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Fractal dimension (FD) analysis, a powerful tool that has significantly advanced our understanding of brain
complexity, evolving from basic geometrical characterization to the nuanced analysis of neurophysiological
signals. This review integrates the theoretical foundations of FD calculation with its practical applications in
clinical neurophysiology, focusing on the Higuchi method. This method, widely recognized for its effectiveness
. . in analyzing clinical time series datasets, is a crucial aspect of our research. Emphasizing the importance of

Detrended fluctuation analysis . . K . K K R i
Stroke fractal properties in interpreting brain function, we explore how FD analysis reveals the brain’s physiological
Aging and pathological states.

The review systematically examines FD analysis’s role across various neurological conditions, drawing on
a meta-analysis of existing literature, including studies on Alzheimer’s disease, Parkinson’s disease, multiple
sclerosis, stroke, and schizophrenia. Additionally, we discuss its implications in aging and developmental
research, particularly in elderly and young populations. By establishing FD analysis, particularly the Higuchi
method, as an indispensable tool for evaluating brain dynamics, we highlight its potential for providing
new insights and identifying biomarkers for these conditions. This exploration also underscores the ongoing
challenges in synthesizing a unified model of brain function and the need for continued development of
computational models that emulate the biological brain.

Parkinson’s
Alzheimer’s
Schizophrenia
Multiple sclerosis
Healthy controls

1. Introduction

Over the past four decades fractal analysis has significantly ad-
vanced the approach to understanding complex patterns across various
disciplines, marking a substantial departure from traditional linear
analysis methods. Its applications span geography [1], financial fore-
casting [2], meteorology [3], human anatomy [4,5], and genetic vari-
ability [6,7], with particularly notable implications in the realm of
neuroscience [8-10]. The utility of fractal analysis in neuroscience has
evolved from describing brain architecture to a comprehensive tool
for analyzing brain functions under physiological [11-13], pathological
conditions [13-23] and Brain—Computer Interface (BCI) [24]. Brain
signals have facilitated this expansion obtained through electroen-
cephalography (EEG), magnetoencephalography (MEG), and functional
imaging techniques such as Functional magnetic resonance imaging
(fMRI), enabling detailed analysis of neurophysiological time series.
Fractal features have also demonstrated utility in classifying signals
from diverse sources such as MRI and ECG, leveraging machine learning

and artificial intelligence techniques for accurate signal classification
and feature extraction [25-27]. Historically focused on measuring ge-
ometric complexity in spatial domains, fractal analysis has expanded
into the time domain [20,28,29]. Traditional linear analysis methods
like Fourier Transform (FT) and wavelet transformation (WT) often
fall short of capturing these signals’ complex, non-linear, and non-
stationary nature, leading to potential misclassification of crucial in-
formation underlying neurophysiological processes [30-33]. Biosignals,
mainly neurophysiological signals, are often nonstationary, nonlinear,
and noisy [34]. This complexity challenges traditional linear methods
mainly developed for linear and stationary time series, which may
differ for electrophysiological and hemodynamic time series. Higuchi’s
method addresses these challenges by providing robustness in handling
nonstationary signals and small data segments [28]. However, its sen-
sitivity to noise, like other fractal dimension (FD) calculation methods,
varies based on signal to noise ratio (SNR) and the nature of the signals
as discussed in [28]. Some methods, such as Katz’s method (KFD), show
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more robustness in discrete-time signals, while others, like the slope
of power spectrum density (sPSD), are more noise-sensitive [28,35].
Studies like Accardo et al. (1997) indicate that FD values can increase
due to noise but can be improved through suitable filtering [36].

These properties make it a valuable tool in clinical neurophysi-
ology for understanding brain dynamics and diagnosing neurological
conditions [28]. Addressing these challenges, the recent shift towards
non-linear methods, such as fractal analysis, aims to accurately rep-
resent the intricate dynamics of neurophysiological processes. Fractal
analysis, through parameters like FD and the Hurst exponent (HE),
quantifies the complexity and persistence of these signals, offering
a richer understanding of brain function. The Higuchi method, in
particular, has emerged as a key technique for its effectiveness in ana-
lyzing clinical time series datasets, marking a significant advancement
in the field’s approach to understanding and diagnosing neurological
conditions [28,29].

Expanding fractal analysis into clinical neurophysiology has opened
new avenues for understanding the brain’s complexity in health and
disease. Recent advancements have highlighted the potential of FD
analysis in identifying biomarkers for neurological conditions, improv-
ing diagnostic accuracy, and offering new perspectives on brain dynam-
ics [21,22]. However, challenges remain in standardizing methods for
FD calculation, interpreting fractal properties in clinical contexts, and
integrating these insights into therapeutic strategies [13,17,19,21,37].

This paper aims to bridge the gap between the theoretical founda-
tions of fractal analysis and its practical applications in clinical neu-
rophysiology, particularly emphasizing the Higuchi method. Section 2,
reviews the transition from Euclidean to fractal geometry, covering core
principles of self-similarity and scaling, and introducing fractal dimen-
sion as a metric to quantify fractality and complexity. Section 3 delves
into the mathematical formulation of fractality, exploring its observa-
tion in nature and physiological signals, and integrating concepts such
as self-similarity, self-affinity, and power-law relationships, while also
addressing the role of the HE and the implications of stationarity and
non-stationarity in time series analysis. Section 4 focuses on the Higuchi
fractal dimension (HFD), highlighting its application and significance.
Section 5 examines neural dynamics characterization in neurophysio-
logical signals, and Section 6 questions brain rhythms’ sinusoidal and
rhythmic nature. In Section 7, we provide a comprehensive review
of the past 20 years of research on fractal analysis in clinical neuro-
physiology, including its application to Alzheimer’s disease, Parkinson’s
disease, stroke, multiple sclerosis, aging, and schizophrenia. Finally,
Section 8, outlines future research directions for this field, emphasizing
how fractal analysis can enhance our understanding of brain dynamics
and contribute to developing diagnostic and therapeutic tools.

2. From Euclidean to fractal geometry

Fractal geometry signifies a profound shift beyond the confines of
Euclidean geometry, which is traditionally limited to defining objects
within specific, discrete dimensions such as points, lines, and geometric
shapes [38]. Mandelbrot’s ground-breaking work in 1967 introduced
the concept of fractals—derived from the Latin word “fractus”, meaning
“broken” or “fragmented”—to describe the intricate, complex patterns
in nature that cannot be confined to integer dimensions. This field of
geometry employs recursive algorithms to uncover the elaborate shapes
and patterns inherent in the natural world [39,40], revealing a wide
variety of objects characterized by their complex details and patterns
that escape the rigid structures of Euclidean geometry.

2.1. Core principles: self-similarity and scaling

Understanding self-similarity and scaling is central to the explo-
ration of fractal geometry. Self-similarity refers to the property whereby
smaller portions of a fractal object mimic the overall structure [40,41],
a phenomenon vividly illustrated by figures such as Koch’s curve,
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Fig. 1. How to create fractal objects. Koch curve (left column) can be built by
repetitively applying a generator (a central break) to a mono-dimensional straight line
(initiator) with ideally infinite iterations. Starting from a two-dimensional blue triangle
(initiator) and applying a pink central triangle (generator), it is possible to create a
Sierpiniski triangle (middle column). Finally, a Menger sponge can be generated starting
from a cube (initiator) and subtracting a cube for each side (generator), a Menger
sponge can be generated.

Sierpinski triangle, and Menge sponge as shown in Fig. 1. These frac-
tals are crafted through the repetitive application of simple rules,
unveiling layers of complexity that mirror the whole on diminishing
scales. Alongside self-similarity, scaling further distinguishes fractal ob-
jects from their Euclidean counterparts. Unlike Euclidean forms, where
dimensions scale in integer multiples, fractal objects adhere to non-
integer scaling that reflects their inherent complexity, thus occupying a
unique space that challenges traditional notions of dimensionality and
complexity.

2.2. Fractal dimension: a metric to quantify fractality and complexity

Building upon these foundational principles, the concept of FD
emerges as a pivotal metric, quantifying the complexity and space-
filling capacity of fractal objects [40,41] extending beyond the in-
teger constraints imposed by Euclidean dimensions [14,39,40]. This
shift from qualitative observation to quantitative measurement also
enhances our grasp of the complexities inherent in natural phenomena.
It propels scientific inquiry and application forward, particularly in
fields like clinical neurophysiology, where insights into brain func-
tion and disorders are gleaned from the fractal nature of biological
structures. In time series analysis, FD quantifies signal complexity,
with values typically ranging from 1 to 2, enabling the differentiation
of signals based on their irregularity and memory. Higher FD values
suggest greater complexity, characterized by high irregularity and low
predictability, similar to a random process such as random time se-
ries [29,42]. Conversely, lower FD values denote more predictable,
regular patterns, similar to a ramp line, indicative of full memory where
the signal’s future behavior can be inferred from its past [40,43,44].
Such differentiation is crucial for understanding the underlying mech-
anisms of neurophysiological processes, which are often overlooked
by traditional linear methods. FD thus serves as a critical measure,
capturing the amplitude variations of a signal over time and offering
insights into the dynamic nature of neurophysiological signals.
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Fig. 2. Autocorrelation vs. FD in fBm and WCF time series.

It is important to note that while FD generally reflects complex-
ity and irregularity, certain signal characteristics, such as rhythm,
frequency and shape of oscillatory waveform, can also affect FD mea-
surements without necessarily indicating increased randomness. For in-
stance, Marino et al. [12] demonstrated that FD can reflect neural com-
munication patterns in brain networks, particularly in higher-frequency
bands like gamma, where increased FD indicates greater synchrony and
complexity in neural interactions. Studies such as Klonowski [34] em-
phasize that FD is well-suited to capturing nonlinear and nonstationary
dynamics in physiological signals, particularly EEG. Similarly, while
Jones et al. [45] highlight that brain rhythms often exhibit complex,
transient waveform features that challenge traditional interpretations
of oscillatory activity, Cole et al. [46] underscore the role of nonsinu-
soidal oscillations in revealing underlying physiological information.
This reinforces the importance of waveform shape in complementing
FD analysis to capture the nuanced complexity of neural signals.

As illustrated in Fig. 2, there is a clear inverse relationship between
FD and autocorrelation in time series data. Autocorrelation measures
the similarity between a time series and its lagged version, and it
tends to decrease as FD increases, indicating reduced signal memory
and greater complexity. This pattern, illustrated with fractional Brow-
nian motion (fBm) and Weierstrass cosine function (WCF) time series,
highlights FD’s utility in evaluating the complexity and memory char-
acteristics of neurophysiological signals, helping to distinguish between
different brain functional states.

3. Mathematical formulation of fractality in nature and time se-
ries

Building on the foundational principles of fractal geometry and
fractal dimension discussed earlier, this section delves into the manifes-
tation of fractality in natural objects and its mathematical formulation,
mainly focusing on time series analysis as a precursor to understanding
clinical signals. Fractal geometry’s principles, when applied to the time
domain, introduce the concept of fractal time series. This approach
seeks to uncover self-similarity, scale invariance, and power-law scaling
within time series data, which is crucial for analyzing complex systems,
especially in neurophysiological contexts.

3.1. Observing fractality in nature and physiological signals
Fractal patterns are widespread throughout the natural world and

in physiological data [31,38,40,47]. These patterns, observed in physi-
ological time series like heart rate variability [30] and brain electrical
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activity [48,49], differ from the predictable nature of simple repetitive
patterns. While precise mathematical fractals, such as the Koch curve,
exhibit exact self-similarity across infinite scales, natural objects and
physiological signals like EEG data do not strictly conform to the math-
ematical definition of fractals due to biological variability and physical
constraints. Instead, they demonstrate statistical self-similarity. Unlike
self-similar objects, natural signals are often self-affine, where scaling
properties differ across dimensions [47,50]. This fractal-like behavior
indicates the complex regulatory mechanisms of the body, offering
insights into data that might initially appear random. By employing
fractal analysis to identify these patterns, we gain a powerful tool for
diagnostics and health monitoring, highlighting fractal concepts’ signif-
icant yet subtle influence in understanding biological systems [51,52].
This distinction between mathematical fractals and empirical fractal-
like signals is crucial when applying fractal analysis to empirical data
in neurophysiology.

3.2. Integrating core concepts: self-similarity, self-affinity, and power-law
relationships

Fractality in nature is evidenced by recurring patterns across scales,
from the microscopic structure of blood vessels to the vast branching of
rivers, all exhibiting self-similar structures [40,52]. While mathemati-
cal fractals show exact self-similarity, natural objects and physiological
signals often exhibit statistical self-similarity due to physical constraints
and variability. This adaptation allows for a more comprehensive repre-
sentation of fractal behaviors, especially in dynamic systems like phys-
iological time series, which demonstrate complex patterns persisting
over time.

Self-similarity is discernible when a property of an object maintains
a proportional relationship across different resolutions, described math-
ematically as L(ar) = kL(r), with k as a scaling factor. This relationship,
illustrated by a straight line with slope k& on a graph, underscores
the consistent pattern of statistical properties across scales. The formal
description of statistical self-similarity through the probability density
function (pdf) given by pdf[L(ar)] = pdf[kL(r)], which quantifies
the frequency of measurement L, reinforces the fractal nature of both
static and dynamic phenomena. An object or time series is deemed
statistically self-similar if the pdf of L, at a finer scale ar, aligns with the
pdf of k times L, at a coarser scale r, illustrating the persistent statistical
properties across scales.

