player can focus on one of the two actions of the Tetris game only: block rotation or block
shift. Thus, we may hypothesize that in the less skilled players, the higher brain centers
involved in the dual tasks were overloaded by the cognitive task of playing Tetris even
when Tetris was played together with another participant. We may also hypothesize that
in contrast the task of playing Tetris collaboratively was much less demanding for more
skilled players. Thus, in the higher tertile of participants, the lower flow of information
to be processed to play Tetris collaboratively allowed the higher brain centers to better
elaborate the information required for the motor task of cycling. This would explain why
in terms of the multifractal multiscale dynamics, the PRP series of the more skilled players
did not differ substantially when cycling was executed as the single task or while playing
Tetris collaboratively.
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A final comment regards the assessment of multifractality by the MFMS-DFA ap-
proach. The multifractal cumulative function, αCF, was able to significantly identify the
multifractality, which is expected in cyclic motor time series, over a wide range of scales. By
describing the degree of multifractality as a function of τ, αCF showed a stronger statistical
significance at the larger scales (τ > 32 s, Figure 5), suggesting the superposition of fractal
processes with long dynamics. In the comparison with the surrogate data, αCF was also
sufficiently sensitive to quantify more significant differences with the RP than the IAAFT
surrogates, indicating that nonlinear dynamical components affect not only the Fourier
phase but also the amplitude distribution of the PRP values [24].

In conclusion, the recently proposed MFMS-DFA provides statistically consistent
estimates of the multifractal dynamics when applied on the relatively short time series
typical of the studies on the interactions among the neural networks involved in motor
control and cognitive processes. Its ability to quantify the multifractal structure separately
over different ranges of scales may help to better identify the underlying mechanisms, with
promising perspectives in the diagnosis of motor disorders and on the course monitoring
of diseases affecting the neural networks involved in motor control.

Limitations

Since the aim of the study was to evaluate the feasibility of the MFMS-DFA approach,
the results should be considered carefully before proposing physiological interpretation
or if they should be the reference in healthy controls for future comparison with diseased
conditions. First, we may expect gender differences that require a larger population than the
number of participants, 2/3 males and 1/3 females, enrolled in the present work. Second,
our participants are healthy, young and middle-aged adults, and for future evaluations
of the effects of specific diseases, likely to affect older ages, healthy volunteers properly
matched by age with the patients are required.
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Appendix A

Possibly present long-term drifts in the recordings may influence the DFA coefficients,
and trend removal is generally recommended [27]. Drifts can be removed by subtracting
linear or quadratic polynomials least-square fitting the series. However, to calculate Fq(n)
in Equation (1), the DFA already detrends each block of size of n samples by a polynomial
fitting. In our approach, we used both first- and second-order detrending polynomials,
which may have mitigated differently the effects of long-term drifts. Thus, to evaluate how
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importantly long-term drifts may have influenced our results, we calculated the MFMS
DFA coefficients, α(q,τ), without drift removal and removing linear or quadratic drifts. This
was carried out using both detrending polynomials of first and second order (Figure A1).
The results show that when the second-order polynomial detrending is used within each
block of size n, the α(q,τ) coefficients without or with drift removals are virtually identical.
This means that long-term linear or quadratic drifts are automatically removed at all the
scales by the DFA method itself which employs the second-order detrending.

Figure A1. Scale coefficients after quadratic (a–f) or linear (g–l) drift removal or without drift removal
(m–r) calculated with first- or second-order detrending in each of the three experimental conditions.
Colors as in Figure 2.

We also calculated α(q,τ) coefficients using the first-order detrending to avoid overfit-
ting effects. Figure A1 shows that in this case only the coefficients estimated at the larger
scales (τ > 30 s) are influenced by the drift removal.

