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Preface

This reprint presents a curated selection of cutting-edge research dedicated to mapping

and understanding the functional architecture of the brain. Its scope encompasses theoretical,

experimental, and analytical advances in brain connectivity, with a unifying aim: to translate the

dynamic interplay of neural networks into deeper mechanistic insights and tangible applications.

The motivation for this collection stems from a critical juncture in neuroscience. While the brain’s

complexity remains profound, new methodologies are empowering us to move beyond mere

observation toward predictive and explanatory models. By integrating tools from signal processing,

electrophysiology, and artificial intelligence, we are now poised to decode the neural signatures of

cognition, behavior, and their disruption in disease. This reprint is addressed to a broad audience

of neuroscientists, clinicians, and engineers. For researchers, it offers a snapshot of methodological

innovation and conceptual shifts. In the case of clinicians and translational scientists, it highlights

pathways to biomarkers and novel interventions. Ultimately, we seek to engage anyone invested

in the frontier where fundamental discovery meets solutions for health, technology, and a deeper

understanding of the human mind.

Alexander N. Pisarchik

Guest Editor
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Editorial

Editorial for First Edition of Special Issue “Brain Functional
Connectivity: Prediction, Dynamics, and Modeling”

Alexander N. Pisarchik

Center for Biomedical Technology, Universidad Politécnica de Madrid, Campus de Montegancedo,
28223 Pozuelo de Alarcón, Madrid, Spain; alexander.pisarchik@upm.es

1. Introduction

The brain is one of the most complex and mysterious systems in the known world.
Understanding its functional architecture, the dynamic interplay between distinct regions,
is fundamental to deciphering the neural code of cognition and behavior [1]. This connectiv-
ity can be studied in both the frequency and time domains using a robust methodological
toolkit that includes coherence, correlation, and modern artificial neural networks [2].
Revealing these functional networks is more than a mapping exercise; it is essential for
uncovering the mechanisms that underlie information processing and decision-making
during cognitive tasks [3].

The implications of this knowledge extend far beyond the laboratory, addressing
practical and profoundly challenging problems in healthcare, clinical medicine, biomed-
ical engineering, brain–machine interfaces, and cognitive sciences [4]. From identifying
biomarkers for neurological disorders to designing adaptive neural interfaces, research in
functional connectivity sits at the exciting intersection of discovery and application [5].

This Special Issue provides a multifaceted snapshot of contemporary brain connectiv-
ity research through a curated collection of 13 contributions. The compilation includes two
comprehensive reviews, ten original research papers (encompassing a case report), and one
perspective study, each addressing distinct aspects of the field. These works collectively ad-
vance the discipline by bridging theoretical modeling, cutting-edge experimental designs,
and advanced analytical techniques applied to data from EEG, fMRI, MEG, and PET. The
articles highlight not only technical and methodological sophistication but also important
conceptual shifts, thereby offering an integrative view of how functional connectivity is
transforming our comprehension of brain dynamics in health and disease.

The contributions assembled here exemplify the richness and real-world relevance
of applied neuroscience. From the laboratory to the clinic, and from theoretical models
to practical interfaces, they illustrate how the study of the connected brain is increasingly
embedded in solutions for health, technology, and understanding human cognition.

2. Reviews

The first review article in this issue (Contribution 1), presented by Bubliková et al.,
focuses on the structural connectivity of the substantia nigra, a pivotal nucleus within the
brain’s motor and dopaminergic circuits. Using diffusion tensor imaging and tractography,
the authors provide a thorough synthesis of current knowledge concerning the substantia
nigra’s anatomical pathways in humans. The review outlines both classical and newly
described connections, including direct pars compacta projections to the thalamus, cortical
inputs, and links to limbic and hippocampal regions. This mapping reinforces the view
of the substantia nigra as a functionally diversified hub, with substantial implications
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for understanding Parkinson’s disease and related neuropsychiatric conditions [6]. By
systematically addressing a gap in the literature, the article establishes a valuable frame-
work for future investigations into dopaminergic circuitry and its role in both motor and
non-motor functions.

In the second article (Contribution 2), Andreou et al. present a timely review on the
shared social cognitive dysfunctions in Autism Spectrum Disorder (ASD) and schizophre-
nia, with a focus on the mirror neuron system (MNS) as a potential neural substrate. The
authors synthesize recent neuroimaging and neurophysiological evidence, examining how
altered functionality and activation within the MNS, a network of neurons responsive
during both action observation and execution, may underlie deficits in imitation, empathy,
and theory of mind common to both disorders. Their analysis critically evaluates whether
MNS dysfunction represents a transdiagnostic mechanism linking social impairment across
diagnostic boundaries, while also considering methodological challenges in measuring
MNS activity in clinical populations [7]. By bridging psychiatric and neuroscience perspec-
tives, this review offers a nuanced framework for understanding social cognition deficits
and suggests pathways for future translational research aimed at biomarkers and targeted
interventions [8].

3. Original Research

The ten original research papers in this Special Issue are organized into four thematic
groups, each reflecting a key domain of contemporary functional connectivity research:
(i) cognitive dynamics (4 papers), (ii) prediction models (2 papers), (iii) brain disorders
(3 papers) and (iv) applications in sport and exercise programs (1 paper). This diversity not
only illustrates the richness and methodological breadth of the field but also its expanding
relevance across basic science, clinical translation, and applied human performance.

3.1. Cognitive Dynamics

A central theme across several contributions is the investigation of cognitive dynam-
ics, specifically, how emotional and contextual factors modulate cognitive functions and
decision-making processes [9]. In an electrophysiological study, Rovelli et al. (Contribu-
tion 3) demonstrate that decision contexts with higher socio-emotional salience elicit faster,
emotionally guided choices. Their work underscores the value of integrating behavioral,
experiential, and neural measures to characterize how individuals adaptively regulate
decision-making under socially evaluative stress. Furthermore, the authors highlight the
utility of dual-paradigm experimental designs in advancing both theory and application in
cognitive–affective neuroscience.

Another compelling contribution to cognitive dynamics comes from Angioletti et al.
(Contribution 4), who investigated functional connectivity during a negotiation process
using electrophysiological correlates in dyads engaged in a shared decision-making task.
Employing EEG hyperscanning, the authors analyzed both single-brain and inter-brain
neural activity during a structured negotiation paradigm. Their findings reveal the dual
nature of negotiation as both a cooperative endeavor and a cognitively demanding process,
requiring emotional alignment and strategic adaptation between partners. By capturing
the neural signatures of mutual influence and coordination, this study advances our
understanding of the neurophysiological foundations of social negotiation and offers novel
insights into how inter-brain dynamics underpin real-world collaborative decision-making.
While the study demonstrates that negotiation elicits measurable inter-brain synchrony, a
critical question remains: what is the precise functional role of this neural alignment? Is it a
marker of successful communication, a mechanism for emotional contagion, a facilitator of
mutual understanding, or simply an epiphenomenon of shared attention? Future research
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could dissect these possibilities by correlating specific patterns of inter-brain connectivity
with behavioral outcomes such as deal quality, joint payoff, or post-negotiation trust [10].
This would move the field from demonstrating that brains synchronize to explaining why
and when such synchronization is beneficial or costly.

Carvalho et al. (Contribution 5) employ advanced tensor decomposition techniques
to identify individual brain fingerprints with high accuracy using resting-state fMRI data.
The concept of a functional connectome (FC) fingerprint, a unique, stable neural signa-
ture identifiable across scanning sessions, has gained substantial empirical support over
the past decade through studies using fMRI [11,12] and EEG [13,14]. In this work, the
authors implement a Tucker decomposition framework for FC fingerprinting, enabling
robust identification of an individual’s functional connectome from a set of repeated fMRI
sessions. Their results demonstrate the high potential of tensor-based methods to uncover
individualized neural signatures, offering a mathematically elegant and computationally ef-
ficient approach to person-level brain characterization. Perhaps individualized connectome
fingerprints may serve as sensitive baselines for detecting subtle pathological deviations,
offering a pathway to personalized biomarkers for neurological or psychiatric disorders.
The tensor methods showcased here could enhance our ability to detect early signs of
Alzheimer’s disease, depression, or other conditions by quantifying deviations from a
person’s own neural baseline [15].

The case study by Pisarchik et al. (Contribution 6) introduces a novel methodological
framework for constructing both graphs and hypergraphs of functional brain connectivity
from single-subject EEG data during endogenous selective visual attention. The authors
generate a comprehensive set of connectivity networks using multiple complementary
measures (coherence, cross-correlation, and mutual information), thereby capturing linear,
nonlinear, and statistical dependencies between brain regions. This multi-metric approach
provides a richer, more nuanced characterization of the functional relationships under-
pinning attentional control. The framework’s ability to model higher-order interactions
via hypergraphs is particularly notable, as it moves beyond traditional pairwise connec-
tions to capture more complex network dynamics. These methodological innovations
have direct translational potential for attention monitoring systems and the clinical as-
sessment of attention-deficit disorders [16]. The work is timely, as recent research using
effective connectivity methods like Granger causality has begun to dissect the directed
networks of endogenous attention [17]. The methodology presented in contribution 6 is
well-suited to extend such investigations by providing tools to model both the strength
and the higher-order structure of these directed and undirected functional networks. In
summary, this case study provides a valuable blueprint for single-subject network neu-
roscience, demonstrating how advanced graph and hypergraph theory can be applied to
EEG data to reveal the complex, multi-faceted nature of functional connectivity during a
fundamental cognitive process.

3.2. Prediction Models

In the realm of prediction models, Mizrahi et al. (Contribution 7) present a novel
neurocomputational approach that employs EEG recordings to predict individual attach-
ment styles during performance on the Secretary Problem—a canonical optimal stopping
problem in decision theory that formalizes the trade-off between exploration and exploita-
tion [18]. Classically, the Secretary Problem prescribes a strategy of observing the first
≈37% of options to establish a benchmark, followed by a commitment to the first subse-
quent option that exceeds it, thus advocating for “informed decisiveness” over exhaustive
search [19]. The authors leverage this paradigm to examine whether neural signals during
decision-making can reflect stable interpersonal dispositions. Using graph-based EEG
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features and machine learning classifiers, Mizrahi et al. successfully distinguish between
attachment styles, suggesting that neural signatures of exploratory and decisional phases
may encode dispositional tendencies toward anxiety or avoidance in interpersonal contexts.
Their findings indicate that future research should employ larger and more diverse samples
to validate and refine these predictive models. If replicated in multi-site cohorts, such
graph-based EEG markers could inform personalized psychological interventions by pro-
viding an objective, neural measure of attachment-related vulnerabilities [20]. This study
highlights the potential of EEG-based prediction to bridge cognitive neuroscience, computa-
tional psychiatry, and personality research, offering a pathway toward more individualized
assessment and intervention in both clinical and non-clinical settings.

In the next paper, Vakorin et al. (Contribution 8) introduce a novel method for
estimating neurobiological brain age, a biomarker reflecting deviation from typical aging
trajectories, using resting-state MEG data. Their approach moves beyond conventional
univariate analyses by examining cross-frequency coupling (CFC) within functionally
defined MRI networks, capturing the dynamic interplay between neuronal oscillations
as a marker of neurophysiological integrity [21]. Unlike models that emphasize static
baseline activity, their framework highlights neural capacity: the brain’s ability to flexibly
coordinate oscillatory activity across frequencies. The results suggest that such capacity-
sensitive indices may offer a more nuanced and state-dependent perspective on brain
aging, potentially detecting early or subtle deviations associated with cognitive resilience
or decline [22]. This approach may capture aspects of neural communication efficiency
and cognitive reserve that are not evident in slower-changing structural measures [23].
An important question thus arises: Are CFC-derived brain-age estimates more predictive
of functional outcomes, such as memory decline, processing speed, or daily functioning,
than traditional neuroimaging-based predictions? A critical nuance in brain-age research
lies in distinguishing pathological from normative variability. The brain age gap—the
difference between estimated brain age and chronological age—has been shown to predict
risks of cognitive decline, mental health disorders, and mortality [24]. However, not all
individuals with an “older” brain age exhibit cognitive impairment, and vice versa. Future
models could therefore benefit from integrating behavioral, lifestyle, and genetic data to
differentiate benign variations in neural aging from deviations signaling increased risk for
neurodegenerative disease. Such a multimodal approach aligns with the growing emphasis
on precision aging research [25].

3.3. Brain Disorders

Five contributions in this Special Issue investigate alterations in functional brain
connectivity across major neuropsychiatric and neurological disorders, including Autism
Spectrum Disorder (ASD) and schizophrenia (review Contribution 2), Alzheimer’s disease
(AD) (Contribution 9), epilepsy (Contributions 10 and 11), and cognitive depression (Contri-
bution 12). This collective focus underscores the critical role of network-based approaches
in elucidating the pathophysiological signatures of these complex conditions.

In one such study, Motta et al. (contribution 9) apply novel 18F-Fluorodeoxyglucose
Positron Emission Tomography (18F-FDG PET) measures (ventricular uptake, cortical up-
take, and their ratio) to probe metabolic dysfunction and aberrant glucose dynamics in
patients with AD. These innovative indices reflect not only regional hypometabolism but
also broader disturbances in cerebral energy homeostasis. The authors demonstrate that
these PET-derived measures are significantly associated with key biological factors, includ-
ing age, blood–brain barrier integrity, and mitochondrial dysfunction [26]. Notably, distinct
metabolic patterns emerged across different Apolipoprotein E (APOE) genotypes, highlight-
ing how genetic risk modulates brain energy metabolism in AD [27]. This work advances
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the use of quantitative PET biomarkers to capture the multifaceted metabolic alterations
underlying AD progression. The findings by Motta et al. invite a broader discussion on
the potential of metabolic network biomarkers for early detection and personalized prog-
nosis in neurodegenerative disease. Future research integrating these PET measures with
functional connectivity data from fMRI or MEG could offer a more comprehensive model
linking metabolic deficits to network-level dysregulation [28]. Furthermore, longitudinal
studies are needed to determine whether these biomarkers can track disease progression or
response to emerging metabolic and neuroprotective therapies [29].

In the next contribution, Amoiridou et al. (Contribution 10) investigate brain network
topological variations between patients with temporal lobe epilepsy (TLE) and extratempo-
ral lobe epilepsy (ETLE). Research into the distinctive functional connectivity signatures
of epilepsy subtypes is crucial for understanding their divergent neural mechanisms and
clinical trajectories [30–32]. While recent studies have increasingly applied graph theory
and machine learning to EEG data [33,34], the authors adopt a complementary approach
using resting-state functional MRI (rs-fMRI). Their methodology is notable for its com-
prehensive comparison of connectivity measures: they construct individual brain graphs
using three distinct metrics (undirected Pearson correlation, nonlinear undirected mutual
information, and directed Granger causality) for TLE patients, ETLE patients, and healthy
controls. This multi-method design allows for a robust characterization of both static and
directed network properties. The graph analysis revealed that TLE patients exhibit more
disassortative networks at lower density levels compared to ETLE patients, indicating dif-
ferences in how hubs connect within each subtype. Furthermore, the comparison of global
centralization features across groups at varying density thresholds highlighted distinct
network integration and segregation profiles. These findings suggest that the brain network
organization in TLE and ETLE is fundamentally shaped by the unique pathophysiology
of each epilepsy type. The identification of such distinct topological signatures offers a
promising path toward developing type-specific neuroimaging biomarkers for diagnosis,
prognosis, and potentially for guiding targeted treatment strategies [35].

In a related network-focused study, Evans et al. (Contribution 11) investigate resting-
state EEG functional connectivity between key large-scale brain networks: the dorsal
attention network (DAN), the ventral attention network (VAN), and the salience network
(SN), to assess their potential as electrophysiological biomarkers for depression subtypes.
Their work aligns with the growing consensus that major depressive disorder (MDD) is
a heterogeneous syndrome, necessitating biologically defined subtypes for more precise
diagnosis and treatment [36]. The authors examined connectivity patterns across multi-
ple frequency bands. Their analysis revealed that connectivity in the beta and gamma
bands was significantly associated with the Anhedonia and Cognitive depression sub-
types across and within all three networks. In contrast, alpha band connectivity showed
no significant associations, and only a single significant finding emerged for the Mood
or Somatic subtypes. This frequency- and subtype-specific pattern underscores the dis-
tinct neurophysiological profiles underlying different clinical presentations of depression.
These results provide compelling support for the conceptualization of depression as a
heterogeneous condition with identifiable neural signatures [37,38]. By identifying novel
electrophysiological signatures, specifically beta/gamma hyperconnectivity in attention
and salience networks for the Anhedonia and Cognitive subtypes, this study moves beyond
symptom-based classification toward a more objective, network-based taxonomy. Such
an approach holds significant promise for developing personalized neurobiomarkers and
guiding subtype-specific therapeutic interventions [39,40].

https://doi.org/10.3390/app16020789
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3.4. Applications in Sport and Exercise Programs

A pilot study by Poinsard et al. (Contribution 12) bridges functional connectivity
research with applied sports science. The authors investigate the neural and physiological
responses of six trained male cyclists during two distinct exercise protocols: a traditional
Incremental Exercise Test (IET) and a Self-Paced V̇O2max (SPV) test. Neural activity was
continuously recorded via EEG, alongside comprehensive physiological monitoring of gas
exchange, heart rate, stroke volume, and power output. The IET followed a conventional
fixed-intensity ramp, while the SPV protocol allowed participants to self-regulate intensity
using ratings of perceived exertion (RPE), a method grounded in psychophysiological
models of exercise regulation [41]. The EEG analysis revealed divergent neural efficiency
profiles between the protocols. During the SPV test, beta band power spectral densities
increased initially but stabilized after approximately 80% of the test duration, suggesting a
plateau in neural demand and effective cognitive management of effort. In contrast, the
IET elicited a continuous, monotonic increase in beta activity, indicating escalating neural
resource allocation and a higher likelihood of premature central fatigue [42]. These neural
patterns were paralleled by differences in perceived exertion and performance sustainabil-
ity. The findings provide novel evidence that self-paced exercise, guided by RPE, optimizes
neural efficiency and delays the onset of fatigue compared to externally imposed, fixed-
intensity protocols. This supports the psychobiological model of endurance performance,
which emphasizes the role of the brain in pacing and fatigue management [43]. Conse-
quently, this study highlights the potential of EEG-derived metrics as objective biomarkers
for optimizing athletic training regimens and underscores the value of neuroergonomic
approaches in sports science [44].

4. Perspective Study

The Special Issue concludes with a perspective study by Falsaperla et al. (Contribu-
tion 13), which explores the evolving paradigm of precision medicine for epileptic and
developmental encephalopathies (E/DEs). These severe, genetically heterogeneous condi-
tions are characterized by early-onset seizures and profound developmental impairments.
The authors provide a comprehensive overview of the field, emphasizing the critical role
of genetic insights in designing targeted therapies and advocating for a multidisciplinary
clinical framework. They also candidly address the significant barriers to widespread
implementation, including diagnostic delays, limited accessibility to genetic testing, and a
paucity of robust clinical evidence for novel interventions. Falsaperla et al. envision a future
for encephalopathy management centered on therapies that move beyond symptomatic
control to directly address underlying genetic and molecular pathophysiology, offering
a more effective and individualized standard of care. Building upon this perspective, a
critical and complementary research frontier lies in the development of methods for the pre-
diction and preemptive control of seizures. The future of epilepsy management will likely
integrate precision medicine with advanced neuroengineering. This involves leveraging
extreme event theory [45] and modern machine learning techniques [46] to analyze neural
data for early seizure prediction. Such systems could enable timely intervention by sending
inhibitory signals via closed-loop neuromodulation devices. Promising modalities for this
intervention include Deep Brain Stimulation (DBS) [47,48] and Vagus Nerve Stimulation
(VNS) [49,50], which are evolving from open-loop to responsive, adaptive systems. The
convergence of genetic precision, predictive analytics, and responsive neuromodulation
heralds a transformative era where encephalopathy management is not only personalized
but also proactive, aiming to prevent seizures before they clinically manifest.

https://doi.org/10.3390/app16020789
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5. Conclusions

This Special Issue presents a compelling cross-section of how functional connectivity
research is transforming our understanding of the brain. The collected papers bridge
fundamental discovery with real-world application, revealing the neural architecture
of decision-making, social interaction, cognitive endurance, and clinical disorders. By
weaving together methodologies from electrophysiology to artificial intelligence, the work
showcased here moves beyond correlation toward prediction and mechanism. Ultimately,
these contributions affirm that the study of connected brain networks is not merely an
academic pursuit but a foundational tool for advancing healthcare, technology, and our
fundamental understanding of human experience.
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Abstract

The substantia nigra (SN) has historically been regarded as a pivotal element of the brain’s
motor circuits, notably within the context of the nigrostriatal pathway and Parkinson’s
disease. However, recent advancements in neuroimaging techniques, particularly tractog-
raphy, have facilitated the delineation of its anatomical projections. These techniques have
revealed the involvement of the SN in a more extensive array of functional networks encom-
passing cognitive, emotional, and motivational domains. This paper reviews the current
knowledge on the structural connectivity of the SN in humans based on diffusion tensor
imaging and tractography. It summarizes the main projection pathways, including classical
and newly described connections, such as the direct SN pars compacta connections to the
thalamus, cortico–neural inputs, and connections to limbic regions and the hippocampus.
Furthermore, the text delves into the distinctions between the SN pars compacta and SN
pars reticulata subregions, exploring their parcellation based on connectivity. The paper
demonstrates that the SN is a functionally diversified nucleus, the implications of which
are significant for the understanding of both motor and neuropsychiatric disorders. The
present study addresses the paucity of comprehensive treatment in this area and provides
a framework for further research on dopaminergic circuits.

Keywords: substantia nigra; tractography; connection

1. Introduction

Diffusion tensor imaging (DTI) is a diffusion-weighted magnetic resonance imaging
(MRI) technique that quantifies the diffusivity, its direction, and anisotropy of water dif-
fusion in voxels [1–6]. DTI can therefore be used for the reconstruction of the primary
fiber direction within the white matter [7–10]. The calculation of parameters such as frac-
tional anisotropy, axial, radial, and mean diffusivity [11–14] enables further description
of microstructural properties of white matter tracts within the voxel, implying their po-
tential damage or reorganization [1,13,15–18]. Fractional anisotropy (FA) quantifies the
degree of directional dependence of water diffusion in biological tissue by measuring the
variance of the diffusion tensor’s eigenvalues normalized to its trace [5,12,14,19]. Mean
diffusivity (MD) is defined as the arithmetic mean of the diffusion tensor’s eigenvalues, pro-
viding an index of the overall magnitude of water diffusion independent of its directional
bias [12,14,19].
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Building on these principles, tractography may be used to reconstruct entire white
matter tracts [2,19–21]. In deterministic tractography, the algorithm invariably follows
paths of greatest diffusivity creating streamlines, theoretically reconstructing the under-
lying tracts [3,11,19,20]. Conversely, probabilistic tractography randomly samples the
direction according to a distribution function and generates a multitude of possible trajec-
tories [3,8,19–21]. However, tractography has limitations. It cannot determine the direction
of the connection (afferent or efferent) [12,22,23], it has certain restrictions when it comes
to investigating white matter (WM) areas with various fiber orientations and numerous
associative fiber tracts [24,25], and can produce both false-positive and false-negative
associations, complicating the interpretation of results [26,27].

The substantia nigra (SN) and the ventral tegmental area (VTA) are two key dopamin-
ergic midbrain structures that play a crucial role in basal ganglia (BG) circuits [28–32]. The
SN primarily projects to the putamen via the nigrostriatal pathway (connections from the
SN pars compacta to the dorsal striatum) [28,33–36] (see Figure 1A). The VTA, in contrast,
has diverse neuronal populations that project to various forebrain regions, including the
nucleus accumbens and amygdala [29,37–41]. The SN has traditionally been divided into
the dopaminergic part (the pars compacta (SNc)) and the GABAergic part (the pars reticu-
lata (SNr)) [29,31,42–45]. The SNc projects to the striatum in order to modulate movement,
while the SNr receives inputs from the striatum and the subthalamic nucleus, and sends out-
puts to the thalamus (nucleus ventralis anterior and lateralis) [28,34,46,47] (see Figure 1B).
Tractography has facilitated non-invasive mapping of connections [48–52]. Recent studies
have confirmed the presence of connections between the SN and various cortical areas,
with the prefrontal, motor, and somatosensory cortices being of note [7,34,53]. The present
findings suggest that the SN is not merely an isolated component of the basal ganglia but
rather is involved in broader brain networks [7,34,36,54–56]. This is of crucial importance
for understanding the pathophysiology of neurological and psychiatric disorders involving
the SN [7,34].

However, despite the growing number of studies focusing on individual SN con-
nections, a comprehensive review that systematically maps individual pathways, their
anatomy, functional significance, and clinical implications is lacking. The extant literature
is characterized by a preponderance of isolated descriptions of individual connections. The
objective of this review is to provide an overview of the current knowledge on SN structural
connectivity, with a particular emphasis on its functionally specialized projections. The text
synthesizes both conventionally delineated pathways and recently identified connections,
encompassing their topography, fiber types, participation in functional circuits, and per-
tinence to clinical neurology and neuropsychiatry. Furthermore, the differences between
the SNc and SNr subregions are considered, alongside their connectivity diversity and the
potential for parcellation by functional domains.

The objective of this study is twofold: firstly, to address a significant gap in the
existing literature by providing an overview of the subject matter; and secondly, to offer a
systematic knowledge of the structural connectivity of the SN and its functional relevance
in the human brain.
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Figure 1. (A) Tractographic visualization of fiber pathways originating from the substantia nigra,
derived from real diffusion MRI data. (B) Schematic representation of the nigrothalamic system.
Reproduced from Cirillo et al., 2025 [28]. Efferent connections of the SNc to the dorsal striatum
(caudate and putamen) (left) and to thalamic nuclei (MD, IL, LP) (right), together with nigro–cortical
fibers (dashed black line). Direct, indirect and hyperdirect pathways are represented on the left side.
C, caudate; Pu, putamen; MD, medio dorsal nucleus; IL, intralaminar nuclei; LP, latero posterior
nucleus; GPe, external globus pallidus; GPi, internal globus pallidus; STN, subthalamic nucleus; SNc,
substantia nigra pars compacta; SNr, substantia nigra pars reticulata.

2. Materials and Methods

This review was designed in accordance with the PRISMA 2020 recommendations
for systematic reviews, considering its adapted application to short review studies. The
objective of this study was to provide a comprehensive overview of the current state-
of-the-art and novel findings concerning the utilization of DTI and tractography for the
investigation of SN connectivity in humans. A systematic search for relevant literature
was performed in March 2025 in the PubMed, Web of Science, and ScienceDirect databases.
Furthermore, the SciSpace tool was utilized, and the outputs were subjected to a rigorous
process of validation to ensure their relevance and appropriateness for inclusion. The
temporal scope of the search covered articles published up to March 2025, with the aim of
including recent developments in the field.

The following were included in the review: studies conducted on human subjects
(including healthy volunteers and clinical populations), studies using DTI or tractography
methods to investigate SN connectivity, and articles published in any language. Studies
performed in animal models, post-mortem studies (ex vivo imaging), articles that did not
make a relevant contribution to the topic of connectivity, and abstracts without available
full text were excluded from the analysis.

A single reviewer conducted the screening and selection process for the articles. The
initial phase of this process involved searching for articles based on keywords (substantia
nigra, tractography, connection) and evaluating the titles and abstracts. Following this
preliminary assessment, a comprehensive full-text examination was performed.

In the first step, a total of 150 records were identified, from the following databases:
PubMed (n = 38), Web of Science (n = 28), ScienceDirect (n = 67) and SciSpace (n = 17).
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Following the removal of duplicates (30 records), 120 articles were included in the
preliminary screening.

Following an evaluation of the titles and abstracts, 75 records were excluded based on
the established criteria listed above. The primary reasons for exclusion included a lack of
focus on SN, an absence of DTI methods, and overall irrelevance to the subject matter.

A comprehensive full-text screening process was conducted on the remaining 45 ar-
ticles, resulting in the exclusion of further 13 studies, primarily due to their emphasis on
animal models, post-mortem data, or an indirect relevance to the subject matter.

The remaining 32 studies were selected for the final review. In consideration of the
nature of the review, it was deemed inappropriate to apply a formal tool for the purpose of
assessing the quality of the included studies. The primary objective of this study was to
produce a qualitative map of the predominant trends and novel methodological approaches
in the domain of SN connectivity, utilizing DTI.

3. Results

3.1. Connection with the Striatum

The tractography reliably identifies the classical pathway from the SNc to the stria-
tum [35,57–59] (see Figure 2). In a considerable number of studies, nigrostriatal fibers have
been repeatedly visualized and exhibited different diffusion properties in both healthy
subjects and patients with PD [11,14,60,61].

Figure 2. Nigrostriatal connectivity visualized using diffusion MRI. The substantia nigra pars
compacta (SNc) are shown in cyan, the dopaminergic projection pathway in red, and the striatum
in green.

In the multicenter Parkinson’s Progression Markers Initiative study, 50 patients with
PD and 27 controls exhibited systematic abnormalities in the diffusion parameters of the
nigrostriatal tract, including reduced fractional anisotropy (FA) and changes in radial/axial
diffusivity, indicative of loss of fiber integrity [62]. Furthermore, these changes were found
to be associated with the severity of motor symptoms and a decline in striatal dopamin-
ergic marker uptake on nuclear medicine methods, thereby substantiating the functional
significance of the pathway damage. Tractography has been demonstrated to quantify
the integrity of nigrostriatal connections [62] with the caveat that this is closely related
to motor deficits. In a study with 21 PD patients, Tan et al. (2015) utilized deterministic
DTI tractography to reveal a substantial decrease in FA and streamline count within the
nigrostriatal pathway when compared to a control group [11]. Magnetic resonance imaging
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alterations are indicative of dopaminergic fiber degeneration. Furthermore, an association
was observed between streamline count and motor impairment scores, thereby substantiat-
ing the clinical significance of connectivity metrics. Current 7T MRI techniques facilitate
more detailed imaging of SNs and their projections. However, the increased resolution
of these techniques poses a significant challenge in terms of standardization. A study by
Shim and Baek (2022) revealed discrepancies in detected fiber counts between 3T and 7T
systems, attributable to variations in acquisition parameters [63].

3.2. Connection with the Thalamus

The main basal ganglia output pathway originates in the SNr and the inner segment
of the globus pallidus (GPi) and leads to the thalamus. These pathways are referred
to as the nigrothalamic and pallidothalamic pathways, respectively [64]. D.H. Kwon
et al. (2021) [64] utilized super-resolution track-density imaging (TDI) on 7T MRI to
generate three-dimensional maps of the nigrothalamic and pallidothalamic projections
and to identify the SNr substructures in detail. The study demonstrates that SNr projects
directly to disparate thalamic nuclei. Two such pathways have been identified: the lateral
pathway, which originates in the SN, leading through the reticular nucleus and internal
capsule and to the ventral anterior nucleus (VA) and ventral lateral posterior nucleus
(VLp); and the medial pathway, which originates in the caudal SNr, traverses the SNc, and
terminates at the ventromedial nucleus (VM) of the thalamus. As demonstrated in the latter
work, the superior and inferior parietal lobes provide parallel but topographically distinct
outputs to the thalamus.

A recent finding revealed the existence of a direct connection between SNc dopamin-
ergic neurons and the thalamus. The conventional model proposed by DeLong (1990)
posited that the SNc exerts its influence on the thalamus solely indirectly, through the
intermediary of the striatum and subsequent downstream circuits [28]. As demonstrated in
the study by Cirillo et al. (2025) [28], the authors conducted a selective monitoring of con-
nections through the SNc, thereby ascertaining that, on average, approximately 12% of all
streamlines passing through the SNc proceed directly to the thalamus. This nigrothalamic
pathway was reproducibly identified in all young healthy subjects in the study and formed
a separate bundle not involving other structures (i.e., it was not a branch to the striatum,
cortex, or cerebellum). This constitutes quantitative in vivo evidence of a direct SNc link
to the thalamus in humans. This finding extends the established model of basal ganglia
circuits, indicating that, in addition to the expected inhibitory pathway from the SNr, there
is also modulation of the thalamus by dopamine from the SNc. This represents a significant
advancement in our understanding of basal ganglia circuits. The authors illustrated the
nigrothalamic system in schematic representation as previously seen in Figure 1B [28].

In addition to the direct connections of SNr and SNc to the thalamus, a recent study
using generalized q-sampling imaging (GQI) tractography has allowed the complex in-
volvement of the ansa lenticularis (AL) to be described. Li et al. (2022) [65] reconstructed
four subcomponents of the AL, one of which, the globus pallidus–substantia nigra (GPSN),
demonstrates a direct anatomical connection between these structures. This connection
indicates the presence of additional, more precisely organized circuits that integrate basal
ganglia output activity not only to the thalamus but also in the opposite direction towards
the SN.

3.3. Connection with the Cortex

Until recently, the relationship between the cerebral cortex and SN was believed to be
only indirect, with connections via cortex–striatum–SNr or cortex–subthalamic nucleus–
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SNr circuits. However, several studies have revealed direct projections from the cortex to
the SN, the so-called cortico–nigral pathway.

Cacciola et al. (2016) conducted a study that utilized probabilistic tractography to
identify pathways connecting broad regions of the cerebral cortex to the SN [34]. The
most prominent connections were observed to be with the prefrontal cortex and with
sensorimotor regions, including the gyrus precentralis, postcentralis, and superior parietal
lobule. These findings expanded the network of SN connections to include direct cortical
connection, a finding that is supported by a study by H.G. Kwon and Jang (2014) [7], which
also suggested that the SN has high connectivity with cortical areas. In healthy subjects,
the SN demonstrated connections (>70% probability) with virtually all cortical areas tested.
The authors observed the highest SN connectivity to areas of the frontal, parietal, and
occipital lobes, to the primary motor and somatosensory cortex, and to the cerebellum.
The presence of these pathways in humans has contributed to the clarification of certain
ambiguities, such as the reasons for the alterations in SN activity during specific cognitive
tasks or sensory inputs [34].

3.4. Connection with Limbic Structures
3.4.1. Mesolimbic Projection of the SNc/Ventral Tegmental Area (VTA)

The midbrain dopaminergic system is traditionally divided into the nigrostriatal path-
way (SNc → dorsal striatum) and the mesolimbic pathway, which leads from the VTA to
limbic structures (ventral striatum, amygdala, prefrontal cortex). However, it appears that
the SNc itself, particularly its dorsal region adjacent to the VTA, also contributes to limbic
innervation [28]. Consequently, SN involvement in the limbic system is predominantly
through projections to the ventral striatum and limbic cortex. The ventral striatum exerts
its influence on circuits associated with reward and emotion. As demonstrated by Zhang
et al. (2017) [66], the orbitofrontal cortex and the anterior cingulum receive dopaminergic
inputs from the SNc and the VTA. In turn, these regions send fibers (directly or indirectly)
back to the aforementioned regions, modulating the activity of dopaminergic neurons.

3.4.2. Connection to the Hippocampus

In addition to connections with the striatum and cortex, the SN/VTA also appears to
be structurally connected to the hippocampus via specific fibers identified by probabilistic
tractography. Carmichael et al. (2021) provided a concise overview of the literature on
this subject, concluding that SN/VTA projection neurons contribute only marginally to
the formation of the hippocampus [47]. Nonetheless, indirect interactions have been
demonstrated. For instance, the hippocampus, via the subiculum, exerts influence on the
VTA/SNc, and conversely, dopamine from the midbrain modulates hippocampal function,
which is important for novelty and memory consolidation [47]. A study by Elliott et al.
(2022) [67] demonstrated that the degree of SN/VTA–hippocampus connectivity exhibited
a correlation with performance on a task requiring motivated memory encoding. That
is to say, the study revealed that learning was influenced by the expectation of reward
or punishment. Conversely, SN/VTA connectivity to the striatum was not significant in
this cognitive context. The results of this study indicate that individual dopaminergic
mesencephalic projections are not only anatomically distinct, but also exhibit functional
specialization, in this case to influence memory processes [67].