Furthermore, fractal analysis incorporates the concept of
self-affinity, especially pertinent to time series data, to describe how
these data scale anisotropically—that is, differently across various di-
rections or dimensions. This characteristic is crucial for understanding
the multifaceted fractal properties exhibited by physiological signals
over time or in response to different stimuli. Power-law relationships,
expressed by the equation L(r) = Ar%, define the scale invariance
of fractal structures. The logarithmic transformation of this equation,
log[L(r)] = b + alog(r) results in equation y = ax + b that behaves sim-
ilarly to a simple linear equation, with a slope and an intercept when
plotted on a log-log graphs. The presence of scale invariance through
power-law scaling is a distinctive feature of fractals, emphasizing their
consistent complexity across scales [44].

3.3. The hurst-exponent in understanding complexity

The Hurst exponent offers a distinct perspective on the temporal
dynamics within time series, enhancing our understanding of their be-
havior alongside the structural insights offered by FD and concepts like
self-similarity and scaling. While FD quantifies the spatial complexity
or “roughness” of patterns, HE evaluates a time series’s memory and
autocorrelation properties. It measures the likelihood of a series to
maintain a current trend (persistence) or to revert to its mean (anti-
persistence). Values of HE range from O to 1 indicating different degrees
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Fig. 3. Fractal time-series generated by fBM with a decrease in the HE, moving from
0.9 towards 0.1, suggests a shift towards less predictable and less persistent patterns.

of autocorrelation or anti-correlation. Values below 0.5 suggest alter-
nating high and low values, indicating anti-persistence, while values
above 0.5 indicate persistence or autocorrelation and time series is
likely to continue its current trend. A H value of 0.5 means that the
data may start to correlate but will decay rapidly over the time series
to zero, representing random processes such as Brownian motion or
geometric random walk.

While the HE itself does not directly measure the FD, the formula:

FD=2-HE (@)

establishes a connection between HE and a specific type of complexity
in time series [43,44], echoing the principles of fractal behaviors. This
formula is instrumental in evaluating the randomness or predictability
within a time series, which is a crucial consideration in the field of
neuroscience for assessing signal complexity. The Hurst is crucial for
differentiating between smoother, more predictable patterns and those
that are more erratic and less predictable in physiological signals. It is
important to note that this formula is valid for ideal self-similar fractals,
where local and global measures are equivalent [47] However, its direct
applicability when analyzing empirical time series, such as EEG data
may be limited. The empirical signals, tend to exhibit self-affinity and
statistical self-similarity rather than precise self-similarity [50]. There-
fore, fractal dimension serves as an approximation of complexity rather
than an absolute measurement, adapting theoretical fractal concepts to
fit the irregular and complex nature of physiological data.

Incorporating the HE in analyses, along with fractal dimension
assessments, enrich our comprehension of the intricate nature of phys-
iological data. This, in turn, enhances the potential for developing
diagnostic and therapeutic approaches that capitalize intricate com-
plexity of biological systems, as suggested by foundational studies [39,
43].

In Fig. 3, the time series behavior becomes more random and less
predictable as the HE decreases. This change is inversely related to the
fractal dimension as per the relationship in (1), where an increase in
fractal dimension signifies an increase in the spatial complexity of the
signal.

3.4. Understanding stationarity and non-stationarity in fractal time series
analysis

An essential aspect of fractal time series analysis is discerning be-
tween stationarity and non-stationarity. Stationary time series maintain
consistent statistical properties, such as mean and variance, indicating
a stable probability distribution throughout. This stability is crucial for
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Fig. 4. Stationary vs. Non-Stationary Time Series in Fractal Analysis. Top panels: Time
series of fractional Gaussian noise (fGn, left) exhibits near-constant mean and variance
after initial fluctuations due to the limited data in the expanding window. Fractional
Brownian motion (fBm, right) shows increasing mean and variance, indicative of non-
stationarity. Middle and bottom panels depict the respective variances and means over
time, illustrating the contrast between the stationary nature of fGn and the dynamic
nature of fBm.

many traditional analytical methods, like the Fourier Transform, which
rely on the assumption of stationarity. However, many neurophysio-
logical signals exhibit non-stationarity, with their statistical properties
evolving over time, limiting the effectiveness of such methods.

Fractal Dimension provides a more flexible framework for analyz-
ing both stationary and non-stationary signals. Unlike Fourier-based
methods, FD does not require the strong assumption of stationarity,
allowing it to adapt to the varying statistical properties of neurophys-
iological signals. This makes FD particularly effective for analyzing
non-stationary time series, such as those often encountered in EEG or
fMRI data. Certain FD estimation methods are better suited to specific
types of signals. For example, methods like HFD perform better with
non-stationary signals like fBm. In contrast, methods like Detrended
Fluctuation Analysis (DFA) and sPSD are more accurate when applied
to stationary signals such as fractional Gaussian noise (fGn) [28]. This
adaptability highlights one of the key advantages of FD. it can reflect
the underlying properties of the signal, whether stationary or non-
stationary, and provide a more nuanced view of signal complexity than
methods that assume consistent statistical properties. This is further
demonstrated in Fig. 11 in Section 4.1, where different FD methods
show varying levels of accuracy depending on the signal’s stationarity,
reinforcing the importance of selecting an appropriate FD method based
on the characteristics of the signal.

Fig. 4 illustrates the comparison between stationary and
non-stationary signals in this context. The left column shows the
stationary fGn, characterized by a near-constant mean and almost flat
variance, aside from initial fluctuations. These early variations are due
to the expanding window method, where fewer data points are included
initially, causing larger statistical deviations. As more data points
are added, the variance and mean calculations stabilize, confirming
the stationarity of the signal. In contrast, the non-stationary fBm on
the right demonstrates a continuously increasing mean and variance,
indicative of its evolving statistical properties over time.

3.5. Synthesizing fractal time series and analytical methods for fractal
dimension estimation

Fractal time series can be generated using specific mathematical
functions where the FD is a parameter within the function. These
synthetic signals, with known or theoretical FDs (F D,,), serve as bench-
marks to assess the accuracy and sensitivity of different FD estimation
methods. A comparative overview of various FD estimation methods
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across different synthetic time series with F D, is illustrated in Fig. 11.
The primary functions used for generating such time series include the
deterministic WCF and Takagi-Landsberg function (TLF), as well as the
stochastic fBm and fGn.

The synthesis of these time series is crucial for evaluating FD
estimation methods, as it allows for a controlled environment where
the true FD is known. In the book chapter by Porcaro et al. [28], these
methods are addressed, and a detailed assessment of them is provided,
including the sensitivity of FD estimations to various signal parameters
such as sampling frequency, signal amplitude, and noise levels. These
methods’ corresponding codes and implementations are available on
GitHub [53], offering a valuable resource for further exploration and
application in academic and research settings.

3.6. Interpretation of FD in empirical signals

Changes in FD and related measures, such as the HE, in empirical
signals requires careful consideration of specific physiological or patho-
logical contexts rather than viewing FD solely as a general measure of
complexity or randomness. An increase in FD of a brain signal does not
necessarily imply increased brain complexity or altered brain states,
as such changes may instead reflect various physiological conditions
depending on the overall neural state and underlying processes [54,55].
Recent studies show that FD variations can result from changes in fre-
quency, waveform shape, and underlying chaotic processes, reflecting
a combination of nonlinear dynamics, oscillatory activity, and overall
signal complexity. These factors must be considered when interpreting
FD values in empirical neurophysiological data, as FD is not solely
determined by frequency [12,34,45,46,56].

In the context of EEG and fMRI signals, changes in FD or HE values
can arise from diverse physiological events. Thus, without a defined
hypothesis or linkage to specific neural mechanisms, these values may
be easily misinterpreted [49,57]. Studies such as Peng et al. [58] have
highlighted the fractal mechanisms in physiological signals, demon-
strating the need for contextual understanding when interpreting FD
and related measures, especially in disease states. Recent studies under-
score FD’s utility in identifying structural and functional abnormalities
associated with neurological disorders such as epilepsy, Alzheimer’s,
and Parkinson’s disease, supporting the need for condition-specific
interpretations of FD values [12,59]. Marino et al. [12] demonstrated
that FD can reflect changes in neural communication, particularly in
higher-frequency bands like gamma, where increased FD is linked
to greater neural synchrony rather than randomness. Their findings
show a strong quadratic correlation between FD and gamma-band
power, suggesting FD increases with rising gamma activity. This sen-
sitivity to high-frequency oscillations is notable in perceptual networks
(PNs), which involve gamma activity in sensory regions like auditory
and visual areas. In contrast, high cognitive resting-state networks
(HCNs) align more with lower frequencies, such as theta and alpha,
supporting long-range communication. Additionally, FD has proven
effective in discriminating functionally distinct brain regions and states
of attention, as shown by Cottone et al. [11], who found that FD
increases progressively from resting with eyes closed to open eyes and
then to external stimulation or movement. Porcaro et al. [37] demon-
strated that FD, particularly HFD, is significantly more sensitive than
traditional linear measures, including power spectral density (PSD)
and entropy, in distinguishing between states of consciousness such
as minimally conscious state (MCS) and vegetative state (VS). This
highlights FD’s unique ability to capture non-linear and non-periodic
characteristics often overlooked by linear methods. [23] demonstrated
that FD is significantly more sensitive than traditional linear frequency
measures, such as individual alpha frequency (IAF) and theta band
power, in identifying changes in brain dynamics, particularly in pre-
and post-treatment comparisons. This highlights FD’s unique ability
to capture non-linear and non-periodic characteristics of brain activ-
ity that linear methods often overlook, allowing for the extraction
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of complex information that traditional frequency measures, limited
by their linear nature, cannot provide. Furthermore, Klonowski [34]
emphasizes that FD is effective in capturing both deterministic chaos
and stochastic processes in nonlinear, nonstationary signals, making
it an appropriate tool for analyzing EEG data. Jones et al. [45] high-
light that non-sinusoidal waveform characteristics in neural signals can
significantly impact spectral analysis, revealing that these transient
features influence the interpretation of rhythmic brain activities. While
Cole et al. [46] do not specifically address FD, they underscore the
importance of waveform shape in neural oscillations, showing that
nonsinusoidal features convey critical physiological information and
reflect neural synchrony and input characteristics. This suggests that
combining waveform shape analysis with FD can provide more compre-
hensive insights into signal complexity and underlying brain dynamics.
Kalauzi et al. [56] provided further insights, showing that FD is par-
tially dependent on frequency, particularly for periodic components.
However, FD can also quantify the complexity of aperiodic signals,
making it a versatile tool for broader signal analysis. Methodological
critiques, such as Castiglioni’s [60] review of KFD calculation method,
emphasize that some approaches may not always provide accurate or
reliable complexity estimations across all types of signals, underscoring
the importance of selecting appropriate FD calculation methods based
on signal characteristics.

Combining FD with power-related features can yield a more nu-
anced view of empirical signals. While power analysis captures
frequency-domain properties, FD provides complementary insights into
temporal structure, allowing for a more complete characterization of
neurophysiological states. As explained in Section 3.4, many neu-
rophysiological signals are non-stationary, meaning their statistical
properties change over time, which can limit the effectiveness of linear
methods like fast Fourier transform (FFT). In contrast, FD offers a flexi-
ble framework for analyzing both stationary and non-stationary signals,
as it does not rely on the assumption of stationarity capturing features
often missed by linear approaches [61]. This adaptability allows FD to
respond to the varying statistical characteristics of neurophysiological
signals, making it a valuable tool for capturing the complexity of neural
dynamics where linear methods may fall short.

4. Higuchi fractal dimension

Developed by Tomoyoki Higuchi in 1990, the HFD [42,62] method
offers a robust technique for analyzing the fractal structure of time
series data directly in the time domain. This approach is particularly
adept at identifying and quantifying repeating patterns across various
temporal scales in a dataset. The HFD method begins by constructing a
set of new self-similar time series X ,’; from the initial signal X(t). These
subseries are generated by sampling the original sequence at various
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Fig. 6. Illustration of subseries derived from the original time series at different starting
points and scale factor equal to 3.

intervals, determined by a scale factor k, ranging from 1 to a predefined
maximum value K. Each sub-series X* is derived by selecting every
kth point from X (¢), starting at an index m, thus preserving the fractal
essence at scaled dimensions:

X,’;:x(m), x(m + k), x(m + 2k), ..., x(m + int(w

k), m=1,2,....k (2)
To quantify the fractal dimension, HFD iteratively calculates the
curve length, L, (k), for each X ,’; across varying k values, and then
assesses how these lengths change with the scaling factor. Higher HFD
value suggesting a more complex and irregular pattern. The curve
length, L,,(k), for a given sub-series X ,’jl is defined as:
(N-D

Lm(k):i Z | X(m +ik) — X(m+ (i — DR)| |. ——~——— Ukv_m) 3
i=Lint(X) (=)

Subsequently, L, (k) is averaged over all starting points m, forming
the mean curve length L(k) for each scale k:
Tt Lnk)

Lt = ——— (€3]

The HFD can be estimated from the relationship between the logarithm
of mean curve length and their corresponding scaling factors:
_ log(L(Kk))

HFD :
log(3)

for k=1,2,...,K ()

This method has found extensive applications in analyzing physiologi-
cal signals where fractal patterns are prevalent. Its ability to quantify
the complexity of time series without necessitating linear or stationary
assumptions makes HFD an invaluable tool in the study of dynamic
systems, particularly in fields such as neuroscience and physics where
complexity and self-similarity are of interest.