Our final estimate mixes the two detrending orders with a weighted average of
the α(q,τ) coefficients after first- and second-order detrending. In the weighted average,
estimates with first-order detrending prevail at the shorter scales (to remove the overfitting
effect) but have no weight at the larger scales to fully detrend the larger blocks with a
parabolic fitting. Thus, we do not expect any substantial influence of drift removal on our
estimates. This is confirmed by Figure A2: The mixed coefficients, calculated either without
or with drift removal, are virtually identical.
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Figure A2. MFMS DFA coefficients estimated with a weighted average of the scale coefficients
obtained by first- and second-order detrending: values calculated after quadratic (a–c) and linear
(d–f) drift removal and without drift removal (g–i). Colors as in Figure 2.
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Abstract: Spike structures appear in several phenomena, whereas spike trains (STs) are of
particular importance, since they can carry temporal encoding of information. Regarding
the STs of the biological neuron type, several models have already been proposed. While
existing models effectively simulate spike generation, they fail to capture the dynamics of
high-frequency spontaneous membrane potential fluctuations observed during relaxation
intervals between consecutive spikes, dismissing them as random noise. This is eventually
an important drawback because it has been shown that, in real data, these spontaneous
fluctuations are not random noise. In this work, we suggest an ST production mechanism
based on the appropriate coupling of two specific intermittent maps, which are nonlin-
ear first-order difference equations. One of these maps presents small variation in low
amplitude values and, at some point, bursts to high values, whereas the other presents
the inverse behavior, i.e., from small variation in high values, bursts to low values. The
suggested mechanism proves to be able to generate the above-mentioned spontaneous
membrane fluctuations possessing the associated dynamical properties observed in real
data. Moreover, it is shown to produce spikes that present spike threshold, sharp peak
and the hyperpolarization phenomenon, which are key morphological characteristics of
biological spikes. Furthermore, the inter-spike interval distribution is shown to be a power
law, in agreement with published results for ST data produced by real biological neurons.
The use of the suggested mechanism for the production of other types of STs, as well as
possible applications, are discussed.

Keywords: spike train; artificial neural networks; biological neurons; intermittency;
criticality; tricriticality; phase transitions

1. Introduction

Spike structures appear in the natural world in several phenomena, for example in
astrophysical phenomena (diffraction spikes) [1–3], in laser devices [4–6], in biological ner-
vous systems [7–10], and in biological structures, such as spike proteins and the coronavirus
(e.g., COVID-19) [11–15]. Especially in the class of the dynamical-in-time spikes (spike
train), spikes play a very important role because these structures carry information in time.
The most typical example of a spike train (ST) is the action potential of biological neurons
that carries the stimulus information in the biological neural network. The membrane
potential of a biological neuron consists of two parts: (a) the action potential (voltage
spikes), and (b) the relaxation time intervals (characterized by high-frequency voltage

Entropy 2025, 27, 267 https://doi.org/10.3390/e27030267
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fluctuations). Figure 1a depicts a typical segment of a membrane potential time series,
where the ST and the relaxation time intervals (high-frequency fluctuations) between the
spikes are shown. Figure 1b presents a zoom-in to one of the spikes of Figure 1a, along with
the pre- and after-spike high-frequency fluctuations. The experiment through which the
specific membrane potential time series was acquired is described in detail in [16], whereas
the time series was first presented and analyzed in [17]. Figure 1b is the same as Figure 3a
of [17].

Figure 1. (a) Biological membrane potential V(t) of neuron 089s1c1 from in vitro intracellular
recordings of CA1 pyramidal neurons of Wistar male rats (adopted from [17]). (b) Zoom-in to a spike
from Figure 1a, along with pre- and after-spike high-frequency fluctuations. The horizontal dashed
red line, denoting the firing threshold, highlights the fact that the after-spike mean level is lower than
the pre-spike one (hyperpolarization phenomenon).

When the membrane potential reaches a threshold (denoted by the red line in
Figure 1b), the biological neuron fires and generates a signal (spike). This is a tempo-
ral process. The individual spikes of Figure 1 present specific morphological characteristics.
They present a sharp peak, a firing threshold and the biological phenomenon of the hy-
perpolarization; that is, the fall part of spike goes lower than the pre-spike relaxation
values as in Figure 1b. Moreover, as shown in [16,17], the zone of high-frequency fluctua-
tions between the spikes obeys dynamics that are met in the description of magnetization
fluctuations near the critical point [16,18,19] (see also Section 2).

In the present work, we focus on STs of the biological neuron type, as in Figure 1.
The main scope of this work is to investigate what mechanism could create such an ST.
Several models have already been proposed that capture aspects of the biological neuron
functioning or suggest simplified, computationally efficient alternatives, e.g., refs. [7,20–23].
However, these cannot reproduce the above-mentioned dynamics of the high-frequency
fluctuations found in the relaxation intervals. This is important because it means that
these cannot reproduce the spontaneous emergence of membrane fluctuations [16]. If
there is really an ST production mechanism that could fill this gap, understanding it could
help us design an artificial neural network (ANN) closer to the functioning of a biological
neural network.

Although ANNs were inspired by the functioning of the nervous system (and brain) of
living organisms, they have so far embodied a subset of biological neural systems’ features.
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Thus, despite their extended and particularly successful use in pattern recognition and
machine learning in general (including the relatively recent example of deep learning), they
need to be further developed to fully emulate biological neural systems functioning.