3.4.3. Functional Diversity of Limbic Connections

A study by García-Gomar et al. (2022) [68] utilized 7T probabilistic tractography to
create a detailed structural brainstem connectome. The authors distinguished two parts
of the substantia nigra—SN1 (corresponding to the SNr) and SN2 (SNc)—and described
their structural connectivity with the brainstem nuclei, cortex and limbic regions. While
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the first part (SN1) exhibited predominant connections with motor areas, the second part
(SN2) demonstrated direct connectivity with the amygdala, the ventral tegmental area,
the periaqueductal grey, the reticular formation, and other nuclei implicated in emotion
regulation, stress response, and sleep. The results provide support for the hypothesis that
the SNc is not only part of the motor and reward circuits, but also an integral node of
broader limbic circuits that may be relevant to mood disorders, anxiety, REM atonia, or
attention disorders.

3.4.4. Projection to the Nucleus Accumbens

A significant finding of the research conducted by MacNiven et al. (2020) [69] is the
identification of a specific projection from the midbrain (including the SN and VTA) to
the NAc that passes through the lateral hypothalamus. This projection corresponds to
the classical description of the inferior portion of the medial forebrain bundle. Utilizing
diffusion parameters (FA and inverse mean diffusivity (MD)), the authors demonstrated
that the diminished structural integrity of this pathway exhibited a robust correlation
with heightened impulsivity in healthy subjects. This connectivity was also significantly
reduced in patients with stimulant use disorder. Consequently, the results of the latter study
demonstrate the pivotal function of SN/VTA–ventral striatum dopaminergic projections in
the modulation of motivated behavior and impulsivity. These findings extend the classical
concept of the dopaminergic system and confirm the functional diversity of the different
subregions of the SN.

3.5. Regional Subdivisions of the Substantia Nigra

The SNc and SNr exhibit marked differences in neurochemistry, connectivity, and
function. The SNc contains dopaminergic neurons whose axons form ascending projections
(i.e., nigrostriatal and mesolimbic) that modulate the activity of striatal circuits [28]. In
contrast, the SNr predominantly consists of GABAergic neurons that function as output
cells of the basal ganglia. These neurons are analogous to GPi, in that they send inhibitory
signals to the motor and associative nuclei of the thalamus and to the brainstem [64].

Tractography has enabled the differentiation of distinct functional subcomponents of
the SN based on their connectivity.

Menke et al. (2010) [70] performed DTI segmentation of the SN and divided it into
two parts, corresponding to the SNc and SNr. The inner segment (SNc) demonstrated
predominant connections with the dorsal striatum (putamen, caudate), globus pallidus,
anterior nuclei of the thalamus, and via thalamic pathways with the prefrontal cortex. In
contrast, the outer segment (SNr) has been shown to be predominantly connected with the
posterior and ventral thalamus, the dorsal striatum, and pathways directed to the premotor
and primary motor cortex.

A complementary approach to the segmentation of dopaminergic structures is
connectivity-driven parcellation, a method which Basile et al. (2020) [71] applied to the SNc
and the adjacent VTA. Utilizing probabilistic tractography and clustering analysis, the re-
searchers categorized the dopaminergic midbrain into three functionally distinct domains:
the limbic, prefrontal, and sensorimotor domains. These domains exhibit topographical
overlap with the dorsoventral gradient. This approach is consistent with the established
functional subdivisions of dopamine neurons in primates and underscores the significant
heterogeneity of the SNc/VTA in humans.

Another study by Chowdhury et al. (2013) [72] divided the SN according to con-
nections to the striatum. This revealed that the dorsomedial SN preferentially innervates
the ventral striatum (NAc), whereas the ventrolateral SN connects to the dorsal striatum
(putamen and caudate).
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In addition to the classical division between dorsal and ventral SN projections to
the striatum, a recent study using probabilistic tractography demonstrated increased
structural connectivity between the VTA and the SN and NAc in individuals who carry
the fat mass and obesity-associated (FTO) risk gene. This connectivity was found to be
significantly higher than in the control group and was also associated with higher levels
of motor impulsivity. As demonstrated by the authors, the structural connection between
the SN/VTA and the NAc partially mediated the relationship between genetic risk and
impulsive behavior [73].

A study by Li et al. (2022) [65] utilizing GQI tractography described four subcompo-
nents of the AL, including the GPSN branch, which is the connection between the globus
pallidus and the SN. The present study demonstrated that this pathway runs laterally to the
other outputs of the AL and is directed specifically towards the SN. This is evidenced by
the presence of a special anatomical bundle connecting these two structures. The presence
of the GPSN lends support to the hypothesis that the SN is not merely an exit point (SNr)
or an entry node (SNc), but may also be involved in the integration of signals from other
nuclei of the basal ganglia, including the globus pallidus.

As illustrated in Table 1, the key structural connections of the SN are outlined, includ-
ing their anatomical course, functional significance, and related clinical implications.

Table 1. Connections of the substantia nigra.

Pathway Connection Significance for Neurology Study

Nigrostriatal SNc → dorsal striatum
(putamen, caudate)

A key pathway for motor control; its
degeneration leads to the motor

symptoms of PD
[11,12,14,57,59–63,70]

Nigrothalamic SNr → VA, VL, VM
thalamic nuclei

Influence motor and associative
cortical circuits, important for motor
and cognitive function, involved in

dystonia pathophysiology

[28,64,70]

SNc → thalamus
Dopaminergic connections

from the SNc directly to
the thalamus

Possible dopamine influence on
thalamocortical circuits; potential

mechanism for non-motor symptoms
of PD

[28]

Cortico–Nigral
Direct projections from the

cortex (prefrontal,
sensorimotor areas) → SN

Cognitive and sensory modulation of
dopamine neurons; SN responds to

cortical inputs
[7,34,74]

SN–ventral striatum
(mesolimbic

pathway)

SNc/VTA → NAc and
orbitofrontal cortex

Regulation of reward, emotion, and
impulsiveness; key to addictions and

behavioral disorders
[28,66,69,72,73]

SN–hippocampus
SN/VTA ↔ hippocampus

(direct and indirect
connections)

Modulation of motivation, novelty,
and learning; relevance to stress;

major depressive disorder (MDD)
[47,67]

SN–amygdala,
limbic cortex

SN2 (part of SNc) →
amygdala, cingulum,
orbitofrontal region

Emotion regulation; involved in
mood disorders, anxiety, REM atonia [68]

SN–GPi/ansa
lenticularis (GPSN)

Globus pallidus → SN (via
specific GPSN branch)

Possible feedback effect of pallidum
on SN; integration of BG outputs and

feedback
[65]

SNc–subcortical
circuits (reticular

formation)

SNc ↔ brainstem, VTA,
PAG, hypothalamus

Involved in regulation of sleep and
autonomic functions; important in
MDD, stress, and sleep disorders

[68,75]
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4. Discussion

This paper provides a synthesis of the current knowledge on the DTI and tractography-
derived structural connectivity of the SN and its relevance to the understanding of neuro-
logical and neuropsychiatric disorders. The tractographic reconstructions confirm that the
SN is not merely part of the classical motor circuits but rather represents a complex integra-
tive node that links motor, cognitive, and affective brain regions. This perspective extends
conventional neuroanatomical frameworks and possesses extensive clinical ramifications,
which are elaborated upon in subsequent sections.

The nigrostriatal pathway has received the most research attention of all SN connec-
tions. The degeneration of this pathway is the central pathophysiological mechanism of
PD. As Zhang et al. (2015) [62] confirmed, an analysis of the available data indicates a
close correlation between the diffusion parameters of the pathway in question and the
motor deficits in question. A number of studies have indicated the possibility that DTI may
assist in the early detection of Parkinson’s disease and the subsequent monitoring of its
progression [12]. The utilization of DTI markers (e.g., increased diffusivity in SN) is also
being explored to distinguish idiopathic PN from atypical Parkinsonian syndromes [12].
Jang and Cho (2022) [76] measured two key parameters from diffusion tensor tractography:
fractional anisotropy and tract volume for both the ipsilesional nigrostriatal tract and the
corticospinal tract. The results showed that the tract volume of the ipsilesional nigrostriatal
tract was strongly positively correlated with the Motricity Index score, which is a measure
of motor function in patients who suffered putaminal hemorrhage. Similarly, both the
fractional anisotropy and tract volume of the ipsilesional corticospinal tract had strong pos-
itive correlations with the Motricity Index score. This means that as the integrity and fiber
amount (volume) of these tracts increased, the motor function of the patients improved.
Wende et al. (2021) [77] used a tractography technique that extracts directional diffusion
information in brain white matter using diffusion tensor imaging (DTI). Tractography
reconstructs the corticospinal tract (CST), a major nerve fiber bundle responsible for motion
control. This study used an automated workflow to extract the FA (fractional anisotropy)
values within the reconstructed CST volume while ensuring that anatomically unrealistic
fibers and noise were minimized. The study found that the mean FA in the CST was
around 0.4406 and identified a lower cutoff of 0.15 as a reliable threshold for neurosurgical
tractography, with infiltrated or compressed CSTs requiring consideration of an even lower
cutoff (around 0.1) to accurately depict affected fibers [77]. In addition to diagnostics,
structural connectivity of the SN is also studied in the context of therapy; for example,
changes in diffusion parameters following the deployment of dopaminergic therapy or
in the context of deep brain stimulation may reflect circuit remodeling. The capacity to
quantify degenerative changes in the SN–striatum circuit furnishes objective markers for
clinical assessment of patient status and treatment efficacy. This renders DTI and other
advanced methods a valuable tool not only for research but potentially for clinical use.

While degeneration of the nigrostriatal pathway leads to the classical motor symptoms
of PN, abnormalities in other SN pathways, particularly in SNr–thalamic wiring, may
underlie the complex motor phenotypes of other disorders. For instance, in cases of
dystonia, creation of a lesion (i.e., pallidotomy) or high-frequency stimulation of the GPi
have been observed to result in the alleviation of symptoms, which may be attributable
to the reorganization of the connections between the GPi, SNr, and thalamus. It has
been hypothesized that alterations in the connectivity of these circuits may affect the
transmission of inhibitory signals to the thalamus and subsequently to the cortex, with the
potential to affect motor output [7,34]. The results of this study underscore the significance
of tractographic imaging not only of classical pathways but also of output connections,
which may serve as a target for therapeutic intervention in a range of motor disorders.

19



Appl. Sci. 2025, 15, 7902

Lin et al. (2023) [78] explored the microstructural changes in the SN and its tracts to the
dorsal striatum and dorsolateral prefrontal cortex in PD patients using diffusion MRI and
histopathology. The research involved post-mortem analysis of PD and control donors,
revealing increased MD and FA in specific SN tracts in PD compared to controls. These
microstructural alterations were associated with dopaminergic degeneration and Lewy
neurite pathology, suggesting that diffusion MRI can effectively capture these changes and
potentially aid in understanding motor and cognitive impairments in these disorders.

In addition to motor function, the SN also affects a range of behavioral and cognitive
functions, as evidenced by impulsivity disorders, addictions, and mood disorders. Impul-
sivity manifests in diverse forms within the context of the basal ganglia, encompassing
motor impulsiveness, characterized by an inability to inhibit action, and decision-making
impulsivity, marked by a propensity to seek reward irrespective of risk. A review of the ex-
tant literature confirms that dopaminergic inputs from the SN/VTA to limbic and prefrontal
regions are significantly involved in modulating memory, learning, and impulsivity [66].
Research by Elliott et al. (2022) [67] demonstrated that structural connectivity between the
SN/VTA and the hippocampus is associated with the capacity for memory concerning
motivation (e.g., potential reward). Therefore, the SN is hypothesized to function as a
central node in the modulation of motivated behavior and learning. Recent research by Liu
et al. (2024) [75] utilizing 7T DTI revealed a substantial decrease in connectivity between the
SN and GP in patients diagnosed with major depressive disorder (MDD). It is hypothesized
that this pathway constitutes a motor component of the BG output system; however, its
disruption in MDD suggests the possibility of a regulatory role in motivation, reward,
and emotional state. Correlations with insomnia scores and age of onset provide further
evidence for the functional importance of this pathway in non-motor symptoms of affec-
tive disorders. Dopaminergic projections from the SN/VTA to the ventral striatum have
been demonstrated to play a critical role in the regulation of impulsivity and motivated
behavior. The research conducted by MacNiven et al. (2020) [69] and Edwin Thanarajah
et al. (2023) [73] demonstrated a robust correlation between the structural integrity of
these pathways (e.g., the medial forebrain bundle) and measures of impulsiveness. The
study further suggested that these pathways can be subject to developmental modulation
by genetic factors, such as polymorphisms in the FTO. It has been demonstrated that
individuals with higher levels of motor impulsivity, and patients diagnosed with stimulant
use disorder, exhibit increased levels of connectivity within these circuits. This finding
serves to substantiate their significance in the context of the neurobiology of addiction and
behavioral disorders. This provides a novel basis for research, establishing a link between
neurodevelopment, genetics, and imaging with a view to comprehending the brain circuits
underpinning behavior.

The identification of the direct dopaminergic SNc–thalamus pathway [28] offers novel
insights into the non-motor symptoms of PD, including hallucinations, REM sleep distur-
bances, and cognitive dysfunction. The hypothesis that the direct influence of thalamic
dopamine from the SNc may modulate large-scale thalamo–cortical networks could pro-
vide a theoretical framework for explaining some non-motor symptoms in PD and other
neuropsychiatric conditions. Research by Antal et al. (2014) [79] highlighted that the SN has
a dual role in influencing thalamic activity through both inhibitory and excitatory outputs.
This dual mechanism suggests a complex synaptic connection that allows the basal ganglia
to modulate thalamic activity in a subtle manner, which is essential for various motor and
cognitive functions. A study by Oishi et al. (2020) utilizing ex vivo diffusion tensor imaging
and tractography identified fiber connections between the substantia nigra and thalamus
within the human subthalamic area, to map these pathways [80]. The significance of this
direct pathway remains to be fully elucidated; however, its existence serves to reinforce
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the role of the SN as a central integrator of both motor and cognitive functions, as well as
sensory functions.

The evidence reviewed above illustrates that distinct components of the SN network
are selectively affected in different pathological conditions, with specific disruptions corre-
lating with clinical symptoms. For instance, degeneration of the nigrostriatal pathway is
closely linked to the motor deficits of PD [12,62,70], whereas reduced connectivity between
the SN and globus pallidus or limbic structures has been observed in patients with MDD
and addiction [67,69,75]. Altered connectivity between the SN and the thalamus or pre-
frontal cortex may further contribute to cognitive dysfunction and impulsivity [69,73]. In
this context, structural connectivity mapping of SN circuits may hold promise for advanc-
ing individualized diagnostic and therapeutic strategies. Subject-specific tractography can
identify patterns of circuit disruption that underlie motor, affective, or cognitive impair-
ments, potentially guiding personalized interventions. For instance, mapping the integrity
of pathways such as the medial forebrain bundle or SN and thalamus projections may
inform deep brain stimulation target selection or stratify patients for pharmacological
therapies. Integrating diffusion imaging with genetic, behavioral, and clinical markers may
further enhance the precision of diagnosis and treatment planning in disorders involving
SN dysfunction [67,78].

Building on this expanded network view, the imaging of SN connectivity using ad-
vanced tractography represents a promising tool not only for research but potentially
for clinical practice. In addition to its association with PD, there is an emerging body
of evidence that suggests these pathways may also play a role in a wide range of neu-
ropsychiatric conditions. Future research should aim to validate the use of connectivity
markers against longitudinal data, integrating structural and functional methods, and
further subdividing individual SN subregions. It is imperative that particular emphasis is
placed on the standardization of methodology and the development of applications in the
field of personalized medicine.

Considering the complex connectivity of the SN and its role in various pathologies, it
is important to take into account additional brain regions that may act as potential nodes
within SN-related networks. One such structure is the zona incerta (ZI), a subthalamic
area that has attracted increasing interest due to its anatomical and functional connections
with components of the SN [81,82]. Ossowska et al. (2020) [83] reported, based on both
preclinical findings and therapeutic outcomes in humans, that the ZI maintains widespread
anatomical connectivity with the SNr and SNc. They suggested that deep brain stimulation
targeting the ZI may exert its therapeutic effects in Parkinson’s disease by restoring the
function of a broader SN–ZI–thalamus–striatum network. Supporting this notion, recent
findings by Londei et al. (2024) revealed that neurons within the ZI exhibit functional
connectivity with the SNr, thalamic nuclei, and the caudatoputamen, forming recurrent
loops that may contribute to motor and non-motor regulation [84].

5. Conclusions

This paper reviews the current knowledge on SN connectivity and its importance
for motor, cognitive, and emotional brain functions. Evidence from the extant literature
suggests that the SN is a structurally and functionally diversified node that is connected not
only to the striatum but also to the thalamus, hippocampus, limbic regions, and brainstem.
In the future, the development of sophisticated brain pathway imaging techniques has the
potential to facilitate the identification of biomarkers. These biomarkers may then be used
to facilitate early diagnosis, to monitor treatment response, and to develop personalized
therapeutic strategies.

21



Appl. Sci. 2025, 15, 7902

Funding: This research was funded by the National Institute for Neurological Research (Programme
EXCELES, ID Project No. LX22NPO5107)–Financed by the European Union–Next Generation EU,
and was supported by the Grant Agency of the Czech Technical University in Prague, grant No.
SGS25/187/OHK4/3T/17.

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

Abbreviations

The following abbreviations are used in this manuscript:

AL Ansa lenticularis
BD Basal ganglia
C Caudate
DTI Diffusion tractography imaging
FA Fractional anisotropy
GPe External globus pallidus
GPi Internal globus pallidus
IL Intralaminar nuclei
LP Latero posterior nucleus
MD Medio dorsal nucleus
MD Mean diffusivity
MDD Major depressive disorder
MRI Magnetic resonance imaging
NAc Nucleus accumbens
PD Parkinson’s disease
Pu Putamen
SN Substantia nigra
SNc Substantia nigra pars compacta
SNr Substantia nigra pars reticulata
STN Subthalamic nucleus
T Tesla
VA Ventral anterior nucleus
VLp Ventral lateral posterior nucleus
VM Ventromedial nucleus
VTA Area tegmentalis ventralis
ZI Zona incerta
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Abstract: Mirror neurons (MNs), a set of neurons that are activated during the processes of
observation and execution of actions, have drawn significant attention in the research of
neurodegenerative and psychological disorders. Research in the field of Autism Spectrum
Disorder (ASD) and schizophrenia demonstrates evidence in favour of common underlying
neural mechanisms underlying the two conditions, especially with respect to mu rhythm
suppression, a proxy for MN activation and socio-cognitive impairments. This paper aims
to review the most recent studies on the neurological underpinnings of social cognition
deficits and cognitive discrepancies shared by ASD and schizophrenia, as detected by
measuring the functionality and activation of the mirror neuron system. The findings of the
review reveal a lack of consensus with respect to the validity of the “broken mirror” theory.
The review also shows that further research is warranted to shed light on the implications
of mirror neuron dysfunction in neuropsychiatric conditions and assist the development of
technological interventions and treatments.

Keywords: autism; schizophrenia; mirror neurons; social dysfunction

1. Introduction

Mirror neurons (MNs), a set of neurons that are activated during the processes of
observing and executing actions, have drawn significant attention in the research of neu-
rodegenerative and mental disorders. Mirror neurons are located in the inferior parietal
cortex, the premotor cortex, and the primary somatosensory cortex [1], and they are hy-
pothesised to play a significant role in the comprehension and action of imitation, since the
activation patterns of MNs during the process of observing an action are very comparable
to those observed when an individual is performing an action [2]. The mechanism of
mirroring elements of motion and behaviour in social contexts and the ability to repro-
duce these patterns in an imitative manner have been attributed to the firing of this set of
neurons [2].

Mirror neurons were originally described in 1992 as a set of cells located in the
premotor cortex of primates (macaque monkeys) [3]. Recent research has investigated the
involvement of MNs in a number of cognitive and social functions. In humans, as well
as in primates, this set of neurons has been found to be linked to social cognition that
includes empathy and emotion understanding, intention understanding [4], imitation and
language processing [5,6]. Due to their strong relation with the ability to acquire knowledge
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through imitation processes [7], MNs are activated during the action of the sensorimotor
system for perceiving facial expressions and gesturing [8]. Research alleges that this set
of neurons can be found in brain regions that include the inferior frontal gyrus [9], the
superior temporal sulcus [10] and the ventral premotor cortex [11], which are dynamically
involved in the processing of facial expressions and in higher-level cognitive abilities, such
as Theory of Mind and empathy [12]. The aforementioned cerebral distribution advocates
the functionality of MNs in processes that go beyond simple motor imitation.

However controversial, it has been theorised that the evolution of MNs also relates
to language development by enabling complex communication systems [13]. Broca’s
area, which plays a crucial role in language in both production and perception, has been
suggested to be a critical MN region. Nevertheless, research using neuroimaging techniques
has shown that MNs are most probably associated with mechanisms implicated in speech
articulation and not the semantic representation of human language [14].

Brodmann area 2 (BA2) has also been identified as having a relation with the function
of the MN system (MNS defined as the group of MNs) [15]. BA2 has been determined as the
locus of mu rhythm generation [16]. Measuring mu rhythm suppression has been shown to
be a valid method for examining the level of activation of the MNS. Mu rhythm suppression
indicates reduction in the amplitude of mu waves, which are cerebral oscillations in the
frequency band of 8–13 Hz observed in an electroencephalogram (EEG) in the sensorimotor
cortex. This type of modulation indicates the difference between active and baseline
condition in MN activation. Mu suppression generally emerges during the performance of
motion or the observation of such actions [17]. In addition, mu rhythm suppression has
been linked to socio-cognitive mechanisms responsible for the development of intention
understanding, inference making, emotion recognition and empathy [18]. Mu suppression
therefore seems to be the neural basis for both social cognition and sensorimotor abilities.
Figure 1 below illustrates the parietal mirror neuron (MN) system located in the inferior
parietal lobule, as well as the frontal MN system situated in the inferior frontal gyrus.

Figure 1. Schematic illustration of the mirror neuron system and its brain correlates, depicting
parietal MN system in the inferior parietal lobule and frontal MN system in the inferior frontal gyrus
([19], p.186). Reproduced with permission from Liew & Aziz-Zadeh, Handbook of Neurosociology;
published by Springer, Dordrecht, 2013.

Mu rhythm suppression has been a fruitful area of study in the examination of the
neurobiological underpinnings of Autism Spectrum Disorder (ASD) and schizophrenia.
ASD and schizophrenia are two distinct conditions in terms of clinical profiling and diag-
nostic traits, which nevertheless demonstrate particular commonalities, such as deficits in
social cognition and difficulties with social navigation. These impairments have been asso-
ciated with the function of the MNS and reduced mu rhythm suppression that individuals
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with ASD and schizophrenia exhibit while performing in social observation, imitation and
empathy tasks [20]. In addition, both conditions present altered connectivity in specific
cerebral regions, such as the superior temporal sulcus and sensorimotor cortex. These
regions are related to mu rhythm activity, and contribute to discrepancies identified in both
ASD and schizophrenia when processing and responding to social stimuli. The aim of
this review is to provide insight into both the distinct and shared impairments in social
cognition that characterise the two conditions, as reflected in the aberrant activation of mu
rhythm suppression. The examination of mu rhythm suppression in ASD and schizophrenia
seems to be crucial for comprehending the neurobiological mechanisms underlying social
cognition impairments in these disorders.

Although previous reviews have examined the function of MNs in both ASD and
schizophrenia [16,21], the present review will focus on investigating the phenomenon
of mu rhythm suppression in both conditions through studies that have employed the
electroencephalography (EEG) technique. This review will visit upon findings of studies
within the past 10 years, while selection criteria involve the administration of EEG tests to
measure mu rhythm suppression in both conditions with relevance to social dysfunction
and impairments in social cognition. To secure the transparent selection of data, this
review adheres to the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) 2020 checklist (www.prisma-statement.org, accessed on 15 January 2025).
Table 1 below demonstrates the selection and rejection criteria for the studies reviewed in
the current paper according to PRISMA guidelines. This review hypothesises that both
ASD and schizophrenic individuals demonstrate abnormal mu suppression activation and
similarities in the hypofunction of MNs.

Table 1. Inclusion and exclusion criteria.

Category Inclusion Criteria Exclusion Criteria

Population and clinical data Participants with ASD
or schizophrenia

Studies involving disorders other than ASD or
schizophrenia. Animal or in vitro studies

Study type Empirical peer-reviewed
research articles

Opinion papers or non-peer-reviewed work,
unpublished dissertations, conference abstracts

Methodology EEG as the main technique

Studies using only pharmacological or
behavioural interventions without
neurophysiological measurements of the MNS.
Studies using other than EEG
neuroimaging tests.

Publication date Published from 2010 onward Older publications

Language Published in English Publications in other languages than English

Outcomes
Reports on MNS activity and mu
rhythm suppression in ASD
and schizophrenia

Studies not isolating MNS-related processes
(e.g., only general social cognition without
measuring mirroring activity)

2. Autism Spectrum Disorder (ASD) vs. Schizophrenia: General Overview

2.1. Autism Spectrum Disorder

Autism Spectrum Disorder (ASD) is characterised by marked phenotypic heterogene-
ity in terms of manifestation of symptoms, level of severity and traits [22]. It is defined
as a pervasive neurodevelopmental disorder that demonstrates impairments in social in-
teraction, restricted or/and repetitive behavioural patterns, limited interests, and deficits
in communication, both verbal and non-verbal [23]. The autistic spectrum reflects a set
of characteristics that correspond to a range between high- and low-functioning individu-
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als [24]. The classification of DSM-5 (Diagnostic and Statistical Manual of Mental Disorders)
for ASD has replaced the term “Pervasive Developmental Disorders” with a single cate-
gory that comprises previous mentions of diagnostic classes (i.e., Asperger’s Syndrome,
Pervasive Developmental Disorder not otherwise specified (PDD-NOS), Rett Syndrome,
and Childhood Disintegrative Disorder). It also identifies three severity levels that rely on
the extent of support required for each individual in the spectrum [25].

The autistic spectrum is very often linked to motor sensory deficits and problems
with coordination, as well as mental disabilities, attentional impairments and anxiety [26].
However, despite the commonality of traits, individuals with ASD demonstrate individual
variation in their general skills and severity of symptomatology. The aetiology of the disor-
der is multifaceted, encompassing epigenetic factors that stem both from environmental
and biological origins or genetic predisposition. Nevertheless, it is still unclear which of
those factors mostly contribute to the emergence of ASD, and to what extent. In addition,
comorbidity between ASD and other disorders, such as Attention Deficit Hyperactivity
Disorder (ADHD), Developmental Language Disorder (DLD), learning disabilities or/and
neuropsychological conditions, is very often evinced in ASD, making it difficult to detect
symptoms that are specific to the autistic spectrum [26].

Research on functional connectivity in ASD demonstrates atypical brain connectivity
and deviations from neurotypical populations in terms of brain structure, such as dif-
ferences in connectivity in the prefrontal cortex, amygdala and cerebellum [27]. Despite
impairments in the neurobiological basis of autism and the neural circuits that are associ-
ated with social understanding, some individuals with ASD demonstrate strong abilities
in several cognitive areas such as mathematics, art or music [28]. ASD is more frequently
diagnosed in male (vs. female) individuals with a ratio of 4:1, and also more frequently ob-
served in individuals who have siblings with the disorder. Research reveals a large increase
in the reported diagnosed cases of ASD within the past 30 years, which is attributed to the
existence of standardised diagnostic tools that can more accurately detect autistic traits and
separate the diagnostic criteria for ASD from symptoms ascribed to other conditions [29].

2.2. Schizophrenia

Schizophrenia is one of the most common mental and neuropsychiatric disorders that
affects in approximation a minimum of 0.7% of the global population [30,31]. Characteristics
of the disorder encompass a variety of symptoms, i.e., hallucinations in the sense of
seeing non-existing things or people or hearing voices, delusions and unrealistic thoughts,
disoriented thinking and language, a sense of disconnection and disassociation from
interests, feelings, people, personal care and emotions [26]. The disorder has an impact
on the affected individuals in day-to-day life, negatively influencing their functioning,
communication, and social interaction skills, and can result into severe disability, while in
many cases, it can also be fatal [32].

The onset of the disease emerges early in adulthood, or late adolescence, and it tends to
prevail more often in male individual than females. Its aetiology lies in a combination of fac-
tors that involve genetic, biological and environmental origins [33]. Research in the field of
genetics and genome-wide association studies (GWAS) has identified genes associated with
neural connectivity, synaptic function, calcium signalling and neurotransmitter systems [34].
Prenatal and perinatal factors as well as abusive experiences constitute environmental fac-
tors that have also been found to be involved in the occurrence of schizophrenia [35,36]. In
terms of the pathophysiology of the disorder, neuroimaging studies show that individuals
with schizophrenia exhibit cerebral abnormalities [37,38] that encompass alterations in con-
nectivity between brain regions whose grey matter volume is pathologically reduced, such
as the temporal lobes, the prefrontal cortex and the hippocampus. In addition, irregularities
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in terms of dopamine and glutamatergic neurotransmission [39] have been hypothesised to
have an impact on the positive and negative symptoms of the disorder.

The symptomatologic classification of schizophrenia reflects the heterogeneity that
defines it, and it involves positive, negative and cognitive symptoms. In terms of positive
symptoms, they normally appear when the individual experiences a psychotic episode,
and involve delusional situations, hallucinations, inappropriate behaviours, and distorted
thoughts. Negative symptoms fall into five distinctive categories, namely anhedonia,
apathy, avolition, asociality alogia and blunted affect [40]. Cognitive symptoms can be
detected in about 70% of the individuals diagnosed with schizophrenia, and in most cases,
they are present before the onset of the disease [41]. This category of symptoms comprises
impairments in verbal and non-verbal memory, attention, reasoning, visual processing
especially when experiencing visual illusions, and general executive functioning [42].
Social cognition is also impaired in individuals with schizophrenia: these individuals
have problems with emotion recognition, phacial emotion perception, intention attribution,
mentalising, perception of non-verbal social cues, non-literate language and general social
contexts [43,44].

2.3. Commonalities Between ASD and Schizophrenia

When comparing the two conditions, ASD and schizophrenia share significant sim-
ilarities with respect to deficits in social cognition, despite the fact that they are both
separately diagnosed neuropsychiatric disorders. Individuals with either of these con-
ditions demonstrate impairments in mentalising and Theory of Mind, which refers to
the ability to comprehend and infer the mental states of others and of oneself, to take
other people’s perspectives, and interpret others’ emotions, beliefs and intentions [45,46].
Theory of Mind deficits result in multiple challenges in everyday social navigation. In ASD,
individuals display problems with reasoning and interpreting social cues and behavioural
patterns that are impelled by internal mental states and emotions [47,48]. In individuals
with schizophrenia, on the other hand, social and cognitive symptoms are manifested as the
negative symptoms of the disorder, and involve a lack of motivation for social integration,
problems with emotion perception and expression, and impaired Theory of Mind and sense
of empathy [49].

Neuroimaging studies have demonstrated impairments in the MNS in both ASD and
schizophrenia [50,51], further supporting the hypothesis that socio-cognitive deficits stem
from common neural mechanisms across the two disorders. Shared neural dysfunctions,
for instance, irregular function in cerebral areas such as the amygdala, prefrontal cortex
and superior temporal sulcus, indicate shared dysfunctional social cognition. The results
of recent studies underscore the notable commonality of neuro- and socio-cognitive impair-
ments in ASD and schizophrenia, placing emphasis on the individuals’ emotion recognition
and irregular processing speed [52].

3. The Mechanisms Behind Broken MNs in ASD and Schizophrenia

3.1. Mu Rhythm Suppression in ASD

Attenuations in the function of the MNS in autism have been included in the theory of
“broken mirror neurons”, which has been researched over recent decades to explore possible
links between atypical MN functionality and ASD symptomatology. Cognitive deficits in
individuals with autism, and impairments in communication and social integration may
be traced back to these links [53]. Dysfunctions in MNs have received attention in the
field of autism research; nevertheless, they have also received criticism, mostly due to the
mixed findings. It has been claimed that deficits in the sensorimotor system in individuals
with ASD is a more plausible reasoning for explaining problems in mentalizing, imitation,
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and action interpretation. In addition, it has been proposed that the activation of MNS
is fundamental for social cognition and reasoning [54,55] as well as the understanding of
mental and emotional states [56]. These abilities have been well researched in ASD, which
is often characterized by considerable discrepancies in internal state reasoning and Theory
of Mind [57].

Measurements of suppression of the mu wave EEG have been prominent in exploring
MN function in individuals. In clinical populations, however, and in ASD in particular,
mu rhythm suppression has not been the most effective method. This may be attributed
to various reasons ranging from sample sizes to issues with electrode selection for data
collection. Neuroimaging studies provide insights into abnormalities in ASD in cerebral
areas that are crucially implicated in social cognition and processing of social stimuli, for
instance, the prefrontal cortex and the superior temporal sulcus [50].

One of the most prominent components that is hypothesised to trigger the activation
of MNs is the observation of an action. Action observation involves, among others, the
processing of facial expressions further related to ToM skills and emotion recognition [58].
Deschrijver et al. [59] critically examined the motor interference effect in ASD, which
corresponds to more errors and slower reaction times when an individual visually perceives
a movement that contradicts the movement of intention. A group of 23 adults with high-
functioning autism and 23 age-, handedness- and sex-matched healthy controls participated
in an EEG paradigm. The study focused on the P3 (a positive deflection in EEG recordings
that occurs approximately 300 ms after stimulus onset, and is associated with attention
and stimulus evaluation), the N190 (a negative ERP component occurring around 190 ms
after stimulus onset, commonly linked to early visual processing and face recognition), and
the RP (“Readiness Potential”, a slow negative shift in EEG activity preceding voluntary
movement, indicating motor preparation) that were congruent to the conditions of the
stimulus. The participants were instructed to visually follow the gestural movements
of a videotaped hand. Directly after the end of the observation, the participants were
instructed to perform a pre-instructed gesture. The experiment involved a congruent
condition, under which the required action matched the shown hand movement; an
incongruent condition, where the observed gesture did not match the one for execution;
and a baseline condition (hand in resting state). The aim of the study was to examine
whether impairments in the processing of self- and other-action performances could provide
a justification for imitation attenuations in high-functioning ASD. The results demonstrated
that, in contrast with the predictions of the researchers of the study, there was no reported
difference between the high-functioning autistic group and the control group in the P3
ERP component. In particular, both groups presented larger numbers of the P3 component
when observing the congruent hand movement condition, so distinguishing between
congruent and incongruent hand movements with high processing levels was intact. On
the other hand, the clinical group demonstrated a larger value of RP for the congruent
condition in comparison to the baseline, similarly to the incongruent condition, which
implies elevated brain activation for motor preparation in both congruent and incongruent
observations, while the baseline condition remained neutral. Comparing the compatible
and non-compatible trials, no particular difference was reported. Crucially, the outcomes
of the study show that the neural mechanisms underlying the motor interference effect in
high-functioning ASD manifest discrepancies in the early stages of motor preparation rather
than in higher-level cognitive processes, e.g., interpreting social cues, which contradicts the
theory of “broken” MNs in ASD.