To demonstrate the HFD method in practice, we elaborate it by
providing an example. Consider a generated time series X (r) using WCF
function with predetermined FD,, = 1.5. This series is discretized into
N =30 samples as shown in Fig. 5.

For this series, the HFD calculation begins by defining the maximum

scale factor K. Assuming K = 15, a series of subseries X¥(x*=2

k=3 k=K=15 . . . i
Xy XD 5 y5) are created from the original signal X(¢) as
follows

For k =2, the subseries X? and X? are:

X522 = {XT s x(D),x(1+ k), x(1+2K), ..., x(1 + 14k),

m=12

X% Cx(2), x2+ k), x(2 4+ 2k), ..., x(2 + 14k)}
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And similarly for k = 3, yielding X3, X3 and X? as:

X533 =X x(1), x(1+ k), x(1 +2k), ..., x(1 + 9k),

X3 0 xX(2), %2+ k), x(2 +2k), ..., x(2 + 9k),
X3 1 x(3),x(3 + k), x(3 + 2k), ..., x(3 + 9k)}

This process continues until k = K, with each k producing k distinct
subseries from the original time series. The process is graphically
illustrated in Fig. 6, showing the down-sampled subseries X¥ derived
fork=3and m=1,2,3.

The next step to assess the HFD is to calculate the length of the
curve L* for each of these subseries X*. This length is determined by
summing the absolute changes in the series’ amplitude at each scale k,
reflecting the series’s complexity:

Y IX(m+ik) = X (G - Dk)| ©6)

i:l,im(%)

This sum accounts for the vertical variations in the time series, which
reflects the variability at each scale k. The sum is normalized through

1
im(K"’) which accounts for the total number of segments to those
k
starting from point m, adjusting for variation in segment counts that
arise from different starting points and scales within the time series.

Fig. 7 illustrates the computation of L, (k) for various values of k,
where L, (k) represents the length of the curve derived from subseries
starting at position m with an interval of k. The figure highlights how
the vertical displacements of the subseries influence the overall curve
length for different k values.

For instance, when k = 3, the subseries starting at m = 2, denoted
as X ";j, exhibits the shortest curve length compared to m = 1 and
m = 3. This reduced length is attributed to the relatively flat segments
within this subseries, which contribute less to the overall curve length
calculation. Additionally, the visualization demonstrates how increas-
ing k leads to a more coarse-grained representation of the original time
series, with fewer points in each subseries, affecting the curve lengths
and their summation.

When examining L, (k) for k = 15, the figure shows L, (k) values
for all k values from 1 to 15. Notably, for k = 8, there is only one
flat segment in the time series on the right side, between samples
X(8) and X(8 + 1). This flat segment results in L,(k = 8) = 0, as
highlighted in yellow in the figure. This observation underscores how
flat or unchanging regions in the time series can lead to minimal
contributions to the overall curve length.

This figure provides a detailed visual explanation of how L, (k)
values vary based on the starting point m and interval k, emphasizing
the method’s sensitivity to the time-series structure and the influence
of flat segments on the computed curve length.

The final steps to determine the HFD involves averaging the lengths
of the curves L* across all values of m, resulting in the mean curve
length L(k) as depicted in Fig. 8 for k = 1,2,..., K where K = 15. As
k increases (x-axis), L(k) generally decreases indicating that the time
series becomes less complex at larger scales. FDH is the slope of a line
in log-log plot of L(k) against % In this case FDH obtained for K = 15
is equal to 1.44 which is very close to the predefined FD value equal
to 1.5 when generating initial signal X (r) through WSC function.

The same process can be repeated for different K values and the
curve in Fig. 9 plots the calculated HFD values against the correspond-
ing K, revealing the fractal dimension’s sensitivity to the scale factor
chosen during analysis. The plotted trend indicates that, after an initial
increase, to HFD = 1.5 for K = 5 (which is the same predefined FD
for the original X(r) generated by WCF function), the fractal dimension
stabilizes.

Fig. 10 illustrates the estimated HFD values for WCF signals with
A =10 and theoretical fractal dimensions (FD,,) of 1.4, 1.5, and 1.6.
At low K values (e.g., K < 10), the HFD estimates appear similar due
to instability in estimation. As K increases, the HFD, stabilize, aligning
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Fig. 9. Variation in HFD estimation with maximum scale factor K for a WCF signal
with FD,, of 1.5, reflecting changes in time series complexity.

with the theoretical fractal dimensions. This highlights the need to
choose sufficiently large K values where stability is reached for reliable
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Fig. 10. Effect of scale factor K on HFD estimation for signals with different FD,,
values.

fractal characterization. Selecting too early may result in similar HFD
estimations for signals with different FD,, and complexities.

4.1. Other estimation methods for fractal dimension

While HFD is the primary focus of this section, it is important
to acknowledge that other methods for estimating fractal dimensions,
such as the sPSD, DFA, HE, KFD, and the Box-counting method, are
also widely used and have been thoroughly evaluated in the literature.
A comprehensive comparative analysis of these methods has been
conducted by Porcaro et al. [28], where they assess the performance of
each method on synthetic fractal time series with varying properties,
such as different sampling frequencies, signal amplitudes, and noise
levels.

The findings from [28] highlight that while HFD generally performs
well across a variety of conditions, other methods like DFA and sPSD
may excel in specific contexts, particularly when applied to stationary
stochastic functions like fGn. Conversely, methods like KFD have shown
less consistent performance across different types of signals.
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Fig. 11 provides a comparative overview of various FD estimation
methods across synthetic time series (STS), including WCF, TLF, fBm,
and fGn. These synthetic signals, with predefined theoretical fractal
dimensions (FD,;), allow for an assessment of the methods’ accuracy
under controlled conditions. The evaluation explores how different FD
estimation techniques perform, particularly in the absence of noise,
across a range of FD values from 1.05 to 2. These STS were created with
a constant sampling frequency of 256 Hz and without the addition of
noise. From this comparison, it becomes evident that different methods
demonstrate varying degrees of accuracy. DFA and sPSD show strong
performance in estimating FD for stationary signals like fGn, although
sPSD tends to underestimate FD for more complex deterministic signals
like TLF. In contrast, methods like HFD are more reliable across most
signal types, especially for non-stationary signals like fBm and deter-
ministic functions such as WCF and TLF. It is important to highlight that
the performance of certain methods, particularly sPSD, can be sensitive
to initial input parameters. Factors such as the choice of windowing
method, number of segments, overlap, and the number of FFT points
may significantly impact the accuracy of the results.

For further exploring these methods, the codes used for the compar-
ative analysis are available in our GitHub repository [53].

5. Neuronal dynamics characterization in neurophysiological sig-
nals

A hallmark of physiological systems is their extraordinary complex-
ity. The non-stationarity and nonlinearity of signals generated by living
organisms defy traditional mechanistic approaches based on home-
ostasis and conventional bio-statistical methodologies. Recognition that
physiologic time series contain “hidden information”, which refers
to the complex patterns and relationships that are not immediately
apparent in the raw data, has fueled growing interest in applying con-
cepts and techniques from statistical physics, including chaos theory,
to a wide range of biomedical problems from molecular to organismic
levels [30-33]. So, why are linear approaches still dominant despite ev-
idence of nonlinearity in bio-signals? This question is answered mainly

shaded gray area highlights the typical FD range (1 to 2) for time series, with extended
m, and fGn using sPSD, DFA, HE, HFD, and KFD.

because habits are difficult to change [8,14,34,63]. The ‘psychological
barrier of habits’ refers to the resistance to change that is often encoun-
tered when introducing new methods or technologies Until the eighties,
EEG was registered on paper tape with vertical lines 3 cm apart, moving
1.5,3, or 6 cm/s depending on the system. People who interpreted this
EEG could easily observe the frequency of EEG waves by counting the
number of pen sways (wave ridges) in one second. From this paper
tape period came the classical names of the EEG bands, in particular
a and p bands. After the eighties and with the advent of personal
computers, many things started to change, starting from the numerical
registration of EEG signals. At that time, linear and nonlinear analysis
started in parallel. Pioneering, nonlinear EEG analysis began in 1985
when two studies were published using ‘chaos analysis’. One was on
spontaneous neural activity in the motor cortex of a monkey [64], and
the other was on the so-called correlation dimension of human sleep
EEG [65]. However, at that time, supercomputers were required for
even the most basic types of nonlinear EEG analysis. On the other hand,
linear methods were boosted by the discrete FFT [32,34,63,66], which
allowed for efficient decomposition of time-domain signals into their
frequency components. FFT enabled easy identification of dominant
frequency bands such as alpha and beta, contributing to its widespread
use in neurophysiology. The simplicity and computational speed of
FFT made it highly accessible, allowing for quick analysis without
the need for supercomputers, further entrenching linear methods in
the field. Indisputably, linear methods are quick, simple, and easy
to interpret, and this was probably the reason for their success and
fast spread worldwide. This is so much the case that users of linear
methods no longer wonder if they are appropriate for analyzing elec-
trophysiological and hemodynamic time series or if they might lead to
erroneous results [8,32,34]. Nowadays, nonlinear methods also have to
face the psychological barrier of habits if they want to get the place
they deserve. People accustomed to linear methods do not want to
learn new methods, nor even ask if those methods are often wrong or
misleading. For many diverse reasons, most biomedicine practitioners
discard these nonlinear methodologies mainly because they perceive
these methods as very complex to handle. This resistance is masked



S. Moaveninejad et al.

Identification of new studies via databases and registers

Information Fusion 118 (2025) 102936

Identification of new studies via other methods

=
o
g Records identified from: Records removed before screening: Records identified from:
I; Databases (n = 499) Duplicate records (n = 2) Citation searching (n = 9)
2
Records screened Records excluded
(n = 497) (n=2)
Reports sought for retrieval Reports not retrieved Reports sought for retrieval Reports not retrieved

(n = 495) (n=1) (n=9) » (n=0)
2
=
o
o Reports excluded:
@ animal (n = 46)

retina (n = 56) Y
Reports assessed for eligibility other non-brain (n = 149) Reports assessed for eligibility Reports excluded:
(n =494) no fractal (n = 9) (n=9) » other techniques (n = 2)
- other pathologies (n = 36) e q =
other techniques (n = 64)
brain morphology (n = 70)
reviews (n = 12)

3 New studies included in review
3 (n=59)
=

Fig. 12. Prisma diagram schematizing the selection procedure starting from a PubMed search [71].

by the idea that they demand very long input signals and are very
sensitive to noise with many parameters to be set, and overall, very
complicated to use and consequently to be avoided. The truth, however,
is often the exact opposite as we are showing here [8,32-34]. Biosig-
nals, particularly neurophysiological signals, are ‘3N’ — Non-stationary,
Nonlinear and Noisy [34]. Both linear and nonlinear practitioners
commonly accept that neurophysiological signals are noisy. Therefore,
the main disagreement is the non-stationarity. Non-stationarity means
that signal statistical characteristics change with time. The basic source
of the observed non-stationarity in EEG, MEG and the BOLD signal is
not due to the casual influences of the external stimuli on the brain
mechanisms but rather to the intrinsic mechanism of the brain i.e. the
switching of the inherent metastable states of neural assemblies during
brain functioning [67]. For example, the scalp-recorded EEG signal is
influenced by potentially many different deeper brain structures with
different current properties. Thus, if the source of a signal changes
with time, then the signal is obviously non-stationary. It has been
demonstrated that quasi-stationary segments in EEG have durations of
around 0.25 s [68]. Non-stationarity also arises because of different
time scales involved in the dynamical process — dynamical parameters
are sensitive to the time scales. Hence, in studying the brain, one must
identify all relevant time scales involved in the process to get an insight
into the brain’s workings [69]. Based on what has been said for the
linear methods, to overcome all their drawbacks, it would be necessary
to have a primarily nonlinear method. This method, which works on
the time domain regardless of whether the signal itself is chaotic,
deterministic or stochastic, even when it is non-stationary and noisy,
would be a significant advancement. Furthermore, this method would
also be able to work with small segments of data (let us say segments of
a few seconds or, even better, only hundreds of seconds) and would also
be fast to be estimated, robust and dependent upon a few parameters,
it would be a very good solution. Tomoyuki Higuchi [42] and Michael
J. Katz [70] developed methods to estimate fractal dimensions with all
the properties mentioned above in 1988.