In this direction, in recent years, significant efforts have been made to enrich the ANNs
with additional features of the biological neural systems, such as with the creation of STs. It
is reminded that when the membrane potential reaches a threshold in biological neurons,
the biological neuron fires and generates a (time-evolving) ST signal. Thus, the effort to
introduce time into ANNs through the threshold mechanism has recently begun with the
aim of creating spikes. An ANN which does not transmit information at each propagation
circle but transmits information only when a certain threshold is crossed is called a spiking
neural network (SNN) [20,24–29]. Until now, the most prominent SNN seems to be the
leaky integrate-and-fire model [30]. After firing, the state variable is reset to a lower value
(as in the biological neurons hyperpolarization phenomenon). Spike-based activation of
SNNs is not differentiable, thus, making it difficult to develop gradient-descent-based
training methods to perform error backpropagation [31,32]. One way to overcome this
problem is to use the sigmoid function, which is differentiable, as an approximation of the
Heaviside step function [17,33]. Various techniques have been developed in order to equip
SNNs with improved learning capabilities, elevating computational efficiency [33–37].
However, learning mechanisms for SNNs, including SNNs that present inhibition, cannot
yet be considered a solved issue [38].

Our approach to the topic of ANNs and the challenge of simulations as close as
possible to biological reality is quite different from the predominant research directions
in this field. First, in [16], we studied the biological neuron and showed that the high-
frequency fluctuations which appear in the relaxation intervals follow the critical dynamics
as expressed through the critical intermittency type I map (see Section 2). Then, we
introduced the so-called Hybrid Model (HM) [17]. This model is based on key concepts of
the stochastic Hopfield ANNs with an important difference: instead of using the classical
Boltzmann probability to calculate the statistical weights that spread the information in
the ANN from layer to layer, HM uses Fermi Statistics because this interprets the {+1,−1}
duality as fermions. The term “hybrid” highlights the mixing of ANN formalism and
basic principles of Physics. Although HM succeeded in producing the fractal structure
of inter-spike intervals and the dynamics of the high-frequency fluctuations found in the
relaxation intervals, the morphology of individual spikes was not always close enough to
that of real biological ones. HM spikes presented high fluctuations in spike heights and
stepped morphology at the repolarization part (fall part), while some individual HM spikes
presented flat tops.

Continuing in the above-presented direction, in the present work, we suggest a mech-
anism for the production of STs in the form of a rigorous formalism based on the phe-
nomenon of intermittency. Thus, the aim of the work is to propose a mechanism that is
capable of producing STs that resemble the biological ST shown in Figure 1, in terms of
the key morphological characteristics of individual spikes, the fractal structure of inter-
spike intervals, and the dynamics of the high-frequency fluctuations observed in the
relaxation intervals.

The rest of the paper is organized as follows: Section 2 presents key information
about intermittency, a critical intermittency type I map and a tricritical intermittency map,
focusing on the fact that they behave as “complementary” repellors. Section 3 presents
the proposed ST production mechanism based on the appropriate coupling of critical and
tricritical intermittency. Its generalized form and the details on its operation using the
abovementioned maps are presented in Section 3.1. Section 3.2 demonstrates its application
through a numerical experiment that produces an ST whose individual spikes share key
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morphological characteristics with the real biological spikes of Figure 1. The dynamical
and fractal characteristics of the produced ST are analyzed in Section 4 and proven similar
to those of the real biological spikes of Figure 1. Section 4.1 focuses on the dynamics of
the relaxation intervals’ high-frequency fluctuations, whereas Section 4.2 focuses on the
fractal structure of inter-spike intervals. A discussion on the future further investigation of
the proposed mechanism, its connection to biological neuron functions/processes and its
possible applications is provided in Section 5. Finally, Section 6 summarizes the conclusions.

2. Intermittent Dynamics

Based on previous works [16,17], which demonstrate that the high-frequency ampli-
tude fluctuations of the time intervals between spikes obey critical intermittency dynamics,
we examine the idea that a mechanism for ST production can be proposed based on the
dynamics of intermittency. The phenomenon of intermittency consists in the temporal
alternation of regions of low amplitude fluctuations, called “laminar regions”, with regions,
which demonstrate high amplitude fluctuations (bursts).

It has been demonstrated that the fluctuations of the order parameter in simulated
thermal systems close to the critical point, which signals the transition from paramagnetic
to ferromagnetic behavior in magnetic systems, are mathematically described by the critical
intermittency type I map [18,19]:

φn+1 = φn + u1φz1
n + εn, (1)

where u1 > 0, z1 > 0 and εn is a uniform “noise”, εn ∈ [−ε1,+ε1]. Note that in case that
the exponent is not an integer, the nonlinear term should be used as +u1|φn|z1 . The map of
Equation (1) will hereafter be referred to as “map1”.