Another study that measures mu rhythm suppression in ASD through the observation
of gestures is that of Fan et al. [60]. The objective of their study was to test the integrity
of the MN hypothesis in ASD by administering an EEG experiment that measured mu
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rhythm suppression over the sensorimotor cortex while the participants observed and later
imitated gestural hand movements. The study involved two groups of participants, 20 male
adolescents and young adults, and 20 age-matched neurotypical controls. The two groups
were required to complete an eye-tracking and an EEG test that included four conditions:
baseline condition (observation of a static object on a screen), hand condition (observation
of a video-recorded gesturing action), dot condition (observation of a video with a white
dot), and execution condition (manipulation of an object in the same manner as in the hand
condition). The study also controlled for fixation duration and normalised fixation number
on the stimuli to account for potential differences in visual attention. The results strongly
support the inefficacy of the theory of dysfunction in the MNS in ASD. Specifically, mu
suppression over the sensorimotor cortex in the observation and imitation conditions did
not present differences between the two groups. Essentially, mu rhythm suppression was
stronger in both groups during the observation of the hand rather than the moving dot.
Contrasting previous research [61], no correlation between mu rhythm suppression and
imitation was detected. Although the ASD participants scored lower than neurotypicals in
the imitation condition, the mu rhythm suppression was not different from controls. The
outcomes highlighted the heterogeneity of ASD in terms of traits, and concluded that the
MNS activation appears to be intact to a certain extent.

A more recent study by Sotoodeh et al. [62] examined the way mu suppression is
modulated in ASD by visual attention during the process of perceiving biological motion.
The researchers recruited 20 participants diagnosed with high-functioning ASD, and 20 age-
and sex-matched healthy controls. An EEG paradigm was conducted to measure the
suppression of mu rhythm over the sensorimotor cortex while participants were required
to watch point-light displays presenting biological motions, e.g., walking, cartwheeling,
free-throwing and underarm throwing, as well as non-biological motion, e.g., moving dots.
Eye-tracking technology was used to monitor visual attention and ensure that participants
were fixating on the stimuli. The EEG findings showed that visual attention in both groups
had a significant impact on mu suppression; nevertheless, mu rhythm suppression in the
ASD group was reduced compared to that of the control group during biological motion
observation. This finding can be interpreted as a cue for neural deviations in biological
motion processing in ASD, and that visual attention is not the only determining factor
for impaired mu rhythm suppression. Furthermore, a positive correlation was detected
between level of mu suppression and social abilities in the group with ASD, thus revealing
an association between social cognition and mu suppression.

The study by Cole et al. [63] aimed to investigate MN activation in individuals
with ASD in the process of making inferences about other people’s intentions. In to-
tal, 43 participants took part in the study, distributed in two groups in compliance with
the level of autistic traits. The 20 neurotypical controls that participated in the study
reported no history of mental or neurological illness. The study used both transcranial
magnetic stimulation (TMS) and EEG experiments to measure MNS activity, giving em-
phasis on the connection between autistic traits and neural responses during mentalizing
tasks. The participants were instructed to watch short clip videos with mentalizing and
non-mentalising actions, and place a judgement afterward with respect to the intention of
the action performed. The study employed three screening tasks: an EEG task that was
conducted during the projection of the videos, an eye-tracking task and a TMS-induced
EMG (electromyography) task. In terms of mu rhythm suppression, this was found to be
at a lower level in the right hemisphere among participants with higher level of autistic
traits when performing in the mentalizing task. Nevertheless, mu rhythm suppression
on the right hemisphere did not present significant correlation with how well the partici-
pants performed in the task. Notably, there was a positive correlation between lower MN
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activation in the left hemisphere and poor performance in the mentalising task, with no
present effect occurring from the autistic traits. TMS-induced MEP did not present any
significant variation between ASD individuals and controls. Similarly, no visual processing
differences were reported for the eye-tracking task. The authors concluded that attenuated
MNs and impaired ToM in ASD are the reasons behind the irregularities of MN activation
in the right hemisphere.

Dumas et al. [64] revisited the MN hypothesis aiming by placing emphasis on two
main aspects of the existing EEG literature: the functional segregation of mu rhythm into
two discrete sub-bands (8–10 Hz and 10–12/13 Hz), and the focus on central electrodes
(C3/C4) in previous studies in ASD. Ten high-functioning individuals with ASD and
30 age-matched healthy controls participated in the study. The two groups were tested on
a task involving three conditions, namely simple observation of gestures, free imitation of
gestures, and imitation of a pre-recorded video. The outcomes of the study revealed a dis-
tinct pattern of mu suppression in the ASD group compared to the TD controls. Specifically,
when the mu rhythm was analysed as a homogeneous phenomenon covering the 8–13 Hz
frequency range, no significant differences were found between the groups. However,
when the two sub-bands were distinguished, a different mu response to observation ap-
peared for subjects with ASD in the upper sub-band (10–12/13 Hz) over the sensorimotor
cortex, while the lower sub-band (8–10 Hz) responded similarly in both groups. Source
reconstructions demonstrated that this effect was related to a joint mu-suppression deficit
over the occipito-parietal regions and an increase over the frontal regions in the ASD group.
The researchers argues that mu suppression deficits in individuals with ASD do not support
a global irregular functionality of the MNS but are rather specific to the neural mechanisms
underlying the observation of intentions.

3.2. Mu Rhythm Suppression in Schizophrenia

Mirror neurons have received quite some criticism in research in recent years due
to controversial findings of studies and the soundness of the hypotheses concerning the
exact function and significance of the MNS [65,66]. Nevertheless, they have also drawn
significant attention, as they have been shown to be actively involved in complex cognitive
processes, such as empathy, mentalising, perspective taking, language and imitation [67].
As mentioned before, the MNS has mostly been researched in ASD, mainly due to the
hypothesis of the “broken mirror neurons” which negatively affect language, Theory of
Mind and social navigation [68]. Nevertheless, as shown in the previous section, the results
do not demonstrate a clear consensus as to the role of the MNS in social and cognitive
discrepancies in autism [69].

Research on the connection between the functionality of the MNS and schizophrenic
symptoms has gained ground over the last decade. Schizophrenia is often characterised
as the disorder of the “social brain” [70], which underlines the attenuations in social
cognition that schizophrenic patients exhibit. Similarly to ASD, the MNS system has
also been investigated in schizophrenia using a variety of neuroimaging methods, each
of which measures different aspects of the functions of the MNS (ex. fMRI measuring
fluctuations in blood oxygenation, MEG measuring alpha band suppression and gamma
band amplification, TMS, EEG measuring mu rhythm suppression, and electromyography
to measure rapid face muscle activation during observation of facial expressions).

With respect to mu rhythm suppression as a proxy for MNS activation, research
demonstrates abnormalities in the MNS in schizophrenia, which are mainly reflected in
varying levels of mu suppression. Variation in mu rhythm suppression has in turn been
linked to deficits in Theory of Mind, empathy, emotion recognition and processing of

34



Appl. Sci. 2025, 15, 6629

social cues [71]. Several studies have explored mu rhythm suppression in patients with
schizophrenia; however, the outcomes are heterogeneous.

Horan et al. [72] conducted an EEG study to explore impairments in the functioning
of the MNS in patients with schizophrenia as indexed by mu suppression. The participants
of their study included 32 outpatients diagnosed with schizophrenia, and 26 controls with
no clinical diagnosis The two groups took part in an EEG paradigm, which involved six
conditions of an either observed or executed action. These conditions contained varying
levels of social interaction. In addition, validated empathy questionnaires were collected
from the participants. The results revealed that both groups exhibited a crucial linear
increase in mu rhythm suppression with respect to those conditions that contained a higher
demand for socialisation; however, neither interactions nor group differences were found
to be significant. In the questionnaires, patients described their empathy and mentalising
ability as being low, nevertheless, as evinced from the mu suppression measurements, their
MNS functioning appeared to be relatively intact. The researchers concluded that there
was an impairment in emotion recognition processing in schizophrenia, with no evidence
in favour of inability of experiencing them. However, it should be mentioned that the tasks
in Horan et al.’s [72] study involved non-complex social and emotional conditions, which
may have biased the interpretation of the results.

Other studies, on the other hand, have reported reduced mu rhythm suppression
in patients with schizophrenia. Mitra et al. [73] investigated the efficacy of the MNS
operation in individuals with schizophrenia. The researchers’ objective was to detect
whether the occurrence of psychotic episodes of the illness was attributed to attenuations
of the MNS system by measuring mu rhythm suppression. Mu suppression was measured
through an EEG task, in which the participants were presented with a clip containing
short sequences involving white background, biological motion with social inferences,
and white visual noise. The study recruited 30 participants: 15 drug-naïve or drug-free
patients with schizophrenia at the early stages of the illness, and 15 controls with no record
of neuropsychiatric disorder, matched on age, sex and educational level. According to the
results, the level of mu rhythm suppression over the sensorimotor cortex (SMC) among
patients with schizophrenia and healthy controls presented significant deviations, which as
interpreted as an indicator for the MNS dysfunction. In addition, the findings highlighted
a significant negative correlation between mu suppression over the right sensorimotor
cortex (rSMC) and the thought disturbance cluster on PANSS (Positive and Negative
Syndrome Scale) [74]. Thought disorder refers to cognitive discrepancies that attenuate
communication, language and thought [75]. Mitra et al.’s [73] results link irregularities in
the function of the MNS to cognitive deficits in patients with schizophrenia.

Differences in research outcomes across studies may be attributed to differences in
study design, population samples, and/or the tasks administered to measure the suppres-
sion of the mu wave. Minichino et al. [76] conducted an analysis of relevant studies in order
to investigate the activation of MNs in schizophrenia and ASD by measuring deviations
in mu rhythm suppression during the observation of biological motion. For their analysis,
they selected three groups of participants: individuals with high-functioning ASD, indi-
viduals with schizophrenia in the early stages of psychosis (EP) that had active negative
symptoms, and a group of controls with no clinical diagnoses. The authors examined
neural commonalities between the disorders that might stem from the negative symptoms
of schizophrenia. The studies selected had all used EEG during the observation of biologi-
cal motion. The analysis involved four conditions: baseline/ball condition [77], moving
hand condition [77], social interactive condition [78] and a biological motion/point light
display animation [79]. The results indicated that reactions to the observation of biological
movement resulted in crucially reduced mu rhythm suppression in both clinical groups
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(i.e., individuals with ASD and individuals with early psychosis experiencing negative
symptoms) as opposed to the healthy control group. For the EP group, the findings showed
that individuals that exhibited more severe negative symptoms demonstrated less mu
suppression. As mentioned before, negative symptoms in schizophrenia correspond to
impairments in social cognition and executive functioning. Minichino et al.’s [76] study has
highlighted the similarities between ASD and schizophrenia with respect to dysfunctional
neural mechanisms associated with impaired socio-cognitive performance.

The relationship between mu rhythm suppression and degree of severity of symptoms
in schizophrenia has also been a fruitful area of research. For instance, Singh et al. [80]
tested 20 first-episode psychosis patients with schizophrenia for Event Related Desynchro-
nisation (ERD) of mu waves, comparing their performance to 12 healthy controls. Their
findings demonstrated that reduced mu suppression was associated with more severe neg-
ative symptoms and poorer social functioning in first-episode psychosis patients, further
implying that deficits with respect to mu suppression may be related to the social and
cognitive impairments observed in the early stages of schizophrenia.

Similarly, the objective of the study by McCormick et al. [81] was to explore the connec-
tion among MN function, psychosis and empathic processes in patients with schizophrenia,
by measuring mu rhythm suppression and its correlation with empathy and psychotic
episodes. A group of 32 participants were recruited for this study: 8 patients with active
schizophrenic psychosis, 8 patients in the residual phase of the disease, and 16 controls with
no reported neurological or psychiatric disorders. An EEG paradigm was administered
that measured mu rhythm suppression over the sensorimotor cortex while the participants
were observing their own hand movements and hand movements of other individuals.
Furthermore, levels of empathy were evaluated by the implementation of the Interpersonal
Reactivity Index (IRI), which involves a classification of empathy and perspective taking
(Perspective Taking subscale, Empathic Concern subscale, Personal Distress subscale and
Fantasy subscale). The study revealed that the levels of mu rhythm suppression in the
schizophrenic patients that experience active psychotic episodes were greater over the left
sensorimotor cortex, when compared to the other groups. Healthy controls and patients
with schizophrenia in the residual phase exhibited no considerable differences in the levels
of mu rhythm suppression. McCormick et al. [81] attributed the higher levels observed
in the first group to the occurrence of psychotic episodes. In particular, the findings have
shown that the more severe the psychotic symptoms, the greater the left-sided mu rhythm
suppression. In addition, according to the findings from the IRI, the degree of personal
distress was significantly stronger in patients with schizophrenia than controls. The out-
comes of the study suggest that impaired social cognition and empathy can be attributed
to abnormal function of the MNS in schizophrenic patients, and can be further negatively
impacted by increased levels of distress.

A study by Wynn et al. [82] has investigated the optimal dose of oxytocin (OT) for
boosting the processing of social cues and contexts in patients with schizophrenia. The
main aim of the study was to measure mu rhythm suppression as a proxy for the function
of the MNS, and pupil dilation, which served as an index for emotion recognition and
processing. The researchers recruited 47 individuals diagnosed with schizophrenia that
were randomly instructed to receive one of eight doses of OT (8, 12, 24, 36, 48, 60, 72,
or 84 IU), or the placebo substance. The experiment involved two tasks associated with
social cues: an EEG task that measure mu rhythm suppression in reaction to biological
motion, and a pupillometry task that demonstrated the level of the dilation of the pupil
when observing faces that present emotion. The outcomes of the study were that OT doses
of 36 and 48 IU substantially boosted mu suppression, as opposed to the placebo. Crucially,
the study demonstrated no effect of the OT on the face affect pupillometry test, which
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can be attributed to the well-established impairment that individuals with schizophrenia
present in face emotion processing and recognition [83]. Table 2 provides an overview of
the studies used in this review, the methodological approach and their main findings in
both conditions.

3.3. Methodological Limitations and Strengths of the Included Studies

The selected studies that have investigated the MNS function in ASD and schizophre-
nia present a range of methodological strengths and limitations, particularly concerning
the EEG protocols, sample sizes, and statistical rigor. Deschrijver et al. [59] employed
high-density EEG with appropriate artifact correction to localize motor interference effects
in high-functioning ASD, but their modest sample size (n ≈ 20 per group) limits generalis-
ability of findings and statistical power. Fan et al.’s [60] study lacked detailed reporting
on EEG preprocessing parameters, raising concerns about the reproducibility of the find-
ings and signal quality, however, the particular study has been notable for combining
behavioural and EEG measures to argue against the MNS dysfunction in ASD. Sotoodeh
et al.’s [62] methodological design represents a methodological advance by integrating
eye-tracking with EEG to control for visual attention, which has been a critical confound in
MNS research, however, the relatively large dataset would benefit from more transparent
reporting of effect sizes and corrections for multiple comparisons. Finally, Cole et al. [63]
demonstrated methodological rigor through the integration of EEG and TMS, offering
multimodal evidence for intact MNS activity in ASD. Nevertheless, the small sample
sizes and the complexity of dual-modality analyses introduce further potential noise and
interpretation challenges.

With respect to the studies that have investigated the MNS in schizophrenia, Horan
et al. [72] applied a well-established mu rhythm suppression paradigm, and included a
healthy control group enhancing interpretability. Crucially, their moderate sample size
and lack of detailed artifact rejection procedures may limit replicability. Mitra et al. [73]
contributed valuable cross-cultural data using EEG to examine mu rhythm suppression
activity in schizophrenia, but their relatively small and clinically heterogeneous sample,
along with limited statistical correction for multiple comparisons, weakens the robust-
ness of their findings. Minichino et al. [76] demonstrated methodological strength by
comparing both early psychosis (EP) and ASD participants, yet the EEG analysis focused
narrowly on sensor-level mu rhythm suppression without source localization, potentially
reducing neuroanatomical specificity. McCormick et al. [81] incorporated both fMRI and
EEG measures, offering a multimodal perspective on empathy and the MNS function in
schizophrenia; nevertheless, their modest sample and the limited temporal resolution of
fMRI reduced the study’s capacity to link neural activity directly to mirroring processes.
Finally, Wynn et al. [82] employed a pharmacological intervention design using oxytocin,
and incorporated neurophysiological measures to examine social processing, showcasing
innovative methodology. Nonetheless, EEG outcomes were secondary to the pharmacologi-
cal aims, and the study lacked mu rhythm-specific analyses, making their study less directly
informative about the MNS function. Collectively, while these studies provide valuable
insights into mu rhythm suppression activity and its link to socio-cognitive deficits in
ASD and schizophrenia, future work would benefit from larger cohorts, standardized EEG
processing pipelines, and robust statistical corrections to improve replicability and validity.
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4. Conclusions

Research in the field of MNs has advanced in the past years. However, the findings
with respect to ASD and schizophrenia do not reach a consensus with respect to the
functionality of this set of neurons and/or the validity of the theories around it. Mirror
neurons are a class of neurons that fire both during the performance of an action or action
observation, and have considerable impact on the individuals’ social cognition skills,
including imitation, empathy, intention, emotion recognition and Theory of Mind. In
both ASD and schizophrenia, research has shown that the MNS may be dysfunctional,
indicating abnormal activation and impaired perception of motion activity, which has in
turn detrimental effects on the social cognitive skills of the individuals. On the other hand,
the two disorders differ markedly in terms of the neural abnormalities they demonstrate,
despite the shared social cognitive deficits that are often linked to MN dysfunction. In
individuals with ASD, MN dysfunction is frequently associated with reduced mu rhythm
suppression during both action observation and execution tasks, suggesting impaired
resonance mechanisms that may hinder the development of imitation and Theory of
Mind [63]. By contrast, schizophrenia patients may exhibit more variable MN responses;
while some studies show preserved mu suppression, others report reduced MN activity
specifically in relation to negative symptoms and disrupted intention attribution [72,76].
This dissociation may reflect differences in the timing and nature of the neurodevelopmental
disruptions that occur in the two conditions: in ASD, MNS anomalies often emerge early
and are relatively stable, whereas in schizophrenia, they may develop later and interact
with broader network dysfunctions, such as impaired salience attribution and executive
functioning. Moreover, compensatory mechanisms such as attentional engagement, may
differentially influence MN responses in each disorder [62].

The MN hypothesis, which posits that dysfunctions in the MNS underlie the social
and communicative deficits observed in ASD and schizophrenia, has garnered significant
attention but remains highly controversial. Initial support for the hypothesis stemmed from
findings of reduced mu suppression in individuals with ASD, which was interpreted as a
manifestation of impaired MNS activity [77]. However, subsequent research has challenged
this interpretation, suggesting that such findings may be confounded by atypical attentional
engagement rather than specific MNS dysfunctions [84]. Moreover, alternative models
posit that deficits in ASD and schizophrenia may instead reflect broader disruptions in
large-scale neural networks, such as the default mode or salience networks, which are
crucial for social cognition [85,86]. In schizophrenia, for instance, impaired social cognition
has been linked to dysfunctional connectivity in frontotemporal and limbic circuits, rather
than isolated MN abnormalities [87]. Research also suggests that observed MNS abnormal-
ities may instead be secondary to deficits in visual attention. With respect to ASD, studies
have indicated that reduced mu suppression during biological motion perception correlates
with decreased visual attention, as measured by eye-tracking metrics. This suggests that
attentional factors, rather than intrinsic MNS dysfunction, may underlie observed neural
differences in ASD [62]. Similarly, in schizophrenia, impairments in social attention and
deficits in processing salient stimuli have been found to influence neural responses during
action observation tasks [88], raising questions about the specificity of the MNS dysfunc-
tion. This counter-evidence underscores the necessity of cautiously interpreting MNS
-related findings, and further advocates for a more integrative, network-based approach to
understanding social deficits in neurodevelopmental and psychiatric disorders.

Table 3 illustrates the supporting and opposing evidence of the “broken” MN hypoth-
esis as explored by the studies reviewed in this paper:
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The studies selected for this paper have investigated mu rhythm suppression in
schizophrenia and ASD as a proxy for discrepancies in the function and activation of
the MNS, implementing EEG paradigms. In the case of ASD, numerous research studies
have presented evidence for reduced mu rhythm suppression during tasks that require
observation of biological actions. The theory of broken MNs has been approached through
a critical lens in this review, including studies that report no links between mu rhythm
suppression and task performance, whereas others present findings that support this
hypothesis and attribute the core deficits in social navigation and communication in ASD
to a dysfunctional MNS.

A thematic comparison of MNS abnormalities in ASD and schizophrenia on the basis
of the studies that have been reviewed, reveals both overlapping features and condition-
specific differences. In ASD, Oberman and Ramachandran [61] proposed widespread MNS
dysfunction as a core mechanism behind social and communicative impairments. However,
more recent investigations offer a more nuanced picture. Fan et al. [60] and Cole et al. [63]
found intact MNS activity under certain task conditions, suggesting that task effects, such
as task demands and cognitive engagement, may influence MNS responses. Furthermore,
Sotoodeh et al. [62] demonstrated that visual attention plays a key modulatory role in mu
rhythm suppression in autistic individuals, indicating that attentional deficits may underlie
MNS anomalies. Deschrijver et al. [59] and Cole et al. [63] also emphasized that while
automatic motor resonance may be atypical in ASD, higher-order inferential processes
remain relatively preserved.

In schizophrenia, the picture is similarly complex. Horan et al. [72] observed pre-
served mu suppression in individuals with schizophrenia, challenging the assumption of
a pervasive MNS dysfunction. Yet, Mitra et al. [73] and McCormick et al. [81] reported
deficits in mu rhythm modulation and empathy-related activation, suggesting that MNS
anomalies may emerge more prominently in relation to negative symptoms or reduced so-
cial functioning in schizophrenia. Minichino et al. [76] further demonstrated that biological
motion-induced mu rhythm suppression was diminished in early psychosis patients with
concurrent ASD traits, thus highlighting potential transdiagnostic features of MNS dysfunc-
tion. Wynn et al. [82], while not directly measuring mu rhythm suppression, contributed to
the debate by showing that oxytocin modulates social brain activity, which may interact
with MNS-related pathways. Overall, both disorders show altered MNS-related activity,
but ASD appears to be more influenced by attentional and contextual modulation, while
MNS changes seem to be more variable in schizophrenia and may depend on symptom
profile and disease phase. The overall findings support a model in which MNS abnormal-
ities in ASD and schizophrenia are neither uniform nor wholly distinct, but shaped by
broader cognitive and neurophysiological contexts.

The controversies evident in the literature might stem from a variety of factors, such
as the marked heterogeneity in terms of symptomatology and traits in ASD, as well as the
small sample sizes and the different methodological designs across studies, or/and the
targeting of limited cerebral areas. Similarly, the studies that have examined mu suppression
in schizophrenia also present controversies in their outcomes. Reduced mu suppression
in schizophrenia has been linked to negative symptoms, severity of symptoms and also
thought disorder. In addition, divergent findings in the case of schizophrenia range from
outcomes that depict intact mu suppression and MN activation, to severe MNS dysfuntions.
Divergence in the results may be attributed to differences in study design, task selection,
and size and representability of the samples. In total, the present review has demonstrated
impairments in the MNS in both ASD and schizophrenia. Correlations between severity of
symptoms or frequency of traits and level of mu rhythm suppression have been detected.
In the case of schizophrenic patients, reduced levels of mu rhythm suppression were found
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to correlate with the severity of negative symptoms, whereas in ASD, reduced levels of mu
rhythm suppression correlated with intense deficits in social cognition.

Crucially, the overall findings of the selected studies demonstrate robust deficits in
socio-cognitive understanding and Theory of Mind, i.e., the ability to mentalise, infer and
understand emotions while observing actions in both clinical conditions. Further research
in the field is of essential importance in order to reach consensus for the neural operations
that determine the function of the MNS in both schizophrenia and ASD.

Future Research Implications and Clinical Applications

This line of research is fruitful for the development of specific biomarkers in both
clinical conditions that can assist diagnostic processes as well as provide information about
the overlapping neurodevelopmental origins of those conditions. Further research on mu
rhythm suppression on schizophrenia and ASD will offer a more wholesome understanding
of the factors that shape the aetiology of the disorders and will aid in the development and
design of appropriate interventions. Priority should be given on disentangling core deficits
from secondary effects related to attention, motivation, and symptom heterogeneity. Ad-
vances in neuroimaging and electrophysiological techniques, particularly when combined
with eye-tracking and individualized symptom profiling, may help clarify whether the
MNS anomalies reflect a distinct neurobiological marker or are contingent upon broader
cognitive disruptions. Longitudinal and transdiagnostic studies are also essential to de-
termine the developmental trajectories and shared versus divergent MNS mechanisms
across the two conditions. Clinically, improved understanding of the MNS function may
inform targeted interventions aimed at enhancing social cognition, such as neurofeedback
protocols based on mu rhythm modulation or/and adjunctive treatments using neuro-
modulators, like oxytocin. However, translating these findings into practice will require
rigorously controlled trials with standardised methodologies to ensure replicability and
therapeutic efficacy across diverse clinical populations.

Mirror neurons and mu rhythm suppression contribute to our understanding of the
neural basis of communication and language, stipulating valuable insights for natural
language processing. It is crucial to find the link and bridge the gap between artificial intel-
ligence (AI) systems and neuroscientific evidence, in order to develop high-order models
that mimic human communication, language and interaction in neurotypical and neurodi-
vergent populations, such as ASD and schizophrenia. A deep understanding of the brain
functions that define complex cognitive systems in individuals with neurodegenerative
and neuropsychiatric disorders will enhance the advancement of innovative technological
applications of AI systems on language impairments, and also improve language and
communicational interventions and treatments [89,90].
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Abstract

Background/Objectives: Decision-making under socially evaluative stress engages a dy-
namic interplay between cognitive control, emotional appraisal, and motivational sys-
tems. Contemporary models of multi-level co-regulation posit that these systems op-
erate in reciprocal modulation, redistributing processing resources to prioritise either
rapid socio-emotional alignment or deliberate evaluation depending on situational de-
mands. Methods: Adopting a neurofunctional approach, a novel dual-task protocol com-
bining the MetaCognition–Stress Convergence Paradigm (MSCP) and the Social Stress Test
Neuro-Evaluation (SST-NeuroEval), a simulated social–evaluative speech task calibrated
across progressive emotional intensities, was implemented. Twenty professionals from
an HR consultancy firm participated in the study, with concurrent recording of frontal-
temporoparietal electroencephalography (EEG) and bespoke psychometric indices: the
MetaStress-Insight Index and the TimeSense Scale. Results: Findings revealed that de-
cision contexts with higher socio-emotional salience elicited faster, emotionally guided
choices (mean RT difference emotional vs. cognitive: −220 ms, p = 0.026), accompanied
by oscillatory signatures (frontal delta: F(1,19) = 13.30, p = 0.002; gamma: F(3,57) = 14.93,
p ≤ 0.001) consistent with intensified socio-emotional integration and contextual recon-
struction. Under evaluative stress, oscillatory activity shifted across phases, reflecting
the transition from anticipatory regulation to reactive engagement, in line with models of
phase-dependent stress adaptation. Across paradigms, convergences emerged between
decision orientation, subjective stress, and oscillatory patterns, supporting the view that
cognitive–emotional regulation operates as a coordinated, multi-level system. Conclu-
sions: These results underscore the importance of integrating behavioural, experiential,
and neural indices to characterise how individuals adaptively regulate decision-making
under socially evaluative stress and highlight the potential of dual-paradigm designs for
advancing theory and application in cognitive–affective neuroscience.

Keywords: decision-making; metacognition; social–evaluative stress; cognitive–emotional
integration; EEG oscillations; frontal–temporo-parietal networks; stress regulation

1. Introduction

Decision-making in contexts of heightened socio-emotional salience constitutes a
multi-layered process in which cognitive evaluation and affective appraisal are continu-

Appl. Sci. 2025, 15, 10678 https://doi.org/10.3390/app151910678
48



Appl. Sci. 2025, 15, 10678

ously interwoven. Classical models have conceptualised this interplay within the frame-
work of dual-process theories, distinguishing between an intuitive, heuristic-based system
(System 1) operating rapidly and automatically, and a deliberative, rule-based system
(System 2) characterised by slower, more effortful reasoning [1,2]. While influential, this
dichotomy has increasingly been viewed as overly static and reductive. Contemporary
perspectives argue that decision-making is better understood as an emergent property of dy-
namic, context-dependent interactions between multiple neurocognitive subsystems [3–5].
Within this revised view, affective and cognitive contributions are not simply competitive
but are mutually modulatory. Emotional signals can bias attentional allocation, evidence
accumulation, and threshold setting in decision formation, while cognitive control pro-
cesses can recalibrate or suppress affective influences when such modulation supports
goal attainment. Crucially, this interplay unfolds on a continuum shaped by the temporal
structure, social meaning, and motivational relevance of the decision context [3,6–8].

Socially evaluative stress represents a paradigmatic condition in which this dynamic
coupling is tested to its limits. Evaluation by others—explicitly communicated or implicitly
inferred—constitutes a high-relevance socio-emotional cue that can potentiate limbic–
prefrontal reactivity and reorganise decision priorities [9,10].

Under such conditions, empirical evidence suggests a bias towards emotionally reso-
nant, high-salience options, potentially reflecting an adaptive mechanism for maintaining
social attunement or mitigating perceived interpersonal threat. This shift may occur at the
expense of extended deliberation, as the cost–benefit calculus is recalibrated in favour of
immediacy and affective congruence [11].

Recent integrative models conceptualise this phenomenon within the framework of
multi-level co-regulation, wherein cognitive control, emotional appraisal, and motivational
systems jointly contribute to adaptive functioning under pressure. Rather than operating in
isolation, these systems dynamically redistribute processing resources in real time, priori-
tising either rapid socio-emotional alignment or more deliberate evaluation depending on
the contextual affordances and the individual’s regulatory profile. Neurocognitively, this
involves flexible coordination across prefrontal executive regions, anterior cingulate cortex,
limbic structures (including amygdala and ventral striatum), and posterior association
cortices implicated in social cognition and contextual integration [11–14].

From this perspective, investigating decision-making under socio-emotional and eval-
uative stress requires not only behavioural measurement but also precise mapping of the
underlying neural dynamics. Oscillatory brain activity offers a particularly sensitive index
of these processes, capable of capturing the temporal interplay between rapid affective
appraisals and controlled cognitive elaboration as they unfold within the decision window.

Delta (1–4 Hz) oscillations have been associated with large-scale integrative pro-
cesses, motivated attention, and the mobilisation of neural resources in contexts of height-
ened motivational or affective relevance. In socially or emotionally charged decision
contexts, frontal delta is often implicated in the rapid integration of affectively salient
cues into ongoing cognitive evaluations, while temporo-parietal delta has been linked to
contextual reconstruction and the binding of complex situational features into coherent
mental representations [15–18].

Theta (4–8 Hz) activity, particularly in the midline frontal regions, has been linked
to conflict monitoring, working memory maintenance, and the allocation of cognitive
control [19–21]. Frontal Theta supports the detection of discrepancies between compet-
ing response tendencies and the upregulation of control mechanisms to resolve them.
Posterior and temporo-parietal Theta, in contrast, is associated with episodic retrieval,
semantic integration, and the assimilation of contextual information into decision-making
processes [15,19,22]. In dynamic decision contexts, the interplay between frontal control-
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related Theta and posterior context-related Theta is considered a hallmark of adaptive
regulatory functioning [17].

Alpha (8–12 Hz) oscillations, traditionally interpreted as an index of cortical
inhibition [23–25], have more recently been reconceptualised as markers of functional
gating in both sensory and higher-order cortical systems [26–28]. Alpha desynchronisation
in task-relevant regions reflects the release of inhibition and the facilitation of information
processing, whereas synchronisation in task-irrelevant areas may support the suppression
of distracting inputs. In the context of decision-making under socio-emotional load, alpha
modulations are often observed as a reflection of attentional focusing and the selective
gating of affectively or contextually salient information [29,30].

Beta (13–30 Hz) oscillations have been linked to top-down maintenance of cognitive
sets, sensorimotor integration, and the stabilisation of current task-relevant representa-
tions [31–33]. In decision-making paradigms, beta activity may index the maintenance of
a chosen response framework and the suppression of alternative action plans. In socio-
emotional contexts, beta modulations can also be associated with the suppression or
reinforcement of affectively driven response tendencies, reflecting the balance between
motor preparation and regulatory control [29].

Gamma (30–100 Hz) oscillations are widely recognised as markers of feature binding
and rapid integrative processing across distributed cortical sites [31,34,35]. In decision-
making contexts, gamma activity supports the synthesis of perceptual, mnemonic, and
affective components into a unified decisional construct. Frontal gamma has been asso-
ciated with the binding of abstract rules and social–emotional contingencies, whereas
temporo-parietal gamma is implicated in perspective-taking, social simulation, and the
projection of decision consequences.

To sum up, oscillatory brain activity plays a central role in coordinating and integrating
information across distributed neural systems. Neurophysiological measures—particularly
EEG—offer a direct, temporally precise window into the neural mechanisms under-
pinning decision-making and stress regulation. Region-specific modulations (e.g.,
frontal vs. temporo-parietal) and frequency-specific signatures (e.g., delta for motivated
attention, theta for control allocation, gamma for integrative binding) map the allocation of
processing resources in ways not accessible through behavioural or self-report data alone.

By providing a temporal framework for neural communication, oscillations enable the
flexible alignment of cognitive and emotional processes with moment-to-moment demands.
In the context of socio-emotional and evaluative challenges, they offer a sensitive index
of how processing resources are dynamically redistributed across functional networks.
Different frequency bands are associated with distinct, yet interacting, operations, and
their spatial modulation reflects the neural strategies engaged to balance rapid affective
appraisal with more deliberate cognitive evaluation.

Understanding these oscillatory signatures is therefore essential for a comprehensive
account of how decision-making unfolds under socio-emotional and evaluative stress.
However, despite their potential to bridge multiple levels of analysis, investigations in
this field have often been constrained by methodological compartmentalization. Research
streams have tended to focus either on behavioural performance (e.g., choice frequencies,
reaction times—RTs), electrophysiological activity (EEG), or subjective experience (e.g.,
perceived stress, emotional valence) with limited attempts to integrate these layers into a
coherent explanatory framework. While each approach has yielded valuable insights, their
isolated application risks underestimating the inherently multi-layered nature of adaptive
regulation in complex social–emotional contexts. Behavioural indices capture the overt
expression of decision-making tendencies—such as the propensity towards emotionally
driven versus cognitively analytical choices—and their modulation under varying affective
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loads. Yet behavioural data alone cannot fully illuminate the regulatory mechanisms that
guide these tendencies, particularly when decisions unfold in the presence of social evalua-
tion, a condition known to amplify affective weighting and alter decisional thresholds.

Subjective self-report measures complement behavioural indices by providing access
to internal experiential states, including perceived stress intensity, metacognitive awareness
of stress, and affective stability. However, these measures are inherently retrospective and
self-referential, subject to biases in introspection and reporting, and may lag behind the
rapid, dynamic changes that occur during real-time decision-making under pressure.

Crucially, these three domains—behavioural, neurophysiological and subjective—are
not parallel but isolated streams; rather, they form a mutually constraining system in
which each level influences, and is influenced by, the others. Integrating these perspec-
tives aligns with multi-level co-regulation frameworks [18,36,37], which conceptualise
cognitive–emotional functioning as the product of coordinated adjustments across multiple
representational and control systems.