6. Brain rhythms: are they genuinely sinusoidal and rhythmic?

The brain’s rhythms are observed across various temporal and spa-
tial scales and are often called oscillations [72,73]. A typical example

is eyes-closed (7-14 Hz) alpha rhythms over the occipital cortex [74].
Spectral analysis is normally used to characterize those oscillations.
A key feature in all spectral analysis methods, especially those that
use FFT, is that they inherently assume that a sinusoidal basis can
characterize brain activity over time. A common practice that makes
the signal sinusoidal-like is to band-pass the time domain signal into
frequencies of interest, often in a narrowband window. By construction,
band-pass techniques force a sinusoidal-shaped waveform of varying
amplitude onto the signal. This process, along with de-trending of the
data (e.g. mean subtracting), might give the impression that the under-
lying waveforms oscillate symmetrically around its mean value [45].
However, recent evidence shows that in many cases, brain signals
considered as belonging to a frequency-defined class of brain rhythms
do not represent sustained oscillation but relatively brief bouts of activ-
ity that are repeated intermittently [75,76]. This intermittency, which
refers to the irregular and non-continuous nature of these brain signals,
directly impacts the interpretation of the meaning of an oscillation, as
the potential influence can be quite different if a rhythm is sustained for
many cycles versus only one or two. The often-false notion that brain
rhythms are sustained (rhythmic) comes from the standard averaging
procedure in the spectral domain [77]. When frequency analysis is
applied to a time series signal, the power representation of the signal
across time (i.e., spectrogram) is purely non-negative. Thus, when av-
eraging across trials in the spectral domain, transient bouts of positive
spectral power accumulate without cancellation. In contrast, when
averaging across trials in the temporal domain, positive and negative
signals cancel, resulting in low power in the average spectrogram. In
this latter case, rhythms emerge in the averaged signal only when they
are time-locked across trials (e.g. evoked rhythms). A clear example of
this is the so-called Rolandic u-rhythm, a non-sinusoidal brain rhythm
localized to the primary somatosensory cortex [45,78,79]. In these
data, it has been shown that in individual trials, bouts of high power
in the alpha and beta bands emerge transiently and intermittently,
typically lasting <150 ms [45,78,79]. However, on average, across
100 trials, the rhythms appear as continuous bands of activity [45].
The Rolandic y-rhythm can also be considered with non-sinusoidal
shapes characterized by one extremum (e.g., its peak) being consis-
tently sharper than the other [80]. In addition, it has been shown that
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the motor cortical beta oscillation is non-sinusoidal [46,80] but more
with a sawtooth shape that rapidly rises before more slowly falling off,
or vice versa [46,80]. Moreover, the concept of ‘non-sinusoidal brain
rhythms’, which refers to brain activity patterns that do not conform
to a sinusoidal waveform, has been recently reinforced by attempts to
uncover the role of functional rhythms by neurostimulation. In fact,
modifying the stimulating waveform by a non-sinusoidal shape resulted
in changes in the efficiency of entraining local population spiking in
slices [81] and alpha oscillations using a sawtooth wave in human
electrophysiology [82]. In both cases, it has been concluded that not
only are non-sinusoidal stimulations key in entraining the network but
also that non-sinusoidal oscillators synchronize faster with one another
compared to more sinusoidal oscillators [81-83]. Consequently, neu-
rostimulation may also be more effective and insightful if it is modified
to match the temporal characteristics of the brain rhythms they aim
to entrain and the actual underlying mechanism of their generation
instead of using a pure sinusoidal oscillation and pretending that is
the way the brain communicates [11,45]. Kramer, Tort and Kopell
(2008) [84] also showed that spectral analysis techniques applied to
slow oscillations that include fast transitions (i.e. sharp edges) create
coupling between the amplitude of gamma frequency oscillations and
the phase of the underlying slow oscillation. This coupling comes
from the fact that when spectral analysis techniques (e.g. multitaper
methods, short FFT) [85,86] are applied to sharp transitions, they
produce broadband power increases, including increases through the
high-gamma band [45]. New methods and approaches in investigating
bio-signals that are able to overcome all these limitations have become
mandatory.

7. Fractal analysis in clinical neurophysiology last 20 years

In the past decade, fractal analysis has emerged as a pivotal tool
in clinical neurophysiology, offering novel insights into the complex
dynamics of the human brain. This approach has been instrumen-
tal in deepening our understanding of various neurological disorders,
whose manifestations are often deeply intertwined with the fractal
patterns exhibited by neural activity. By applying FD calculations to
neurophysiological data, researchers have unraveled subtle anomalies
in brain dynamics that elude traditional linear methods [17,31,87].
This section explores the significant strides made in applying fractal
analysis to clinical settings, highlighting key studies and advancements
that have shaped our current approach to diagnosing, monitoring, and
understanding neurological conditions.

Through these discussions, we aim to lighten the fractal dimension’s
crucial role in bridging theoretical constructs with practical clinical ap-
plications, thereby enhancing both diagnostic processes and therapeutic
strategies. Fractal dimensionality can be derived from different data
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types, reflecting distinct brain function or structure aspects. Although
this paper primarily focuses on FD derived from time-series signals,
some clinically pertinent studies related to structure and imaging also
provide substantial support. To clarify this distinction in our review,
we introduce two specific terms:

1. Functional Fractal Dimensionality (FFD): refers to FD derived
from dynamic data sources such as hemodynamic fMRI, EEG,
MEG (magnetoencephalography), or LFP (local field potentials).
This measure captures the complexity of temporal fluctuations
in neural activity, providing insights into how brain regions
interact over time and respond to various cognitive tasks or
pathological conditions.

2. Morphological Fractal Dimensionality (MFD): describes FD cal-
culated from structural data sources such as MRI scans or other
imaging techniques that visualize the physical architecture of
the brain. MFD quantifies the geometric complexity of brain
structures, such as the intricacy of cortical folds and subcortical
configurations, offering a static, detailed view of the brain’s
morphology.

By distinguishing between FFD and MFD, this review aims to clarify the
applications and implications of fractal dimensionality in neuroscien-
tific research. It ensures that readers accurately interpret the source and
significance of FD measurements reported in the surveyed literature.
This section focuses on reviewing studies that have applied FFD to
neurophysiological signals.

Our review is based on a PubMed search, using the search key
“FRACTAL[Title/Abstract] AND (AGING[Title/Abstract] OR
ALZHEIMER[Title/Abstract] OR PARKINSON|Title/Abstract] OR MUL-
TIPLE SCLEROSIS[Title/Abstract] OR STROKE[Title/Abstract] OR
SCHIZOPHRENIA([Title/Abstract])” and limiting the search to results
in English language from the last 20 years. We obtained 499 out-
comes from PubMed. Review papers identified as relevant were further
searched for additional relevant cited papers. We report below a Prisma
diagram in Fig. 12 summarizing our systematic review. Two records
were identified as duplicate, and two were excluded for being mere
abstracts. Among screened papers, we removed records if studies were
performed on animals, if typical neuroimaging techniques were used
to study non-brain areas (many studies focused on the retina), if the
“fractal” keyword did not refer to a measure of fractality as intended
in this work, if other pathologies of no interest for this review were
studied, if techniques of no interest for this review were used (e.g., PET
or CAT which can only provide structural information), or if brain
morphology was studied. Review papers were removed as well, but
they were used for citation searching (right side of Fig. 12) to extract
9 additional papers. The systematic review produced a selection of 59
papers, distributed in the last 20 years as in Fig. 13. The trend is clearly
positive, with more than 60% of papers published in the last 5 years.
Selected papers are described in depth in the next sections, divided by
pathology.

7.1. Algheimer’s and FD

This section delves into the application of FD in understanding and
assessing Alzheimer’s disease (AD). Alzheimer’s disease is characterized
by progressive neurodegenerative changes that result in significant
cognitive decline and functional impairments [105,106]. The complex-
ity of neural activity can be captured using FD, providing insights
into the alterations in brain dynamics associated with the disease. By
employing FD, researchers aim to uncover the hidden patterns and
disruptions in neural activity that correlate with disease progression.
The studies reviewed in this section primarily refer to various methods
of Functional Fractal Dimensionality (FFD) as they capture the com-
plexity of temporal fluctuations in neural activity using EEG, MEG, and
resting-state functional magnetic resonance imaging (rsBOLD fMRI)
signals.
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Overview of studies employing FD and related nonlinear methods in the analysis of neurophysiological signals for AD diagnosis and monitoring.

Study Sample Methods EEG channels Key findings
/MRI type
Amezquita et al. - 37 AD (age 74.71 + 9.27) EEG 19 channels - The method distinguished MCI from AD with 90.3%

[88]

- 37 MCI

(HFD, BD, KFD, HE,

MUSIC-EWT, EPNN)

accuracy.
- AD patients showed lower FD values compared to MCI
patients.

Gomez et al. [89] - 20 AD (age 73.05 + 8.65 years), MEG (HFD) 148 channels - AD patients had lower HFD values compared to controls,
- 21 HC (age 70.29 + 7.07 years) indicating reduced complexity in MEG signals.
- Significant differences found in 71 out of 148 channels,
especially in temporal regions.
- Highest classification accuracy of 87.8% achieved using
mean HFD over all channels.
Gomez et al. [90] - 36 AD (age 74.06 + 6.95 years), - MEG 148 channels MEG recordings less complex and more regular in AD
- 26 HC (age 71.77 + 6.38 years) (SSE, ApEn, patients.
SampEn, - Significant differences in several brain regions using all
HFD, MSFD, LZC) methods except MSFD.
Staudinger et al. - 79 AD (mean age 76 years), EEG 16 channels - Individual features provided limited diagnostic value with

[91]

- 82 HC (mean age 77 years)

(HFD, SE, SC, SR,
ZCR)

accuracies ranging from 60%-66%.

- Combining features and using SVM resulted in a
diagnostic accuracy of 78%.

- AD patients exhibited lower complexity in EEG signals
compared to controls.

Henderson et al. - 30 AD patients, EEG Not specified - FD analysis achieved 67% sensitivity to probable AD
[92] - 6 vascular dementia, (FD by with a specificity of 99.9%.
- 3 mixed dementia, zero-set dimension - PDF of ZCI analysis achieved 78% sensitivity to probable
- 42 HC approach, AD with a specificity of 99.9%.
PDF of ZCI)
Smits et al. [19] - 67 AD (age 73.06 + 8.58 years), EEG (HFD) 19 channels - HFD showed an inverted U-shaped relationship with age
- 17 elderly-HC (age 69.5 + 9.46 in healthy individuals.
years), - AD patients had significantly reduced HFD,
- 24 young-HC (age 30.3 + 7.52 especially in temporal-occipital regions.
years) - Reduction in HFD correlated with cognitive decline
and higher levels of non-ceruloplasmin copper.
Al-nuaimi et al. Subset-A: EEG (HFD) 21 channels - AD patients had significantly lower HFD values in
[93] - 3 AD patients, parietal areas.
- 8 HC - Gradual lowering of the brain wave activity in ADs starts
(mean age 65 years), from back of the brain then spreads to other parts over the
Subset-B: time.
- 17 AD (age 77.6 + 10 years), - HFD values in these areas discriminated between AD and
- 24 HC (69.4 + 11.5 years) healthy subjects with a sensitivity of 100% and specificity
of 80%.
Nobukawa et al. - 16 AD (mean age 57.5 years), EEG (HFD ) 18 channels - AD patients had reduced fractality at both slow and fast

[94]

- 18 HC (mean age 59.3 years)

temporal scales.

- Fractality at fast temporal scales correlated with cognitive
decline.

- Temporal-scale-specific fractal characteristics could serve
as potential biomarkers for AD.

Nimmy et al. [95]

—15 MCI-AD patients:

EEG (SST, HFD,

32 channels

- The parietal lobe is the most affected in MCI-AD patients

(mean age 67.78 years), ApEn) under both resting and cognitive states.

- 27 healthy controls - Alterations in asymmetry in the brain hemispheres were

(mean age 56.18 years) observed using HArS.
- Lower FD and ApEn values in MCI-AD patients indicate
developing cognitive deterioration.

Ando et al. [96] - 16 AD (mean age 57.5 years), EEG 16 channels - AD patients had significantly higher c1 values
- 18 HC (mean age 59.3 years) (Multifractal (smoothness index)
analysis, and lower sample entropy at small temporal scales.

Multiscale entropy
analysis)

- Combining MSE and MF analyses improved classification
accuracy.

- Suggests that MSE and MF analyses can enhance

AD diagnostic tool development.

Sadiq et al. [97]

XH [98] + SLF [99] datasets:

- 31 HC (age 63 + 8.85 years)

- 35 AD (age 65.8 + 8.3 years)
ADNI dataset [100]:

- 30 HC (age 75.25 + 6.9 years)
- 30 AD (age 72.81 + 7.17 years)

rs-fMRI
(wavelet-based
fractal analysis,
nonfractal
connectivity, SVM)

N/A

- Nonfractal connectivity method achieved an accuracy of
90.3%

and 83.3% for XHSLF and ADNI datasets, respectively.

- Combined dataset accuracy was 90.2%.

- The proposed method outperformed fractal and
Pearson-based connectivity approaches by 16.4% and
17.2%, respectively.
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Study Sample Methods EEG channels Key findings
/MRI type
Das et al. [101] - 13 MCI-AD patients: EEG 32 channels - MCI-AD patients exhibited reduced functional
(mean age 67.78 years), (Lempel-Ziv connectivity and complexity, particularly in the
- 15 HC (mean age 65.18 years) complexity, anterior and central regions.

HFD, FDispEn)

- The study suggests a direct relationship between
reduced connectivity and decreased EEG complexity.

Vicchietti et al.
[102]

- 160 AD patients,
- 24 HC

EEG (wavelet
coherence,

fractal dimension
(KFD),

quadratic entropy,
wavelet energy,
quantile graphs,
visibility graphs)

19 channels - Except wavelet energy, all the other 5 methods were
able to discriminated between AD patients and HCs.
- Best resuts obtained by Wavelet coherence and

quantile graphs.