As shown in [18,19], if φn denotes the fluctuations of the order parameter, then the
exponent z1 is connected to the isothermal critical exponent δ, which characterizes the
above-mentioned transition, with the relation:

z1 = δ + 1. (2)

Figure 2 depicts a time series constructed using Equation (1) that presents the above-
mentioned alternation between laminar regions and bursts. In Figure 2, the start of the
laminar region is φ0 = 0, whereas the end of the laminar region has been considered to
be φL = 0.2. This means that the time series remains within the laminar region as long as
φn ∈ [φ0, φL]; in this example it is φn ∈ [0, 0.2]. The way to construct a numerical simulation
that produces an intermittent time series, as in Figure 2, is the following. One starts from a
random value inside the laminar region. Each next value is calculated from the previous
value using an appropriate recurrence relation, e.g., the intermittent map of Equation (1),
until a burst ends. Then the trajectory randomly returns to the laminar region, and so on. A
burst ends when the next value calculated by the recurrence relation exceeds a predefined
high threshold, e.g., the value 0.65 for the time series of Figure 2. At this point, instead of
using the calculated as the next value, a new value inside the laminar region, e.g., inside the
interval [0, 0.2] for the time series of Figure 2, is used in its place. In this return mechanism,
if the burst ends are considered as the input values, then the laminar region values are the
output values. In this sense, the return from the burst region back to the laminar region is a
kind of “feedback” mechanism.

196



Entropy 2025, 27, 267

Figure 2. An intermittent time series in which it has been considered that the region from 0 up to
0.2 (bounded upwards by the red horizontal line) is the laminar region and all values above this zone
correspond to bursts.

In nature, many phenomena present intermittent dynamics [39], producing intermit-
tent time series. In other words, intermittency presents universality. Could the universality
of intermittency lead to a universal ST production mechanism? The waveform of a spike
comprises a rise part and a fall part (see Figure 1b). The map of Equation (1) can produce
the rise part, but what about the fall part?

It is known from the theory of critical phenomena [40] that there is a region where a
second-order phase transition, characterized by critical behavior, meets a first-order one,
characterized by an abrupt change. This is accomplished around the so-called Griffiths
tricritical point. As has been shown in [41], the thermal fluctuations of the order parameter
near this point are described by another intermittent map of the form:

φn+1 = φn − u2φ−z2
n + εn, (3)

where u2 > 0, z2 > 0 and εn is a uniform “noise”, εn ∈ [−ε2,+ε2]. Note that, as in
Equation (1), in case the exponent is not an integer, the nonlinear term should be used as
−u2|φn|−z2 . The map of Equation (3) will hereafter be referred to as “map2”. The negative
sign of the nonlinear term and the negative exponent ensure that the values fall. The reader
should keep in mind that, according to the previous discussion, map1 can be called the
critical intermittency type I map and map2 the tricritical intermittency map.

The two maps of Equations (1) and (3), i.e., map1 and map2, are repellors with respect
to their fixed points. The fixed point of map1 is at zero (marginally unstable) and its
nonlinear term leads the trajectory to higher values (rise), departing from its fixed point
and allowing the trajectory to approach the fixed point of map2, which lies at a high value
(theoretically infinity). Similarly, the fixed point of map2 is also marginally unstable and its
nonlinear term leads the trajectory to lower values (fall), departing from its fixed point and
allowing the trajectory to approach the fixed point of map1. Figure 3 presents an example
of return plots of these two maps: on the left is the critical intermittency type I (map1)
and on the right is the tricritical intermittency (map2). As can be seen from Figure 3, the
nonlinear term u1φz1

n of map1 drives the trajectory away from the laminar region, marked
as “laminar1” (φn ∈ [(φ0)1, (φL)1]), by leading to higher values, moving it away from the
bisector. This can be considered an “excitatory” process in biological neuron terms. On the
contrary, the nonlinear term −u2φ−z2

n of map2 drives the trajectory away from the laminar
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region, marked as “laminar2” (φn ∈ [(φL)2, (φ0)2]), by leading to lower values, moving
it away from the bisector. This can be considered an “inhibitory” process in biological
neuron terms. In that sense, these two intermittent maps, map1 and map2, can be seen as
“complementary” repellors.

Figure 3. Typical examples of the return plots of the map1, given by Equation (1) (green), and the
map2, given by Equation (3) (blue). The laminar region in both maps is the part of the trajectory
that closely follows (is almost parallel to) the bisector (red line). A zoom-in to each laminar region,
laminar1 and laminar2, is presented in the corresponding insets. As soon as the trajectory begins to
move away from the bisector, the map has entered the bursts region. Such plots can be constructed
for various combinations of the parameters’ values in Equations (1) and (3), moving the two laminar
regions closer or further away from each other.