The challenge, therefore, is methodological: to design paradigms that elicit meaningful
variability across all three levels, enabling their convergence to be observed and quantified.
The present study addresses this challenge through the conceptual coupling of two com-
plementary paradigms—the MetaCognition–Stress Convergence Paradigm (MSCP) and
the Social Stress Test—NeuroEval (SST-NeuroEval)—each of which captures different but
interconnected facets of decision–stress interaction.

Conceptually, the two paradigms are mutually informative, in that each targets
the reciprocal coupling between socio-emotional appraisal and cognitive control pro-
cesses, but through orthogonal manipulations. The MSCP focuses on how varying de-
cisional demands shape stress-related cognitive–emotional dynamics, whereas the SST-
NeuroEval examines how escalating evaluative stress modulates regulatory engagement
and cognitive–emotional allocation over time. Their integration within a single experi-
mental framework allows for the joint exploration of content-related effects, such as those
determined by the socio-emotional load of decision scenarios, and temporal effects, as
revealed by the unfolding of evaluative stress from anticipation to direct exposure.

This dual-paradigm design advances existing approaches by simultaneously manipu-
lating decisional content and evaluative stress trajectories, enabling convergence across
behavioural, subjective, and oscillatory indices that isolated paradigms cannot capture.

From a theoretical perspective, we hypothesise that decision scenarios characterised
by higher socio-emotional salience will favour rapid, emotionally guided choices over
more deliberate cognitive–analytical strategies. Likewise, the transition from anticipatory
to reactive phases of evaluative stress is expected to amplify subjective stress and increase
reliance on emotional over controlled responses. When the two paradigms are considered
jointly, these tendencies are predicted to manifest as stable cognitive–emotional regulatory
profiles, whereby individuals with a predisposition toward emotionally driven decisions
will exhibit reduced cognitive control and heightened socio-emotional engagement under
evaluative load.

Accordingly, the present study aims to systematically examine how decision-making
orientation interacts with socio—evaluative stress across behavioural, subjective, and
oscillatory indices, providing an integrated account of cognitive—emotional regulation
under conditions of ecological stress.

To test these predictions, we operationalized regulatory dynamics across multiple
levels. Behaviourally, we examined decision latencies as an index of cognitive versus emo-
tional decision strategies. Subjective stress was assessed through self-reported measures
capturing the perceived intensity of evaluative pressure. At the neurophysiological level,
oscillatory patterns were analysed as markers of cognitive–emotional integration: height-
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ened socio-emotional engagement was expected to be reflected by increased frontal delta
and gamma power and enhanced temporo-parietal theta activity, whereas the escalation of
evaluative stress was anticipated to evoke elevated frontal delta and theta activity during
early orienting and conflict-monitoring stages, accompanied by transient modulations in
gamma power at peaks of evaluative demand.

2. Materials and Methods

2.1. Sample

The experimental population consisted of twenty adult participants employed within
the same private organisation operating in the field of strategic consulting and organi-
sational development (north of Italy). Participants (balanced in gender) were recruited
through purposive internal sampling to ensure homogeneity of the professional context in
line with the aims of the study. The mean age was 31.3 years (SD = 9.10; range: 21–53 years),
and the average length of formal education was 17.5 years. All individuals reported being
in good general health and demonstrated intact sensory functions, as verified during a
preliminary anamnesis-based screening. Eligibility was restricted to full-time employees of
the organisation who were able to understand and comply with the experimental instruc-
tions and had no uncorrected sensory deficits. Exclusion criteria comprised documented
neurological or psychiatric disorders, use of psychotropic medication in the three months
preceding data collection, and clinical evidence of burnout or severe chronic stress.

All participants provided written informed consent without compensation. The study
was approved by the Ethics Committee of the Department of Psychology (approval code:
2021 PhDTD), Catholic University of The Sacred Heart, Milan, Italy, and was conducted in
adherence to the guidelines outlined in the Declaration of Helsinki (2013) and according to
the General Data Protection Regulation—Reg. UE 2016/679 and its ethical guidelines.

2.2. Experimental Procedure

The experimental protocol was conducted in a controlled environment, naturally
lit and free from distracting stimuli, within a dedicated room at the company premises.
Participants were welcomed individually and seated at a computer workstation positioned
approximately 70cm from the display, where the experimental tasks were presented. Fol-
lowing a brief introduction to the general aims and procedures, the neurophysiological
recording apparatus was applied.

Before the experimental phase commenced, a 120 s neurophysiological baseline was
recorded (60 s with eyes closed and 60 s with eyes open) to establish a stable reference free
from cognitive or emotional stimulation.

Prior to the commencement of the tasks, participants completed a battery of validated
psychometric instruments, including the Perceived Stress Scale (PSS-10), the Emotion
Regulation of Others and Self scale (EROS), the General Decision-Making Style inventory
(GDMS), and the Balanced Empathy Emotional Scale (BEES). These measures provided
individual profiles of emotion regulation, perceived stress, decision-making style, and
empathic balance.

The experimental phase consisted of two functionally integrated components.
The MSCP served as the profiling phase for decision-making tendencies and metacog-

nitive orientation [8]. Participants were presented with four realistic decision-making
scenarios—two set in an organisational context and two in an emergency medical
context—each requiring the selection between two alternatives, one predominantly
emotion-driven and the other analytical-rational. Each decision was followed by a se-
ries of five-point Likert-scale items probing the underlying motivations and the degree
of emotional and cognitive engagement. A maximum of twenty seconds was allowed
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for each decision to encourage spontaneous responding. The decision-making patterns
identified in the MSCP provided an individualised index of cognitive–emotional decision
style, which was subsequently used to interpret the neurophysiological and behavioural
responses recorded in the second task.

The SST-NeuroEval was an adaptation of the Trier Social Stress Test [38] designed to
elicit progressive evaluative pressure [18,34,37,39–41]. Participants completed five oral
trials of increasing difficulty, each preceded by a video sequence depicting a virtual eval-
uation panel whose facial expressions became progressively more negative and unsup-
portive. Participants were instructed to prepare and deliver a short speech relevant to
a given prompt, maintaining eye contact with the virtual panel for the full duration of
the trial and aiming to convince the panel of their suitability. The structure was cali-
brated to provoke moderate stress responses both during the preparation and delivery
phases. In this way, the individual differences observed in the MSCP were tested un-
der conditions of high social–evaluative stress, enabling analysis of the extent to which
decision-making style and metacognitive awareness modulated the observed physiological
and behavioural responses.

Upon completion of the SST-NeuroEval, a purpose-designed metacognitive and meta-
perceptual questionnaire (VAS-Prep and VAS-Esp) was administered to assess subjective
stress awareness, temporal perception, perceived emotional control, and the perceived
effectiveness of self-regulatory strategies during the preparation and performance phases
of the stress task.

The entire experimental session lasted approximately fifty minutes per participant,
including arrival, instrumentation, baseline acquisition, task performance, psychometric
assessment, and final debriefing.

2.3. Behavioural Data Acquisition and Processing

Behavioural data were digitally recorded throughout both experimental phase—the
MetaCognition–Stress Convergence Paradigm (MSCP) and the SST-NeuroEva—via au-
tomated logging by the task administration platform. In the MSCP, each response was
pre-classified as “emotional” or “cognitive” according to predefined coding criteria. For
each participant, and within each decision-making domain (organisational and medical
emergency), the arithmetic means of the scores assigned to emotional responses and, sepa-
rately, to cognitive responses was calculated. These values constituted the EmoScore_Org
and EmoScore_Med indices for the emotional component, and the CogScore_Org and
CogScore_Med indices for the cognitive component. In parallel, mean RTs for each response
type and domain—RT_Emo_Org, RT_Cog_Org, RT_Emo_Med, RT_Cog_Med—were com-
puted as the arithmetic mean of the completion times (i.e., RTs) for all scenarios within the
same category.

In the SST-NeuroEval, performance evaluation integrated quantitative and qualitative
indices. Stress Regulation (StressReg) was estimated based on the promptness of speech
initiation: for each oral trial, the latency between the beginning of the exposure phase and
the actual start of performance was converted into a score on a five-point scale, with higher
values indicating greater promptness. The final StressReg score was computed as the mean
of the values obtained across the five trials. Stress Tolerance (StressTol) was calculated by
relating the overall mean preparation time to the preparation times for the final two trials,
and then averaging the two resulting ratios to obtain a single composite index.

Conceptually, the two indices capture complementary facets of adaptive functioning
under evaluative stress. StressReg primarily reflects an individual’s ability to promptly
engage with performance demands, indexing regulatory efficiency and readiness to act
under social pressure. In contrast, StressTol provides a measure of persistence and sta-
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bility across repeated exposure to evaluative stress, capturing how individuals sustain
cognitive and emotional resources when facing cumulative demands. Empirical findings
from related paradigms [18,34,37,39–41] suggest that higher StressReg scores are typically
associated with more effective top-down control and faster mobilisation of attentional
and motivational resources, while higher StressTol scores indicate resilience mechanisms
supporting consistent performance despite escalating social–evaluative challenges.

Subjective measures, collected via visual analogue scales (0–100), were obtained
separately for the preparation phase (VAS-Prep) and the exposure phase (VAS-Exp). In
addition, two indices were derived from the metacognitive–metaperceptual questionnaire:
Stress Metacognition (MetaStress), calculated as the mean of responses to items concerning
perceived ability to identify and manage external, cognitive, and physiological sources of
stress; and Temporal Awareness (MetaTime), obtained as the mean of responses to items
assessing perception and management of time across the two phases of the task.

2.4. Electrophysiological Data Acquisition and Processing

EEG activity was recorded using an integrated, non-invasive wearable system. Record-
ings spanned the entire experimental session (baseline, MSCP, SST-NeuroEval), amount-
ing to approximately 35 min of continuous acquisition per participant. Cortical activity
was acquired through the Muse™ Headband (version 2; InteraXon Inc., Toronto, QC,
Canada), a four-channel dry-electrode EEG device positioned according to the international
10–20 system, with active electrodes located over frontal (AF7, AF8) and temporo-parietal
(TP9, TP10) regions, and reference electrodes placed at Fpz. Signals were sampled at 256 Hz,
with a 50 Hz notch filter applied to reduce mains interference. Data were transmitted in
real time via Bluetooth to a mobile device running the Mind Monitor application, which
performed a fast Fourier transform (Hamming window, 10% length, 0.5 Hz resolution) to
extract the spectral power density for the canonical EEG frequency bands: delta (1–4 Hz),
theta (4–8 Hz), alpha (7.5–13 Hz), beta (13–30 Hz), and gamma (30–44 Hz). Power spectral
density values were expressed as the logarithm of the absolute spectral power, typically
ranging from −1 to +1.

Spectral power was selected as the primary feature due to its validated sensitivity to
stress-related modulation and compatibility with the device’s resolution, while acknowl-
edging that future analyses may integrate additional indices (e.g., instantaneous frequency,
connectivity metrics) to enhance granularity.

To control for interindividual variability, resting baseline was used to normalise task-
related data. Movement-related artefacts were monitored using the integrated accelerome-
ter and, when detected, affected segments were excluded from the analysis. Additional
visual inspection ensured removal of segments with eye blinks or muscular artefacts. The
use of the Muse device facilitated ecological data collection but its limited spatial resolution
constitutes a methodological constraint, preventing advanced source localization. EEG
processing considered regional averages for the frontal and temporo-parietal sites, allowing
for the evaluation of region-specific modulations in spectral power across task conditions.

For subsequent analyses, EEG spectral power values were averaged within each
experimental phase and condition. This allowed the derivation of condition-specific neuro-
physiological profiles for each participant, which were then correlated with behavioural
and psychometric measures.

2.5. Data Analyses

Statistical analyses were performed using Jamovi software (version 2.6.26). For
EEG data, repeated-measures analyses of variance (ANOVAs) were conducted separately
for each of the five canonical frequency bands—delta (1–4 Hz), theta (4–8 Hz), alpha
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(8–13 Hz), beta (13–30 Hz), and gamma (30–44 Hz). In the MSCP, the within-subject fac-
tors included Region of Interest (ROI: frontal vs. temporo-parietal) and scenario type
(4 decision-making scenarios: 2 organisational—S1, S2—2 medical emergency—S3, S4). In
the SST-NeuroEval, separate repeated-measures ANOVAs were run for the preparation
and exposure phases, each including ROI (frontal vs. temporo-parietal) and trial number
(5 preparation—Prep1–5—or 5 exposure trials—Exp1–5) as within-subject factors.

When Mauchly’s test indicated a violation of sphericity, degrees of freedom were
adjusted using the Greenhouse-Geisser epsilon. In cases of statistically significant main
effects or interactions, simple effects were explored using Bonferroni-corrected pairwise
comparisons. Effect sizes were reported as partial eta squared (η2), with the significance
threshold set at α = 0.05.

Behavioural indices derived from both the MSCP (EmoScore_Org, EmoScore_Med,
CogScore_Org, CogScore_Med, RT_Emo_Org, RT_Cog_Org, RT_Emo_Med, RT_Cog_Med)
and SST-NeuroEval (StressReg, StressTol, VAS-Prep, VAS-Exp, MetaStress, MetaTime) were
analysed in parallel using repeated-measures ANOVAs where applicable.

Additionally, exploratory Pearson’s correlation analyses were performed to examine
associations between behavioural outcomes, psychometric profiles, and EEG measures.
Correlation models included the subscales and total scores of the administered self-report
instruments (PSS-10, EROS, GDMS, BEES) alongside the behavioural indices from both
experimental tasks. All significance values are reported as two-tailed, with p-values below
0.05 considered statistically. Bonferroni corrections were systematically applied to all
pairwise comparisons and correlation analyses to control for multiple testing.

3. Results

3.1. Behavioural Results
3.1.1. MSCP Behavioural Results

In the MSCP, a main effect was found for decision type (F(1,19) = 9.72, p = 0.006,
η2 = 0.338), with a higher emotional than cognitive choices across domains. RTs showed
a main effect of decision type (F(1,19) = 5.84, p = 0.026, η2 = 0.235), with faster RTs for
emotional than cognitive choices. The decision type × domain interaction was signifi-
cant (F(1,19) = 6.21, p = 0.022, η2 = 0.246). Post hoc Bonferroni-corrected comparisons
indicated that, in both the organisational domain (p = 0.012) and the medical domain
(p = 0.038), mean RTs for emotional decisions were significantly shorter than those for
cognitive decisions (Figure 1a).

Figure 1. (a) Distribution of mean reaction times (RTs) in the MetaCognition–Stress Convergence
Paradigm (MSCP) across decision type (cognitive vs. emotional) and domain (organisational vs.
medical). (b) Distribution of Visual Analogue Scale (VAS) scores assessing perceived stress levels,
plotted separately for the two compared conditions. Bars represent ±1 standard error and stars
(*) mark statistically significant effects.
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3.1.2. SST-NeuroEval Behavioural Results

In the SST-NeuroEval, subjective stress ratings (VAS-Prep vs. VAS-Exp) showed a
main effect of phase (F(1,19) = 11.38, p = 0.003, η2 = 0.375), with Bonferroni-corrected
comparisons indicating higher VAS-Exp than VAS-Prep scores (p = 0.003) (Figure 1b).

3.2. EEG Results
3.2.1. MSCP EEG Results

Delta band. A main effect of ROI was observed (F(1,19) = 13.30, p = 0.002, η2 = 0.042),
with higher temporo-parietal than frontal delta power. A main effect of scenario was
also found (F(2.14,40.68) = 23.20, p ≤ 0.001, η2 = 0.194). Post hoc Bonferroni-corrected
comparisons indicated higher values in S1 than in S2 (p ≤ 0.001) and S3 (p ≤ 0.001), and in
S4 than in S2 (p ≤ 0.001). The ROI × scenario interaction was significant (F(3,57) = 21.40,
p ≤ 0.001, η2 = 0.245). In the frontal ROI, S1 was higher than S2 (p ≤ 0.001); S3 (p ≤ 0.001)
and S4 were higher than S2 (p ≤ 0.001). In the temporo-parietal ROI, S1 was higher than S2
(p = 0.004) and S3 (p ≤ 0.001); S3 and S4 was higher than S2 (p = 0.003; p ≤ 0.001) (Figure 2).

Figure 2. Top: Interaction between region of interest (ROI; frontal, temporo-parietal) and scenario
(S1–S4) for delta band power (μV2) in the MetaCognition–Stress Convergence Paradigm (MSCP).
Data points represent mean values ± standard error, highlighting scenario-dependent modulations.
Bottom: Scalp topographies for the delta band derived from Muse EEG recordings. Power values
were computed using Welch’s method on artefact-cleaned data, averaged across trials and expressed
in μV2. Electrode positions (TP9, AF7, AF8, TP10) were projected to the standard 10–20 system and
visualised with mne.viz.plot_topomap (MNE-Python 3.12) using spherical spline interpolation to
create a continuous scalp representation for illustrative purposes. Bars represent ±1 standard error
and stars (*) mark statistically significant effects.

Theta band. A main effect of ROI was found (F(1,19) = 46.60, p ≤ 0.001, η2 = 0.041),
with higher temporo-parietal than frontal theta power. A main effect of scenario was also
observed (F(3,57) = 87.60, p ≤ 0.001, η2 = 0.519). Post hoc tests showed higher values in S1
than S3 (p ≤ 0.001) and S4 (p ≤ 0.001), in S2 than S3 (p ≤ 0.001) and S4 (p ≤ 0.001), and in
S3 than S4 (p ≤ 0.001).

The ROI × scenario interaction was significant (F(3,57) = 15.10, p ≤ 0.001, η2 = 0.118).
In the frontal ROI, theta power was higher in S1 than in S3 (p ≤ 0.001) and S4 (p ≤ 0.001),
and in S2 than in S3 (p ≤ 0.001) and S4 (p ≤ 0.001). In the temporo-parietal ROI, theta
power was higher in S3 than in S4 (p ≤ 0.001). Additionally, theta power was significantly
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lower in the temporo-parietal ROI than in the frontal ROI for S3 (p ≤ 0.001), and higher in
the temporo-parietal ROI than in the frontal ROI for S4 (p ≤ 0.001).

Gamma band. A main effect of scenario was detected (F(3,57) = 14.93, p ≤ 0.001,
η2 = 0.163), with post hoc comparisons showing higher values in S1 than in S2 (p ≤ 0.001)
and S3 (p ≤ 0.001), and in S4 than in S2 (p ≤ 0.001).

The ROI × scenario interaction was significant (F(2.12,40.37) = 13.70, p ≤ 0.001,
η2 = 0.194). In the frontal ROI, gamma power was higher in S4 than in S2 (p ≤ 0.001)
and in S1 than in S3 (p ≤ 0.001). In the temporo-parietal ROI, gamma power was higher
in S1 than in S2 (p ≤ 0.001), in S3 (p ≤ 0.001), and in S4 (p = 0.022). Additionally, gamma
power was significantly higher in the temporo-parietal ROI than in the frontal ROI for
S4 (p = 0.001) and significantly higher in the frontal ROI than in the temporo-parietal ROI
for S1 (p ≤ 0.001).

No other significant results were found (all p < 0.05).

3.2.2. SST-NeuroEval EEG Results

Delta band. A main effect of preparation was observed (F(4,76) = 68.23, p ≤ 0.001,
η2 = 0.597). Post hoc Bonferroni-corrected comparisons indicated higher values in Prep2
than in Prep1 (p ≤ 0.001), Prep3 (p ≤ 0.001), and Prep5 (p ≤ 0.001); Prep3 than Prep1
(p ≤ 0.001); Prep4 than Prep1 (p ≤ 0.001), Prep3 (p ≤ 0.001), and Prep5 (p ≤ 0.001).

A main effect of exposure was also found (F(4,76) = 113.77, p ≤ 0.001, η2 = 0.624). Post
hoc comparisons showed higher values in Esp1 than in Esp3 (p ≤ 0.001), Esp4 (p ≤ 0.001),
and Esp5 (p ≤ 0.001); Esp2 than Esp1 (p ≤ 0.001), Esp3 (p ≤ 0.001), Esp4 (p ≤ 0.001), and
Esp5 (p ≤ 0.001); Esp3 than Esp5 (p ≤ 0.001); and Esp4 than Esp5 (p ≤ 0.001).

Theta band. A main effect of exposure was found (F(2.42,45.99) = 44.31, p ≤ 0.001,
η2 = 0.459). Post hoc comparisons indicated higher values in Esp2 than in Esp1 (p ≤ 0.001)
and Esp4 (p ≤ 0.001); Esp3 than Esp1 (p ≤ 0.001) and Esp4 (p ≤ 0.001); and Esp5 than Esp1
(p ≤ 0.001), Esp2 (p ≤ 0.001), and Esp4 (p ≤ 0.001).

Gamma band. A main effect of preparation was detected (F(2.60,49.41) = 23.54, p ≤ 0.001,
η2 = 0.347). Post hoc comparisons revealed higher values in Prep1 than in Prep4 (p ≤ 0.001),
Prep2 than in Prep4 (p ≤ 0.001), Prep3 than in Prep4 (p ≤ 0.001), and Prep5 than in Prep4
(p ≤ 0.001). A main effect of exposure was also observed (F(2.81,53.38) = 46.60, p ≤ 0.001,
η2 = 0.507). Post hoc comparisons showed higher values in Esp4 than in Esp1 (p ≤ 0.001),
Esp2 (p ≤ 0.001), Esp3 (p ≤ 0.001), and Esp5 (p ≤ 0.001); and in Esp5 than in Esp1 (p = 0.003)
and Esp2 (p = 0.016) (Figure 3).

 

Figure 3. Gamma band power (μV2) across exposure phases (Exp1–Exp5) in the Social Stress
Test—NeuroEval (SST-NeuroEval). Each point represents an individual participant; black circles in-
dicate group means ± standard error. Bars represent ±1 standard error and stars (*) mark statistically
significant effects.
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No other significant results were found (all p < 0.05).

3.3. Correlations Results

EmoScore_Org correlated positively with VAS-Exp (r = 0.448, p = 0.048). CogScore_Org
correlated positively with MetaTime (r = 0.463, p = 0.040). RTs for emotional responses in
the organisational domain correlated negatively with MetaStress (r = −0.518, p = 0.019).
RTs for emotional responses in the medical domain correlated negatively with VAS-Exp
(r = −0.462, p = 0.040).

PSS-10 scores correlated positively with VAS-Prep (r = 0.528, p = 0.017) and VAS-Exp
(r = 0.560, p = 0.010). StressReg correlated negatively with EROS-Intrinsic_Affect_Worsening
(r = −0.588, p = 0.006). StressTol correlated negatively with EROS-Intrinsic_Affect_Worsening
(r = −0.493, p = 0.027). GDMS rational style correlated positively with MetaStress (r = 0.585,
p = 0.007). GDMS dependent style correlated positively with VAS-Prep (r = 0.606, p = 0.005).
GDMS avoidant style correlated positively with VAS-Prep (r = 0.680, p < 0.001).

4. Discussion

The present findings provide converging evidence that individual differences in
decision-making orientation and stress regulation are systematically reflected across be-
havioural, subjective, and neurophysiological indices. By integrating a metacognitive
decision-making paradigm with a socially evaluative stress task, the study offers a mul-
tilevel perspective on how cognitive–emotional processes unfold under controlled yet
ecologically valid conditions. This discussion addresses the behavioural, EEG, and cor-
relational patterns observed, situating them within current theoretical frameworks and
identifying their potential implications for applied settings.

4.1. Behavioural Adaptation and Decision-Making Under Stress

Behavioural results from the MSCP indicated a clear predominance of emotional
over cognitive–analytical choices, accompanied by significantly shorter RTs for emotional
responses. This pattern suggests preferential activation of decision-making processes
grounded in the rapid retrieval of affectively salient representations, consistent with dual-
process models of decision-making [1,2]. Within such models, immediate access to socio-
emotional heuristics is supported by limbic–frontal networks, which can substantially
enhance response speed, even at the expense of extended analytical deliberation.

These observations align with recent literature emphasising that decision-making
under temporal pressure or social–evaluative stress emerges from a dynamic interplay
between bottom-up affective processes and top-down cognitive control mechanisms [3–5].
Under stress, neural pathways involved in the rapid appraisal of socially and biologically
salient cues—particularly those connecting the amygdala, orbitofrontal cortex, and anterior
cingulate cortex—may assume a predominant role, favouring decisions aimed at immediate
threat reduction or optimisation of emotional resonance with the social context [11,42–44].

In the SST-NeuroEval, the systematic increase in perceived stress from the preparation
to the exposure phase confirms the paradigm’s effectiveness in eliciting a socially evaluative
load with high ecological validity. This increase is consistent with contemporary models
of social–evaluative stress [11,34,45,46], which posit that confrontation with an evaluative
audience—whether real or virtual—triggers co-activation of limbic–hypothalamic and
fronto-parietal circuits, producing measurable effects on both physiological responses and
cognitive self-regulation processes.

Taken together, these behavioural findings support the view that evaluative pressure
and task demands can substantially influence the trajectory of cognitive and emotional strat-
egy selection. They align with integrative models conceptualising decision-making under
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stress as a multilevel co-regulation process between affective and cognitive systems, dynam-
ically modulating decision priorities and balancing accuracy–speed trade-offs [18,36,47].

Within this framework, the observed predominance of rapid emotional responses may
be interpreted not as a simple reduction in analytical capacity, but rather as an adaptive
strategy aimed at preserving behavioural responsiveness under conditions of social and
temporal pressure.

4.2. EEG Correlates of Cognitive–Emotional Processing in Decision-Making (MSCP)

The EEG analysis conducted within the MSCP revealed an oscillatory architecture
markedly modulated by the variables scenario and ROI, with distinct profiles in the Delta,
Theta, and Gamma frequency bands. The most relevant differences emerged between
scenarios with high socio-emotional salience (S1, S4), scenarios with neutral valence and
lower affective urgency (S3), and intermediate scenarios characterised by a combination of
pragmatic constraints and interpersonal relevance (S2).

Delta activity exhibited significant frontal increases in S1 and S4 compared to the
other conditions, with marked differences relative to S2 and S3. In S3, an inverse topo-
graphical pattern was observed, with predominance in temporo-parietal regions over
frontal regions, indicating a functional reconfiguration as a function of scenario character-
istics. In the temporo-parietal ROI, delta power was significantly elevated in S1, S4, and
S2 compared to S3.

This pattern is consistent with models linking frontal delta to motivated atten-
tion, selective orienting, and rapid decision synthesis in contexts of high affective
pressure [15–17,48], while temporo-parietal delta is associated with contextual encoding
and semantic–narrative reconstruction. The shift from frontal predominance (S1, S4) to
temporo-parietal predominance (S3) reflects a flexible resource allocation mechanism [41]
whereby oscillatory input is redistributed according to the interplay between affective
urgency and contextual complexity.

Frontal theta power was significantly higher in S1 and S2 than in S3 and S4, whereas
temporo-parietal Theta showed a marked increase in S3, exceeding that observed in S4 and,
in some comparisons, in S1 and S2.

Frontal theta has been consistently associated with conflict monitoring, executive control,
and the concurrent maintenance of multiple competing decision representations [21]—processes
that are central in scenarios with strong normative conflict (S1) and pragmatic–interpersonal
tension (S2). The temporo-parietal increase in S3 is consistent with the role of posterior Theta
in mnemonic retrieval, contextual encoding, and semantic integration [24,49]. The inversion
of ROI predominance between S3 and S4 illustrates a dynamic reorganisation of oscillatory
networks in response to decision pressure and the semantic nature of the scenario.

Frontal gamma was significantly increased in S1 and S4 compared to S2 and S3,
whereas temporo-parietal gamma showed higher values in S1, S4, and S2 relative to S3. The
ROI-specific contrast was particularly evident: frontal predominance occurred in conditions
with greater socio-emotional integrative demands, while temporo-parietal predominance
was more pronounced in scenarios requiring extended representational construction.

These findings are consistent with models assigning gamma a pivotal role in multi-
modal feature binding and high-frequency interregional synchronisation [31,50]. Frontal
Gamma enhancement in S1 and S4 indicates rapid integration of perceptual, moral, and
emotional inputs into a unified decision, whereas temporo-parietal Gamma enhance-
ment reflects engagement of mechanisms for interpersonal simulation and projection of
decision consequences.

To sum up, the ROI × scenario distribution in Delta, Theta, and Gamma demonstrates
that the MSCP does not elicit a uniform increase in oscillatory activity but rather a system of
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selective and topographically targeted modulations. These configurations align with multi-
level co-regulation models [41,51–53], whereby frontal cortical networks—responsible for
decision control and synthesis—and temporo-parietal networks—specialised in contextual
integration and semantic representation—operate within a dynamic resource reallocation
regime, adjusting in real time to the interplay between decision urgency, emotional salience,
and contextual complexity.

4.3. EEG Correlates of Stress Regulation (SST-NeuroEval)

The EEG analysis of the Social Stress Test—NeuroEval (SST-NeuroEval), similarly,
revealed marked modulations in delta, theta, and gamma frequency bands as a function
of the experimental phase (preparation vs. exposure) and trial progression. The observed
patterns delineate the transition from anticipatory cognitive–emotional regulation processes
to reactive behavioural engagement under evaluative stress.

Delta activity displayed a distinctive temporal profile across both preparation and
exposure phases. During preparation, power increased from Prep2 and was maintained at
Prep4, relative to the initial (Prep1) and terminal (Prep5) stages. This suggests that Delta
mobilisation is not immediate but emerges after an initial alignment of cognitive–emotional
resources to the impending evaluative situation, peaking at an intermediate stage before
declining as direct exposure approaches.

During exposure, Delta power was elevated in the first two trials (Esp1, Esp2)
and progressively decreased thereafter. This pattern indicates strong early engagement
of attentional orienting mechanisms and low-frequency processing systems that regis-
ter and appraise socially relevant cues at the moment of maximal evaluative impact.
The subsequent decrease may reflect habituation or partial reallocation of resources to-
wards higher-frequency bands, in response to reduced novelty or progressive adaptation
to social demands.

From a theoretical perspective, these findings align with models linking Delta to
motivated attention and to widespread cortical synchronisation under social stress condi-
tions [54,55]. In preparation, the intermediate delta increase may represent peak activation
of fronto-limbic and fronto-parietal circuits involved in performance readiness; in exposure,
the initial Delta peak likely reflects maximal alertness and environmental registration,
followed by oscillatory rebalancing as the situation becomes more familiar.

Theta showed significant increases in specific exposure trials (Esp2, Esp3, Esp5) com-
pared to phases of lower engagement. The temporal profile suggests oscillatory peaks
coinciding with moments of heightened demand for cognitive control and emotional regu-
lation. This modulation is consistent with the role of frontal theta in conflict monitoring
and management of cognitive–affective load [20,56], and may also reflect context updating
processes when the social stressor retains dynamic and unpredictable features [17,57,58].

Gamma activity exhibited a biphasic pattern. In preparation, power was reduced in
Prep4 relative to all other stages, suggesting a transient disengagement of integrative mech-
anisms immediately prior to direct exposure. During exposure, gamma power markedly
increased in Esp4, exceeding all other phases.

These findings accord with the established role of gamma in rapid multimodal inte-
gration and perceptual–decisional synthesis [35]. The pre-exposure reduction may index
a strategic suspension of integrative processing, followed by a potentiated reactivation
during peak evaluative engagement.

Overall, the SST-NeuroEval EEG data indicate that delta, theta, and gamma bands are
modulated in a phase-specific manner, delineating an oscillatory cycle that parallels the
shift from anticipatory regulation to reactive engagement under stress.
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4.4. Integrated Behavioural–Neurophysiological Relationships

The integration of behavioural, psychometric, and EEG results provides converging
evidence that individual differences in decision-making tendencies and stress regulation
capacities manifest coherently across multiple measurement levels. Correlational analy-
ses revealed systematic associations linking task-derived indices, self-reported measures,
and oscillatory activity patterns, highlighting the functional interplay between cognitive–
emotional style and stress responsivity.

From a behavioural perspective, a higher emotional decisions in organisational sce-
narios was associated with elevated subjective stress ratings during the exposure phase
of the SST-NeuroEval. This suggests that a preferential orientation towards affect-laden
decision strategies may amplify perceived stress when confronted with evaluative social
demands. Conversely, higher cognitive–analytical decision scores were related to greater
temporal awareness of stress, pointing to a more deliberate monitoring of stress dynamics
across task phases.

RTs further supported this relationship: faster latencies for emotional decisions were
negatively correlated with stress metacognition measures, indicating that rapid affective
responses may be accompanied by reduced explicit appraisal of stress states. These findings
align with dual-process models in which fast, heuristic-based decision-making relies less
on explicit metacognitive monitoring and more on prepotent emotional evaluations [11,59].

Self-report measures corroborated these patterns. Higher PSS-10 scores were consis-
tently associated with increased subjective stress ratings in both preparation and exposure
phases, reinforcing the ecological validity of the SST-NeuroEval as a stress-induction
paradigm. Stress regulation and tolerance indices were inversely related to self-reported
deterioration in intrinsic affect (EROS), in line with models linking effective emotion
regulation under stress to preserved affective stability [60].

Oscillatory activity patterns also converged with these behavioural and psychometric
profiles. Participants with higher rational decision-making tendencies (GDMS) displayed
stronger associations with stress metacognition scores, suggesting a shared reliance on
controlled, reflective processing. In contrast, higher dependent and avoidant decision
styles correlated with increased subjective stress in preparation, implying a heightened
anticipatory affective load.

Together, these multi-domain relationships underscore the value of integrating be-
havioural indices, subjective reports, and neurophysiological signatures to capture the
dynamic coupling between decision orientation and stress regulation. Such integration
not only enhances theoretical understanding of cognitive–emotional interaction under
evaluative pressure but also supports the development of personalised intervention models
that target both decision-making style and stress resilience.

5. Conclusions: Theoretical and Applied Implications, Limitations, and
Future Directions

In conclusion, from a theoretical perspective, these results refine current models of
decision-making under stress by demonstrating that the integration of task-specific de-
cision contexts and social–evaluative demands produces distinct oscillatory “signatures”
that can be reliably mapped onto decision orientation and stress responsivity. The ob-
served convergence across measurement levels underscores the necessity of approaching
cognitive–emotional regulation as a multi-domain construct that cannot be adequately
characterised by a single level of analysis.

Applied implications emerge for contexts where decision-making is embedded within
socially evaluative or high-stakes environments, such as organisational leadership, emer-
gency response, or clinical decision-making under time pressure. Beyond these, potential
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applications extend to educational and training settings, where stress regulation and de-
cision style profiling may inform targeted curricula and resilience-building programmes.
In organisational domains, these findings could inform resilience-oriented training for
leaders and teams exposed to evaluative pressure. In clinical practice, the integration of be-
havioural, subjective, and EEG indices may support diagnostic refinement in stress-related
disorders and guide personalised interventions targeting cognitive–emotional regulation.

Profiling individuals based on their decision orientation, stress metacognition, and os-
cillatory markers may inform personalised training protocols aimed at optimising decision
quality and resilience under stress.

However, certain limitations must be acknowledged. First, the study employed a rela-
tively small and homogeneous preliminary sample, which constrains the generalisability of
the findings and may have limited the detection of subtler interaction effects. Furthermore,
although the present study was not designed for systematic gender comparisons, future
larger-scale investigations may explore potential gender-related effects in stress responsiv-
ity and cognitive–emotional regulation. Furthermore, only spectral power was considered,
while other digital features could provide additional granularity in future studies.

Second, while the EEG Muse Headband allowed for ecologically flexible acquisition,
its reduced spatial resolution precludes fine-grained source localisation. Finally, the corre-
lational nature of the multi-domain analyses precludes strong causal inferences regarding
the directionality of the observed associations.