Azami et al. [103] - 36 AD (age 74.06 + 6.95 years),
- 18 MCI (age 74.89 + 5.57
years),

- 26 HC (age 71.77 + 6.38 years)

MEG

(twenty nonlinear
measures
including HFD,
FuzDispEn, LZC,
ZCR, etc.)

148 channels - HFD and FuzDispEn showed the highest effect sizes
for distinguishing AD from HC and MCIL
- Significant correlation between HFD, FuzDispEn, and

cognitive performance (MMSE scores).

Warsi et al. [104] - 33 AD (age 76.4 + 7.8 years), rsBOLD fMRI

- 13 HC (age 73.7 + 6 years)

(FDRD, FDPS), MRS

N/A - FDPS and FDRD of rsBOLD signals differentiated AD
patients from healthy controls.

- Lower FD correlated with decreased NAA and
increased ml, markers of AD severity.

FD analysis of rsBOLD could provide an early marker

of AD.

In this section, we have identified and reviewed fifteen AD-related
papers out of the 45 retrieved with the systematic review. The key
findings, sample sizes, methods, and data sources for each of these
studies are summarized in Table 1. These studies encompass a diverse
range of subjects, including 666 Alzheimer’s patients all chronics, 83
MCI patients, and 446 healthy subjects. The methods utilized include
HFD, KFD, Shannon spectral entropy (SSE), sample entropy (SampEn),
spectral centroid (SC), spectral roll-off (SR), zero-crossing rate (ZCR),
multifractal analysis, nonfractal connectivity, power spectral analysis
FD (FDPS) and relative dispersion FD (FDRD). The sources of data
include EEG, MEG, and rsBOLD fMRI.

In the following, we will conduct a meta-analysis of the studies with
sufficient data on FD values for Alzheimer’s, MCI, and healthy control
groups to determine the suitability of FD as a marker for analyzing AD
patients. This meta-analysis will focus specifically on studies utilizing
HFD to ensure methodological consistency. Papers using other FD
methods, data obtained by fMRI, and those involving MCI-AD instead
of purely AD patients will be excluded from the meta-analysis.

The studies reviewed provide a comprehensive analysis of the appli-
cation of FD in assessing AD. Amezquita-Sanchez et al. [88] introduced
a methodology that combines EEG signal processing with various FD
measures, including Box dimension (BD), HFD, and KFD, along with
the enhanced probabilistic neural network (EPNN) classifier. Their
approach demonstrated an impressive 90.3% accuracy in distinguishing
between Mild Cognitive Impairment (MCI) and AD patients, highlight-
ing the potential of FD as a diagnostic tool. Similarly, Gémez et al. [89]
applied HFD to MEG recordings, revealing significantly lower HFD
values in AD patients than in controls. This reduction in complexity
was particularly notable in temporal regions, achieving a classification
accuracy of 87.8%. Expanding on this, Gémez and Hornero [90] used
multiple entropy and complexity measures on MEG data (including
approximate entropy (ApEn), SampEn, HFD, Maragos and Sun’s fractal
dimension (MSFD), and Lempel-Ziv complexity (LZC)) finding that
AD patients exhibited less complex and more regular MEG signals.
Staudinger and Polikar [91] further investigated EEG signals using a
range of nonlinear measures such as HFD, spectral entropy (SE), SC, SR,
and ZCR. Their findings showed that combining these features with an
SVM classifier improved diagnostic accuracy to 78%, underscoring the
utility of these measures in distinguishing AD from healthy controls.
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In EEG studies focused on the aging process, Smits et al. [19]
observed an inverted U-shaped relationship between age and HFD
in healthy individuals, with a significant decline in HFD seen in AD
patients, especially in temporal-occipital regions. Al-nuaimi et al. [93]
also emphasized the diagnostic potential of HFD in EEG, reporting
that reduced HFD values in parietal areas could differentiate AD pa-
tients with 100% sensitivity and 80% specificity. Nobukawa et al. [94]
adapted the HFD method to analyze fractality at different temporal
scales in EEG signals, showing a correlation between reduced frac-
tality and cognitive decline in AD patients. Meanwhile, Nimmy John
et al. [95] applied synchrosqueezing transform (SST), FD, and ApEn to
EEG data from MCI-AD patients, identifying significant asymmetry in
brain hemispheres, particularly in the parietal lobe. Ando et al. [96]
combined multifractal (MF) and multiscale entropy (MSE) analyses in
EEG, finding that AD patients had higher c1 values (smoothness index)
and lower sample entropy, which enhanced classification accuracy.
Sadiq et al. [97] extended the use of FD to rs-fMRI signals, achiev-
ing high accuracy in AD classification with a nonfractal connectivity
approach. Das and Puthankattil [101] employed a neurocomputational
model to demonstrate that reduced functional connectivity and com-
plexity, especially in anterior and central regions, are indicative of
MCI-AD. Vicchietti et al. [102] utilized computational methods like
wavelet coherence and FD on EEG records, successfully discriminat-
ing between AD patients and controls. Finally, Azami et al. [103]
conducted a systematic comparison of 20 nonlinear measures in MEG
recordings. Results showed that LZC, ZCR, FD, and dispersion entropy
(DispEn) significantly differentiated AD from MCI and HC. HFD and
fuzzy dispersion entropy (FuzDispEn) demonstrated the highest ef-
fect sizes and correlation with cognitive performance (MMSE scores),
further establishing FD as a robust indicator for differentiating AD
from MCI and healthy controls. Warsi et al. [104] also explored the
relationship between brain blood oxygenation level dependent (BOLD)
FD mapping and magnetic resonance spectroscopy (MRS) in AD, finding
that lower FD in resting-state BOLD (rsBOLD) signals correlated with
disease severity markers, including decreased N-acetyl aspartate (NAA)
and increased myoinositol (ml), offering a potential early biomarker for
AD.
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Fig. 14. Forest Plot of HFD Differences in Alzheimer’s Disease and Healthy Controls for meta analysis.

7.1.1. Meta analysis and forest plot

To determine if HFD is potentially a suitable marker for analyzing
Alzheimer patients, we conducted meta-analyses of the studies with
sufficient data on HFD values for Alzheimer and control groups. Below
is given the random effects meta-analysis summary:

* Mean Effect: —0.863

« Standard Error: 0.202

« Tau-squared (z2): 0.142

* 95% CI: [-1.258, —0.468]
» P-value < 0.0001

The meta-analysis revealed a significant reduction in HFD among
AD patients compared to healthy controls (HC). The mean effect size
(Hedges’ g) was —0.863, indicating that HFD is lower in AD patients.
The standard error of the mean effect size was 0.202, suggesting a
reasonable precision of the estimate. The tau-squared value, repre-
senting the between-study variance, was 0.142, indicating moderate
heterogeneity among the included studies. The 95% confidence interval
(CI) ranged from —1.258 to —0.468, and since it does not include zero,
the result is statistically significant. The p-value lower than 0.0001,
providing strong evidence against the null hypothesis of no difference
in HFD between AD patients and healthy controls. Overall, these results
highlight a significant reduction in HFD in AD patients, underscoring
its potential as a biomarker for Alzheimer’s disease.

The forest plot in Fig. 14 visually represents the effect sizes (Hedges’
g) for HFD differences between AD patients and healthy controls across
the included studies. Each black dot corresponds to the mean effect
size for an individual study, with horizontal lines showing the 95%
CIs. The red dot at the bottom represents the overall summary effect
from the meta-analysis. The plot illustrates a consistent negative effect
size across studies, indicating lower HFD in AD patients. The varying
lengths of the confidence intervals reflect differences in sample sizes
and variances such that wider intervals, suggesting greater variability
or smaller sample sizes.

7.2. Parkinson’s disease and FD

This section delves into the application of FD in understanding
and assessing Parkinson’s disease (PD). PD is characterized by pro-
gressive neurodegenerative changes that lead to motor dysfunction
and cognitive impairments [107]. Fractal analysis, which quantifies
the complexity and self-similarity in neural signals, offers a novel
approach to monitoring these changes and the effects of therapeutic
interventions. The studies reviewed in this section primarily refer to
various methods of FD analysis, capturing the complexity of temporal
fluctuations in neural activity using EEG and resting-state functional
magnetic resonance imaging (rs-fMRI) signals.

13

In this section, we have identified and reviewed seven PD-related
papers out of the 45 retrieved with the systematic review and summa-
rized in Table 2. These studies encompass a total of 335 Parkinson’s
patients all chronics and 137 healthy controls. The methods utilized
include HFD, KFD, Petrosian FD, SE, permutation entropy, and GHE.
The sources of data include EEG, rs-fMRI, MEG, and LFP. We could not
conduct a meta-analysis for this part since there are not enough studies
using HFD, and the data were not from similar sources (they were from
EEG, rs-fMRI, etc.).

Fiorenzato et al. [21] compared HFD and fALFF of resting-state fMRI
signals regarding predictive power for cognitive decline in PD. Patients
were classified as normal cognition, mild cognitive impairment and
demented. HFD was assessed as the best predictor for cognitive decline,
with classification accuracy of 78%, significantly higher than that
achieved by fALFF 62%. Interestingly, FD was shown to increase with
cognitive decline, in particular within the default mode network (DMN)
and the cognitive executive network (CEN). The increase in complexity
was suggested as a marker of increased segregation for those networks.
To our knowledge, this is the only study on PD employing fractal
analysis of fMRI signals.

More electrophysiology studies support increased local complexity
as a potential biomarker of PD. Regarding EEG, de Miras et al. [55]
introduced a four-dimensional fractal dimension (4DFD) analysis of
source-reconstructed EEG data using the box-counting algorithm. They
found significantly higher complexity in a group of non-demented PD
patients compared to healthy controls. Furthermore, 4DFD achieved
an AUC of 0.97 for distinguishing between PD patients and healthy
controls.

Darmani et al. [108] focused on the aperiodic (or fractal-like)
component of local field potentials (LFPs) in the subthalamic nucleus
(STN), characterized by the spectral exponent and offset. While not
directly measuring FD, they highlight the relevance of fractal-like ape-
riodic activity in PD and suggest its potential as an indicator of neural
inhibition and disease progression.

Ferrara et al. [109] examined the effects of levodopa on the fractal
component of STN-LFPs, observing an increase in the power-law ex-
ponent in specific frequency bands following medication. This finding
suggests that the fractal component may serve as a potential non-
oscillatory biomarker for evaluating the effects of levodopa in PD, with
potential applications in personalized treatment monitoring.

Lal et al. [110] evaluated FD methods in EEG to differentiate PD
patients on and off medication from HC, identifying HFD as the most
effective feature for classification, achieving over 99% accuracy. The
study highlighted midbrain and occipital regions as key discriminative
areas, emphasizing FD’s diagnostic potential for PD through EEG.

Xu et al. [111] proposed a novel potential biomarker for PD diagno-
sis using rs-fMRI with GHE and uniform manifold approximation and
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Summary of studies utilizing FD and nonlinear analysis techniques in the assessment of neurophysiological signals for PD diagnosis and progression monitoring.

Study Sample Methods

EEG channels
/MRI type

Key findings

Yuvaraj et al. - 20 PD patients: Non-linear EEG analysis:

[113] - 10 LPD (age 57.6 + 5.32 years), AE(approximate entropy)
- 10 RPD (age 59.1 + 3.75 , CD(correlation dimension),
years), DFA
- 20 HC (age 58.1 + 2.95 years) , HFD, HOS(higher order
spectra)

, HE, LLE(largest Lyapunov)

, SE(sample entropy)

14 channels - FD used to measure EEG signal

complexity in PD patients.

- LPD patients showed greater impairment in
emotion recognition compared to RPD.

- FD contributed to emotion-specific feature ranking

and classification accuracy.

Ferrara et al.
[109]

24 PD patients FD analysis of STN-LFP

p-exponent of power-law

N/A Fractal exponent () post-levodopa:
- increased in delta and theta bands

- decreased in alpha, beta, and gamma bands.

Darmani et
el. [108]

10 PD patients STN-LFP (IRASA)

N/A - Systematic increase in exponent and offset of
aperiodic spectrum over 18 months post-DBS.

- Beta burst durations and amplitudes remained stable
over time but were suppressed by medications.

- Aperiodic activity linked to increased inhibition

in the basal ganglia.

- Irregular-Resampling Auto-Spectral Analysis (IRASA)
used to separate oscillatory and aperiodic components.

Miras et al.
[55]

- 27 PD (age 69.59 + 6.74 years),
- 15 HC (age 67.53 + 4.94 years)

EEG,
4DFD,
box-counting algorithm

62 channels - PD patients exhibited significantly higher 4DFD
values compared to controls ( p < 0.001).
- 4DFD showed potential as a diagnostic classifier

for PD achieving an AUC of 0.97.

rs-fMRI
(HFD, fALFF)

Fiorenzato
et al. [21]

- 118 PD patients:
- 52 PD-NC, 46 PD-MCI, 20 PDD,
- 35 HC

rs-fMRI - FD values were higher in PD patients compared to
controls, especially in CEN and DMN.
- FD values correlated with cognitive decline in PD

patients.

Lal et al.
[110]

- 15 PD (age 63.2 + 8.2 years),
- 16 HC (age 63.5 + 9.6 years)

EEG
(HFD, KFD, Peterson FD,

SE, Permutation entropy (PE))

32 channels - Proposed a potential bio-marker for PD diagnosis
using resting-state EEG with FD measures and
machine learning.