3. Spike Train Production Mechanism Based on Intermittency Dynamics

3.1. Suggested Spike Train Production Mechanism

Based on the complementary repellor behavior of the critical and tricritical intermit-
tent maps presented in Section 2, it is expected that an appropriate coupling of these two
maps, which would allow their temporal alternation, “ map1 � map2”, each time one
of the maps crosses a certain threshold value—φTh1 (for map1) and φTh2 (for map2)—at
the end or outside the corresponding laminar region, could indeed lead to ST produc-
tion. Generalizing this suggestion, an appropriate coupling of any critical intermittency
“model” with any tricritical intermittency “model”, which would allow a corresponding
“ critical intermittency � tricritical intermittency ” temporal alternation with the switching
criterion being the crossing of the matching thresholds, could also lead to ST production
(Figure 4). By the terms critical intermittency “model” and tricritical intermittency “model,”
we mean any methods of generating time series that exhibit the corresponding dynam-
ics, such as mathematical expressions, ANNs, or even appropriately using parts of real
recorded time series.
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Figure 4. Suggested spike train production mechanism based on intermittency dynamics.

Let us see how the suggested spike train production mechanism can be defined
in detail, using map1 and map2 as critical intermittency and tricritical intermittency
“models”, respectively.

As already mentioned, the “ critical intermittency � tricritical intermittency ” tempo-
ral alternation is performed with a switching criterion: the crossing of a threshold value
at the end or outside the corresponding laminar region. For the “ map1 � map2” case,
let us suppose that the procedure starts with map1. For map1, the initial conditions are
a low value φn=0 ∈ laminar1 and εn=0 ∈ [−ε1,+ε1]. As long as map1 produces values
φn+1 ∈ laminar1, the switch in Figure 4 remains at the upper position that connects map1
output to the system’s output. As soon as the trajectory crosses upwards the threshold
φTh1, i.e., as soon as a next value φn+1=k > φTh1 is calculated (and before this reaches the
system’s output), this triggers the switch in Figure 4 to change to the lower position. At this
position, the switch connects the system’s output to the map2 output, which starts at a high
value φk ∈ laminar2. As long as the next values produced by map2 remain within laminar2,
i.e., as long as φn+1≥k ∈ laminar2 holds, the switch in Figure 4 remains at the lower position
that connects the map2 output to the system’s output. As soon as the trajectory crosses
downwards the threshold φTh2, i.e., as soon as a next value φn+1=m>k < φTh2 is calculated
(and before this reaches the system’s output), this triggers the switch in Figure 4 to change
back to the upper position. At this position, the switch connects the map1 output to the
system’s output, starting at a low value φm ∈ laminar1 and so on.

The two thresholds, φTh1 and φTh2, controlling the switch operation and, consequently,
the coupling mechanism, depend on the considered critical intermittency and tricritical
intermittency “model” parameters as well as on the targeted ST. In the case of STs of the
biological neuron type, φTh1 = (φL)1, which is the end of the laminar region of map1, while
φTh2 = (φ0)1, which is the fixed point of map1. It is noted that φTh1 signifies the firing
threshold and, therefore, the start of each spike. Setting φTh2 = (φ0)1 ensures that after each
spike the trajectory returns to a value lower than the firing threshold, thus, reproducing
the hyperpolarization phenomenon.

In the following, we will examine whether the suggested mechanism, using map1 and
map2, can indeed produce an ST resembling a biological neuron ST, such as the one shown
in Figure 1.

3.2. Spike Train Production Example

By setting specific values for all the parameters of map1 (Equation (1)) and map2
(Equation (3)), as well as for φTh1 and φTh2 (see Section 3.1), a numerical experiment can
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be performed that demonstrates the effectiveness of the coupling mechanism suggested
in Section 3.1. A set of such values is (a) map1 {z1 = 4, u1 = 0.011, ε1 = 0.0175}, (b) map2
{z2 = 5, u2 = 17, ε2 = 0.07}, and (c) switching thresholds {φTh1 = 0.31, φTh2 = 0}. The
specific φTh1 and φTh2 values are, respectively, the end of the laminar region and the fixed
point of map1 for the above-mentioned map1 parameters, following the rule mentioned in
Section 3.1 for the production of STs of the biological neuron type. The return plots of each
map for the above-mentioned parameters, without any coupling between them, are shown
in Figure 5.

Figure 5. Return plots of map1 (green) and map2 (blue), uncoupled, for the maps parameters values
used in our numerical experiment (see text). Red line denotes the bisector.