Future research should extend this work by employing larger and more diverse sam-
ples, integrating higher-density EEG or multimodal neuroimaging to refine spatial charac-
terisation of the observed oscillatory patterns, and adopting counterbalanced or adaptive
task sequencing to disentangle order-related effects. Longitudinal or intervention-based
designs could also determine whether targeted modulation of decision-making strategies
and stress regulation capacities produces measurable shifts in oscillatory dynamics and
behavioural outcomes.

In conclusion, the present study advances the understanding of cognitive–emotional
regulation under stress by demonstrating a consistent multi-level correspondence between
decision-making orientation, subjective stress appraisal, and oscillatory brain activity. This
integrated framework not only enriches theoretical models of decision-making under
evaluative pressure but also offers practical pathways for developing tailored strategies to
enhance resilience, adaptability, and performance in socially demanding contexts.
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Abstract: Background: This study investigates the electrophysiological (EEG) correlates
underlying negotiation dynamics in dyads engaged in a shared decision-making process.
Methods: Using EEG hyperscanning, we examined single-brain and inter-brain neural
activity in 26 participants (13 dyads) during a structured negotiation task. The participants,
selected for their group-oriented decision-making preference, discussed a realistic group
decisional scenario while their EEG activity was recorded. EEG frequency bands (delta,
theta, alpha, beta, and gamma) were analyzed and Euclidean Distances were computed for
measuring dissimilarity at the inter-brain neural level. Results: At the single-brain level,
the results show increased delta and theta power in frontal regions, reflecting emotional
engagement and goal-directed control, alongside heightened beta and gamma activity in
parieto-occipital areas, linked to cognitive integration and decision-monitoring during the
negotiation process. At the inter-brain neural level, we observed significant dissimilarity in
frontal delta activity compared to temporo-central and parieto-occipital one, suggesting
that negotiation involves independent cognitive regulation within the members of the
dyads rather than complete neural synchrony. Conclusions: These findings highlight the
dual role of negotiation as both a cooperative and cognitively demanding process, requiring
emotional alignment and strategic adaptation. This study advances our understanding
of the neurophysiological bases of negotiation and provides insights into how inter-brain
dynamics shape collaborative decision-making.

Keywords: decision-making; group orientation; EEG hyperscanning; single-brain; inter-
brain

1. Introduction

In real-world workgroups, decision-making conversations can either foster agreement
and group cohesion or deepen conflicts and amplify discord. A crucial determinant in
steering these conversations toward constructive outcomes is the promotion of negotiation
and compromise. Encouraging these strategies has been shown to enhance exploration and
the exchange of diverse perspectives, facilitating a more integrative and adaptive approach
to decision-making. Notably, dyads that adopt a compromise-oriented mindset tend to
achieve more harmonious and mutually satisfactory outcomes than those engaging in
competition [1].

Previous research on decision-making conversations highlights two primary factors
that shape their trajectory: intentions (as starting points) and communication strategies
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(which are adopted over the course of the conversation) [2,3]. First, the success of a decision-
making conversation often hinges on individuals’ underlying intentions—their opinions,
goals, and needs. These intentions, in turn, shape the communication strategies adopted
to bridge differences and reach agreements. Effective negotiation relies on strategies that
align thoughts and emotions, fostering shared understanding and consensus. The interplay
between intention and communication strategies ultimately determines the effectiveness of
the negotiation process and the quality of the final agreement.

A first key factor of conversational intentions is an individual’s decision-making ori-
entation, which can be individual- or group-focused. While individual-oriented people
may prioritize personal gains or fixed perspectives, group-oriented individuals are more
inclined to integrate multiple viewpoints, making them less susceptible to biases, overcon-
fidence, and cognitive errors [4]. This openness to diverse perspectives not only improves
decision accuracy but also fosters the creation of innovative, high-quality solutions [5,6].
In negotiation-driven conversations, group-oriented individuals tend to perceive the goal
of acting as a cohesive unit as both socially and personally meaningful, reinforcing their
commitment to cooperative dialogue.

The second key factor influencing decision-making conversations is the explicit goal
of the interaction, which can be competitive or cooperative. These goals significantly shape
the communication strategies employed. A cooperative mindset, strongly associated with
group orientation, is characterized by prosocial intentions that prioritize joint success rather
than individual gain. Dyads with cooperative goals actively engage with each other’s ideas,
fostering a dynamic exchange that enhances learning, adaptation, and innovation [7,8].
Research has consistently linked cooperation to greater creativity and cognitive flexibility,
which are essential for effective problem-solving and decision-making [9–13].

Critically, cooperation is deeply intertwined with negotiation behaviors [14,15]. Nego-
tiation involves the exchange of information about interests and perspectives, followed by
strategic trade-offs that maximize collective benefits [16]. Given its reliance on perspective-
taking and shared goal-setting, negotiation thrives in environments where group orienta-
tion is strong.

To the best of our knowledge, no previous study has investigated the neurophysi-
ological mechanisms underlying negotiation within group-oriented individuals during
real-time, naturalistic decision-making interactions.

In neuroscience, negotiation and cooperative behaviors have been investigated using
various tasks, including games, problem-solving activities, creativity exercises, mathemati-
cal challenges, and behavioral synchronization [17]. These studies have employed both
single-brain and brain-to-brain experimental paradigms, utilizing different neuroscientific
tools. While communication between participants is a key element in this research, no
study has specifically examined negotiation through a communicative ecologically valid
scenario that involves synchrony and turn-taking [18].

Although the importance of studying brain dynamics during real-time social interac-
tions is widely acknowledged, most research has measured the electrophysiological (EEG)
brain activity in single subjects rather than in interacting pairs or groups [19]. Regarding
the functional significance of EEG frequency bands, delta waves are thought to signal
novelty in emotional contexts, responding more to a stimulus’s attentional salience than its
emotional content [20]. Theta activity has been linked to motivation, emotional processing,
task relevance [20], and adaptive behavior in social negotiation [21]. Alpha and beta bands
indicate cognitive effort, attention, and engagement in decision-making processes [22], with
alpha suppression playing a key role in decision-making by reflecting cognitive resource
allocation [23]. Beta waves are associated with emotional significance, attentional control,
and cognitive regulation [24,25]. Gamma oscillations integrate sensory and emotional
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processing and are markers of top-down attention and conscious awareness [26,27]. Both
beta and gamma bands also play a role in memory and decision-making processes [28].

Also, the specific localization of EEG frequency bands correlate with different neu-
ral functions: frontal delta activity is linked to emotional and motivational process-
ing [20,29], while theta waves in frontal regions reflect attentional engagement and strategic
control [21,30]. Reduced parietal alpha activity is associated with enhanced cognitive per-
formance [30], and parietal–occipital beta waves indicate focused attention [31]. Moreover,
alpha and beta bands in parieto-occipital areas are associated with neural correlates of
sense of agency, defined as the subjective experience of initiating and controlling actions to
affect external events [32] as well as index of working-memory performance [33]. Gamma
modulations in parieto-occipital regions, instead, may be interpreted as top-down activa-
tion of mental representations and the maintenance of auditory and visual information in
working memory. This could reflect the increasing cognitive resources required for more
effective planning, as previously evidenced [34,35].

While single-brain approaches help localize neural activations related to social pro-
cesses, they fail to grasp the real-time brain-to-brain dynamics. In this field, the hyperscan-
ning paradigm, which enables the simultaneous recording of brain activity from multiple
individuals, may reveal functional connections and interbrain synchronization. This ap-
proach shifts the focus from isolated brain activity to dynamic interactions, where behaviors
and neural patterns continuously adapt to each other.

Hyperscanning research has demonstrated the critical role of interbrain synchrony
in joint attention, communication, coordination [36–38], cooperation [37], prosocial ex-
change [38] and decision-making tasks. In particular, hyperscanning studies have shown
that the dorsolateral prefrontal cortex, specifically in the left side, is a key area of coop-
eration processes [37] as well as the prefrontal cortex, which is implicated in joint action
performance [39]. Moreover, during joint actions in cooperative behavior, a higher synchro-
nization was reported in the delta and theta low frequency bands, as an index of social
competencies, empathy, and emotional engagement [39]. Additionally, the temporoparietal
junction (TPJ) is involved in social cognition, including perspective-taking, Theory of Mind,
and communication [40]. TPJ also plays a role in managing social dynamics, including
negotiation processes [41,42]. However, for a comprehensive understanding of cooperative
processes, it is essential to consider real, dynamic interactions where partners are actively
engaged, as social exchanges naturally occur in face-to-face settings [39].

Building on these premises, this study aims to: (i) examine the single-brain neural
correlates of group-oriented individuals during decision-making processes that explicitly
involve negotiation; (ii) investigate inter-brain neural synchronization within dyads work-
ing toward a shared decision. The participants, paired in dyads, discussed a hypothetical
situation where a workgroup member did not align with the team’s ideals. Before the
interaction, their group decision-making orientation was assessed using the Likert scale.
During the negotiation interaction, they were asked to negotiate on the best solution for the
hypothetical situation previously presented, while EEG data were continuously recorded
to analyze their neural activity.

Given the previous evidence, first at the single-brain level, we hypothesized that
group-oriented individuals (for which a group decision-making solution would be a rele-
vant option) will show a significantly increase in low-frequency bands (delta and theta)
connected to emotional processing in the frontal brain region compared to parieto-occipital
regions [20,29]. This is because frontal delta and theta activity has been associated with
emotional engagement, motivation, and goal-directed control, all crucial for effective
negotiation and group alignment, especially in group-oriented individuals.
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Secondly, a greater high frequency band power (beta and gamma bands [34,35]) is
expected in parieto-occipital regions, deputed to cognitive processing and awareness during
the negotiation process. Beta and gamma oscillations in these areas are linked to cognitive
control, memory, and decision-making, supporting the integration of different perspectives
and the monitoring of the negotiation process. These bands have been associated with a
greater ability to integrate multiple pieces of information, a key element for those who are
group-oriented.

Furthermore, since previous hyperscanning studies showed an increase in delta and
theta EEG coherence in the frontal area during cooperation and prosocial exchange [38], we
expect to observe a lower dissimilarity in the frontal area compared to other brain regions
in this sample of group-oriented dyads during the negotiation process. While frontal
low-frequency synchrony is typically observed in joint action and imitation paradigms,
cooperative negotiation may involve functionally divergent but complementary regulatory
processes, whereby each individual evaluates and modulates their own cognitive and
affective strategies in the pursuit of a shared decision [43,44]. Frontal EEG coherence has
been linked to interpersonal alignment, empathy, and joint decision-making, suggesting
that a greater synchronization in this region reflects a shared mental framework essential
for negotiation.

2. Materials and Methods

2.1. Sample

A total of 26 university students (6 males and 20 females; mean age = 25.4 years,
standard deviation ± 6.4 years) participated in the study. They were recruited through a
non-probabilistic convenience sampling method from [BLIND]. An a priori power analysis
was conducted using G*Power (version 3.1.9.7 [45]) to determine the required sample size
for the planned repeated-measures analysis of variance (ANOVA), which included three
Regions of Interest (ROIs), two groups, and two measurement points. Based on a medium
effect size (f = 0.40) derived from prior hyperscanning EEG studies reporting regional
differences in spectral activity during social interaction (e.g., [46]), the analysis indicated
that a minimum of 24 participants would be required to achieve a statistical power of 0.95
at an alpha level of 0.05. This supports the adequacy of the recruited sample for detecting
effects of interest in the present study. This analysis indicated that, for a medium effect size
(f = 0.40), an alpha level of 0.05, and a statistical power of 0.95, a minimum of 24 participants
was necessary to achieve reliable results across two groups and two measurement points,
confirming the sufficiency of the recruited sample.

The participants were randomly assigned to one of two experimental roles, labelled
Member 1 and Member 2. This attribution was conducted to form 13 dyads, with each
dyad comprising two individuals of the same gender. To control for potential biases
and confounding variables, participants were explicitly selected to ensure that no prior
familiarity or acquaintance existed between dyad members before the experimental session.

The participants were enrolled in the study on a voluntary basis, with no monetary
incentives or alternative compensation offered. Inclusion criteria were rigorously defined to
ensure homogeneity in relevant variables: all participants were required to be right-handed,
possess normal or corrected-to-normal visual acuity, and meet standardized thresholds
for general health and cognitive functioning. Exclusion criteria were systematically ap-
plied to eliminate potential confounding factors. These included a self-reported history of
psychiatric or neurological disorders, clinically significant depressive symptoms, dimin-
ished global cognitive functioning, and documented impairments in short- or long-term
memory. Additionally, individuals currently using psychoactive medications with the
potential to alter cognitive processes were excluded to maintain the integrity of the experi-
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mental outcomes. All participants signed a written informed consent before participating
in the study.

Ethical approval for the study was granted by [BLIND]. The study was carried out in
full accordance with the ethical standards delineated in the Declaration of Helsinki (2013).
Additionally, the study adhered to the General Data Protection Regulation (GDPR, EU Reg.
2016/679).

2.2. Experimental Procedure

The experiment was conducted in a quiet darkened room, where participants, after
providing informed consent forms, were seated comfortably next to one another to promote
direct interaction for all the duration of the experimental procedure, which took approxi-
mately 30 min. Before starting the negotiation task, an EEG eyes-open resting-state baseline
of 120 s was detected by the participants using the EEG hyperscanning paradigm. EEG
activity was also recorded simultaneously by the participants during the negotiation task,
which lasted approximately 3 min (Figure 1A). Specifically, the experimental procedure
followed three main steps: (i) the decision-making orientation assessment (step 1), (ii) the
negotiation task (step 2), and (iii) the perception of negotiation exchange (step 3).

Step 1: Decision-making orientation assessment.
To verify the decision-making orientation (individual versus group orientation), a

real-life decision-making script based on a common group problem was administered to
the members through the Qualtrics XM platform (Qualtrics LLC, Provo, UT, USA) before
the negotiation interaction. Specifically, this script was presented to take advantage of a
hypothetical scenario with high ecological validity. After instructing the participants to
identify with the situation that will be presented to them, the following realistic decision-
making scenario and instructions were shown to participants:

“A member of a workgroup does not appear to be in line with the ideals and style of the
group. What does the group do? Think about your real work group.

Now rate with a number from 1 to 5 (where 1 stands for “not at all” and 5 for “very
much”) how close the following decisions are to how your real group would behave.”

Subsequently, eight items about different ways in which the real group would face the
situation were presented. The eight items were presented in a random order, with four of
them representing a behavior characterized by an individual decision-making orientation
(1–4 item, e.g., “The decision follows the perspective of the most innovative member of the group”)
and the other four a group decision-making orientation (5–8 item, e.g., The group adopts the
decision endorsed by the majority).

The individual orientation score (Individualorientation) and the group orientation score
(Grouporientation) were calculated by averaging the four individual and four group orienta-
tion items.

Step 2: Negotiation task.
After the decision-making orientation assessment, the participants were introduced

to the negotiation task, in which they had to negotiate and decide together how to deal
with the realistic situation previously proposed in the first step. Specifically, the following
instructions were provided:

“This study aims to investigate how individuals negotiate their opinions. You will
therefore be asked to discuss the previously proposed topic and share your perspectives.
Specifically, as a first step, we ask you to individually choose from the previous sentences
the one that is closest to your decision and the way your real group would behave.”
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After receiving these instructions, the participants had the chance to read again
the eight previous statements, and the experimenter recorded each participant’s chosen
statement as Member 1’s initial choice and Member 2’s initial choice.

Following this decision, the two participants engaged in a three-minute timed nego-
tiation exchange, during which they were required to collaboratively decide on a single
statement that best reflected their shared perception of their real workgroup, following
this instruction:

“Now, reflecting on the same scenario you have just read, you must work together to
agree on a single statement that represents what your real group means to both of you.
Therefore, the statement must be mutually accepted and should best reflect how to act
within the group and for the group. You will have a maximum of 3 min to reach an
agreement.”

Finally, at the end of the negotiation exchange, the experimenter recorded the final
agreed-upon statement as the dyad’s final negotiated choice. All dyads involved in this study
ended the negotiation process within the given time by reaching a common agreement.

Step 3: Perception of the negotiation exchange: manipulation check.
At the end of the negotiation task, the perception of the negotiation exchange inside

each dyad was investigated by asking the members to fill in an item presented on a 5-point
Likert scale, where 1 stands for “completely in disagreement” and 5 for “completely in
agreement”.

Specifically, the following two items were created ad hoc to investigate how the
negotiation exchange influenced each member’s idea: “The other agent influenced my decision”
and “The real group idea I had before the discussion has changed”. Moreover, 10 items, which
were derived, translated, and modified from the validated Group Questionnaire [47], were
administrated to check the negotiation exchange in terms of cohesion, alliance, conflict,
climate, and empathic failure.

The behavioral data showed how participants reported that the other member of the
dyad influenced his/her decision (M = 3.23, SD = 0.92) and that he/she does not change
his/her idea due to the negotiation exchange (M = 2.80, SD = 1.08). Additionally, a sense of
cohesion, alliance, positive climate, as well as an absence of conflict and emphatic failure
were reported as being above the average (cohesion: M = 4.40, SD = 0.23; alliance: M = 4.18,
SD = 0.12; climate: M = 4.30, SD = 0.17; conflict: M = 1.50, SD = 0.13; emphatic failure:
M = 1.58, SD = 0.05).

2.3. EEG Data: Acquisition and Processing

EEG data were acquired using a 16-channel direct current (DC) amplifier (SYNAMPS
system) integrated with the NEUROSCAN 4.2 software. Recordings were performed
during both resting-state and negotiation tasks, with electrode placement adhering to the
international 10/20 system [48]. A total of 15 Ag/AgCl electrodes (Fp1, Fp2, F3, F4, Fz,
Cz, C3, C4, T7, T8, Pz, P3, P4, O1, O2) were positioned on the scalp via an ElectroCap
(Compumedics Germany GmbH, Singen, Germany), with the earlobes serving as reference
points (Figure 1B). Additionally, two electrooculographic (EOG) electrodes were positioned
at the outer canthus of the left eye to monitor ocular artifacts.

Prior to data collection, the impedance levels of all electrodes were carefully measured
and maintained below 5 kΩ to ensure optimal signal integrity. The EEG signal was
digitized at a 1000 Hz sampling rate, with a 50 Hz notch filter applied to mitigate electrical
interference from power lines. For offline processing, a 0.01–50 Hz infinite impulse response
(IIR) bandpass filter with a slope of 48 dB/octave was applied to the data. Continuous
EEG recordings were then segmented into two-second epochs, with visual inspection to
identify and exclude any artifacts originating from ocular, muscular, or movement-related

71



Appl. Sci. 2025, 15, 6073

sources. Artifact-free segments were subjected to spectral analysis using fast Fourier
transform (FFT) with a Hamming window, achieving a spectral resolution of 0.5 Hz. This
procedure facilitated the computation of average power spectral density (PSD) for both
resting-state and negotiation conditions. In addition, a rigorous multistep preprocessing
pipeline was applied to enhance signal quality. Raw EEG data were re-referenced to
linked earlobes and filtered with a 0.01–50 Hz band-pass filter and a 50 Hz notch filter. An
Independent Component Analysis (ICA) was employed to identify and remove components
linked to ocular and muscular artifacts. Data were then segmented into 2-s epochs, and
epochs contaminated by residual artifacts were excluded following combined automated
and manual inspection. These procedures ensured high-fidelity signal integrity across
participants and dyads, enabling reliable spectral analyses in all frequency bands of interest.

Figure 1. (A) The picture displays the timeline of the experimental procedure encompassing the
EEG recording during the resting state baseline and the negotiation task. After the negotiation task,
participants filled in a scale on the perception of negotiation exchange. (B) Following the 10/20
international system, each subject’s EEG montage included 15 selected electrodes. For statistical
analysis, three anatomically defined regions of interest (ROIs) were considered: the frontal region
(Fp1, Fp2, F3, F4), the temporo-central region (T7, T8, C3, C4), and the parieto-occipital region (P3, P4,
O1, O2).

Power spectral densities (PSDs) were calculated for the standard EEG frequency
bands: delta (0.5–3.5 Hz), theta (4–7.5 Hz), alpha (8–12.5 Hz), beta (13–30 Hz), and gamma
(30.5–50 Hz). Signal processing and analysis were conducted using Brain Vision Analyzer
2.0 (Brain Products GmbH, Gilching, Germany). To assess task-induced EEG modulation,
the PSD values recorded during the negotiation phase were normalized against the baseline
resting-state PSD values. The normalization procedure was performed using the following
formula: [Normalized PSD = (PSDtask − PSDBL)/PSDBL], where PSDtask represents the
power measured during the task and PSDBL corresponds to the baseline power. This nor-
malization was applied separately to each frequency band and electrode location for both
the negotiator and receiver within each dyad, allowing for the individualized assessment
of task-related changes in EEG activity.

During the negotiation interaction, the participants were instructed to remain relaxed
and maintain a steady posture, minimize motor movements, articulate their speech clearly,
and avoid whispering and overlapping with the other participant’s speech, adhering to
turn-taking conventions. Furthermore, the negotiation exchange was video-recorded,
confirming the absence of noticeable changes in facial expressions or posture throughout
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the interaction. Thanks to these guidelines and to the video recordings, it was possible to
consider and analyze only negotiation-speaking turns, with conversational pauses and non-
negotiation utterances excluded. Accordingly, the data for each individual were defined
as the average duration of all speech segments in which they actively participated in
negotiation. Any utterances unrelated to the negotiation process, as well as conversational
pauses, were omitted from the analysis.

For statistical analysis, three anatomically defined Regions of Interest (ROIs) were
identified: frontal (Fp1, Fp2, F3, F4), temporo-central (T7, T8, C3, C4), and parieto-occipital
(P3, P4, O1, O2). Within each ROI, power spectral density (PSD) values were calculated
as the mean spectral power across the corresponding electrodes. This method allowed
for a precise assessment of regional EEG activity across frequency bands, facilitating the
comparison of task-related neural dynamics during the negotiation phase relative to the
resting-state baseline.

2.4. Statistical Data Analyses

Prior to conducting statistical analyses, it was verified that all 13 dyads had reached
an agreement within the three-minute negotiation task.

The statistical data analyses conducted in this study encompassed both behavioral
and EEG data evaluations. For the behavioral analysis, a repeated measures ANOVA was
performed to examine the group decision-making orientation based on Likert scale scores.

EEG data were analyzed at both the individual and dyadic levels (single-brain and
dyads analyses), as outlined below.

2.4.1. Behavioral Data Analyses

As the preliminary analysis, one repeated-measures ANOVA with Orientation
(2: Grouporientation, Individualorientation) as within-subject factor was computed on the score
of the Likert scale to verify the group decision-making orientation of the members.

2.4.2. EEG Data Analysis

For EEG data, two main types of statistical analysis were included: a single-brain
brain and an inter-brain analysis.

For the single-brain analysis, five repeated-measures ANOVAs considering ROIs
(3: frontal, temporo-central, and parieto-occipital) as the within-subject variable were ap-
plied to the five different frequency bands (delta, theta, alpha, beta, and gamma) as the
distinct dependent variable.

For the inter-brain analysis, EEG activity was analyzed at the dyadic level to quantify
the extent to which Member 1 and Member 2 differed in their EEG activation. This was
achieved by calculating the Euclidean Distance (PSD) [49–51] between the power spectral
density (PSD) values of each frequency band for corresponding ROIs within each dyad.
Then, five repeated mixed-measures ANOVAs considering ROIs (3: frontal, temporo-
central, and parieto-occipital) as within-subject variables were performed considering
the Euclidean Distance (PSD) for the five frequency bands (delta, theta, alpha, beta, and
gamma) as the distinct dependent variables.

For all repeated-measures ANOVAs, degrees of freedom were adjusted using the
Greenhouse-Geisser epsilon to correct for violations of sphericity, as assessed by Mauchly’s
test of sphericity. When significant effects or interactions were identified, post hoc pairwise
comparisons were performed with Bonferroni correction to control Type I error. Effect sizes
were reported using eta-squared (η2), and the significance threshold was set at α = 0.05.
Prior to conducting the primary analyses, the assumption of normality was checked by
assessing skewness, kurtosis, and Q-Q plots. Levene’s test was applied to verify the
homogeneity of variances.
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Descriptive statistics, including means and standard errors, were computed for each
condition to facilitate the interpretation of results. All statistical analyses were performed
using Jamovi (version 2.6.22; The Jamovi Project, 2022).

3. Results

3.1. Behavioral Results

Descriptive statistics, with mean scores of 4.28 (SD = 0.47) for Grouporientation and
2.54 (SD = 0.61) for Individualorientation, indicating a predominant preference for collective
decision-making strategies in the sample.

Although the post-negotiation items were not subjected to inferential statistical anal-
ysis due to their exploratory nature, their descriptive values revealed moderate mutual
influence (M = 3.23, SD = 0.92) and low perceived conflict (M = 1.50, SD = 0.13). These data
suggest that negotiation occurred in a predominantly cooperative climate, which may help
contextualize the neural dynamics observed.

The repeated-measures ANOVA on behavioral data confirmed a significant main
effect for Orientation (F[1,25] = 34.57, p < 0.001, η2 = 0.41), with higher values for the
Grouporientation compared to Individualorientation.

3.2. EEG Results
3.2.1. Single-Brain Results

The results relating to the EEG frequency bands will be reported in the following
sections (Figure 2).

 

Figure 2. Bar graphs of EEG bands (delta, theta, alpha, beta, and gamma) for each ROI (F = frontal,
TC = temporo-central, PO = parieto-occipital). The second row shows topographic maps of the
average power in the five EEG frequency bands, highlighting the spatial distribution of EEG activity
across the ROIs. The color scale represents the relative intensity of EEG power (blue = low power,
red = high power). Bars represent ±1 standard error, and stars (*) mark statistically significant effects.

Delta Band

A significant main effect was found for ROI (F[2,50] = 10.010, p < 0.001, η2 = 0.093),
with higher delta activity in the frontal region compared to the parieto-occipital region
(p = 0.002) and in the temporo-central region compared to the parieto-occipital region
(p = 0.022).

Theta Band

A significant main effect was found for ROI (F[2,50] = 9.170, p < 0.001, η2 = 0.098),
with higher theta activity in the frontal region compared to the temporo-central region
(p = 0.003) and the parieto-occipital region (p = 0.020).
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Alpha Band

A significant main effect was found for ROI (F[2,50] = 9.593, p < 0.001, η2 = 0.062),
with higher alpha activity in the frontal region compared to the temporo-central region
(p < 0.001).

Beta Band

A significant main effect was found for ROI (F[2,50] = 10.916, p < 0.001, η2 = 0.092), with
higher beta activity in the parieto-occipital region compared to the frontal region (p = 0.002),
as well as in the parieto-occipital compared to the temporo-central region (p = 0.01).

Gamma Band

A significant main effect was found for ROI (F[2,50] = 4.439, p = 0.017, η2 = 0.058),
with higher gamma activity in the parieto-occipital region compared to the frontal region
(p = 0.008).

3.2.2. Inter-Brain Results
Delta Band

A significant main effect was found for ROI (F[2,24] = 7.574, p = 0.003, η2 = 0.193),
with higher dissimilarity in the frontal region compared to the parieto-occipital region
(p = 0.040) and in the temporo-central region compared to the parieto-occipital region
(p = 0.016) (Figure 3).

Figure 3. The bar chart shows the Euclidean Distance between the power spectral density (PSD)
values across the three ROIs (F = frontal, TC = temporo-central, PO = parieto-occipital). Bars represent
±1 standard error and stars (*) mark statistically significant effects.

No significant main effect was found for ROI or other factors in the theta, alpha, beta,
and gamma bands (all p > 0.05).

4. Discussion

This study investigated the single-brain EEG correlates of group-oriented individuals
during a decision-making process with an explicit negotiation goal, as well as the inter-brain
neural activity of dyads converging on the decision. The findings contribute to the growing
body of literature on social neuroscience by elucidating how negotiation processes in dyads
shape individual and inter-brain neural dynamics. Specifically, negotiation was studied
through a communicative ecologically valid scenario that involves synchrony and turn-
taking. The modulation of different EEG frequency bands and inter-brain synchronization
during negotiation allowed to explore the extent of shared cognitive and emotional states
between interacting partners.
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The behavioral findings confirmed that participants demonstrated a clear preference
for group-oriented decision-making over individualistic approaches. This behavioral pre-
disposition is mirrored by the neurophysiological patterns observed during the negotiation
task. The increase in frontal delta and theta power likely reflects the affective–motivational
engagement and strategic regulation characteristic of cooperative social cognition, while the
enhanced parieto-occipital beta and gamma activity suggests a reliance on integrative and
monitoring processes necessary for converging toward a shared solution. Together, these
findings support the notion that group-oriented decision-making is instantiated through a
specific configuration of distributed cortical activity during negotiation. This aligns with
prior research suggesting that individuals with a cooperative orientation tend to prioritize
collective interests and shared perspectives in decision-making contexts [1]. Interestingly,
participants reported that their partners influenced their decisions to a moderate extent, but
their initial perceptions of group dynamics remained relatively stable. This suggests that,
while negotiation fosters an exchange of ideas, individuals may integrate new perspectives
without completely altering their initial viewpoints. Additionally, high ratings for cohesion
and alliance, coupled with low scores for conflict and empathic failure, indicate that the
negotiation process was largely cooperative and prosocial in nature. This interpersonal
pattern may also highlight the observed inter-brain dissociation in delta power, which
we interpret as reflecting individual regulatory engagement within a non-adversarial,
co-constructed exchange.

The EEG findings reveal distinct neural patterns associated with negotiation, pro-
viding insights into the cognitive and emotional mechanisms underlying group-oriented
decision-making.

Firstly, the single-brain analysis demonstrated increased delta and theta activity in the
frontal region compared to the parieto-occipital region. This is consistent with previous
studies linking frontal delta and theta oscillations to emotional engagement, motivation,
and goal-directed control [20,29]. Moreover, former hyperscanning works demonstrated
the key role of frontal areas in cooperation process [37] as well as the prefrontal cortex,
implicated in joint action performance [39]. These findings suggest that negotiation in-
volves heightened emotional and cognitive effort, particularly in this sample of individuals
committed to group-oriented goals.

Moreover, alpha activity was higher in the frontal region than in the temporo-central
region during the negotiation task. The suppression of oscillations within the alpha
frequency range is an index of cortical excitability [52] and enhances the efficiency of
cognitive processing [53]. Moreover, previous work on social bargaining showed how
alpha oscillations could serve as a mechanism by which different brain areas flexibly
interact in order to adapt ongoing behavior in socially demanding contexts [21].

Temporoparietal regions are also involved in social cognition and communication [40],
managing social dynamics, including negotiation processes [41,42]. Given that alpha
suppression in posterior regions has been previously associated with enhanced cognitive
performance [30], a possible interpretation can be that this reduction in alpha power in the
temporo-central regions, compared to the frontal ones, marks the cognitive effort derived
from the negotiation process in our sample of participants.

The study also found that beta and gamma activity was more prominent in the parieto-
occipital region compared to the frontal and temporo-central regions. Since beta and
gamma oscillations are associated with cognitive control, memory integration, and decision-
making [34,35], their increased presence in parieto-occipital areas suggests that negotiation
requires the integration of multiple perspectives and the monitoring of shared goals.
Elevated beta and gamma power in these regions may reflect working memory demands
and the multimodal integration of verbal and social cues, alongside the ongoing evaluation
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of semantic relevance—key processes for managing complex, dialogic interactions in which
information must be actively maintained and dynamically updated.

Secondly, at the dyadic level, the analysis revealed significant patterns of dissimilarity
within the dyads. Specifically, and differently from what hypothesized, the Euclidean
Distance analysis indicated greater dissimilarity in delta band activity in the frontal re-
gion compared to other brain regions. The increased dissimilarity in delta band activity
likely reflects divergent cognitive and affective states between interactants rather than
uniform synchronization. Delta oscillations, particularly in frontal regions, are implicated
in large-scale neural coordination, executive control, and predictive coding in social con-
texts [54]. The observed increase in frontal delta dissimilarity, contrary to classic models
of inter-brain synchrony during cooperation, may reflect individualized engagement of
top-down regulatory processes such as conflict monitoring, prediction updating, or fair-
ness evaluation—each governed independently in real time. This dissociation aligns with
emerging views that cooperation does not always entail neural alignment but may also
involve parallel regulatory roles within a shared social frame. While previous studies
have reported frontal delta synchrony during joint tasks, the negotiation paradigm used
in this paper emphasizes strategic divergence and autonomous cognitive control. Thus,
the inter-brain dissimilarity in delta activity may reflect asynchronous but complementary
activation of conflict regulation and decision evaluation circuits, independently engaged
by each partner under shared but non-identical cognitive loads [55]. Unlike mid- and
high-frequency bands, delta activity is critical for integrating top-down regulatory mech-
anisms essential for decision-making and social evaluation [54,56]. The higher dyadic
dissimilarity in frontal delta activity, compared to the temporo-central and parieto-occipital
regions, may reflect the distinct functional roles of these areas in social interactions. The
temporo-central and parieto-occipital regions facilitate the processing of social cues, such
as speech prosody and facial expressions, supporting higher synchronization through
perceptual-motor mirroring [57]. In contrast, the frontal cortex is engaged in executive
functions, including conflict monitoring, strategic adaptation, and inhibition of prepotent
responses, which are inherently more individualized and context dependent [58]. As a
result, lower coherence in frontal delta activity may indicate asymmetric cognitive control
processes, where interactants independently regulate uncertainty, strategic shifts, and
fairness perceptions [59]. This neural dissociation is consistent with the behavioral profile
reported by participants, characterized by low conflict and moderate influence. Rather than
reflecting interpersonal discord, frontal inter-brain dissimilarity may index self-regulated
cognitive engagement within a shared, non-adversarial task structure. Hyperscanning
research suggests that inter-brain synchronization does not necessarily reflect functional
alignment but may arise from cooperative or adversarial neural dynamics [60,61]. The
observed lower delta synchronization in the frontal regions of the dyads may thus signal
increased cognitive effort in conflict resolution, suppression of competing responses, or the
negotiation of divergent interpretations.

Despite the study’s contributions to understanding the neural dynamics of negotiation,
several methodological limitations should be acknowledged to guide future research.

Firstly, the interpretation of frontal delta dissimilarity as an index of cognitive conflict
regulation is supported by research on low-frequency frontal oscillations and executive con-
trol. However, the current study did not include time-locked behavioral markers of conflict
dynamics or parametric measures of decisional divergence, and the sample size limited
the ability to test direct neuro-behavioral correlations. Future research should integrate
continuous measures of negotiation dynamics, synchronized behavioral annotations, and
temporally resolved EEG analyses to better understand the neural mechanisms of conflict
regulation during negotiation.
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Secondly, although the study was adequately powered for detecting medium within-
subject effects, the relatively small sample limits broader generalization and the exploration
of interaction-level variability.

Thirdly, although gender was not a variable of interest in the present study, the
sample’s imbalance (20 females, 6 males) may limit generalizability, particularly given doc-
umented sex differences in negotiation styles, emotional regulation, and neural synchrony
patterns. Future studies should implement stratified dyadic designs or include gender as a
planned covariate to test its specific impact.

Finally, while designed to simulate a realistic group decision, the absence of real-world
stakes may have limited affective arousal, potentially influencing the magnitude of neural
activation during negotiation.