- Achieved a PD diagnosis accuracy of:

99.65% for ON-medication

99.45% for OFF-medication states

using HFD with a KNN classifier.

- Demonstrated significant differences in
spatial-temporal patterns of EEG signals between
PD patients and healthy controls.

Xu et al. rs-fMRI

[111]

PPMI dataset [115]:

- 92 PD (age 45-83 years)
- 22 HC (age 39-79 years)
OpenNeuro [116] ds001354
dataset:

- 14 PD (age 36-77 years)
- 14 HC (age 38-76 years)
OpenNeuro [116] ds00245
dataset:

- 15 PD (age 66-76 years)
- 15 HC (age 58-69 years)

UMAP for Dimension
reduction,

(GHE for feature extraction,

DNN for Binary classification)

rs-fMRI - Proposed a potential bio-marker for PD diagnosis
using rs-fMRI with topological machine learning.

- Achieved a PD diagnosis accuracy of 96.4%.

- Demonstrated significant differences in
spatial-temporal patterns in differences in dysfunction
regions between PD patients and HC.

- Identified significant differences in the Temporal
lobe, partial Parietal lobe, partial Occipital lobe,

and motor region using low-dimensional manifold
learning.

projection (UMAP), achieving classification accuracy of 96.4%. Region-
specific analyses identified high classifiability in temporal, parietal, and
motor regions, demonstrating spatial pattern changes that could serve
as potential robust biomarkers for PD diagnosis.

In a 2023 review, Averna et al. [112] state that not many studies
employed HFD in the context of PD, and report one EEG study from Yu-
varaj and Murugappan [113] including HFD along with other nonlinear
features as predictors for emotional states in left-side (LPD) and right-
side (RPD) affected PD. This review also referenced the study by Mostile
et al. [114] in which the power-law exponent has been applied to EEG
data to discriminate PD patients from healthy controls. Mostile et al.
observed lower exponent, i.e., higher local fractality, in fronto-temporal
sites in PD patients with respect to healthy controls.

In summary, these studies collectively support fractal dimension as
a potential biomarker for Parkinson’s disease. Some findings indicate an
increase in FD among PD patients, suggesting its relevance in tracking
disease progression, cognitive decline, and response to treatment.
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7.3. Stroke and FD

This section delves into the application of FD in understanding and
assessing stroke-related changes in the brain. Stroke often results in
significant disruptions in the brain’s structure and function, leading to
various motor and cognitive deficits. Fractal analysis, with its ability to
quantify complexity and self-similarity in neural signals, offers a novel
approach to monitoring these changes and the effects of rehabilitation
interventions. The studies reviewed in this section primarily refer to
FFD, as they capture the complexity of temporal fluctuations in neural
activity using EEG and fMRI signals.

In this section, we have identified and reviewed eight stroke-related
papers out of the 45 retrieved with the systematic review. These
studies which are summarized in Table 3 encompass a total of 190
stroke patients, 102 healthy controls, 5 VaD patients. Six of the eight
papers considered used EEG, and only one employed concurrent EEG-
fMRI. All studies utilized HFD, enabling a potential meta-analysis. We
conducted a meta-analysis of studies comparing HFD in stroke patients
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Summary of studies applying FD and nonlinear analysis techniques to assess neurophysiological changes and recovery in stroke patients across different phases (acute, sub-acute,

and chronic).

Study Sample Methods Num of EEG channels/ Acute/ Key findings
type of MRI sub-acute/
chronic
Khan et al. 14 stroke patients Concurrent 64 channels (EEG), Chronic - Significant decrease in interhemispheric
[117] (age: 54 + 12 years), EEG & fMRI 3 T Philips MR scanner asymmetry in FD post-training
(13 M, 1F) (HFD) with - Positive correlation between FD asymmetry
8-channel head coil (fMRI) reduction and improved FMA scores for upper
limb recovery.
- Increased fMRI connectivity in motor regions,
correlating with motor recovery.
- EEG-fMRI analysis demonstrated
neuroplasticity changes associated with robotic
hand training.
Chen et al. 14 stroke patients Concurrent 64 channels (EEG), Chronic -Significant FD changes observed in
[118] (age: 54 + 8 years), EEG & fMRI, 3T Siemens scanner (fMRI) contralesional and ipsilesional brain regions
(13M,1F) (DT1, HFD) post-training.
- Changes in FD and interhemispheric
asymmetry correlated with motor recovery
(FMA scores).
- FD combined with multimodal neuroimaging
revealed key regions and networks linked to
neuroplasticity and motor recovery.
Rubega et al. - 51 stroke patients: EEG 64 channels - Hyperacute: - Lower FD in stroke patients compared to
[119] 16 hyperacute and Acute (HFD, (within 48 h), controls
35 early subacute and Tortuosity) - Acute: - Decreased complexity post-stroke
subacute, (within 1 week) - FD measures approached control values over
- 11 HC - Early Subacute: time
(1-5 weeks)
- Subacute:
(2 months)
Zappasodi et al. - 36 stroke patients EEG (HFD) 19 channels - Acute: - Lower FD observed in stroke patients,
[120] (age 73.0 + 8.6 years), (4-10 days), reflecting global dysfunction in EEG signal
(24M, 12F) - Post-Acute: complexity.
- 19 HC (6 months) - Larger FD asymmetry (FDasy) in the acute
(age 71.1 + 6.3 years), phase correlated with worse recovery at 6
(12 M, 7F) months.
- FD decrease associated with increased alpha
power and decreased beta power, indicating
regional
neural processing damage at a multiscale level.
- Topographical FD distribution revealed lower
values in parieto-occipital regions compared to
frontal regions.
Zappasodi et al. - 24 stroke patients EEG (HFD) 19 channels - Acute: - Lower HFD in stroke patients in the acute
[121] (age 72.0 + 9.5 years), (2-10 days), phase
(15 M, 9F) - Sub-Acute: - Increased HFD in the sub-acute phase
- 20 HC (2.5 months) indicating potential recovery
(age 71.2 + 6.2 years), - Higher delta band power associated with
(12 M, 8F) worse clinical status in both hemispheres in
acute pahse
- Persistent hemispheric asymmetry in HFD
with lower values in the ipsilesional
hemisphere.
Portnova et al. - 28 post-stroke patients EEG (HFD) 19 channels Chronic: - Lower FD in post-stroke patients compared to
[122] (age 55.2 + 5.1 years), Post-stroke HC
(15 M, 13 F) (7.9 + 1.3 month) - FD positively correlated with arousal and
- 37 HC empathy levels
(age 31.6 + 7.1 years), - Similar EEG responses to laughter in
(15 M, 22 f) post-stroke patients and controls
Al-Qazzaz et al. - 15 stroke-related MCI EEG 19 channels Chronic - Stroke-related MCI and VaD patients showed
[123] patients: (HFD, PerEn, lower HFD and PerEn compared to controls
(5M, 10 F), RP, power ratio, - High classification accuracy achieved using

(age: 60.26 + 7.77 years),
- 5 VaD patients:

BM, 25,

(age: 64.6 + 4.8 years)

- 15 HC:

(7 M, 8 F),

(age: 60.06 + 5.21 years)

FNPAQR))

EEG features:
- SVM: 91.48% (with FNPAQR)
- kKNN: 89.63% (with FNPAQR)
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Study Sample Methods Num of EEG channels/ Acute/ Key findings
type of MRI sub-acute/
chronic
Al-Qazzaz et al. 8 subjects EEG 22 channels Non-clinical - Combined complexity and irregularity features
[124] (5 M, 3F), (HFD,HE, enhance classification accuracy

(age 22.9 + 2.6) TsEn, DispEn)

- RF classifier achieved 74.48% accuracy
- Potential for improving rehabilitation
outcomes

and healthy controls to understand whether HFD is a suitable potential
biomarker for distinguishing between these groups.

Recent studies have highlighted the role of FD in advancing brain—
computer interface (BCI) systems and understanding neural recovery
in stroke patients. Al-Qazzaz et al. [124] utilized HFD along with
other nonlinear EEG features, such as HE, Tsallis entropy (TsEn), and
DispEn, to classify motor imagery (MI) tasks. The study achieved a
classification accuracy of 74.48% using the random forest (RF) classi-
fier, demonstrating the potential of these features in supporting stroke
rehabilitation. Similarly, Khan et al. [117] employed HFD in concurrent
EEG and fMRI analyses to assess the effects of robotic hand training
on chronic stroke patients. They observed a significant decrease in
interhemispheric asymmetry post-training, correlating with improved
Fugl-Meyer Assessment (FMA) scores, suggesting that HFD can be
a valuable marker for assessing neuroplasticity and tracking motor
function recovery. Chen et al. [118] also investigated BCI-guided robot-
assisted hand training, finding that changes in FD, assessed through
multimodal neuroimaging (EEG, fMRI, and DTI), significantly corre-
lated with motor recovery. These findings further support FD’s utility
as a potential biomarker for monitoring neuroplasticity and stroke
rehabilitation progress.

In EEG-focused studies, Rubega et al. [119] used the HFD and
Tortuosity to assess EEG complexity in stroke patients, finding signifi-
cantly lower FD values during both the hyperacute and early subacute
phases compared to healthy controls, indicating reduced brain ac-
tivity complexity post-stroke. Zappasodi et al. [120] reported lower
HFD and greater FD asymmetry (FDasy) in stroke patients during
the acute phase (T0), with greater asymmetry correlating with worse
clinical outcomes, as measured by the National Institutes of Health
Stroke Scale (NIHSS). In a follow-up longitudinal study, Zappasodi
et al. [121] observed an increase in HFD values during the sub-acute
phase (T1), indicating recovery of neural complexity. These findings
underscore the potential of HFD as a potential biomarker for neuro-
plasticity and functional recovery in stroke rehabilitation. Additionally,
Portnova and Atanov [122] studied nonlinear EEG parameters, includ-
ing HFD, in post-stroke patients. They observed reduced FD during
rest and emotional stimulation, with changes correlating to impaired
emotional processing, particularly reduced arousal and empathy re-
sponses. Al-Qazzaz et al. [123] further analyzed EEG signals using HFD,
permutation entropy (PerEn), and ICA-WT denoising to differentiate
stroke-related MCI and vascular dementia (VaD) from healthy con-
trols. The study highlighted the significance of FD and other nonlinear
measures as reliable markers of neuronal dysfunction associated with
stroke-related cognitive decline.

7.3.1. Meta analysis and forest plot

To determine if HFD could be a suitable and potential marker for
analyzing stroke patients, we conducted meta-analyses of the studies
with sufficient data on HFD values for stroke and control groups. The
summaries of the random effects meta-analyses for the acute (T0) and
subacute (T1) stages are as follows:

Summary 1 (T0):

* Mean Effect: —2.220
« Standard Error: 0.916
+ Tau-squared: 2.234
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* 95% CI: [-4.015, —0.424]
« P-value: 0.015
» Number of Subjects: 126

The random effects meta-analysis for the acute stage (Summary
1, TO) revealed a significant reduction in HFD among stroke patients
compared to controls, with a mean effect size (Hedges’ g) of —2.220
(Standard Error: 0.916). The 95% CI ranged from —4.015 to —0.424,
confirming the statistical significance of the reduction in HFD. How-
ever, the tau-squared value of 2.234 indicates moderate heterogeneity
across the included studies, suggesting some variability in the effect
sizes. The highly significant p-value (p = 0.015) further supports the
robustness of these findings.

Summary 2 (T1):

* Mean Effect: —3.765

» Standard Error: 3.372

» Tau-squared: 22.352

* 95% CI: [-10.373, 2.844]
+ P-value: 0.264

» Number of Subjects: 90

The meta-analysis for the subacute stage (Summary 2, T1) showed
a larger mean effect size of —3.765 but a wide 95% confidence interval
[-10.373, 2.844] and a non-significant p-value (p = 0.264). The
high tau-squared value (22.352) reflects substantial variability across
studies, indicating that the findings for the subacute stage are less
conclusive.

The forest plot in Fig. 15 visually summarizes the effect sizes
for HFD differences between stroke patients and controls across the
different stroke phases: HyperAcute (48 H), Acute (2-9 D and 2-10
D), Early SubAcute (1-3 W), and SubAcute (2-2.5 Months). The pooled
summary effect size for the acute stage (TO), represented by the red
dot, confirms a significant reduction in FD. However, the subacute
stage (T1), represented by the purple dot, demonstrates considerable
heterogeneity and non-significance.

In conclusion, the forest plot demonstrates a consistent reduction in
HFD during the acute stage of stroke, reinforcing its potential as a valu-
able biomarker for assessing stroke-related brain changes. However, the
variability in the subacute stage highlights the need for further research
to better understand the temporal dynamics of HFD following stroke.

7.4. Multiple sclerosis and FD

Understanding the impact of multiple sclerosis (MS) on brain com-
plexity through FD analysis offers novel insights into the neurophysi-
ological alterations associated with the disease. MS, characterized by
widespread lesions and neurodegeneration, often leads to significant
cognitive and physical impairments. By quantifying the complexity of
neural signals, FD analysis can reveal subtle changes in brain dynam-
ics and connectivity, providing valuable information for assessing the
progression of MS and the effectiveness of therapeutic interventions.