In our example, the high value of the laminar region of map2 at which the trajectory
starts upon switching to map2 has been set to be φk = 3 ∈ laminar2. Thus, the switch from
map1 to map2 means a jump to the value 3. Correspondingly, both the initial value and
the low value upon switching to map1 have been set to be φn=1 = φm = 0 ∈ laminar1,
i.e., the fixed point of map1. Therefore, the switch from map2 to map1 means a jump
to the value 0. Although in our experiment the values at which each map starts upon
switching were fixed, the randomness in the coupling between the two maps is ensured
by the random number generators, which are used to generate the “noise” terms εn of
map1 and map2 (see Equations (1) and (3)). Thus, each time the trajectory enters the
laminar region of each map, a different path is followed due to the term εn included in
both Equations (1) and (3), and, consequently, different laminar lengths L, i.e., waiting
times within the laminar region (see also Section 4.1), are produced. This randomness is
enough and there is no need to introduce additional randomness at the entry points for
each laminar trajectory. However, this certainly does not rule out sending the trajectory at
a random point of the corresponding laminar region upon switching, which is not affecting
the results.

The experiment was run until the algorithmic time n = N = 3, 000, 000, i.e., until the
length of the time series reaches a target value of N = 3, 000, 000 points. The pseudocode
that produces the ST time series is shown in Figure 6, whereas the Matlab v. 2024a source
code for the numerical experiment is provided in the online available Supplementary
Material of this article. The produced ST time series is shown in Figure 7a. It is noted that
such a long length for the time series was selected for two reasons. Primarily, to achieve a
population of spikes sufficient for inter-spike intervals statistical analysis (see Section 4.2).
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But also, to tighten the 95% confidence intervals (95%CI) of the estimated values during
the analysis presented in Sections 4.1 and 4.2.

 

% De nition of parameters 
 parameters: , ,  
 parameters: , ,  

switching thresholds: ,  
trajectory start values upon switching: ,  
length of the ST time series:  
 

% Uniform noise production 
 
 

 
% Production of the ST time series  according to Section 3.1 

 
% Set the first value of the ST time series and the first value of the current switch  
% status flag  [possible values: 1 ] 

 
 

 
% Production of the rest of the ST time series values 

FOR  
       IF {  AND } 
               
               
              IF  
                      
                      
              END IF 
       ELSEIF {  AND } 
               
               
              IF  
                      
                      
              END IF 
       END IF/ELSEIF 
END FOR 

Figure 6. Pseudocode for the production of the ST time series presented in Figure 7.
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Figure 7. (a) The time series produced by the ST production mechanism suggested in Section 3.1,
using the parameters: map1 {z1 = 4, u1 = 0.011, ε1 = 0.0175}, map2 {z2 = 5, u2 = 17, ε2 = 0.07},
switching thresholds {φTh1 = 0.31, φTh2 = 0}. Only the first 300,000 points of the produced 3,000,000-
points-long time series are shown, so that the spike pattern is clearly visible. (b) A spike from the time
series of Figure 7a where the spike threshold and the hyperpolarization phenomenon are marked.

As can be seen from Figure 7a, the time series produced by the mechanism suggested in
Section 3.1 is an ST. From Figure 7b, it is clear that the generated spikes present sharp peaks,
the spike threshold, and the phenomenon of hyperpolarization, which are signatures of
biological neuron-type spikes (see Figure 1b). In our suggested ST production mechanism,
the external excitation parameter (external field) is absent. The intermittency is an “internal”
dynamic with feedback mechanisms between the region of smooth fluctuations (laminar
region) and the region of strong fluctuations (bursts). Therefore, the imposition of external
fields would destroy this internal self-organization.

The coupling of the two intermittent maps successfully generates STs of the biological
neuron type, as they exhibit key characteristics of STs produced by biological neurons.
Beyond the morphological resemblance of the individual spikes—sharp peaks, spike thresh-
old, and hyperpolarization—, both the dynamics of the relaxation intervals fluctuations
and the fractal nature of biological neuron STs are also reproduced by the suggested spike
train production mechanism, as shown in Section 4.

4. Dynamical and Fractal Characteristics of the Produced Spike Train

4.1. On the Dynamics of the Relaxation Intervals’ High-Frequency Fluctuations

In this section, we study the dynamics of the relaxation intervals’ high-frequency
fluctuations for the ST presented in Section 3.2, produced by the mechanism suggested in
Section 3.1. In [16], it was found that the high-frequency fluctuations of Figure 1a for the
biological neuron obey the critical dynamics as expressed through the intermittency map
type I (map1, Equation (1)). The use of map1 in the suggested ST production mechanism
serves the reproduction of this dynamics. This dynamics is determined from the distribu-
tion of the laminar lengths L (see below) of the intermittency. According to [39], for the
map1, this distribution is a power law of the form:

P(L) ∼ L−p, (4)
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where p = z1/(z1−1). Due to Equation (2) we have that:

p = 1 + (1/δ). (5)

Given the fact that 1 < δ < ∞, from Equation (5), it results that the critical intermit-
tency exists for exponent values p ∈ [1, 2). According to [41], the map2 laminar lengths’
distribution is also given by the Equation (4), where it is now:

p =
z2

z2 + 1
=

δ + 1
δ + 2

. (6)

Given the fact that 1 < δ < ∞, from Equation (6), it results that the tricritical intermit-
tency exists for exponent values p ∈ [0.66, 1).