An interesting avenue for future research would be to examine how individual differ-
ences, such as personality traits, empathy levels, or prior negotiation experience, influence
the observed neural patterns. It is possible that more experienced negotiators exhibit
different frontal delta dynamics, reflecting more efficient strategic adaptation. Similarly,
individuals with higher trait empathy may show reduced inter-brain dissimilarity, in-
dicating a greater tendency to align with their partner’s cognitive and emotional states.
Investigating these moderating factors could provide a more nuanced understanding of
how neural mechanisms underpin real-world negotiation behavior. In addition, future
studies could benefit from incorporating a time-resolved analysis of the negotiation process.
Segmenting interactions into distinct phases—such as initial disagreement, deadlock, and
resolution—could help uncover more detailed temporal dynamics of neural engagement
and clarify how cognitive and affective processes evolve throughout the negotiation.

5. Conclusions

These findings provide first evidence for understanding the EEG neural basis of nego-
tiation in group-oriented decision-making. The observed frontal delta and theta activity
highlight the role of emotional engagement and motivation in shaping negotiation strate-
gies, while parieto-occipital beta and gamma oscillations underscore the cognitive demands
associated with integrating diverse perspectives. Furthermore, the presence of greater
frontal dissimilarity in the delta band suggests that negotiation is not a process of complete
alignment at the neural level, but rather it requires increased cognitive effort in conflict
resolution, suppression of competing responses, or the negotiation of divergent interpreta-
tions. This has potential applications in various applied settings, such as the organizational
one, where negotiation appears essential in group decision-making dynamics and knowing
the neural bases of this process can promote empowering interventions in profession-
als. Indeed, beyond its theoretical contributions, this study has potential applications in
domains such as professional negotiation training, conflict resolution, and teamwork opti-
mization. The finding that negotiation involves distinct cognitive and affective regulation
processes suggests that interventions aimed at enhancing strategic flexibility and emotional
regulation could improve negotiation outcomes. Furthermore, the observed inter-brain
dissimilarity in frontal delta activity highlights the importance of developing training
programs that foster adaptive cognitive control rather than mere synchrony, particularly in
high-stakes decision-making contexts.

In conclusion, this study provides first evidence that negotiation in group-oriented
decision-making is supported by distinct neural mechanisms at both the individual and
dyadic levels. These findings advance our understanding of the neurophysiological foun-
dations of negotiation and offer new perspectives on how neural alignment contributes to
effective group interactions.
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Future research should explore additional factors that may influence neural syn-
chronization during negotiation, such as personality traits, cultural differences, and the
complexity of decision-making scenarios. Moreover, extending the investigation to larger
and more diverse groups could provide deeper insights into how neural dynamics scale in
multi-person interactions.
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Abstract: The human functional connectome (FC) is a representation of the functional
couplings between brain regions derived from blood oxygen level-dependent (BOLD)
signals. Over the past decade, studies related to FC fingerprinting have sought to uncover
functional patterns that enable uniquely identifying individuals across repeated scanning
sessions, hence demonstrating the stability and distinctiveness of functional brain organi-
zation. In this study, it is hypothesized that tensor decomposition techniques, given their
ability to project high-dimensional data into lower-dimensional spaces, enable detecting
the brain fingerprint with high accuracy. A mathematical framework based on Tucker
decomposition is presented to uncover the FC fingerprint of 426 unrelated participants
from the Young-Adult Human Connectome Project (HCP) Dataset. An analysis of how
brain parcellation granularity, decomposition rank, and scan length relate to within- and
between-condition (resting state-task) fingerprinting was conducted. Relative to FC matri-
ces as well as to Principal Components Analysis (PCA), tensor decomposition significantly
increases the functional connectome’s fingerprint. For parcellation granularity of 214 in the
within-condition setting, an improvement of 11–36% was seen across all fMRI conditions.
Similarly, a substantial improvement, ranging from 43 to 72%, was observed in the between-
condition setting relative to FC matrices. Compared to matching rates obtained directly on
FCs and when applying other data-driven decomposition methods, Tucker decomposition
led to higher or the same level of matching rates for all analyses. Furthermore, in the
context of between-condition fingerprinting, results from the proposed framework suggest
that partially sampling time points from resting-state time series is sufficient to uncover FC
fingerprints with high accuracy.

Keywords: functional connectome; tensor decomposition; fingerprinting; dimensional-
ity reduction

1. Introduction

Human brain connectomics, driven by the increasing availability of large-scale neu-
roimaging datasets [1], has emerged in recent years as a prominent field of research. This
field has the potential to address many of the open questions about the structure and func-
tion of the human brain. Notably, connectomics-based analyses have revealed meaningful
differences between healthy and disease conditions [2,3]. However, to further assess the
reliability of such findings and to capture individual-specific characteristics that may be
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overlooked in group-level studies, the concept of a “brain connectivity fingerprint” has
gained growing interest [4–6].

Functional connectivity fingerprinting of the brain refers to the ability to identify
an individual’s functional connectome (FC) from a set of FCs in repeated fMRI imaging
sessions. The existence of a brain fingerprint has been established in the last decade with
work done with data from functional magnetic resonance imaging (fMRI) and electroen-
cephalography (EEG) [7,8]. Such studies have shown that the functional connectome of
the brain varies between individuals, therefore, serving, to some extent, as a fingerprint.
In the literature, different studies of FC fingerprinting have been conducted with varying
approaches, such as principal component analysis (PCA) [9,10], sparse dictionary learning
(SDL) [11], geodesic distance in regularized FC [12] and correlation distance in FC tan-
gent space projections [13]. In [9], the authors show that individual connectivity profiles
can be reconstructed through an optimal linear combination of PCA-derived orthogonal
components. In [10], the authors perform PCA in a subset of “learning” FCs to obtain an
eigenspace in which the “validation” FCs are projected, thus enabling the identification
of the fMRI condition or the participant to which the “validation” FC belongs. In [11],
SDL is used to refine FC profiles, leading to a higher distinctiveness in FCs relative to raw
connectivity. PCA and SDL work on 2-dimensional data, while Tucker decomposition is
designed for higher-dimensional data structures called tensors, essentially allowing it to
analyze complex relationships across multiple variables in a dataset by decomposing it into
a core tensor and factor matrices along each dimension. In essence, Tucker decomposition
may be thought of as a “higher-order PCA”.

Using the fact that FCs estimated as correlation matrices lie on or inside a Symmetric
Positive Definite (SPD) manifold, Venkatesh and colleagues proposed using geodesic
distance to compare FCs [14]. In a follow-up study [12], the authors explored how optimally
regularized FCs maximize the individual fingerprint of participants, measured by the
geodesic distance between their FCs. A limitation of this approach is that the geodesic
distance between FCs of size M × M is a map R

M×M ×R
M×M → R. Hence, even though

the geodesic distance provides a global measure of similarity between FCs, it does not
directly highlight the specific features that make the individual’s functional connectivity
unique. As an alternative to using FCs, tangent FCs have demonstrated a high capacity
to predict cognition and behavior [15–17]. Most recently, ref. [13] analyzed the effects of
tangent FCs with respect to fingerprinting. In that study, a high degree of fingerprinting
was achieved not only across sessions of a unique participant, but also for matching the
sessions of twins.

To simultaneously overcome the drawbacks of the studies mentioned above, we
propose utilizing tensor decomposition for FC fingerprinting. Tensor decomposition
enables projecting high-dimensional data into a lower-dimensional space, preserving
its structure while independently extracting meaningful information from each dimension.

Tensors are multidimensional arrays with applications in various fields, including
signal processing, computer vision, and neuroscience [18]. In brain connectomics, ten-
sors enable modeling and analyzing the functional and structural connections within the
brain by reducing the dimensionality of complex, interrelated, and high-dimensional data
through tensor decomposition. In [19], the authors studied the dynamics of FCs to under-
stand the process of formation and dissolution of brain functional networks through tensor
decomposition techniques. In another study [20], it was demonstrated how the analysis of
the tensor components enables the extraction of unbiased and interpretable descriptions
of single-trial dynamics across many trials through low-dimensional representations of
neural data. In [21], the authors discuss challenges associated with interpreting the brain
connectivity patterns derived from tensor decomposition. To our knowledge, only [22]
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has considered using tensors in brain connectivity fingerprinting analysis in the literature.
However, their study was based on structural connectivity. The task of identifying subjects
through their functional connectomes has the additional challenge of dynamic changes and
functional reconfigurations happening at a fast rate in response to cognitive stimuli.

Through this study, the effectiveness of tensor based methods in uncovering FC
fingerprints is assessed. The adopted fingerprinting framework can be broadly described
as follows:

1. Each participant underwent a total of sixteen data acquisition sessions, two for each
of the considered fMRI conditions. Using the BOLD time series from each acquisition,
an FC matrix of dimension Number of Brain Regions × Number of Brain Regions is
estimated, thus yielding a total of sixteen FC matrices for each participant.

2. For each condition, a tensor of dimensions Number of Brain Regions × Number
of Brain Regions × Number of Participants, is constructed by concatenating all par-
ticipants’ FCs derived in the first acquisition session. Similarly, a second tensor is
obtained for all conditions by concatenating all participants’ FCs derived in the second
acquisition session.

3. The obtained tensors are then decomposed via Tucker decomposition [23], yielding a
core tensor and three factor matrices. The first two factor matrices contain cohort-level
functional connectivity information and will later on be referred to as “brain parcella-
tion factor matrices”. The third factor matrix contains participant-specific information
and will be later addressed as the “participants factor matrix”. The participants factor
matrix, acting as a “fingerprint” of each participant, is used to match participants FCs
corresponding to different data acquisition sessions. The accuracy with which differ-
ent sessions are able to be correctly matched is quantified by a metric denominated
matching rate [24].

The aims of this study are: (i) assess the impact of Tucker decomposition on functional
connectome fingerprinting in within- and between-fMRI condition settings for different
parcellation granularities, (ii) estimate optimal levels of compression of brain parcellation-
specific and participant-specific information that maximize fingerprinting, and (iii) analyze
how sampling in resting-state prior to Tucker decomposition affects fingerprinting.

The remainder of the article is organized as follows. In Materials and Methods, we:
(i) describe the data set used in this study as well as the preprocessing procedures; (ii) intro-
duce the adopted tensor notation; (iii) introduce Tucker decomposition; and (iv) describe
matching rate, the fingerprinting measurement used in this study. In Results, we: (i) pro-
vide a comparative analysis of fingerprints across parcellation granularities, (ii) compare
the fingerprinting performance of different dimensionality reduction methods across par-
cellation granularities, (iii) disclose optimal levels of compression of parcellation-specific
and participant-specific information that maximize within- and between-condition finger-
prints, and (iv) present the findings for the different strategies of sampling time points in
resting-state time series. In the Discussion, we (i) discuss our findings and (ii) highlight
some limitations of our study and make suggestions for future work. Lastly, in Conclusions,
we summarize the presented work.

2. Materials and Methods

In this section, a description of the dataset, tensor notation, and fingerprinting frame-
work is presented. First, there is an overview of the HCP dataset, then brain parcella-
tion granularities are considered, and preprocessing procedures are presented. Then,
the adopted tensor notation is introduced, along with commonly used tensor decomposi-
tion techniques. Lastly, we introduce the metric used to quantify FC fingerprinting, and a
detailed description of the fingerprinting framework.
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2.1. Dataset Description

The HCP Dataset [25] has been widely used as a standard in the neuroimaging liter-
ature for a broad range of research domains [7,26–29] due to its large-scale, high-quality,
and open-access data gathered from a large and diverse cohort of participants. This study
utilizes data from eight fMRI conditions included in the Young-Adult Human Connec-
tome Project (HCP) dataset. The fMRI dataset used in this study is from the publicly
available Human Connectome Project (HCP). The original study was approved by the
Washington University Institutional Review Board. Per HCP protocol, written informed
consent statement was obtained from all subjects by the HCP Consortium. To minimize
the impact of hereditary influences on fingerprinting, a subset of 426 unrelated individuals
was selected. The demographic information of the participants can be found in Table 1.
The fMRI conditions analyzed in this study include resting-state (RS), Emotion processing
, Gambling (GAM), Language (LAN), Motor (MOT), Relational processing (REL), Social
cognition (SOC), and Working Memory (WM). Each participant completed two sessions per
condition, corresponding to separate left-to-right (LR) and right-to-left (RL) acquisitions,
which are designated as test and retest sessions. Resting-state scans were conducted over
four sessions (“REST1” and “REST2”) on two separate days, though only the two REST1
sessions were considered in this study.

Table 1. Demographic information of the 426 unrelated participants from HCP’s Young Adult Dataset.

Demographic Information (n = 426, 203 Males) Mean (SD) Range

Age 28.67 (3.78) 22–36
Years of Education 14.99 (1.77) 11–17

2.2. Brain Parcellations

In this study, we utilized the Schaefer parcellation functional brain atlas to analyze
the human cortex [30]. This parcellation was derived from resting-state fMRI data of
1489 participants, and registered with surface alignment. It was generated using a gradient-
weighted Markov random field approach that integrates local gradient and global similarity
methods. The Schaefer parcellation is available at nine levels of granularity, ranging from
100 to 900 regions in increments of 100, in both volumetric and grayordinate space. Since
the grayordinate versions of these parcellations are already in the same surface space as
the HCP fMRI data, mapping them onto the fMRI scans is straightforward. Moreover,
surface-based mapping ensures better alignment between the parcellations and fMRI data
compared to volumetric mapping. Therefore, we applied surface-based mapping to project
the Schaefer parcellations onto the fMRI data. To ensure comprehensive brain coverage, we
incorporated 14 subcortical regions into each parcellation, as provided in the HCP dataset
(file: Atlas_ROI2.nii.gz). This file was converted from a NIFTI to a CIFTI format using the
HCP Workbench 1.5 software (Saint Louis, MI, USA.) (wb_command -cifti-createlabel). As a
result, the Schaefer-200 parcellation, for instance, ultimately included 214 brain regions.

2.3. Preprocessing

The preprocessing of fMRI data followed the “minimal” preprocessing pipeline pro-
vided by the HCP, which includes artifact removal, motion correction, and alignment to
a standardized template [31]. Further details on this pipeline can be found in previous
studies [26,32]. We enhanced this minimal pipeline by incorporating additional prepro-
cessing steps, as described in [13]. Specifically, for resting-state fMRI data, we applied
the following procedures: (i) regressed out the global gray matter signal from voxel-wise
time series [31], (ii) implemented a first-order Butterworth bandpass filter in both forward
and reverse directions within the frequency range of 0.001–0.08 Hz [31], and (iii) z-scored
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and averaged voxel time series within each brain region, while excluding time points
that deviated more than three standard deviations from the mean (processed using the
Workbench software, wb_command -cifti-parcellate). The same preprocessing steps were
applied to all task-based fMRI conditions. However, the bandpass filter was adjusted to
a broader frequency range (0.001–0.250 Hz) [33], as the optimal filtering range remains
uncertain [34].

2.4. Estimation of Whole-Brain FCs

The functional connectivity between pairs of brain regions was estimated by com-
puting Pearson’s correlation (corr MATLAB 2023a function), which results in a symmetric
M×M correlation matrix, with M being the number of brain regions for a given parcellation.
Throughout this article, this correlation matrix is referred to as FC. For each participant,
we computed a whole-brain FC for each of the two sessions (test and retest), each fMRI
condition (all seven tasks and resting state), and all parcellation granularities.

2.5. Tensor Notation

We refer to multidimensional data structures as tensors. Mathematically, tensors can
be described as objects that lie in R

I1×I2×···×IN and originate from the tensor product of
N vector spaces. The number N of vector spaces from which a tensor originates defines
the order (or mode) of the tensor. Throughout this work, we adopt the following notation:
scalars are denoted by lower or upper case letters, e.g., x or X, vectors are denoted by
boldface lowercase letters, e.g., x, matrices are denoted by boldface capital letters, e.g., X,
and high-order tensors are denoted by boldface, calligraphic letters, e.g., X . Entries of a
tensor X ∈ R

I1×I2×···×IN are denoted by lowercase letters with subscripts, e.g., xi1,i2,...,iN ,
with 1 ≤ in ≤ In for all 1 ≤ n ≤ N. Tensor fibers are constructed by fixing every index of
the tensor but one. Therefore, tensors have as many fibers as dimensions. For example,
third-order tensors have column (mode-1), row (mode-2), and tube (mode-3) fibers, which
are denoted by x:jk, xi:k, and xij:, respectively, with colons denoting all the entries of a mode.
A tensor slice is defined by fixing all entries from the tensor except two. We can define the
slices X i,:,:, X :,j,:, and X :,:,k for a third-order tensor.

The process of reshaping a tensor into a matrix is known as matricization. The mode-n
matricization of a tensor X ∈ R

I1×I2×···×IN is given by the matrix X(n), and its columns
correspond to the mode-n fibers of X . The n-mode matrix product between a tensor
X ∈ R

I1×I2×···×IN and a matrix Y ∈ R
J×In is denoted by X ×n Y and is of size I1 × · · · ×

In−1 × J × In+1 × · · · × IN . The outer product between two vectors x ∈ R
m and y ∈ R

n is
represented by

x ◦ y =

⎡
⎢⎢⎢⎢⎣

x1y1 x1y2 · · · x1 yn

x2y1 x2y2 · · · x2 yn
...

...
. . .

...
xmy1 xmy2 · · · xmyn

⎤
⎥⎥⎥⎥⎦

and is of dimension R
m×n, while the inner product of X ∈ R

I1×I2×···×IN and Y ∈
R

I1×I2×···×IN is defined as

〈X ,Y〉 =
I1

∑
i1=1

I2

∑
i2=1

· · ·
IN

∑
iN=1

xi1,i2,··· ,iN yi1,i2,··· ,iN

and the norm of X is defined as ||X || = √〈X ,X 〉.
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2.6. Tensor Decomposition

In recent years, tensors have become increasingly popular in the fields of signal
processing, machine learning, and neuroscience for their capacity to model complex high-
order relationships among objects [35–37]. Tensor decomposition enables projecting high-
dimensional data into a lower-dimensional space while preserving the original structure of
the data. For the purpose of brain fingerprinting, tensor decomposition has the potential
of extracting unique features from each participant’s fMRI data acquisition session, thus
facilitating subject distinctiveness. Several tensor decomposition algorithms can be found
in the literature, each with their own characteristics and applications. The most commonly
used ones are the CANDECOMP/PARAFAC (CP) [38,39] decomposition and the Tucker
decomposition [23].

The CP decomposition of a tensor X ∈ R
I1×I2×···×IN factorizes it into a sum of R

rank-one tensors, where a rank-one tensor denotes the outer product between N vectors.
Equation (1) shows the CP decomposition of X :

X ≈
R

∑
r=1

λrar
(1) ◦ ar

(2) · · · ◦ ar
(N) (1)

where R denotes the rank of the decomposition. The vectors ar
(1) ∈ R

I1 ,
ar

(2) ∈ R
I2 , . . . , ar

(N) ∈ R
IN are typically assumed to be normalized, with a corre-

sponding scaling factor of λr. Equation (1) can also be expressed in the simplified form
[[λ; A(1), A(2), · · · , A(N)]], in which A(i) = [a(i)

1 a(i)
2 · · · a(i)

R ], for i = 1, 2, · · · , N,
are referred to as factor matrices, and λ ∈ R

R is a vector containing all scaling factors
λr, for r = 1, 2, . . . , R.

The Tucker decomposition [23] decomposes a tensor into a core tensor multiplied by
a matrix along each of the tensor modes. For X ∈ R

I1×I2×···×IN , its n-rank, denoted by
rankn(X ), is defined as the column rank of its mode-n matricization X(n). In other words,
the n-rank is the number of linearly independent vectors that span the basis of the mode-n
fibers of X . Equation (2) shows the Tucker decomposition of X .

X ≈
R1

∑
r1=1

R2

∑
r2=1

· · ·
RN

∑
rn=1

gr1r2···rn A(1)
r1 ◦ A(2)

r2 ◦ · · · ◦ A(N)
rn ≡ [[G; A(1), A(2), · · · , A(N)]] (2)

where A(1) ∈ R
I1×R1 , A(2) ∈ R

I2×R2 , · · · , A(N) ∈ R
IN×RN are column-wise orthonor-

mal factor matrices, and R1, R2, . . . , RN are the ranks of the decomposition, where
Rn ≤ rankn(X ) ≤ In for n = 1, . . . , N. If Rn < rankn(X ), we refer to the decom-
position as a truncated Tucker decomposition and refer to it as a rank-(R1, R2, . . . , RN)
decomposition. The tensor G ∈ R

R1×R2×···×RN is referred to as the core tensor and its
entries represent the level of interaction between the different factors. Note that the CP
decomposition can be understood as a special case of the Tucker decomposition when the
Tucker’s core is reduced to a hyper-diagonal tensor (all non-diagonal entries are equal
to zero) and R = R1 = R2 = · · · = RN . For simplicity, consider the third-order tensor
X ∈ R

I1×I2×I3 . The Tucker decomposition of X is obtained by solving the optimization
problem 3, which seeks to minimize the norm of the difference between the true and
estimated tensors. The decision variables of this problem are the core tensor G, and the
factor matrices A(1), A(2), and A(3).
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min
G,A(1) ,A(2) ,A(3)

||X − G ×1 A(1) ×2 A(2) ×3 A(3)|| (3)

s.t. G ∈ R
R1×R2×R3

A(1) ∈ R
I1×R1 and column-wise orthonormal

A(2) ∈ R
I2×R2 and column-wise orthonormal

A(3) ∈ R
I3×R3 and column-wise orthonormal

2.7. Tucker Decomposition of Functional Connectomes

For each of the eight fMRI conditions analyzed in this study, we represent the data as
a third-order tensor X ∈ R

M×M×N . Here, M is equal to the granularity of the brain parcel-
lation and N = 426 corresponds to the total number of participants. Given the symmetry
of FC matrices, we refer to X as a semi-symmetric tensor, meaning it remains invariant
under permutation of two (or more) indices. In our case, xi,j,k = xj,i,k for k = 1, . . . , 426. All
analyses performed in this work have an input of a semi-symmetric tensor X constructed
by concatenating participants’ FCs obtained in one fMRI scanning session (either test
or retest).

Once the data have been structured as a semi-symmetric tensor, we can produce a
low-rank estimation of the FCs through either of the previously mentioned tensor decom-
position methods. Due to the lack of interactions between components, the results of CP
decomposition are generally easier to interpret [21] compared to Tucker decomposition.
However, this lack of interaction often leads CP to produce less accurate approximations of
the original tensor, as measured by the L2 norm. In contrast, Tucker decomposition lever-
ages its core tensor to capture interactions between components, enabling it to approximate
the original tensor with greater precision [40]. Considering the interpretability/accuracy
trade-off in the context of brain fingerprinting, we focus on Tucker decomposition.

Several methods have been developed to estimate the Tucker decomposition. Notably,
we highlight Sequentially Truncated Higher-Order Singular Value Decomposition (ST-
HOSVD) [41,42] and Higher-Order Orthogonal Iteration (HOOI) [43]. For a given tensor
X ∈ R

I1×I2×···×IN , ST-HOSVD sequentially computes the factor matrices via truncated
eigenvalue decompositions of the mode-n matricizations (for n = 1, 2, . . . , N) of X , while
iteratively updating X at each step. The output of the algorithm is a core tensor and a set
of column-wise orthogonal factor matrices. Similarly to PCA, the components from the
factor matrices capture most of the variance across each of the tensor modes. The Tucker
estimation via ST-HOSVD of X is shown in Algorithm 1.

Algorithm 1 Sequentially Truncated Higher-Order Singular Value Decomposition
(ST-HOSVD)

Input: X ∈ R
I1×I2×···×IN , {R1, R2, . . . , RN}

1: for i ← 1 to N do
2: Matricize the tensor along mode i to obtain X(i)

3: Compute the Gram matrix Z(i) = X(i) × XT
(i)

4: Compute the eigenvalue decomposition of Z(i) and sort the eigenvalues in descend-
ing order

5: A(i) ← Ri eigenvectors corresponding to the sorted Ri eigenvalues of Z(i)

6: X ← X ×i A(i)T

7: end for
8: G ← X

Output: G ∈ R
R1×R2×···×RN , A(1) ∈ R

I1×R1 , A(2) ∈ R
I2×R2 , · · · , A(N) ∈ R

IN×RN
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On the other hand, HOOI utilizes an Alternating Least Squares (ALS) approach to
estimate each of the factor matrices by sequentially solving sub-problems of the form in (4):

max
A(n)

||X ×1 A(1) ×2 A(2) · · · ×N A(N)|| (4)

s.t. A(n) ∈ R
In×RN and column-wise orthonormal

where the factor matrices A(1) ×2 A(2) · · · ×N A(N) are commonly initialized via the ST-
HOSVD of X . By iteratively optimizing each factor matrix while keeping the others
fixed, HOOI provides a better fit as measured by the norm of the difference between the
true and estimated tensors compared to ST-HOSVD, but for a higher computational cost.
However, since HOOI is not guaranteed to converge to a global optimum nor to a stationary
point [43,44] and does not provide substantial fingerprinting improvements in comparison
to ST-HOSVD (see Table 2), ST-HOSVD is the chosen algorithm to compute the Tucker
decomposition of FCs.

Table 2. Matching rate comparison between (baseline) FCs and distinct dimensionality reduction
methods for parcellation granularity of 414. Bold values highlight the highest matching rates among
all techniques for each fMRI condition, which are presented in ascending order of scanning length
(“TPs” represent the number of time points in the time series of each condition).

fMRI Conditions FCs PCA CP ST-HOSVD HOOI

Emotion (166 TPs) 0.57 0.63 0.64 0.90 0.90
Relational (222 TPs) 0.79 0.84 0.90 0.99 0.99
Gambling (243 TPs) 0.84 0.86 0.93 0.98 0.98
Social (264 TPs) 0.88 0.88 0.92 0.97 0.97
Motor (274 TPs) 0.82 0.82 0.75 0.96 0.96
Language (306 TPs) 0.91 0.90 0.92 0.98 0.98
Working Memory (395 TPs) 0.86 0.84 0.92 0.97 0.97
Resting-state (1190 TPs) 0.92 0.97 0.99 1.00 1.00

When applied to tensors that exhibit partial (or full) symmetries, HOSVD preserves
the symmetric structure of the tensor [41]. Hence, for a tensor consisting of one session (e.g.,
test sessions) of participants’ FC matrices, the Tucker decomposition of X ∈ R

M×M×N can
be reformulated as:

min
G,B,P

||X − G ×1 B ×2 B ×3 P|| (5)

s.t. G ∈ R
R1×R1×R2

B ∈ R
M×R1 and column-wise orthonormal

P ∈ R
N×R2 and column-wise orthonormal

where the factor matrices B and P obtained via HOSVD contain, respectively, brain par-
cellation and participant-specific information and the ranks R1 and R2 express the com-
pression levels of brain parcellation and participant-specific information. While solv-
ing the optimization problem presented in (5), the brain parcellation ranks were cho-
sen with a step size of (Parcellation − 14)

4 . In addition to the previous parcellation ranks,
we also performed a full-rank decomposition. Thus, for a parcellation granularity of
414, for example, the brain parcellation ranks were set to R1 = {100, 200, 300, 400, 414}.
In contrast, for all parcellation granularities explored, the participant ranks were set to
R2 = {50, 100, 150, 200, 250, 300, 350, 400, 426}.

Under the hypothesis that the functional connectivity patterns of a participant are,
to some extent, reproducible across scanning sessions, we fix the core tensor G and brain

89



Appl. Sci. 2025, 15, 4821

parcellation factor matrix B derived from the Tucker decomposition of tensor X and
estimate the participant factor matrix Q of the tensor Y comprising FCs from another data
acquisition session (e.g., retest session). By doing so, we aim to detect a consistent presence
of underlying cohort-level functional connectivity patterns across different data acquisition
sessions for each participant. The optimization problem shown in (6)

min
Q

||Y − G ×1 B ×2 B ×3 Q|| (6)

and admits a closed-form solution given by

Q = Y (3) × [(G ×1 B ×2 B)(3)]
†

where † denotes the Moore–Penrose inverse [45] of a matrix, and Y (3) and (G ×1 B ×2 B)(3)
denote the mode-3 matricization of Y and (G ×1 B ×2 B), respectively.

2.8. Fingerprinting Quantification

To quantify fingerprinting, we used a measure denominated matching rate [24] for an
identifiability matrix I ∈ R

N×N , where ij,k denotes the Pearson’s correlation between the
j-th row of the participant factor matrix Pj,:, and the k-th row of the participant factor matrix
Qk,:. The main diagonal entries of I represent similarity levels between different imaging
sessions of the same participant. By hypothesis, we expect those entries to be higher than
the off-diagonal entries, which represent the similarity level between different imaging
sessions of different participants. Matching rate is a variation of IDrate [7] that accounts
for the fact that each participant is present only once in the test and retest sets. IDrate (7)
is the average frequency at which a participant’s test session is most highly correlated to
their retest session, and their retest session is most highly correlated to their test session
(note that one does not necessarily imply the other). For matching rates, we impose that
once a test session is paired with a retest session, it can no longer be chosen for a new
pairing. The relative frequency of successful participants matching in both directions is
then averaged, yielding a value in the range [0, 1], where 0 indicates a failure to correctly
match any of the participant’s FCs, and 1 indicates success in matching all participant’s FCs
correctly. An algorithmic description of the computation of the matching rate is presented
in Algorithm 2.

IDrate =

Number of correctly paired test-retest samples
Total number of participants +

Number of correctly paired retest-test samples
Total number of participants

2
(7)
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Algorithm 2 Matching Rate Computation

Input: I ∈ R
N×N

1: Imask ← I
2: MR1 ← 0
3: for i ← 1 to N do
4: [maxValPerCol, rowIndices] ← max(Imask, [], 1)
5: [∼, col Index] ← max(maxValPerCol)
6: if (col Index = rowIndices(col Index)) then
7: MR1 ← MR1 + 1
8: end if
9: Imask(:, col Index) ← -inf

10: Imask(rowIndices(col Index), :) ← -inf
11: end for
12: Imask ← IT

13: MR2 ← 0
14: for i ← 1 to N do
15: [maxValPerCol, rowIndices] ← max(Imask, [], 1)
16: [∼, col Index] ← max(maxValPerCol)
17: if (col Index = rowIndices(col Index)) then
18: MR2 ← MR2 + 1
19: end if
20: Imask(:, col Index) ← -inf
21: Imask(rowIndices(col Index), :) ← -inf
22: end for
23: AvgMR ← MR1+MR2

2×N
Output: AvgMR

2.9. Fingerprinting Framework Adapted to Tucker Decomposition

The proposed fingerprinting framework consists of five key steps: (i) given a data
acquisition session (either test or retest) of an fMRI condition, construct a tensor that
contains all participants FCs; (ii) decompose the tensor via Tucker decomposition to obtain
a core tensor, a brain parcellation factor matrix, and a participant factor matrix; (iii) estimate
the other session’s participant factor matrix based on the decomposition of the given
session; (iv) obtain an identifiability matrix by computing pairwise Pearson’s correlation
between the rows of both participant factor matrices; and (v) calculate the matching rate
for the obtained identifiability matrix. A schematic representation of our framework is
presented in Figure 1.

In the following section, we discuss how matching rate is affected by parcellation
granularity, decomposition rank, scanning length of fMRI conditions, and under within-
and between-condition scenarios.
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Figure 1. Graphic representation of the participant identifiability framework. For an input tensor
X consisting of FCs from one imaging session, we compute its Tucker decomposition to obtain a
core tensor G, two identical brain parcellation factor matrices B, and a participants’ factor matrix P.
Fixing G and B factor matrices, we estimate the participant’s factor matrix Q for the FCs from another
imaging session Y . We then obtain an identifiability matrix I by computing row-wise Pearson’s
correlation between P and Q, and obtain a matching rate score through I.

3. Results

For all eight fMRI conditions, the proposed fingerprinting framework was applied to
two main settings. First, when test and retest FCs correspond to the same fMRI condition
(within-condition fingerprinting). Second, when combining resting-state FCs with task FCs
(between-condition fingerprinting). For the aforementioned settings, we further investi-
gated the impact of brain parcellation rank and participant rank on Tucker decomposition
and subsequent fingerprinting, and whether scanning length duration has a significant
effect on matching rates.

3.1. Parcellation Granularity Effect on Fingerprinting

Finer parcellation granularities offer a more detailed representation of the functional
connectome by dividing the brain into more regions. However, this comes with a trade-off,
as the time series for each region may be less reliable due to being derived from a smaller
number of voxels. Hence, FCs fingerprints are expected to be dependent on the parcellation
granularity of the data. Figure 2 displays the within-condition fingerprinting results of
maximum-rank ST-HOSVD decompositions (i.e, for parcellation 614, the brain parcellation
rank R1 and participant rank R2 were chosen to be 614 and 426, respectively) for parcellation
granularities of 114, 214, 314, 414, 514, 614, 714, 814, and 914. As the parcellation granularity
increases, matching rates plateau for all fMRI conditions starting at parcellation granularity
of 414. Therefore, we give a stronger emphasis to parcellation granularity of 414 in the
remaining analyses of this study. It is noteworthy that the longest (resting-state) and
shortest (Emotion) fMRI conditions display, respectively, the highest and lowest matching
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rate values across all parcellation granularities. However, tasks with intermediate scanning
lengths do not follow such trend.

Figure 2. Fingerprinting gradient as measured by matching rate for all fMRI conditions. For each
parcellation granularity, the brain parcellation rank and participant rank were set to their maxi-
mum value.

3.2. Dimensionality Reduction Methods in Fingerprinting

In Table 2, a comparison between different dimensionality reductions methods versus
a baseline (consisting of vectorized FCs) for parcellation granularity of 414 is shown. When
computing PCA, the number of principal components used to obtain the identifiability
matrix was chosen to be the maximizer of subject identifiability as introduced in the work
of Amico and Goñi (2018) [9]. The reported matching rates for CP decomposition are the
highest among rank-R decompositions, with R ∈ {100, 200, 300, 400, 414}. Equivalently,
the reported matching rates for Tucker-based methods are the highest among all considered
combinations of brain parcellation rank R1 and participant rank R2. Among the presented
dimensionality reduction methods, Tucker decomposition (ST-HOSVD and HOOI) demon-
strates, by a considerable margin, the highest fingerprint.

Considering the high dimensionality of neuroimaging data, it is crucial to consider
the scalability of Tucker-based methods for the purpose of fingerprinting. In Table 3,
the runtime (seconds) of the most computationally demanding decomposition of a tensor
of dimensions PG × PG × 426, where PG denotes the parcellation granularity, is presented
for each dimensionality reduction method. For CP and Tucker-based methods, the highest
runtime corresponds to a decomposition of maximum possible rank. For example, for a
tensor of dimensions 414 × 414 × 426, the CP rank is set to R = 414, and the ranks for
ST-HOSVD and HOOI are set to R1 = R2 = 414, R3 = 426. Equivalently, a matrix of
dimensions (414

2 )× 852 (columns represent the upper triangular entries of vectorized FCs)
all 852 principal component are computed for PCA. As the dimensionality of the data
increases with the parcellation granularity, PCA tends to become less computationally
expensive than ST-HOSVD. However, the increase in computational cost is negligible
compared to the effectiveness of ST-HOSVD in uncovering fingerprints. For reference,
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the reported runtimes were measured on a Lenovo Legion 5i laptop equipped with an Intel
Core i7 processor, 32GB of RAM, and an NVIDIA GeForce RTX 3070 Ti GPU.

Table 3. Comparison between the worst runtimes of different dimensionality reduction methods.
For each parcellation granularity PG, a tensor of dimension PG × PG × 426 was decomposed by CP
Decomposition, ST-HOSVD, and HOOI. Equivalently, PCA was applied to a matrix of dimension
(PG

2 )× 852, where the rows consist of vectorized upper triangular FCs, and the columns correspond
to the participants’ test and retest sessions. Bold values indicate the shortest runtime across methods.