Porcaro et al. [125] explored the effects of a personalized tran-
scranial direct current stimulation (tDCS) intervention, called FaReMuS
(Fatigue Relief in Multiple Sclerosis), on the functional organization of
the primary sensorimotor network in patients with multiple sclerosis
(MS). The study involved 18 MS patients who underwent five days of
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tDCS targeting the somatosensory cortex (S1) with electrodes shaped
based on individual MRI-derived anatomy. EEG data were collected
before and after the intervention to assess changes in brain activ-
ity, specifically using FD analysis to quantify the complexity of the
neuronal dynamics in S1 and motor cortex (M1). The results showed
significant changes in FD, indicating altered brain complexity post-
intervention. Notably, the left S1 region reduced in FD, reflecting
improved neurodynamics, while mutual information (a measure of
functional connectivity) between left and right M1 increased, suggest-
ing enhanced interhemispheric communication. These changes were
significantly correlated with improvements in fatigue levels as mea-
sured by the modified fatigue impact scale (mFIS), explaining 48%
of the variance in fatigue reduction. This study highlights the po-
tential of FD analysis in monitoring and evaluating the effects of
neuromodulation treatments in MS patients.

7.5. Aging and FD

This section explores the brain’s relationship between aging and FD
through neuroimaging studies employing fMRI and EEG. As individuals
age, the brain undergoes significant changes in both structure and
function, changes that fractal analysis can capture effectively. These
analyses reveal insights into the cognitive and neurological shifts asso-
ciated with aging. The studies reviewed in this section primarily use
fMRI and EEG to analyze FD in the context of aging, capturing the
complexity of temporal fluctuations in neural activity.

In this section, we have identified and reviewed seven aging-
related papers out of the 45 retrieved from our systematic review
(one study overlaps with Alzheimer’s disease). These studies which
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are summarized in Table 4 encompass a total of 440 participants,
including healthy adults across a wide age range. The methodologies
used in the EEG studies are diverse, including HFD, multi-fractal
analysis, dynamic fractal connectivity, and fractal connectivity based
on multiple-resampling cross-spectral analysis (MRCSA) and detrended
cross-correlation analysis (DCCA). In fMRI studies, the HE was primar-
ily used. Due to the heterogeneity in methodologies and insufficient
data specifically focusing on HFD, a meta-analysis for this section could
not be conducted.

Churchill et al. [126] demonstrated a significant decrease in HE
with aging, particularly during tasks requiring increased cognitive ef-
fort, indicating reduced fractal scaling and less complex, more vari-
able brain activity in older adults. Dong et al. [127] extended this
analysis, reporting a decrease in HE with aging in the frontal and
parietal lobes, highlighting a reduction in self-similarity and complexity
in regions critical for cognitive functions. Conversely, they observed
compensatory increases in complexity in other regions, including the
insula, limbic, occipital, and temporal lobes, suggesting differential
aging effects. Zappasodi et al. [131] found an inverted U-shaped re-
lationship between age and HFD in EEG, with complexity peaking in
middle age and declining thereafter. Smits et al. [19] confirmed the
trend of age-related changes in HFD, observing a further reduction in
Alzheimer’s patients. This reduction was significantly correlated with
lower cognitive scores, suggesting that HFD is not only sensitive to
healthy aging but also to pathological changes associated with neurode-
generative conditions like Alzheimer’s disease. The study highlights
HFD’s potential utility as a non-invasive biomarker for monitoring age-
related neural complexity changes and cognitive decline, particularly
in the context of Alzheimer’s progression. Czoch et al. [128] compared
resting-state fractal connectivity between healthy elderly and young
controls using EEG. The study found that auto- and cross-spectral
exponents (assessed via MRCSA) were reduced in the healthy elderly
across most of the cortex. Additionally, fractal scaling in frontopari-
etal connections showed an inverse relationship with performance in
visual memory and sustained attention tasks. Nonetheless, Kaposzta
et al. [129] from the same group and extended the analysis to dynam-
ical fractal connectivity via sliding-window DCCA. They demonstrated
that the average strength of fractal connectivity decreases in healthy ag-
ing, while its temporal variability is further reduced. Ando et al. [130]
explored the relationship between functional connectivity and local
fractal measures using EEG. They observed that combining these anal-
yses provides complementary information, improving the prediction
power of artificial neural networks for age estimation. Additionally,
they reported a general age-related reduction in the cumulants of the
multifractal analysis.

Together, these studies emphasize the importance of fractal analysis
in understanding the neural dynamics associated with aging, offering
insights into both healthy aging and age-related diseases.
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Summary of studies examining the impact of aging on brain dynamics through the use of FD and nonlinear analysis methods in EEG and fMRI data.

Study Sample Methods EEG channels/ Key findings
MRI type
Churchil et al. - MTAS datset: fMRI (HE) - BOLD fMRI - Cognitive effort (task difficulty and novelty) reduces
[126] 19 healthy subjects: age 20-30 years fractal scaling (lower HE) in BOLD fMRI across
- TMT and SART dataset: multiple tasks
27 healthy-young subjects: age 20-33 - Aging significantly decreases HE, indicating
years reduced fractal scaling, increased cognitive effort,
22 healthy-older subjects: age 61-82 and disrupted long-range temporal correlations
years - Task complexity primarily impacts visual processing
- VWMT dataset: regions, while aging affects attention-related and
30 healthy subjects: age 36-71 years default mode network regions
- DFA-based HE estimation is more robust than PSD
for shorter fMRI time windows
Dong et al. 116 healthy subjects: age 19-85 years Rs-fMRI (HE) rs-fMRI - Decrease in HE with aging in the frontal and
[127] (Siemens Tim Trio parietal lobes, indicating reduced
3.0T) self-similarity and complexity of BOLD activity
- Increase in HE with aging in the insula, limbic lobe,
occipital lobe, and temporal lobe, suggesting
compensatory mechanisms or differential aging effects
- Significant gender differences in HE, particularly in
the frontal, parietal, and limbic lobes
- Interaction between age and gender observed in the
right parahippocampal gyrus
Smits et al. [19] - 67 AD: age 73.06 + 8.58 years, EEG (HFD) 19 channels - HFD follows an inverted U-shaped pattern in
- 17 elderly-HC: age 69.5 + 9.46 healthy aging, peaking around 60 years
years, and declining afterward.
- 24 young-HC: age 30.3 + 7.52 - AD patients exhibit significantly lower HFD
years than age-matched controls, especially in
temporal and occipital regions.
- Higher levels of non-ceruloplasmin copper
(NCC) are associated with reduced HFD
in AD patients.
- Age-related decline in HFD is more pronounced
in the right parietal region, leading to
increased left-right asymmetry.
- Cognitive impairment (lower MMSE scores)
correlates with reduced HFD in AD.
Czoch et al. - 25 healthy young subjects: EEG 64 channels - Global decrease in regional and cross-regional
[128] age 18-35 years (fractal connectivity spectral exponents in healthy elderly, indicating

- 22 healthy older subjects:

age over 60 years based on MRCSA)

diminished long-term neuronal interactions.

- Fractal connectivity is inversely related to
cognitive performance, particularly in visual memory
and sustained attention domains.

Kaposzta et al. - 24 healthy-young subjects: Emotiv Epoc+ EEG 14 - Temporal variance in dynamic fractal connectivity
[129] age 25.37 + 3.20 years, (dynamic fractal provides more distinct associations with cognitive
- 19 healthy-elderly subjects connectivity performance than mean connectivity strength.
age 66.39 + 6.09 years based on DCCA) - Machine learning-based feature selection identified
connections that classified young vs. elderly subjects
with 92% accuracy, emphasizing the discriminative
power of dynamic connectivity patterns.
Ando et al. - 16 AD:(mean age 57.5 years), EEG 16 - Aging is associated with a reduction in EEG
[130] - 18 HC: (mean age 59.3 years) (Multifractal complexity, particularly at small temporal scales,
analysis, as shown by multiscale entropy analysis,
Multiscale entropy - Multifractal properties reflect altered
analysis) neural dynamics in older adults
- Combined multiscale entropy and multifractal
analyses improve sensitivity in detecting age-related
neural changes.
Zappasodi et al 40 healthy subjects EEG (HFD) 19 - HFD follows a U-shaped trajectory with age,

[131]

(age range 16-85 years)

increasing from adolescence to adulthood

(peaking around age 50) and then declining

in older age.

- HFD changes are site-specific, with elderly
individuals exhibiting pronounced interhemispheric
asymmetry in frontal and central regions.

- Age-related decline in HFD reflects reduced
neural efficiency, likely linked to structural and
functional brain degeneration.
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Fig. 16 illustrates the HFD (Mean + Std) versus the age (Mean
+ Std) of HC as reported in various studies. The differences in HFD
values for subjects within the same age range could be attributed to
variations in data acquisition setups and differences in input parameters
used for HFD computation, such as the choice of K-values. These
variations can lead to discrepancies in the estimated HFD values, either
underestimating or overestimating the actual fractal dimension.

However, despite these variations, when the parameters are con-
sistently applied to both HC and pathological groups, the relative
differences between them become evident. This underscores the im-
portance of establishing a standardized framework for employing such
methods. Moreover, it highlights the need for explicitly reporting effec-
tive parameters, such as K-values, alongside the HFD measurements, to
ensure reproducibility and comparability across studies.

7.6. Schizophrenia and FD

This section explores the relationship between FD and schizophrenia
(SCZ) using EEG and rs-fMRI. Schizophrenia is a complex neuropsy-
chiatric disorder characterized by disruptions in brain dynamics and
connectivity. FD analysis quantifies these disruptions by capturing
neural signal complexity, making it a promising tool for understanding
SCZ pathophysiology and aiding in classification tasks.

We reviewed 15 studies investigating FD in SCZ patients (summa-
rized in Table 5). These studies involved a total of 373 SCZ patients,
299 HC, and 10 subjects with depression spanning diverse populations,
including neuroleptic-naive and first-episode SCZ patients, chronic SCZ
cases, and HC. The methods employed range from classic FD measures
like HFD and KFD to nonlinear metrics such as ApEn, multifractal
detrended fluctuation analysis (MFDFA), and box-counting FD. Several
studies also incorporated machine learning techniques, such as support
vector machines (SVM), artificial neural networks (ANN), and three-
dimensional convolutional neural networks (3DCNN), to enhance SCZ
classification accuracy.

EEG studies featured a variety of channel configurations, from
single-channel recordings (e.g., FP1) to high-density setups (e.g., 128
channels), with a focus on key regions like the frontal, temporal,
and occipital lobes. rs-fMRI studies analyzed whole-brain dynamics,
revealing altered long-range dependence in intrinsic functional net-
works. Key findings highlighted both increased and decreased FD in
SCZ patients compared to HC, often depending on symptomatology,
brain region, and task. Increased FD was associated with emotional
dysregulation and arousal responses, while decreased FD in networks
such as the salience and dorsal attention networks correlated with
symptom severity and reduced neural adaptability.

Recent research has increasingly utilized FD and other nonlinear
dynamics to deepen our understanding of neural processes in SCZ.
Beginning with electroconvulsive therapy (ECT), Rakesh et al. [132]
and Abhishekh et al. [133] examined FD during ECT sessions. Rakesh
et al. found that maximum FD ( 1.57 + 0.07) remained stable across six
sessions, irrespective of electrode placement (whether bifrontal (BF) or
bitemporal (BT)) suggesting consistent seizure morphology, contrasting
with declining seizure duration. Abhishekh et al. demonstrated that
a higher maximum FD, with a cutoff of 1.58, during early sessions
inversely correlated with the Brief Psychiatric Rating Scale (BPRS)
scores after two weeks, highlighting FD’s predictive potential for ECT
efficacy in SCZ.

Beyond ECT, several studies have employed EEG-based nonlinear
analyses to explore neural complexity in SCZ. Goshvarpour et al. [134]
analyzed EEG nonlinear dynamics using HFD, Lempel-Ziv Complexity
(Cx), and Lyapunov Exponents (Lya). They observed lower HFD in
SCZ patients compared to HC and achieved 100% classification ac-
curacy by combining features. Regional differences were highlighted,
such as higher Cx and HFD in the frontal area and higher Lya in
central/occipital regions. Similarly, Guo et al. [135] utilized a 3DCNN-
based framework to enhance EEG feature extraction and classification.
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They reported reduced KFD in alpha band EEG in frontal and tem-
poral lobes of SCZ patients, reinforcing FD’s role in capturing neural
dysfunction. Raghavendra et al. [136] linked reduced HFD in bifrontal
regions to negative symptoms (NS), while increased FD in bitemporal
and occipital areas associated with positive symptoms (PS), such as
hallucinations and delusions.

Advanced techniques have expanded the clinical applicability of
fractal metrics. Ruiz et al. [137] introduced the FD Index (FDI) to
quantify 3D and 4D FD from resting-state EEG, uncovering reduced FDI
in SCZ patients across auditory, dorsal attention, and salience networks,
with correlations to positive symptoms and general psychopathology.
Dick et al. [138] observed increased EEG multifractality in dorsal
attention and visual networks, correlating with neural disorganization
and positive symptoms. These align with findings by Guan et al. [139]
in rs-fMRI, showing altered long-range dependence (LRD) in SCZ, em-
phasizing preprocessing strategies like band-pass filtering for robust
fractal analyses.