The method of critical fluctuations (MCF) [18,19,42] is used for the estimation of the
exponent p in a time series. According to MCF, it has been found [16] that the relaxation
intervals’ high-frequency fluctuations of the biological neuron of Figure 1a obey critical
intermittency with exponent p = 1.37. This exponent is very close to the value 1.33, which
results from Equation (5) for δ = 3 and indicates the mean field theory (MFT) universality
class of critical phenomena [40].

In the following, we apply the MCF to the relaxation intervals’ high-frequency fluctu-
ations of the 3,000,000-points-long ST time series produced in the numerical experiment
presented in Section 3.2. The application of MCF to an ST is demonstrated with the help
of Figure 8. The red-colored level marked in Figure 8a denotes the lower value φred of the
ST, whereas the blue-colored level denotes a higher value φblue : φred < φblue < φTh1 and is
treated as a free parameter. The levels φred and φblue delimit a “laminar region” for the ST
time series, which is actually a subset of laminar1 of map1. The laminar lengths L are the
waiting times of the ST time series inside this zone. Thus, the laminar lengths are the num-
ber of successive φ-values obeying the condition φred < φ < φblue. As already mentioned,
the φblue value is a free parameter. This means that all values φred < φ < φTh1 are examined
as possible φblue values, while the examination is performed exhaustively by progressively
increasing the number of equally spaced values covering the whole amplitude range until
the best power-law distribution of laminar lengths is found. As soon as the laminar lengths
distribution is calculated, the following fitting function is used in order to estimate the
power-law exponent:

g(L) ∼ L−p2 e−p3L. (7)

The specific fitting function is a truncated power-law function, where p2 is the expo-
nent of the power-law factor, and p3 is the exponent of the exponential corrective term.
If the estimated p3 exponent is close to zero, the distribution tends to the scaling form of
Equation (4); thus, p2 is an estimate of the exponent p. As already mentioned, if p ∈ [1, 2),
then the time series has been produced by a system that is in its critical state. Therefore,
the exponent p3 is a measure of how close the system is to criticality if simultaneously
p2 ∈ [1, 2).

We applied the fitting function of Equation (7) to the distribution of laminar lengths
of Figure 8b, calculated for φred = −0.64 and φblue = 0.07, and estimated the values of
the exponents p2 and p3 by nonlinear least squares optimization using the trust-region-
reflective algorithm [43]. We found p3 = 0.001 with a 95% CI : (−0.001, 0.002) and
p2 = 1.372 with a 95% CI : (1.364, 1.381). Note that in this experiment, φblue = 0.07 is not
the only φblue value leading to p3 ≈ 0 (here considered as any p3 ∈ [0, 001]). However,
using any of these φblue values lead essentially to the same results. The obtained p2 and
p3 exponents indicate the critical dynamics of the relaxation intervals’ high-frequency
fluctuations of the ST produced by the mechanism suggested in Section 3.1. Moreover,
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the value of this exponent p2, on the one hand, is very close to the theoretical one for
the MFT (δ = 3), which is p = 1.33, and on the other hand, it is practically identical to
the value of the exponent p = 1.37 that has been determined in [17] for the membrane
potential relaxation intervals’ high-frequency fluctuations of the biological neuron ST of
Figure 1. Note that running the same numerical experiment again with different seeds
for the pseudorandom number generators may lead to different φblue values that lead to
p3 ≈ 0. However, as soon as the φblue value leading to p3 ≈ 0 is determined, the p2 value,
resulting from the application of the fitting function of Equation (7) to the distribution of
laminar lengths, remains essentially the same.

Figure 8. (a) The ST time series produced by the numerical experiment of Section 3.2 (also depicted
in Figure 7a). The laminar region of the high-frequency fluctuations of the relaxation intervals was
found to be bound between φred = −0.64 (red horizontal line) and φblue = 0.07 (blue horizontal line).
(b) The distribution of laminar lengths resulting from the laminar region marked in Figure 8a. The
estimated exponent values by fitting Equation (7) are: p2 = 1.372, p3 = 0.001, with goodness of fit
R2 = 1.000. Although only the first 300,000 points of the analyzed time series are shown in Figure 8a,
the distribution was calculated using the total length of the time series (3,000,000 points).