Method
Runtime (Seconds) per Parcellation Granularity

114 214 314 414 514 614 714 814 914

PCA 0.38 0.85 1.93 3.74 6.26 8.75 12.45 21.23 24.71
CP Decomposition 2.15 12.88 45.82 108.23 158.75 222.00 288.06 378.45 465.32
ST-HOSVD 0.38 0.73 1.58 3.20 5.15 8.78 13.24 19.55 27.62
HOOI 0.87 1.76 3.81 6.41 11.70 18.03 26.51 36.20 72.07

3.3. Evaluating the Impact of Brain Parcellation Rank and Participant Rank on Fingerprinting

To obtain a holistic view of how brain parcellation rank and participant rank affect
fingerprinting, we computed matching rates under different combinations of both ranks
for all fMRI conditions. Results shown in Figure 3 indicate that higher brain parcellation
ranks led to higher matching rates compared to lower brain parcellation ranks. However,
the impact of the participant rank on matching rates depends on the fMRI condition.
Specifically, with Emotion and Motor tasks we can achieve near-optimal matching rates
with a participant rank of 300 or higher, while for all the other fMRI tasks, we achieve near-
optimal matching rates earlier, starting at a participant rank of 150. Resting-state matching
rates were the highest among all fMRI conditions, reaching optimal scores starting at a
participant rank 100, with 100% matching accuracy. In contrast, Emotion had the lowest
matching rate.

Figure 3. Brain parcellation rank and participant rank effects on matching rate for all eight fMRI
conditions, ordered by scan length (represented by the number of time points or “TPs” in their
time series) for granularity of Schaefer parcellation 414. For each condition, the fingerprinting
framework is applied in both test→retest and retest→test directions. Each curve illustrates the
average matching rate computed across both settings at each combination of brain parcellation ranks
and participant ranks.

94



Appl. Sci. 2025, 15, 4821

3.4. Within-Condition Fingerprinting

The concept of within-condition fingerprinting reflects the ability to correctly match
two scans of the same participant when all evaluated scans belong to the same fMRI
condition. The proposed fingerprinting framework yields a substantial matching rate
increase across all considered parcellation granularities relative to vectorized original FCs,
which were adopted as baseline. For original FCs, identifiability matrices were obtained
by computing pairwise Pearson’s correlation between test and retest vectorized upper
triangular original FCs.

In Figure 4A, it is shown, for each condition, the highest matching rate obtained for all
possible combinations of brain parcellation rank and participant rank. The highest matching
rate increase with respect to the original FCs was observed for parcellation granularity
of 214, for which the fingerprinting framework generated matching rate improvements
ranging from 11% (Language) to 36% (Emotion). Resting-state matching rates were the
highest in all parcellations, achieving 100% for all parcellation granularities.

Given the mismatch in scan duration between resting-state and tasks, a matching
rate comparison between fMRI tasks and resting-state when resting-state time series are
cropped to match the duration of tasks is shown in Figure 4B. To do so, and in order to avoid
possible biases when using the first time-points, resting-state FCs are estimated by using
the L central time points, where L is the duration of the corresponding task. For conditions
with short scanning length (Emotion, Relational, and Gambling), resting-state displays a
lower fingerprint than the fMRI tasks in all parcellation granularities. The previous is also
true for Social and Language tasks and parcellation granularity 214.

The fingerprinting framework was carried out in two ways. First, by inputting a tensor
consisting of test FCs while aiming to estimate the participants’ factor matrix of the retest
session. Second, by inputting a tensor consisting of retest FCs while aiming to estimate the
participants factor matrix of the test session. The results of both procedures were averaged
for all combinations of ranks considered. The reported values correspond to the highest of
such averages.

Figure 4. (A). Within-condition fingerprinting comparisons between highest matching rates obtained
with ST-HOSVD and FCs directly for all fMRI conditions and parcellation granularities 214, 414,
and 814. (B). Within-condition comparisons between highest matching rates obtained when resting-
state FCs are estimated with time series of length equal to those of fMRI tasks. Specifically, the middle
time points from resting-state time series are chosen to compute FCs. For example, when resting-state
is shortened to match the scanning length of Emotion, resting-state FCs were computed with time

points
(

1190
2 − 166

2

)
:
(

1190
2 + 166

2

)
.
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3.5. Between-Condition Fingerprinting

Between-condition fingerprinting measures the degree to which we can match, for each
participant, a scan from one fMRI condition to their scan from another fMRI condition.
Using our fingerprinting framework, we estimate the participant factor matrix from a
tensor consisting of task (test) fMRI by inputting a tensor consisting of resting-state (retest)
FCs. Given that the scanning length of resting-state is substantially longer than the length
of all fMRI tasks, we consider two scenarios when estimating resting-state FCs: (i) using the
full resting-state time series and (ii) matching (hence reducing) the number of timepoints in
the resting-state time series to the duration of each task (e.g., when pairing with Emotion
task, resting-state FCs are computed using 166 out of the total 1190 time points). In the
latter case, we further explore two strategies for sampling time points of the resting-state
scan: (i) randomly sample time points, and (ii) randomly sample a starting time point in
the range of [1, 1190 − length(task)] and take the randomly sampled starting time point
and its length(task) − 1 consecutive time points.

3.5.1. Between-Condition Fingerprinting with Resting-State Full Scanning Length

The between-condition matching rates when resting-state FCs are estimated using
the time series of the full scanning length are shown in Figure 5. Matching rates ranged
from 76% (Relational) to 91% (Language). In Figure 5, we observe a high sensitivity to
brain parcellation rank, with 414 being the optimal rank. Comparatively, matching rate
also benefits from a higher participant rank. However, the degree to which this occurs
is task-dependent (i.e., a participant rank of 350 is nearly optimal for Emotion, but for
Relational there is a clear benefit in going up to rank 426).

Figure 5. Parcellation rank and participant rank effects on between-condition matching rate for
granularity of Schaefer parcellation 414. The fingerprinting framework was carried out by computing
the ST-HOSVD of a tensor consisting of concatenated resting-state retest FCs (estimated using the
entire scanning length of resting-state BOLD time series) from all participants. The obtained core
tensor and brain parcellation factor matrix were then used to estimate the participants’ factor matrix
of a tensor consisting of concatenated test FCs of fMRI tasks. A similar trend is observed in all plots,
with parcellation ranks of 100 and 200 being insufficient to uncover fingerprints, while the small
increase in parcellation rank from 400 to 414 results in a substantial improvement in matching rates.

In Figure 6, we observe a major increase in between-condition matching rates using
Tucker decomposition when compared to original FCs. The procedure used for computing
the identifiability matrix for original FCs in the between-condition setting was analogous to
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the one in the within-condition setting. Matching rate improvements obtained with Tucker
ranged from 43% (Relational) to 72% (Language).

Figure 6. Between-condition comparison between highest matching rate obtained with the ST-
HOSVD based fingerprinting framework and original FC matrices for parcellation granularity of
414. Despite being the shortest task and the one with worse within-condition fingerprints, Emotion
displays one of the highest between-condition fingerprints. Contrarily, Working Memory possesses
one of the highest fingerprints in the within-condition setting, but one of the lowest in the between-
condition setting.

3.5.2. Between-Condition Fingerprinting with Resting-State Matched-to-Task
Scanning-Length

In order to account for scanning length effects, the between-condition matching rate
results were obtained when resting-state FCs are estimated by matching the time-series
length to each fMRI task. Results are shown in Figure 7. For this analysis, we fixed the
brain parcellation rank to 414, which was the optimal choice in terms of fingerprinting,
as shown in Figure 5. For each participant rank across all between-condition settings, we
computed matching rates with 100 different samplings of time points for the resting-state
time series. In Figure 7A, we display the results of randomly sampling an initial time point
and choosing the remaining time points to be consecutive to it. In Figure 7B, we display the
results of randomly sampling all time points. When comparing both sampling strategies,
randomly sampling all time points is a more robust and effective approach in terms of
fingerprinting, as measured by the standard deviation and mean of each box plot.
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Figure 7. Between-condition matching rates obtained via ST-HOSVD when resting-state FCs are
estimated using time series of equal length to those of each fMRI task for parcellation granularity of
414. The brain parcellation rank was set to 414, and 100 random sampling trials were conducted to
select the time points used to estimate resting-state FCs for each participant rank. (A). Rest (retest)–
task (test) matching rate results when, starting with a randomly sampled time point, consecutive
time points are used to construct resting-state FCs. In this scenario, matching rates grow at an
approximately linear rate with participant rank. (B). Matching rates when randomly sampled time
points are used to construct resting-state FCs. Here, matching rates exhibit a bounded exponential
pattern, reaching a plateau at a participant rank of 350.

3.6. Analysis of Misclassified Participants

Tucker decomposition led to a substantial improvement of matching rates for all fMRI
conditions when compared to using FCs directly. Figure 8 provides additional evidence
of how this is achieved. Figure 8A,B show, for Emotion and resting-state conditions and
parcellation granularity of 414, the identifiability matrices obtained from FCs and ST-
HOSVD along with the within- and between-participant distributions. When compared
to results on FCs, similarities derived from ST-HOSVD tend to be diminished between
participants (centered around 0), while remaining nearly the same within participants.
In Figure 8C–E, the following cases are shown: in Figure 8C, a participant whose Emotion
test and retest FCs are incorrectly matched using both vectorized FCs and ST-HOSVD; in
Figure 8D, a participant whose Emotion test and retest FCs are incorrectly matched using
vectorized FCs but correctly matched using ST-HOSVD; and in Figure 8E, a participant
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whose resting-state test and retest FCs are incorrectly matched using vectorized FCs but
correctly matched using ST-HOSVD.

Figure 8. Comparison between tasks that possess the lowest (Emotion) and highest (Resting-
state) within-condition fingerprints for parcellation granularity of 414. (A). From left-to-right: first
50 × 50 block of the 426 × 426 identifiability matrix derived from vectorized FCs, first 50 × 50 block
of the 426 × 426 identifiability matrix derived from the proposed fingerprinting framework based
on ST-HOSVD, distribution of within-participant (main diagonal entries) and between-participant
(off-diagonal entries) sessions of the FCs identifiability matrix, distribution of within-participant and
between-participant sessions of the ST-HOSVD identifiability matrix. (B). Analogous resting-state
identifiability matrices and distributions. (C). Participant whose Emotion test and retest FCs are
incorrectly matched when computing the identifiability matrix via vectorized FCs and ST-HOSVD.
(D,E). Participants whose Emotion and resting-state FCs are incorrectly matched when computing the
identifiability matrix using vectorized FCs but correctly matched when computing the identifiability
matrix via ST-HOSVD.

4. Discussion

Table 2 shows that under all conditions, Tucker decomposition-based methods (ST-
HOSVD and HOOI) consistently achieve the highest matching rates compared to FCs
and other data-driven techniques. Both methods significantly outperform PCA and CP,
particularly in conditions with fewer time points, such as Emotion and Relational, where
FCs, whether used directly or in combination with PCA, under-perform. The results
highlight the effectiveness of Tucker decomposition techniques in enhancing fingerprinting
accuracy even for fMRI conditions with a short scanning length.

The results presented in Figure 2 provide meaningful insights into the influence of
parcellation granularity on fingerprinting accuracy. The observed matching rate plateau at
higher granularities indicates that beyond a certain threshold, increasing the parcellation
resolution offers diminishing matching rate returns, which could be due to an increase
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in noise in the overall data of each participant. This is consistent with prior findings by
Finn et al. (2015) [7], who showed that measures from FCs estimated with long scan ses-
sions provide meaningful information about individuals even with moderate parcellation
granularity. The significantly higher matching rates for resting-state compared to tasks
aligns with previous research showing that resting-state data captures more stable and
individualized connectivity patterns due to its longer scanning length and more consistent
brain-wide activity [9]. However, it has also been shown that when accounting for scanning
length, resting-state has a lower fingerprint than tasks [13]. Interestingly, the lower perfor-
mance observed for Emotion reflects the challenges of identifying individuals from shorter
or more transient brain states, where brief tasks led to less reliable fingerprinting. The lack
of a strict linear relationship between task length and matching rates across intermediate
conditions suggests that certain cognitive tasks elicit more distinct and stable connectivity
patterns, regardless of their duration. This nuanced relationship highlights the complexity
of functional connectome dynamics, emphasizing the need for both sufficient data length
and appropriate parcellation resolution to maximize fingerprinting reliability.

As shown in Figure 3, compressing the brain parcellation information is detrimental
to fingerprinting, as the highest matching rates were obtained with a brain parcellation
rank of 414. In contrast, compressing the participants specific dimension overall preserves
matching rate, as shown by the high matching rates obtained with participant rank as low
as 150 for Relational, Gambling, Social, Language, Working Memory, and Resting-State,
and have a rank of 300 for Emotion and Motor. The results from this analysis imply that
the dimension of the participants information, represented by the participants rank, can
be considerably compressed while preserving fingerprints. This indicates that there is
some redundancy in inter-participant variability, with not every participant adding new
information to the data. However, it is important to emphasize that the compressibility
of the participants dimension is likely cohort-size dependent, and must, therefore, be
reexamined when dealing with different cohort sizes.

The within-condition results shown in Figure 4A confirm the presence of functional
connectome fingerprints and demonstrate that the proposed framework is particularly
effective in uncovering them, compared to non-decomposed functional connectomes. No-
tably, the obtained fingerprinting results were substantially higher than those obtained
with FCs, especially for parcellation granularity 214, where fingerprinting performance
was notably low (ranging from 37% to 83%). Noting that resting-state achieves matching
rates of 100% in Figure 4A, in Figure 4B, a comparison between tasks and resting-state
is carried out when the FCs of both are computed with an equal number of time-points.
The higher matching rates obtained from Emotion, Relational, and Gambling in comparison
to resting-state suggest that, to some degree, the fingerprints derived from resting-state
stem from the considerably longer duration of resting-state relative to fMRI tasks.

Unlike during fMRI tasks, participants in the resting-state condition are not engaged
with any specific stimulus and, therefore, resting-state FCs encode “baseline” functional
couplings among brain regions. Therefore, between-condition analyses allow us to assess
the extent to which these couplings—captured by the resting-state brain parcellation factor
matrix—can be recovered when participants engage in tasks. Even though extracting
fingerprints in this setting is inherently more challenging compared to the within-condition
setting, we were able to substantially increase matching rates relative to using original FCs.
In Figure 5, it is shown that results are more sensitive to the parcellation and participant
ranks, with a clear benefit in setting both to be the maximum value possible in many
of the tasks. Furthermore, in Figure 6 it is shown that ST-HOSVD provided an even
greater improvement over matching rates relative to FCs compared to the within-condition
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fingerprints. This supports the rationale that baseline functional couplings exist and can
also be effectively uncovered while participants are engaged in a task.

We also explored the effect of reducing the resting-state BOLD time series duration to
match the duration of each task. Doing so enables determining whether the entire scanning
length is necessary to extract “key features” that facilitate obtaining between-condition
fingerprints. From both sampling procedures carried out in this study, it is clear that
randomly sampling time points is the superior strategy for fingerprinting. Comparing
the results of Figure 7A,B, we see that randomly sampling time points of resting-state
scans is not only more effective than sampling them consecutively, but also as effective
as constructing resting-state FCs using the full scan length (as shown in Figure 5). This
result aligns with the fingerprinting improvements seen when sub-sampling frames of
edge-based time-series [46].

The results presented in Figure 8 highlight the effectiveness of the proposed ST-HOSVD-
based framework in enhancing FC fingerprinting relative to using FCs directly. Panels
A and B illustrate the identifiability matrices and participant similarity distributions for
Emotion and resting-state, respectively. The ST-HOSVD framework considerably improves
the separation between within-participant and between-participant similarity, as evident by
the clearer diagonal structure in the identifiability matrices and the sharper peak of the within-
participant similarity distribution. This indicates that the participants factor matrix derived
from ST-HOSVD better captures the individual-specific features of FC patterns compared to
vectorized FCs. Panels C, D, and E, respectively, display qualitative examples in which the
proposed framework fails to correctly match the Emotion FCs of one participant, but succeeds
in matching the FCs of participants that cannot be matched using FCs directly. Visually
speaking, it is easy to see similarities between the FCs from participants 2 and 3, however the
same cannot be said about the FCs from participant 6. While these results demonstrate the
improved fingerprinting capability of the ST-HOSVD-based framework, potential limitations
exist. Factors such as variations in FC stability across tasks or inter-individual differences in
connectivity patterns could influence the framework’s performance. Additionally, differences
in cohort size, scanner parameters, or preprocessing pipelines may affect the generalizability
of the results, and should be further analyzed in future studies.

Both CP and Tucker decomposition are commonly used tensor decomposition tech-
niques for dimensionality reduction and feature extraction purposes. In the context of
fingerprinting, CP falls short due to two key reasons. First, the assumption that the original
high-dimensional data can be reconstructed using non-interacting components is too restric-
tive, as we know that there are innate interactions between brain regions under a functional
connectivity standpoint [47]. Second, due to CP decomposition being a single-rank decom-
position, we cannot freely explore the dynamics of compressing the different dimensions of
the data. Conversely, the Tucker’s core plays a pivotal role in capturing the interactions
between components while giving us the flexibility to explore how different levels of
compression of the brain parcellation and participants’ information affect fingerprinting,
thus overcoming both drawbacks of CP decomposition. However, drawing neuroscientific
insights directly from the factor matrices derived from Tucker decomposition of FCs is
non-trivial due to the existence of the core tensor [21], which captures several interactions
between the components from each factor matrix.

FC fingerprinting, while having the potential to provide valuable insights in clinical
and forensic settings, raises significant ethical concerns regarding privacy, bias, and poten-
tial misuse. The sensitive nature of neuroimaging data, which can reveal information about
an individual’s cognitive state, mental health, or even predispositions to certain conditions,
makes it highly vulnerable to privacy breaches. Without proper anonymization, such data
could be exploited for unauthorized profiling or discrimination. To safeguard privacy,
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robust anonymization techniques, such as de-identification and differential privacy, should
be implemented. Additionally, data security measures, including encryption during storage
and transmission, as well as strict access controls, are essential to prevent unauthorized us-
age. Bias is another concern, as models trained on non-representative datasets may lead to
inaccurate or unfair identifications, particularly in forensic applications. Ensuring diverse,
unbiased datasets and regularly auditing algorithms for fairness can help mitigate this risk.
Addressing these ethical implications is crucial to prevent the misuse of neuroimaging
fingerprinting and protect individual rights.

Our study has limitations. As discussed above in detail, interpreting the factor matri-
ces derived from Tucker decomposition is not straightforward due to the presence of a core
tensor that captures complex interactions between all factor matrices [21]. Additionally,
the proposed fingerprinting framework does not allow for incremental updates to the core
and factor matrices when FCs from new participants are introduced. Rather, the entire
Tucker decomposition and fingerprinting framework would need to be recomputed. Our
study leads to several avenues for further research. When preprocessing fMRI BOLD data,
there is a large number of pipelines, steps, and parameters that can be used, with each spe-
cific configuration possibly leading to different FC estimations and ultimately differences
in fingerprinting. Further work could assess the specific impact of such decisions (e.g.,
global signal regression, bandpass filter) on the association between Tucker decomposition
and matching rates. Also, while Pearson’s correlation is the most widely used coupling
method for fMRI time-series to estimate functional connectivity, other alternatives such as
mutual information should be considered in order to assess the impact of different coupling
methodologies when using decomposition methods to assess fingerprinting. To improve
the interpretability of Tucker decomposition, future work could explore strategies to extract
meaningful neuroscientific insights from the core tensor and factor matrices. One promising
approach is to impose sparsity constraints on the core tensor using L0 or L1 regulariza-
tion, which could help isolate dominant functional connectivity patterns shared across
individuals. Simultaneously, the participant factor matrix would reveal the contribution of
each underlying pattern to an individual’s FC, thereby enhancing interpretability. Another
possible path for deriving neuroscientific insights is to perform post-hoc statistical analyses
by correlating the components from the factor matrices with cognitive or behavioral mea-
sures. Doing so would help bridge the gap between Tucker-based decompositions methods
and neuroscientific interpretation, allowing for a better understanding of how extracted
patterns relate to individual differences in cognition, behavior, or clinical state.

5. Conclusions

In this work, a mathematical framework based on Tucker decomposition is presented
for functional connectome fingerprinting. The ability to project high-dimensional func-
tional connectivity data to lower dimensional spaces enables separately extracting cohort-
level functional patterns, encoded by the brain parcellation factor matrix, and participant-
specific patterns, contained in the participants factor matrix. Through within- and between-
condition analyses, it is shown that the participant factor matrix serves, to a great extent,
as a fingerprint of the participants. This is supported by the obtained matching rates
ranging from 90 to 100% in the within-condition setting, which are consistently higher than
those obtained from FCs directly or PCA, and 76 to 92% in the between-condition setting
for the intermediate parcellation granularity of 414. Furthermore, the results from this
study suggest that fingerprinting of rest vs task is highly dependent on scanning length
(see Figure 4B). For up to 275 TPs (3 min 18 s), resting-state FCs had a smaller matching
rate than their corresponding tasks FCs (Emotion, Relational, Gambling, Social). Beyond
275 TPs, resting-state FCs showed a higher matching rate than their corresponding task FCs
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(Motor, Language, Working Memory). Overall, tensor-based methods demonstrate a high
potential to uncover functional connectivity fingerprints. Our work has implications in
understanding how data-driven decomposition methods enable us to assess fingerprinting
with respect to: (i) brain parcellation granularity from coarse grain (114) to fine grain parcel-
lations (914); (ii) dimensionality reduction for brain parcellation rank and for participants
rank; (iii) scanning length of the fMRI condition; (iv) between and within fMRI condition.
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Abstract: Hypergraph analysis extends traditional graph theory by enabling the study of
complex, many-to-many relationships in networks, offering powerful tools for understand-
ing brain connectivity. This case study introduces a novel methodology for constructing
both graphs and hypergraphs of functional brain connectivity during figurative attention
tasks, where subjects interpret the ambiguous Necker cube illusion. Using a frequency-
tagging approach, we simultaneously modulated two cube faces at distinct frequencies
while recording electroencephalography (EEG) responses. Brain connectivity networks
were constructed using multiple measures—coherence, cross-correlation, and mutual
information—providing complementary insights into functional relationships between
regions. Our hypergraph analysis revealed distinct connectivity patterns associated with
attending to different cube orientations, including previously unobserved higher-order
relationships between brain regions. The results demonstrate bilateral cortico–cortical
interactions and suggest integrated processing hubs that may coordinate visual attention
networks. This methodological framework not only advances our understanding of the
neural basis of visual attention but also offers potential applications in attention monitoring
and clinical assessment of attention disorders. While based on a single subject, this proof-
of-concept study establishes a foundation for larger-scale investigations of brain network
dynamics during ambiguous visual processing.

Keywords: hypergraph; brain connectivity; cognitive neuroscience; visual perception;
electroencephalography (EEG); coherence; cross-correlation; mutual information; neuronal
networks

1. Introduction

Understanding brain connectivity in response to external stimuli is essential for uncov-
ering the mechanisms behind information processing, perception, attention, and decision-
making. Functional connectivity, which identifies active brain regions exhibiting correlated
frequency, phase, and amplitude, can be analyzed in both frequency and time domains [1].
When a sufficiently large population of neurons synchronizes, their collective electrical
activity becomes detectable through brain imaging techniques such as electroencephalog-
raphy (EEG). To examine the emergence and dynamic evolution of functional brain net-
works, researchers often apply complex network theory, grounded in mathematical graph
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theory [2,3]. By representing brain regions as nodes and their interactions as links, this ap-
proach has facilitated the study of biorhythmic connections across different brain areas [4,5].
It has also proven valuable in identifying individual cognitive differences [6], diagnosing
neurological disorders [7–9], and assessing aging-related neural changes [10–13].

EEG-based functional connectivity networks have become essential tools for under-
standing individual variability in brain activation patterns during cognitive tasks [14,15].
These networks provide valuable insights into how different brain regions interact, shed-
ding light on the neural mechanisms underlying attention and other cognitive processes.
Traditional graph-theoretic approaches model functional connectivity by representing
brain regions as vertices and their functional interactions as edges [4]. However, these
methods primarily capture second-order relationships—interactions between pairs of brain
regions—while neglecting higher-order relationships that are fundamental to complex
neural processing.

Since cognitive processes such as attention involve dynamic and multifaceted inter-
actions across multiple brain regions, conventional functional connectivity networks fail
to provide a complete picture by only capturing pairwise relationships. To overcome
this limitation, hypergraph-based connectivity models have been introduced. Unlike
traditional graphs, hypergraphs allow for the representation of multi-node interactions
through hyperedges, enabling a richer and more comprehensive characterization of brain
connectivity.

Hypergraphs have recently gained prominence as an advanced framework for in-
vestigating brain connectivity [16–30]. Unlike conventional graphs that are limited to
pairwise relationships, hypergraphs extend graph theory to model complex, multi-region
interactions simultaneously [31,32]. This approach offers a more nuanced and holistic
view of functional brain networks by capturing the intricate, dynamic interactions among
multiple neural regions. Through hypergraph analysis, researchers can gain deeper insights
into how brain regions integrate, synchronize, and adapt to support cognitive functions,
providing novel perspectives on neural organization and functionality.

Hypergraphs representing brain connectivity have been constructed using neurophys-
iological data from various imaging modalities. Most studies have focused on functional
magnetic resonance imaging (fMRI) data, particularly in the resting state [16–24]. Structural
MRI has also been employed for hypergraph-based connectivity modeling [25]. Addition-
ally, researchers have developed hypergraphs using multimodal data that integrate MRI
with fluorodeoxyglucose positron emission tomography (PET) and cerebrospinal fluid anal-
ysis [29]. Beyond MRI-based studies, both invasive intracranial EEG [26] and noninvasive
EEG [27,28] have been used to construct hypergraphs. Magnetoencephalography (MEG)
data have also been explored in hypergraph-based connectivity studies [30].

The versatility of hypergraph-based connectivity modeling has led to applications in
diverse areas, including emotion recognition [22,27], motor imagery [28], and the diagnosis
of neurological disorders such as mild cognitive impairment [18,21,29], schizophrenia [20],
autism spectrum disorder [24], Alzheimer’s disease [25,29], and epileptic seizure detec-
tion [26]. Many of these studies employ correlation-based metrics to measure functional
connectivity, with Pearson correlation being a widely used approach for quantifying neu-
ral interactions [33]. Given the importance of attentional processes in cognitive health,
hypergraph-based connectivity models offer a promising avenue for understanding the
neural mechanisms underlying attention and related cognitive functions.

Attention is a crucial cognitive function, and its impairment is associated with various
neurological and psychiatric disorders, including cognitive decline, dementia, attention
deficit hyperactivity disorder, and autism spectrum disorder. These conditions affect
a broad range of cognitive and behavioral abilities, such as learning, problem-solving,
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communication, and social interaction. Individuals with attention deficits may struggle
to express their experiences or understand others’ perspectives, which can hinder their
development of essential social and learning skills. Electroencephalography (EEG) is a
widely used modality for assessing attention. While many studies have focused on the
relationship between P-300 event-related potentials and attention in EEG signals, others
have explored spectral analysis as an alternative approach [34–38]. The use of hypergraphs
to model brain connectivity could provide deeper insights into the neural mechanisms
underlying attention deficits by capturing the complex, multi-dimensional relationships
within brain networks. This approach may complement traditional EEG-based methods,
offering a more comprehensive understanding of attention-related impairments and their
neural correlates.

This study is motivated by the growing interest in machine learning techniques for
the early diagnosis and prediction of neurodegenerative diseases based on hypergraphs of
brain connectivity. The primary objective of this study is to develop a method for construct-
ing hypergraphs of brain connectivity to enhance our understanding of brain functionality
during figurative attention. Unlike traditional pairwise graphs, hypergraphs provide a
more comprehensive representation by capturing the most significant connections and
disconnections across multiple brain lobes, identified through different connectivity mea-
sures such as coherence, correlation, and mutual information. To investigate this, we use
the Necker cube—an ambiguous figure requiring attentional focus for orientation inter-
pretation (left- or right-facing). EEG data is recorded while the participant performs three
cognitive tasks: (i) passive viewing without interpreting the cube’s orientation (MI), (ii)
imagining the cube as left-oriented (MLV), and (iii) imagining it as right-oriented (MRV).
Task (i) serves as a baseline for involuntary attention, whereas tasks (ii) and (iii) assess
voluntary attention. By comparing brain connectivity patterns across these conditions, we
aim to identify changes in connectivity associated with voluntary and involuntary atten-
tion. These insights contribute to understanding how figurative attention influences brain
network dynamics, particularly in sustaining focus on a specific perceptual interpretation.

A graphical framework of our study is presented in Figure 1.

Figure 1. Main steps for constructing hypergraphs of brain connectivity during figurative attention.
EEG data are recorded while the subject performs three cognitive tasks: MI, MLV, and MRV. Based
on three connectivity measures (coherence, correlation, and mutual information), corresponding
pairwise graphs are constructed. A sparsification procedure is then applied to generate hyper-
graphs that capture higher-order interactions associated with attention to the left-oriented and
right-oriented cube.

To the best of our knowledge, this work presents the first hypergraph-based analysis of
functional brain connectivity associated with attention. We demonstrate how hypergraphs
can be constructed to represent brain connectivity patterns associated with attention,
which may, in the future, contribute to the diagnosis and prediction of attention-related
disorders. Using EEG data from a subject exhibiting strong attentional engagement, we
construct both pairwise graphs and hypergraphs based on three important connectivity
measures—coherence [39], cross-correlation [40], and mutual information [41]. Our analysis
investigates how functional connectivity differs when the subject actively focuses on one
interpretation of the Necker cube’s orientation compared to a neutral attentional state.
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The remainder of this paper is organized as follows: Section 2 introduces the mathe-
matical foundations underlying our methods. Section 3 details the experimental paradigm
and methodology. Section 4 describes the procedures for analyzing the experimental EEG
data. Sections 5 and 6 present results on the construction of attention-based pairwise graphs
and hypergraphs, respectively. Section 7 provides an in-depth discussion of our findings,
followed by key conclusions in Section 8. Additional details on graph construction are
included in the Appendices.

2. Mathematical Basis

In this section, we provide the most important definitions of pairwise graphs and
hypergraphs, as well as the measures of brain connectivity that we utilize in this study:
coherence, cross-correlation, and mutual information.

2.1. Main Definitions

A plain graph G is an abstract mathematical structure composed of a finite set of n
vertices (or nodes) V and a set of m edges (or links) E, where each edge represents an
interaction between a pair of vertices. Mathematically, the plain graph is defined as

G = (V, E), V = {v1, . . . , vi, . . . , vn}, E = {v1, . . . , vj, . . . , vm}. (1)

The plain graph is commonly represented by its adjacency matrix A, which can be
either binary (indicating the presence or absence of a connection between two vertices) or
numerical (reflecting the strengths or weights of the connections between edges). A graph
with labels assigned to its edges and vertices is referred to as a labeled graph . A label of
edge j is its weight w(ej) (or connectivity measure), i.e., Lab(ej) = w(ej), while a label of
vertex i is the sum of weights of all edges which connect this vertex with other nodes, i.e.,

Lab(vi) =
m

∑
j

w(ej){ej∼vi}, (2)

where w(ej){ej∼vi} is the indicator function, equal to weight w(ej) of edge j if this edge is
incident to vertex i, and 0 otherwise.

In contrast to a plain graph, where an edge connects only two vertices, a hypergraph
generalizes this concept by allowing a single edge, called a hyperedge, to connect more
than two vertices [31,32]. Formally, a hyperedge is defined as a collection of links that
connect two or more edges with significantly correlated temporal or spectral profiles.
Thus, a hypergraph is defined by a set of such hyperedges and nodes, offering a powerful
framework for modeling and analyzing complex relationships, particularly in systems such
as brain networks.

To illustrate this, consider a brain neural network that is conventionally partitioned
into n distinct regions, referred to as nodes or vertices. Signals from these regions can be
recorded using various neuroimaging modalities, such as EEG, MEG, or fMRI. When the
brain is exposed to a stimulus, neuronal activity in specific regions associated with the
stimulus is either activated or deactivated, and information about this process is encoded
in the corresponding vertices. By capturing the relationships between these regions, a
hypergraph H is defined by a set of n vertices V and a set of m hyperedges E as

H = (V , E), V = {v1, v2, . . . , vi, . . . , vn}, E = {e1, e2, . . . , ej, . . . , em}, (3)

where each hyperedge ej ∈ E represents a specific measure of connectivity. In this work, we
consider widely used measures of brain connectivity, such as coherence, cross-correlation,
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and mutual information. These measures can be computed for specific spectral bands and
time intervals of interest, allowing for a detailed characterization of functional relationships
within the brain.

A hypergraph is characterized by its order and size. The order refers to the number
of vertices |V| = n, while the size corresponds to the number of hyperedges |E | = m.
Furthermore, both vertices and hyperedges are associated with a degree (Deg), which
quantifies their connectivity within the hypergraph. Specifically, the degree of a vertex
v ∈ V is defined as the number of hyperedges incident to it, whereas the degree of a
hyperedge v ∈ E is defined as the number of vertices incident to it. Mathematically, these
degrees can be expressed as follows:

Deg(v) = ∑
e∈E

1{v∈e} and Deg(e) = ∑
v∈V

1{v∈e}, (4)

where 1{·} is the indicator function, equal to 1 if the condition is satisfied and 0 otherwise.
These degree measures provide insights into the topological structure of the hypergraph,
highlighting the centrality of vertices and the complexity of hyperedges in capturing
higher-order interactions.

If a vertex v is covered by two or more hyperedges, we say that these hyperedges are
adjacent through v (ei ∼ vj). Similarly, the vertices covered by a hyperedge e are considered
adjacent through e (vj ∼ ei).

A hypergraph H can be represented in several equivalent forms, including an inci-
dence graph, an incidence matrix H = {0, 1}|V|×|E|, and a hyperedge weight matrix W .

An incidence graph (also known as a bipartite graph representation) is a way to rep-
resent a hypergraph by transforming it into a standard graph. In this representation,
the hypergraph’s vertices and hyperedges are treated as two distinct sets of nodes in a
bipartite graph.

The incidence matrix is defined as

H[i][j] =

⎧⎨
⎩1, if vi ∈ ej,

0, otherwise,
(5)

where vi ∈ V represents the i-th vertex and ej ∈ E represents the j-th hyperedge. This matrix
captures the membership of vertices in hyperedges, providing a binary representation of
the hypergraph structure.

A hyperedge weight matrix W encodes the significance of each hyperedge in the hy-
pergraph. Specifically, the weight of each hyperedge ej is located at the corresponding
diagonal entry of W , such that

diag(W) = [w(e1), w(e2), . . . , w(e|E|)], (6)

where w(ej) represents the weight of the j-th hyperedge. In this work, the weight w(ej) is
defined as the degree of the hyperedge ej, i.e., Deg(ej). This weighting scheme reflects the
topological importance of each hyperedge within the hypergraph.

A hypergraph can be modified by transforming vertices into edges (V → E ) and
vice versa. This transformation is called “duality of hypergraphs” and is denoted as
H = (V , E) → H∗ = (E ,X ), where X = {x1, x2, . . . . . . , xn}, with xi representing the set of
all edges E incident to vertex vi. The degree of vertices in a dual hypergraph H∗ is equal to
the degree of hyperedges in H, while the degree of the hyperedges remains unchanged
from H. This relationship can be expressed as follows:

Deg(vi) = Deg(xi), Deg(ei) = Deg(ei). (7)
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Several hypergraphs can be represented as multilayer hypergraphs, which general-
ize both hypergraphs and multilayer networks to model complex relationships in multi-
dimensional or multi-modal data. This framework extends traditional hypergraphs by
incorporating multiple layers, where each layer represents a distinct context, domain, or
interaction type among entities.