The potential of FD and nonlinear dynamics for SCZ classification
is underscored by computational advancements. Prabhakar et al. [140]
achieved 92.17% accuracy using KFD with SVM and radial basis func-
tion (RBF) kernels. Taghavi et al. [141] demonstrated 88.40% accuracy
with ApEn, autoregressive (AR) coefficients, and HFD as features. Tian
et al. [142] integrated neurocognitive and electrophysiological fea-
tures, including FD, in a machine learning pipeline, achieving 93.28%
accuracy using XGBoost.

Exploring emotional processing, Portnova et al. [122] linked in-
creased HFD and envelope mean frequency amplitude (EMFA) during
emotional auditory stimulation to heightened arousal in SCZ, revealing
abnormal emotional dynamics. Similarly, Namazi et al. [143] observed
reduced FD and higher randomness (lower ApEn) in adolescents with
SCZ symptoms, highlighting FD’s potential for classifying brain activity.

Lastly, task-dependent FD variations were noted by Yu et al. [144],
who reported higher FD in SCZ patients during executive tasks like the
Trail Making Test-B (TMT-B) but no significant differences during the
Tower of Hanoi task, suggesting localized executive dysfunction.

Collectively, this body of work highlights FD’s utility across ECT
monitoring, EEG analysis, rs-fMRI, emotional processing, and classifi-
cation, providing a unified framework for understanding SCZ’s neural
dynamics and advancing clinical strategies.

7.6.1. Meta analysis and forest plot

To investigate the potential of HFD as a biomarker for distinguishing
SCZ patients from HC, we conducted a meta-analysis using the study
by Raghavendra et al. [136]. The analysis considered HFD values for
two subgroups of SCZ patients: those with symptoms (PS) and those
without symptoms (NS), compared to HC. The random-effects model
was employed to account for variability across the groups and to
provide robust summary statistics.

» Mean Effect: —1.909

« Standard Error: 0.307

+ Tau-squared (z%): 0.096

* 95% CI: [-2.766, —1.053]
» P-value < 0.0001

Fig. 17 presents the forest plot summarizing the mean effect sizes
(Hedges’ g) and their 95% confidence intervals for these groups. The
forest plot shows that the combined effect size (NS + PS) for SCZ
patients is significantly negative, indicating a substantial reduction in
HFD compared to HC. The individual effect sizes for the NS and PS
subgroups also show similar trends, reinforcing the consistency of the
findings. The summary effect, represented in red, demonstrates a high
level of significance with narrow confidence intervals, supporting the
robustness of the results. These findings highlight the potential of HFD
as a quantitative biomarker for SCZ and emphasize the need for further
research to standardize HFD computation across studies.
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Summary of studies examining the relationship between SCZ and FD using EEG and related methods.

Study Sample Methods EEG channels/ Key findings
MRI type
Rakesh et al. [132] - 40 SCZ EEG (KFD) 1 channel (FP1) - Maximum FD during ECT remained stable across 6

(age: 26.1 + 6.7 years,
19 BF ECT, 21 BT ECT)

sessions (mean FD 1.57 + 0.07).
- No significant difference between BF and BT
placements.

Abhishekh et al. 26 SCZ EEG (KFD) 1 channel (FP1) - Higher seizure intensity (higher FD) during
[133] (age: 29.4 + 7.9 years) early ECT sessions correlated with better clinical
(18 M, 8F) response (lower BPRS scores) after 6 sessions.
- Maximum FD inversely correlated with the
total number of ECT sessions.
Goshvarpour et al. - 14 SCZ EEG 19 channels - Lower HFD observed in schizophrenia
[134] (age: 28.1 + 3.72 years) (HFD, Cx, Lya) compared to controls.
(7M, 7 F) Feature-level - Combined features (HFD, Cx, Lya)
- 14 HC fusion techniques improved classification accuracy (up to 100%)

(age: 27.75 + 3.16 years)
(7M,7F)

compared to individual measures.

- Significant regional differences in nonlinear
indices: higher Cx and HFD in the frontal area,
higher Lya in central/occipital regions.

Guan et al. [139] - 45 SCZ rs-fMRI Whole-brain gray - SCHZ patients exhibited significantly altered
(age: 37.00 + 8.75 years) (MFDFA) matter multifractal long-range dependence patterns
(33 M, 12 F) in intrinsic functional networks compared to HC.
- 45 HC - SCHZ showed reduced persistence in long-term
(age: 36.73 + 8.65 years) fluctuations across whole-brain gray matter regions.
(B3 M, 12 F) - Suggested preprocessing methods (band-pass
filtering and removal of daily temporal dependence)
improved reliability in multifractal analyses.
Guo et al. [135] - Dataset 1: EEG —19 channels - Achieved high classification accuracies:
14 SCZ: age 27.75 + 3.16 years (3DCNN with (Dataset 1) subject-dependent: 99.46%,
(7 M, 7F) KFD analysis) -16 channels subject-independent: 96.04%
14 HC: age 28.1 + 3.72 years (Dataset 2) - Complexity analysis revealed lower KFD
(7 M, 7F) in a band channels for SCZ patients
- Dataset 2: (temporal and frontal lobes).

45 SCZ: age 12 years and 3
months
39 HC: age 12 years and 3
months

Ruiz et al. [137]

- 11 SCZ

(age: 36.2 + 10.2 years)
OM 2F)

- 20 HC

(age: 40.7 + 11.9 years)
(13 M, 7F)

EEG 32 channels
(FDI: 3D/4D FD)

- Lower FDI values were observed in the SCZ group,
particularly in the auditory, dorsal attention, and
salience networks, compared to HC.

- Strong negative correlations were found between FDI
and PANSS scores in most networks (excluding the
visual network).

- Salience network FDI showed good potential for
classification (AUC = 0.83).

Dick et al. [138] - 10 SCZ EEG 19 channels - SCZ group showed higher multifractality in EEG
(age: 24-35 years) (MFDFA) compared to depression and HC.
(5M,5F) - Increased multifractality in SCZ was associated with
- 10 HC anticorrelated EEG dynamics (dorsal attention and
(age: 18-30 years) visual networks).
GM5F - Multifractality correlated with positive symptoms of
- 10 patients with depression SCZ.
(age: 21-34 years)
G5M5F
Portnova et al. - 26 SCZ EEG 19 channels - Increased FD and EMFA in SCZ patients during
[122] (age: 25.9 + 4.7 years) (HFD, Hjorth emotional auditory stimulation (e.g., bird singing,
(11 F, 15 M) parameters, EMFA) dog barking), indicating higher arousal.
- 37 HC - FD positively correlated with arousal/empathy
(age: 31.6 = 7.1 years) in controls, but not in SCZ patients.
(22 F, 25 M) - Abnormal EEG nonlinear dynamics reflect

emotional impairments in SCZ patients.

8. Conclusion and outlook

This review underscores the pivotal role of FD analysis in advancing

(continued on next page)

its effectiveness in analyzing non-linear, non-stationary signals typical

of neurophysiological data. The meta-analyses presented in this review

highlight FD’s potential as a biomarker for neurodegenerative disor-

our understanding of brain dynamics in various neurological conditions
by analyzing time series signals. We emphasized the importance of
FD as a metric for capturing the complexity inherent in physiological
signals and explored the mathematical foundations of fractality in
nature and time series. The review focused on the HFD, demonstrating
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ders, aging and stroke, with consistent findings of reduced complexity
in affected populations. These results affirm FD’s utility in monitoring
early diagnosis, disease progression, and evaluation of therapeutic
outcomes.
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Study Sample Methods EEG channels/ Key findings
MRI type
Prabhakar et al. - 14 SCZ EEG 19 channels - SVM with Black Hole optimization achieved
[140] (7 M, 7 F), (DFA, Hurst, RQA, 92.17% accuracy for SCZ classification.
(age: 27.9 + 3.3, 28.3 + 4.1) KFD, LZC, LLE) - Features such as FD, DFA, and LZC showed
- 14 HC Optimization: strong discriminatory power.
(7 M, 7 F), AF, GS, BH, MS - Highlighted the potential of swarm intelligence

(age: 26.8 + 2.9, 28.7 + 3.4)

Classifiers: SVM,

ANN,

techniques in EEG-based SCZ classification.

FLDA, KNN
Racz et al. [145] - 14 SCZ EEG 19 channels - Decreased delta BLP in SZ was largely due
7 M, 7B, (IRASA, spectral to alterations in fractal rather than oscillatory
(age: 27.9 + 3.3, 28.3 + 4.1) exponent analysis) neural activity.
- 14 HC - SZ patients exhibited lower spectral scaling
7M,7F), exponents across both low- and high-frequency

(age: 26.8 + 2.9, 28.7 + 3.4)

ranges, highlighting impaired scale-free dynamics.
- Findings suggest that abnormalities in scale-free
neural activity contribute to SZ pathophysiology.

Raghavendra et al. - 18 SCZ (NRS): EEG 30 channels - Diffuse FD reduction in SCZ, particularly in
[136] (7 PS, 5 NS, 6 Mixed) (HFD) bifrontal regions.
(age: 17-45 years, male, - Positive symptom SCZ showed increased FD in
neuroleptic-naive) bitemporal and occipital regions alongside
- 15 HC bifrontal reduction.
(age: 17-45 years, male) - Negative symptom SCZ exhibited diffuse
FD reduction, suggesting cortical hypofunction.
- Findings highlight FD as a marker of
altered brain dynamics in SCZ.
Taghavi et al. [141] - 10 SCZ EEG 5 channels - SCZ patients showed lower ApEn values

(age: 18-55 years, male,
with auditory hallucinations)
- 10 HC

(age: 18-55 years, male)

(ApEn, AR, HFD)

compared to HC, indicating reduced EEG
complexity.

- Classification accuracy of 88.40% was achieved
using SVM, with ApEn outperforming other
features (e.g., FD, AR coefficients).

Tian et al. [142] - 69 SCZ EEG 128 channels - Combined neurocognitive and electrophysiological
(age: 44.8 + 7.0 years), (DFA, FD, PPI, features achieved 93.28% classification accuracy.
(49 M, 20 F) EEG power - FD captured EEG complexity as a potential
- 50 HC spectrum) biomarker for SCZ.
(age: 42.2 + 8.8 years),
(38 M, 12 F)

Yu et al. [144] - 17 SCZ patients EEG 14 Frontal EEG - Increased FD in patients during TMT-A and TMT-B

(age: 27.95 + 7.02 years)
, (10 M, 7 F)

- 17 HC

(age: 24.84 + 4.05 years)
, (10 M, 7 F)

(box-counting FD)

tasks

- No significant differences in FD during the Tower of
Hanoi task

- FD differences suggest executive function impairment
in first-episode schizophrenia patients.

channels

Raghavendra (NS+PS) §

——
|

—
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Raghavendra NS

0.0

Fig. 17. Forest plot of HFD differences in SCZ patients and HC for meta analysis.

The application of FD analysis in clinical neurophysiology presents
exciting opportunities for further research and clinical innovation.
Integrating FD analysis with machine learning (ML) techniques is one
promising direction. ML algorithms, particularly those focused on pat-
tern recognition and anomaly detection, could enhance the predictive
power of FD by identifying subtle changes in brain dynamics that
may be difficult to detect through traditional methods. Combining
FD with ML could lead to robust, automated diagnostic tools capable
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of analyzing large-scale neurophysiological datasets, improving the
accuracy and speed of clinical assessments. Future studies should also
aim to integrate FD with other advanced neuroimaging modalities
and computational approaches to deepen our understanding of the
mechanisms driving neurological disorders.

Establishing standardized protocols for FD analysis in clinical prac-
tice will be essential to translating these research insights into tangible
diagnostic and therapeutic advancements.

Fig. 18 provides a comprehensive summary of the literature on
HFD in neurophysiology, categorizing studies based on pathologies and
stroke stages. Each study is represented with a box that indicates the
mean (red line) and standard deviation (box height) of the estimated
HFD values. To enhance cross-study comparisons, the box width is
proportional to the sample size, while the box color corresponds to the
average age of participants, as shown in the color bar.

This visualization highlights the variability of HFD estimates across
different conditions, such as AD, PD, MS, SCZ, and stroke stages (Hy-
peracute (HA), Acute (A), Early Subacute (ESA), and Subacute (SA)).
By integrating these parameters, the figure emphasizes the potential of
HFD as a biomarker, with variations in HFD values potentially reflect-
ing the distinct neurophysiological characteristics of each pathology.
This systematic overview reinforces the need for standardized ap-
proaches to HFD analysis and underscores its significance in advancing
neurophysiological diagnostics.
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Summary of the reviewed literature on Higuchi’s Fractal Dimension in Neurophysiology

tandard e
eviation

sample size

I 30 63 71 75 78 80
Age

Fig. 18. Summary of literature review on HFD in neurophysiology. We report the standard deviation and mean for the estimated HFD on the radial axis for each paper with a box
and a red line, respectively. The circle is divided by pathology (AD = Alzheimer’s disease; PD = Parkinson’s Disease; MS = Multiple Sclerosis; SCZ = Schizophrenia) and Stroke
is divided into stages (HA = Hyperacute;A = Acute; ESA = Early SubAcute; SA = SubAcute). To facilitate the comparison across papers, boxes width are linearly proportional to
sample sizes, and boxes color is exponentially proportional to the samples’ average age with the color-bar on the lower right.
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