4.2. On the Distribution of Inter-Spike Intervals

In this section, we calculated the distribution of the inter-spike intervals (distances
between successive spikes) for the time series produced by the numerical experiment of
Section 3.2. The distribution of inter-spike intervals for the 3,000,000-points-long ST time
series is a power law of the form P(s) ∼ s−1.372 (Figure 9), proving the fractal structure of the
portrait of the ST produced by the mechanism suggested in Section 3.1. This is yet another
similarity to the STs produced by biological neurons, such as the one presented in Figure 1,
which also exhibit a similar fractal structure [17]. It should be noted that the exponent of
the inter-spike intervals power law is dependent on the selected parameters to conduct
the numerical experiment. It is noted that the distribution was also fit to the truncated
power-law function of Equation (7), also by nonlinear least squares optimization using
the trust-region-reflective algorithm [43], and the result was identical to the fitting of the
laminar lengths’ distribution of Figure 8b, i.e., p3 = 0.001 with a 95% CI : (−0.001, 0.002)
and p2 = 1.372 with a 95% CI : (1.364, 1.381) with goodness of fit R2 = 1.000.

204



Entropy 2025, 27, 267

Figure 9. The distribution of the inter-spike intervals of the 3,000,000-points-long ST time series
produced in the numerical experiment of Section 3.2 is a power law of the form P(s) ∼ s−1.372.

5. Discussion

Criticality in nature is a universal phenomenon. Since critical dynamics are a key
constituent element of the ST production mechanism suggested in Section 3.1, which is
clearly reflected on the produced ST time series, it is expected that the suggested mechanism
is universal. So, in future work, we intend to study additional critical and tricritical
intermittency “models” (other than map1 and map2) within the framework of the ST
production mechanism suggested in Section 3.1, both as alternatives to the production of
STs of the biological neuron type and to investigate the production of other ST types found
in different phenomena.

It has been shown in the pioneering work of Hodgkin et al. [7], that an ST, presenting
the morphological characteristics of an ST produced by a biological neuron, can successfully
be produced by the solution of the differential equations of an electrical circuit, known as
the Hodgkin–Huxley model. As already mentioned in the Introduction Section, several
other models have been proposed since its introduction, trying either to capture aspects
of the biological neuron functioning or to suggest simplified, computationally efficient
alternatives [20–23]. However, these cannot reproduce the dynamics of the high-frequency
fluctuations found in the relaxation intervals [16,17]. But why does the coupling of the two
types of dynamic intermittency succeed in producing STs that exhibit similarity to biological
neurons in terms of the morphology of individual spikes, the power-law distribution of
the inter-spike intervals and the dynamics of the relaxation intervals’ high-frequency
fluctuations? Can this coupling of critical and tricritical intermittency be attributed to
biological neuron functions/processes and under which conditions? The answer to these
questions is more of a neuroscience problem and, thus, beyond the scope of the present
work. However, we would like to propose, as a working hypothesis, that the two types of
dynamic intermittency may be “hidden” in the sodium–potassium pump mechanism and
possible feedback mechanisms between ionic transportation through the membrane and
the membrane potential under specific conditions [17].

It has been suggested that biological neuron ST patterns serve as a kind of time
encoding to pass messages across the nervous system and brain [44], while several efforts
have been made to mimic this encoding with artificial systems, e.g., Refs. [44–46], as well as
to achieve brain–machine interface [47] and to exploit it for cryptography applications, e.g.,
Refs. [48–50]. The STs produced by the mechanism proposed in Section 3.1 can produce
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STs with a variety of ST patterns, depending on the intermittency “models” parameters
(e.g., map1 and map2 parameters), switching rules and pseudorandom number generator
parameters. Thus, the proposed mechanism may be useful as an alternative for encryption
and cryptography applications.

6. Conclusions

The findings of the present work prove that a coupling between the critical intermit-
tency and the tricritical intermittency can lead to the production of STs. The individual
spikes of the produced STs present the key morphological characteristics of biological
spikes (sharp peak, spike threshold and hyperpolarization phenomenon). Moreover, the
inter-spike interval distribution is a power law, whereas the high-frequency fluctuations
found in the relaxation intervals present critical dynamics that belong to the Mean Field
Theory universality class. The universal character of the phenomenon of intermittency
implies that the suggested ST production mechanism may be able to produce STs that
appear in different phenomena, as well as that different critical and tricritical intermit-
tency “models” (other than map1 and map2) may be able to produce similar STs within
the framework of the suggested mechanism. In future works, we intend to study various
critical and tricritical time series generators, or real-world time series, in place of the critical
and tricritical “model” blocks of the suggested ST production mechanism, with the aim of
producing both the biological type and other types of STs to test mechanism’s universality.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/e27030267/s1, Matlab source code for the production of the ST
time series.
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