A multilayer hypergraph is formally defined as follows:

H = (V , E ,L), (8)

where L is the set of layers. Each layer represents a different context, interaction type, or
domain. Each layer represents a different context or interaction type, and hyperedges can be
associated with one or more layers, enabling the representation of complex, heterogeneous
relationships beyond simple pairwise connections.

Key properties of multilayer hypergraphs include the following: (i) cross-layer
connectivity—nodes can belong to multiple layers, allowing hyperedges to span across
different layers, (ii) layer-specific interactions—each layer captures a distinct type of in-
teraction, such as coherence, correlation, or mutual information, and (iii) heterogeneous
hyperedges—hyperedges can vary in size and exist across multiple layers, enabling flexible
modeling of higher-order relationships. By leveraging these properties, multilayer hyper-
graphs provide a powerful framework for analyzing brain connectivity across different
cognitive states or regions.

Another common approach to representing higher-order relationships is the clique
expansion of a hypergraph. In this transformation, each hyperedge is replaced by a clique—a
complete subgraph—connecting all vertices within that hyperedge. This method is widely
used to approximate hypergraphs with graphs. The clique expansion algorithm constructs
a graph G from the original hypergraph H by replacing each hyperedge with edges between
every pair of its vertices [42]. Thus, the vertices in a hyperedge e form a clique in G. In the
weighted clique expansion, each edge within the clique corresponding to hyperedge e is
assigned a weight w(e), reflecting the discriminative model used in the transformation.

2.2. Summarization

Graphs of real datasets are often very massive. For example, the graph constructed on
the basis of the MEG data has 306 nodes, each representing time series recorded by magnetic
sensors [30,43]. The manipulation of such large networks requires high computational
capacity and extensive time. To decrease the communicational cost, a graph summarization
technique is used [44]. Summarization methods allow one to reduce the graph size by
extracting the most important information from the original graph. Then, the resultant
summary graph can be queried, analyzed, and understood more efficiently using existing
tools and algorithms. The resultant graph can more easily visualize the dataset that is
originally too large to load into memory. In addition, real graph data are frequently large
scale and considerably noisy, with many hidden, unobserved, or erroneous links and labels.
Such noise hinders analysis by increasing the workload of data processing and hiding the
more important information. Summarization serves to filter out noise and reveal specific
features in the data.

Summarization is application-dependent and can be made using various methods.
The most popular summarization techniques are node grouping and edge grouping. While
the node-grouping methods recursively aggregate nodes into “supernodes” based on an
application-dependent optimization function, which can be based on structure and/or at-
tributes, e.g., clustering techniques and map each densely connected cluster to a supernode,
edge-grouping methods aggregate edges into hyperedges. In this paper, we apply the latter
approach that compresses neighborhoods around high-degree nodes, accelerating query
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processing and enabling direct operations on the compressed graph. The edge-grouping
method was used by Maccioni and Abadi [45], who introduced “compressor nodes”, which
represent common connections of high-degree nodes. They assumed that high-degree
nodes are surrounded by redundant information that can be synthesized and eliminated.
To provide global guarantees and reduce the scope of compressor handling during query
processing, dedensification only occurs when every node has at most one outgoing edge to
a compressor node, and every high-degree node has incoming edges coming only from a
compressor node. These guarantees are then used to create query processing algorithms
that enable direct pattern matching queries on the compressed graph.

Other summarization techniques imply simplification or sparsification. These methods
streamline an input graph by removing less “important” nodes or edges, resulting in a
sparsified graph. In the brain connectivity network, some edges are more indicative of
predicting cognitive performance. Therefore, the node grouping layer is designed to
“hide” the non-indicative (‘noisy’) edges by grouping them into a cluster (supernode),
thus highlighting the indicative edges. Finally, there are influence-based approaches that
aim to discover a high-level description of the influence propagation in large-scale graphs.
Techniques in this category formulate the summarization problem as an optimization
process in which some quantity related to information influence is maintained.

The output of a summarization procedure can take one of two forms: (i) a sparsified
graph, which retains only a subset of nodes and/or edges from the original graph, or (ii) a
hypergraph composed of selected nodes united by hyperedges. Unlike traditional graphs,
hypergraphs allow nodes to belong to multiple hyperedges, enabling the representation
of complex, higher-order relationships within the data. In this paper, we integrate both
approaches, leveraging sparsified graphs as a foundation to construct hypergraphs that
model brain connectivity associated with attention. This combined methodology enables
the capture of intricate neural interactions while maintaining computational efficiency,
providing a robust framework for analyzing attention-related brain networks.

2.3. Coherence

One of the key measures to quantify neuronal synchrony is event-related coherence [39,46,47].
It examines the frequency-domain relationship between two signals, reflecting the extent to
which their spectral components are synchronized. Specifically, it assesses the consistency
of the relative amplitude and phase between two signals within a given frequency range.
Mathematically, it is a linear method that generates a symmetrical matrix, which lacks
directional information. When two signals are identical, the coherence value is 1, whereas
it approaches 0 as the signals become increasingly dissimilar. Since its introduction, co-
herence has been widely employed in brain connectivity studies involving both patients
and healthy individuals. These studies span a diverse range of applications, including
working memory [48], brain lesions [49], hemiparesis [50], resting-state networks [51],
schizophrenia [52,53], responses to panic medications [54], and motor imagery [55]. Due
to the inherent variability in human brains, distinct patterns of coherent neuronal activity
have been observed across individuals. For instance, when exposed to flickering visual
stimuli, subjects exhibit coherent responses in the visual cortex at the flicker frequency and
its harmonics, with varying sizes of coherent neural networks [43,56].

Coherence between two signals (X(t) and Y(t)) is defined as

CohXY( f ) =
PXY( f )2

PXX( f )PYY( f )
, (9)
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where PXX( f ) and PYY( f ) are the auto spectral densities of X(t) and Y(t) signals, respec-
tively, and PXY( f ) is the cross-spectral density. The coherence function estimates the extent
to which Y(t) may be predicted from X(t) by an optimum linear least squares function.

Coherence values always satisfy CohXY( f ) ∈ [0, 1]. In our study, since we focus on the
changes in coherence induced by attention (ΔCoh), these differences can be either positive
or negative, thus satisfying ΔCoh ∈ [−1, 1]. In the subsequent analysis, we will refer to an
increase in coherence (ΔCoh > 0) as coherence and a decrease in coherence (ΔCoh < 0) as
anticoherence. This distinction allows us to better characterize the dynamic shifts in neural
connectivity associated with attentional processes.

2.4. Cross-Correlation

Unlike previous studies that rely on Pearson correlation for constructing functional
connectivity networks [57,58], our approach employs cross-correlation analysis. The Pear-
son correlation has several limitations, including sensitivity to delays in neural responses
and potential confounding effects from other brain regions. To address these issues, we
used cross-correlation analysis, selecting the optimal time delay at which correlation
is maximized.

Cross-correlation measures the similarity between two time series as a function of the
time lag between them. This method provides a robust and sensitive approach for analyz-
ing EEG signals recorded simultaneously from different channels, independent of their
amplitudes [40]. By accounting for time lags, cross-correlation allows for the evaluation
of relationships between signals not only at the same moment but also at different time
points, offering deeper insights into temporal dependencies and synchronization patterns
in neural activity.

The normalized cross-correlation between two EEG channels x(t) and y(t), at a given
time lag τ, is calculated as follows:

Corrxy(τ) =
∑t(x(t)− x)(y(t + τ)− y)√
∑t(x(t)− x)2 ∑t(y(t)− y)2

, (10)

where x and y demote the mean values of x(t) and y(t), respectively. For each pair of
channels, we identify the time lag τ at which Corrxy attains its maximum value and use
this peak correlation value in our subsequent analysis. This approach ensures that we
capture the strongest temporal relationship between the signals, providing a robust basis
for reconstructing a functional connectivity network.

Cross-correlation values range from −1 and 1. To analyze changes in cross-correlation
induced by attention, we define the difference in cross-correlation (ΔCorr), which can take
values between −2 and 2. For clarity, we refer to cases where ΔCorr > 0 as correlation
and cases where ΔCorr < 0 as anticorrelation. This distinction helps characterize neural
connections that emerge (increased synchrony) and disappear (decreased synchrony) due
to attention.

2.5. Mutual Information

Since its introduction by Shannon [59], mutual information has been used across
various fields to quantify coupling or information transmission between systems [60]. In
neuroscience, several studies have employed mutual information analysis to investigate
information transfer in the brain. For example, Jeong et al. [41] applied this method to
multi-channel EEG data to assess information flow between cortical regions in Alzheimer’s
disease (AD) patients.

Cross mutual information (CMI) measures the information gained about one system
from observing another, in contrast to auto mutual information, which quantifies mutual
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information between two parts of he same time series x(t) separated by a lag τ. Unlike
traditional correlation functions, which capture only linear dependencies, CMI detects
both linear and nonlinear statistical relationships between time series. CMI between
measurement xi from system X and yj from system Y represents the amount of information
xi provides about yj. Thus, CMI serves as a measure of dynamical coupling or information
transmission between X and Y. When applied to EEG data, it can be interpreted as an
indicator of functional connectivity between brain regions. If two systems are entirely
independent, their CMI is zero, meaning no information is transmitted between them.
Therefore, in our case, CMI quantifies the information flow between different brain areas.

CMI is calculated as

In f (X, Y) = ∑
x∈X

∑
y∈Y

p(x, y) log2

(
p(x, y)

p(x)p(y)

)
, (11)

where p(x) and p(y) are the normalized histograms of the distributions of measurements x
and y, respectively, and p(x, y) denotes their joint probability density.

In this study, we compute the time-delayed CMI, In f (X(t), Y(t+ τ)), which quantifies
mutual information between EEG signals from each pair of channels as a function of a time
delay. To assess information transmission between different cortical areas, we select the
peak CMI value within a time delay range of 0 ± 500 ms for each electrode pair.

CMI measures the degree of dependence between X and Y, ranging from 0 to
entropy H of X. A value of In f (X, Y) = 0 indicates mutual independence, whereas
In f (X, Y) = H(X) signifies that one signal completely determines the other. Similar to
coherence and correlation measures, changes in CMI due to attention (ΔI) can be either
positive or negative. Specifically, positive values (ΔI > 0) indicate information gain, while
negative values (ΔI < 0) correspond to information loss.

3. Materials and Experimental Methods

3.1. Participant

In this case study, we analyze the EEG data of a healthy 22-year-old female subject,
recorded during experiments using a flickering image paradigm. This study was conducted
at the Center for Biomedical Technology, Universidad Politécnica de Madrid, Spain. This
subject was selected from a pool of 28 subject participants as the one demonstrating the
highest level of attention (subject #2 from [38]). Before the experiment began, the subject
provided written informed consent, ensuring anonymized data processing and compliance
with data protection regulations. The subject was also briefed on the experiment’s objectives
and duration. The EEG study followed the ethical guidelines of the Declaration of Helsinki
and was approved by the Ethics Committee of the Universidad Politécnica de Madrid
(Ethics Approval Code: 2020-096) prior to participant recruitment.

3.2. Stimulus

The subject was presented with a visual stimulus—the Necker cube—displayed as a
white line drawing on a black screen. The image, approximately 10 × 10 cm in size, was
shown on a 22-inch liquid crystal monitor with a refresh rate of 60 Hz and luminance of
100 cd/m2. The Necker cube was chosen for its ambiguous nature, allowing for perceptual
alternation between left and right orientations.

The cube’s pixel brightness alternated between black (0 in an 8-bit format) and gray
(200) following a square-wave modulation. This modulation was applied at frequencies
fL = 6.67 Hz and fR = 8.57 Hz to the left and right faces of the cube, respectively, consistent
with previous studies [43,56]. These modulation frequencies generated frequency tags in
the fast Fourier transform (FFT) spectra of the EEG signal, particularly in spectral regions
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around 6.15 < f1 < 6.75 and 8.00 < f2 < 8.60 within the visual cortex. To present the
visual stimuli, we developed custom software using the PsychoPy 2024.2.5 and Python
3.12.4 platforms.

3.3. Experimental Setup

The EEG recording setup consisted of a 16-channel LIVEAMP amplifier, a standard
wireless 16-channel cap, a reference channel, and a ground channel. The cap was fitted
with slim active electrodes from EASYCAP GmbH (Wörthsee, Germany). To enhance
conductivity, a conductive gel was applied to each electrode.

The experiments took place in a dimly lit room, with the subject seated comfortably
in front of a computer monitor positioned 80 cm away. The visual stimulus subtended an
approximate viewing angle of 8 degrees.

The EEG signal was recorded using BrainVision Recorder (version 1.27) from Brain
Products GmbH, a highly reliable software for EEG signal acquisition. One of its key
features is real-time impedance monitoring, which ensures optimal electrode-to-scalp
contact by detecting potential faulty connections and maintaining impedance below the
predefined threshold of <10 kΩ. EEG data were sampled at a rate of 500 Hz.

The data acquisition details can be found in Appendix A.

3.4. Experimental Paradigm

The experiment comprised a series of Necker cube presentations, each lasting ap-
proximately 30 s, with 20 s intervals between presentations. During these intervals, the
subject was allowed to blink. EEG recordings were continuously conducted throughout
cube observation to monitor brain activity in real time.

Before the main experiment, the participant underwent a training session using a
non-flickering Necker cube to familiarize herself with distinguishing between left- and
right-oriented perceptions. The subject was instructed to complete three tasks: (1) observing
the first cube image without interpreting its orientation, (2) perceiving the second cube
image as left-oriented, and (3) perceiving the third cube image as right-oriented.

In the main experiment, the subject performed similar tasks but with a flickering
(modulated) Necker cube. The first task involved passive observation of the cube without
interpretation of its orientation (MI: modulated involuntary). In the second task (MLV:
modulated left voluntary) and third task (MRV: modulated right voluntary), the subject
was instructed to voluntarily perceive the cube as left- or right-oriented, respectively.

Figure 2 illustrates how the subject perceives the left and right cube orientations. The
way the cubes are perceived depends on the task (MLV or MRV). Figurative attention to a
specific cube orientation leads to the activation and deactivation of different neural path-
ways. The passive viewing condition (MI) is not included because the brain’s perception is
unstable, alternating between left- and right-cube orientations.

To minimize artifacts caused by eye movements and blinking, the subject was in-
structed to maintain focus on a red dot at the center of the cube and to avoid blinking
during stimulus presentation. EEG preprocessing further reduced artifacts from involun-
tary eye movements and blinking.

Each task was repeated twice per participant, with a 2 min break between trials to
allow for rest. Before each experiment, electrode conductivity was assessed to ensure
optimal signal quality, maintaining electrode impedance below 10 kΩ.
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Figure 2. Visual stimulus. In the MLV and MRV tasks, the Necker cube, with its left and right faces
modulated at frequencies of 6.67 Hz and 8.57 Hz, is voluntarily perceived as left- or right-oriented,
respectively. The right side illustrates the mental images generated by the brain when the subject
views the same stimulus.

4. Experimental Data Analysis

The preliminary analysis of the recorded EEG signals was performed using the follow-
ing: (i) Artifact removal to clean the raw data; (ii) Frequency spectrum analysis to identify
relevant frequency regions; (iii) Wavelet analysis to determine time intervals associated
with voluntary attention.

Data analysis was conducted using MATLAB (R2024b), Brainstorm [61], and Brain-
Vision Analyzer 2.2.2 from Brain Products GmbH (Gilching, Germany). The EEG dataset
utilized in this study is publicly available [62].

4.1. Artifact Removal

The analysis of the raw EEG data started with artifact removal, one of the most critical
aspects of data processing. To ensure optimal processing of EEG signals, we identified and
eliminated endogenous artifacts (arising from within the subject) and exogenous artifacts
(external to the subject), such as interference from nearby electronic equipment, flashing
lights, environmental noise, facial muscle movements, and eye blinks.

First, we executed the following steps in data preprocessing: (1) After examining
the raw signals, we identified time intervals that delineated the beginning and end of the
response to applied visual stimulation. (2) We minimized a continuous global current
trend using the method described in [63]. This procedure improved the signal quality and
facilitated the detection and correction of ocular artifacts during post-processing. (3) We
removed endogenous and exogenous noise and focused on the frequencies of our stimuli.
For these aims, we applied infinite impulse response (IIR) filters, specifically, 4th-order
zero-phase shift Butterworth filters. Two types of filters were used: (i) band rejection (Notch
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Filter) to attenuate or eliminate the electrical network frequency (50 Hz in Spain) and the
refresh rate of the monitor used for visual stimulation (60 Hz), with a bandwidth of 0.1 Hz,
and (ii) 4th-order bandpass filter (BIF) of 4–20 Hz to concentrate on the frequencies of
interest. These filters allowed us to filter out or attenuate unwanted frequency components
present in the EEG signals.

Subsequently, we removed ocular artifacts, which can interfere with the detection and
analysis of cortical responses as electrical activity resulting from eye movements; blinking
can contaminate brain signals. To ensure that these artifacts did not distort the results or
complicate the analysis, we carefully examined the brain signals associated with visual
stimuli. Since the eyes behave like a dipole, with the cornea serving as the positive part
and the retina as the negative part of the dipole, the identification of ocular artifacts is
relatively straightforward. Vertical electro-oculogram artifacts (VEOG) and horizontal
electro-oculogram artifacts (HEOG) exhibited electrical potentials ranging from 0.4 to
1.0 mV.

To mitigate the impact of ocular artifacts arising from vertical eye movements
(VEOG) and lateral eye movements (HEOG) identified by inspection of raw time se-
ries, we used the Ocular Correction ICA method in BrainVision Analyzer 2.2.2, using the
following algorithms:

(i) Reference to frontal channels: Since our EEG equipment did not include electro-
oculography electrodes, we used frontal channels (F7 and F8) as references for the
ocular correction ICA. Cumulative quadratic correlation allows the precise removal of
relevant components without losing neuronal information. The FP1 channel served as
a common VEOG reference to detect vertical artifacts.

(ii) Infomax Extended ICA algorithm: This algorithm improves the efficiency of artifact
correction compared to standard ICA while preserving the neuronal signal of interest.
Additionally, a Quality Control process is incorporated to ensure the validity of the
obtained results. This approach enables the effective identification and reduction of
ocular artifacts in EEG signals, thus facilitating the subsequent analysis of cortical
responses associated with the visual stimulus by eliminating or mitigating interference
from eye movements and blinks.

(iii) Value trigger algorithm: This algorithm facilitated the detection of characteristic pat-
terns, such as blinks. Blinks were identified on the basis of their absolute magnitude,
with definitive blink movements determined using the correlation method. The blink
detection threshold (blink value trigger) was set at 97%, which means that any value
above this threshold was recognized as a blink. The selection of the 97% activation
threshold for blink detection was based on experimental analysis using data from
28 participants. During threshold optimization, lower values significantly increased
the rate of false positives, compromising the integrity of the neuronal signal. The 97%
threshold was identified as the optimal balance between sensitivity and specificity,
allowing robust identification of ocular artifacts without affecting the underlying
signal. The signal correlation was established at 70% relative to a predefined blink
template. This algorithm enhances detection accuracy by ensuring that triggers are
only activated for signals with a high morphological similarity to a characteristic blink
pattern, thereby reducing the erroneous detection of other artifacts. Additionally, a
visual analysis using back-projection (Inverse ICA) was implemented as a validation
method. This technique allowed the eliminated components to be projected back into
the original domain, facilitating a visual inspection of the processed data. This proce-
dure confirmed that ocular artifact suppression was performed selectively, preserving
relevant neuronal activity while minimizing EEG signal distortion.
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These values were experimentally determined by considering their influence on atten-
uating the signal of interest in the spectral regions of f1 and f2 in the occipital lobes
(O1, Oz, O2 channels).

Lastly, we conducted ICA to find the optimal unmixing matrix to separate indepen-
dent sources using statistical methods. To assess component independence, methods such
as Maximum Negentropy, Kurtosis, Maximum Likelihood, and Mutual Information were
employed. The optimization process for the optimal unmixing matrix ended when the
maximum time independence of the components was achieved within a maximum number
of steps or iterations. For this process, the extended nondeterministic INFOMAX algo-
rithm with a maximum of 512 steps was selected as the optimal configuration. This ICA
training method was adjusted after each convergence step to enhance signal separation.
Convergence was deemed achieved when the algorithm reached a stable solution, favor-
ing Independent Components (ICs) with Kurtosis (K) values greater than 0 (indicating
components with a non-Gaussian distribution) and less than 0 for noise, such as electrical
network noise.

Following decomposition into ICs, quality control was performed by examining the
number of steps used in decomposition of the ICs and comparing them with components
initially flagged as possible ocular artifacts during visual inspection of the raw time series.
As a final step, an inverse ICA of ICs and topographic retroprojection were performed
to determine the brain lobes to which these possible signals corresponded. The analysis
involved a comprehensive evaluation of the properties of IC, including their waveforms
over time, energy, and kurtosis (K < 0, K = 0, K > 0).

It should be noted that ICA was performed on full-rank data without any preprocess-
ing steps that could affect its rank [64].

4.2. Spectral Analysis

The FFT method enables the examination of a signal’s frequency spectrum, which is
essential for identifying frequency tags associated with flickering visual stimuli. In this
study, we focus on the tag frequencies corresponding to the two perceived orientations of
the Necker cube: fL for the left-oriented cube and fR for the right-oriented cube.

To ensure optimal analysis resolution, we implemented an FFT algorithm designed
to operate on power-of-2 segmentations. The EEG signals were segmented into 30 s trials
based on the duration of each task (MI, MLV, or MRV). Following preprocessing and
artifact removal, the FFT was computed for 20 s frames with a 1 s overlap to reduce noise.
This configuration maximized spectral resolution, allowing for efficient and precise signal
decomposition in the frequency domain. As a result, we could efficiently identify the
spectral characteristics associated with each cube orientation when analyzing EEG signals.

The FFT spectra of the MI, MLV, and MRV tests are shown in Figure 3. Distinct spectral
peaks can be observed near the modulation frequencies within the ranges 6.15 < f1 < 6.75
and 8.00 < f2 < 8.60. The brain does not respond on discrete frequencies due to two factors:
(i) the modulation signal is not harmonic, and (ii) slight variation in the modulation signal
occurs throughout the experiment, influenced by computer load and memory fluctuations.

By comparing the spectrum obtained for involuntary attention (MI) shown in Figure 3a
with the spectra for voluntary attention to the left-oriented cube (MLV), shown in Figure 3b,
and to the right-oriented cube (MRV), shown in Figure 3c, it can be observed that the
spectral amplitude at f1 dominates the amplitude at f2 when the subject perceives the cube
as left-oriented (Figure 3b), and the spectral amplitude at f2 dominates the amplitude at f1

when the subject perceives the cube as right-oriented.
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(a)

(b)

(c)

Figure 3. FFT spectra of preprocessed EEG from the O1 channel during (a) MI, (b) MRV, and (c) MLV
tasks. The vertical dashed lines bound frequency regions of interest ( f1 and f2), representing the
brain response to stimulus modulation.

4.3. Wavelet Analysis

The wavelet analysis provides a detailed view of how spectral energy fluctuates over
time, offering insights into the dynamic nature of decision-making processes as captured
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through neurophysiological data. The wavelet power spectrum serves as a quantifiable
metric, enabling the precise measurement of these temporal changes [43,65–70].

While the spectra depicted in Figure 3 were computed over the entire 30 s EEG
time series, it is important to note that sustained attention is not maintained uniformly
throughout this period. To identify specific time windows during which attention was
focused, we employed wavelet analysis. Using the Morlet wavelet, we were able to pinpoint
intervals where attention was predominantly directed toward one interpretation of the
cube over another.

The temporal dynamics of the cube’s orientation interpretation were explored through
continuous wavelet transform (CWT) analysis, implemented using the Brainstorm software
(version 3.4.0.0). This method allowed us to investigate how attention shifted over time,
revealing the moments when the subject focused attention on specific interpretations of
the cube. By leveraging wavelet analysis, we gained a more granular understanding of the
temporal patterns underlying attentional processes during the task.

Figures 4a,b depict the variations in wavelet energy corresponding to figurative
attention directed towards the left (MLV) and right (MRV) cube orientations, respectively.
The wavelet energy was calculated using the following equation:

W( f , t) =
√

f
∫ t+4/ f

t−4/ f
X(t)ψ∗( f , t)dt, (12)

where the asterisk (*) denotes the complex conjugate, X(t) represents the analyzed EEG
signal, and ψ( f , t) is the complex-valued Morlet wavelet, chosen as the mother wavelet.
The Morlet wavelet is defined as follows:

ψ( f , t) =
√

f π1/4eiω0 f (t−t0)e f (t−t0)
2/2 (13)

with ω0 = 2π f0 being the central frequency of the Morlet wavelets, i =
√−1 the imaginary

unit, and t0 representing the time shift parameter. This formulation allows for a precise
analysis of the temporal and spectral characteristics of the EEG signal, capturing the
dynamic shifts in attention during the task.

It is evident that the prominence of specific components corresponds to the subject’s
directed attention towards either the left or right orientation of the cube. The spectral
component at f1 is dominant when the subject perceives the cube as left-oriented (Figure 4a),
while f2 prevails when the cube is interpreted as right-oriented (Figure 4b). As shown in
Figure 4, spectral energy at f1 dominates during the time interval tL ∈ [6.88, 28.12] seconds
in the MLV test, whereas spectral energy at f2 dominates during the interval tR ∈ [3.94, 30]
seconds in the MRV test. In the subsequent analysis, connectivity is calculated within these
identified time intervals.

(a)

Figure 4. Cont.
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(b)

Figure 4. Wavelets from channel O1, illustrating the spectral energy associated with figurative
attention directed towards (a) left-cube (MLV) and (b) right-cube (MRV) orientations. The peak
wavelet energy is observed within distinct frequency regions: (a) f1 when the subject perceives the
cube as left-oriented, and (b) f2 when the subject perceives the cube as right-oriented. The frequency
ranges f1 and f2 are demarcated by horizontal dashed lines, highlighting the specific bands where
attentional focus is most pronounced.

5. Graph Construction

In this section, we construct brain connectivity networks associated with figurative
attention using three widely used measures: coherence, cross-correlation, and mutual infor-
mation. These measures allow us to examine how attention influences both connectivity
and disconnectivity between different brain regions. During an attentive state, connectivity
between some brain areas may increase, while in others, it may decrease. To capture this
dynamics, we construct separate graphs for positive and negative connectivity changes.

The connectivity measures C = {Coh, Corr, In f } were calculated for every pair of
signals recorded from 16 EEG channels within the frequency ranges 6.15 < f1 < 6.75
and 8.00 < f2 < 8.60, as identified from the FFT spectra. Additionally, from the wavelet
analysis (Figure 4), we selected time intervals of tL ∈ [3.94, 30] seconds for attention to the
let-oriented cube and tR ∈ [11, 23] seconds for attention to the right-oriented cube.

Connectivity C between brain regions was calculated for signals from each electrode
pair using Equations (9)–(11) for MI, MLV, and MRV tests in both the f1 and f2 spectral
regions. Subsequently, we determined positive and negative changes in connectivity
associated with attention as follows:

ΔCL( f1) = CMLV( f1)− CMI( f1),

ΔCL( f2) = CMLV( f2)− CMI( f2),

ΔCR( f1) = CMRV( f1)− CMI( f1), (14)

ΔCR( f2) = CMRV( f2)− CMI( f2).

To evaluate connectivity in the constructed graphs, we utilized the ’conncomp’ func-
tion in MATLAB. This function identifies connected components in an undirected graph,
providing a quantitative measure of network connectivity. It assigns each node a connected
component identifier, allowing us to determine the total number of connected components
within the graph.

5.1. Connectivity Graphs Based on Coherence

To construct connectivity graphs, we first calculate coherence between signals from
each pair of electrodes for the MI, MLV, and MRV tests in the f1 and f2 spectral regions
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using Equation (9). Next, we computed the differences ΔCohL and ΔCohR associated with
attention using Equation (14). The resulting labeled graphs of coherence (ΔCoh > 0) and
anticoherence (ΔCoh < 0) are displayed in Figures 5 and 6, respectively. The corresponding
16 × 16 coherence matrices are provided in Figures A1 and A2 in Appendix B.

Figure 5. Connectivity graphs based on coherence in the (upper raw) f1 and (lower raw) f2 frequency
regions, associated with (left column) left-cube attention (ΔCohL > 0) and (right column) right-
cube attention (ΔCohR > 0). Bold lines highlight the links with the largest coherence differences
(Max ΔCoh), which are displayed next to the corresponding links. Orange dots denote the nodes with
the highest sums of their link weights, indicated next to these nodes.

The colors in Figures 5 and 6 represent the numerical weights of the links, illustrating
coherence differences (ΔCoh) resulting from shifts in attention. The strongest links are
emphasized with bold lines and labeled with their corresponding coherence differences.
We also calculated the total sum of link weights for each node, displaying these values next
to the nodes with the highest sums, which are marked with orange dots. In contrast, nodes
with the lowest (negative) labels are indicated with violet dots.

A significant contrast in coherence patterns emerges between frequency regions f1 and
f2. When attention is directed toward the left-cube orientation, coherence increases promi-
nently between the left anterior frontal (F7) and midline parietal (Pz) and left parietal (P3)
lobes at f1 (upper left panel, Figure 5). In contrast, at f2, coherence increases symmetrically
in the right hemisphere, particularly between the right anterior frontal (F8), midline parietal
(Pz), and right parietal (P4) lobes (lower left panel, Figure 5). These findings suggest that
the anterior frontal lobes play a crucial role in figurative attention.

For right-cube attention, coherence increases between the left parietal (P3) and midline
central (Cz) lobes, as well as between the midline parietal (Pz) and midline central (Fz)
lobes at f1 (upper right panel, Figure 5). However, at f2, coherence significantly increases
between the occipital cortex (O1, Oz, O2) and the left prefrontal lobe (FP1) (lower right
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panel, Figure 5). These observations suggest that the left prefrontal cortex may play a key
role in processing right-cube orientation, as the frequency f2 is applied to the right face of
the cube. Our findings align with prior studies, such as Al-Nafjan and Aldayel [37], which
also reported attention-related activity in the prefrontal and parietal cortices.

Figure 6. Disconnectivity graphs based on anticoherence in the (upper raw) f1 and (lower raw) f2

frequency regions, associated with (left column) left-cube attention (ΔCohL < 0) and (right column)
right-cube attention (ΔCohR < 0). Bold lines highlight the links with the largest negative coherence
differences (Min ΔCoh). Violet dots denote the nodes with the lowest sums of their link weights,
indicated next to these nodes.

A critical aspect of these results is the simultaneous decrease in coherence between
certain brain regions, indicating that attention not only strengthens specific neural connec-
tions but also selectively disconnects others. Given the brain’s energy-intensive nature, this
redistribution likely reflects an optimization of cognitive resources. Figure 6 visualizes this
selective disconnectivity through anticoherence graphs.

The results reveal a notable reduction in coherence at f1 between the midline central
(Cz) and left frontal (F3) lobes, as well as between the midline central (Cz) and left prefrontal
(FP1) lobes during left-cube attention (upper left panel, Figure 6). At f2, coherence decreases
between the midline frontal (Fz) and right prefrontal (FP2) lobes, as well as between the
left frontal (F3) and right prefrontal (FP2) lobes (lower left panel, Figure 6). These results
suggest that the central cortex is a primary region of disconnectivity and that the reduction
in prefrontal-central connectivity facilitates increased parietal-frontal interactions.

For right-cube attention, a different pattern emerges. At f1, coherence decreases
between the anterior frontal lobes (F7 and F8), while at f2, coherence decreases between the
left parietal (P3) and midline central (Cz) lobes, as well as between the midline parietal (Pz)
and midline central (Cz) lobes. Notably, the nodes (P3, Pz) and links to Cz with the greatest
coherence reduction at f2 (lower right panel, Figure 6) coincide with those showing the
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greatest coherence increase at f1 (upper right panel, Figure 5). This suggests a frequency-
dependent reorganization, where attention to the right-cube orientation enhances coherence
in these regions at f1 while simultaneously reducing coherence at f2.

Table 1 summarizes the graph-based analysis of brain connectivity, listing the two high-
est positive and negative coherence differences (link weights) and their corresponding lobes.

Table 1. Maxima and minima coherence differences.

Measure Value Lobes Value Lobes

Max ΔCohL( f1) 0.55 F7–Pz 0.53 F7–P3
Max ΔCohL( f2) 0.64 F8–P4 0.61 F8–Pz
Max ΔCohR( f1) 0.43 Cz–P3 0.39 Cz–Pz
Max ΔCohR( f2) 0.66 Oz–FP1 0.65 O1–FP1
Min ΔCohL( f1) −0.64 Cz–FP1 −0.71 Cz–F3
Min ΔCohL( f2) −0.40 Fz–FP2 −0.25 F3–FP2
Min ΔCohR( f1) −0.71 F7–F8 −0.66 F7–F4
Min ΔCohR( f2) −0.52 Pz–Cz −0.47 P3–Cz

5.2. Connectivity Graphs Based on Cross-Correlation

To construct connectivity graphs based on cross-correlation, we first computed cross-
correlation between EEG signals from each pair of channels using Equation (10), then
calculated attention-induced differences using Equation (14). The resulting graphs, shown
in Figures 7 and 8, depict regions of the increasing and decreasing cross-correlation,
respectively. Additionally, the corresponding cross-correlation matrices, presented in
Appendix B (Figures A3 and A4), provide a detailed numerical representation of these
connectivity changes.

Figure 7. Connectivity graphs based on cross-correlation in the (upper raw) f1 and (lower raw) f2

frequency regions, associated with (left column) left-cube attention (ΔCorrL > 0) and (right column)
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right-cube attention (ΔCorrR > 0). Bold lines highlight the links with the largest correlation differ-
ences (Max ΔCorr), which are displayed next to the corresponding links. Orange dots denote the
nodes with the highest sums of their link weights, indicated next to these nodes.

Figure 8. Disconnectivity graphs based on anticorrelation in the (upper raw) f1 and (lower raw) f2

frequency regions, associated with (left column) left-cube attention (ΔCorrL < 0) and (right column)
right-cube attention (ΔCorrR < 0). Bold lines highlight the links with the largest negative cross-
correlation differences (Min ΔCorr). Violet dots denote the nodes with the lowest sums of their link
weights, indicated next to these nodes.

By comparing Figures 5 and 6 with Figures 7 and 8, we observe a strong similarity
between the connectivity patterns derived from cross-correlation and coherence measures.
Specifically, the links showing the maximum increases and decreases in cross-correlation
closely match those for coherence. This agreement between connectivity measures, based
on both temporal and spectral analyses, provides strong validation for the robustness of
our findings.

Table 2 summarizes the results of the brain connectivity analysis based on cross-
correlation. The table presents the two largest positive and negative correlation differences
(link weights) along with the corresponding brain regions.

Table 2. Maxima and minima cross-correlation differences.

Measure Value Lobes Value Lobes

Max ΔCorrL( f1) 0.40 F7–Pz 0.37 F7–P3
Max ΔCorrL( f2) 0.49 F8–Pz 0.46 F8–P4
Max ΔCorrR( f1) 0.28 P3–Cz 0.28 Pz–Cz
Max ΔCorrR( f2) 0.51 Oz–FP1 0.51 O2–FP1
Min ΔCorrL( f1) −0.53 Cz–F3 −0.45 Cz–FP1
Min ΔCorrL( f2) −0.26 Fz–FP2 −0.26 O2–F7
Min ΔCorrR( f1) −0.45 F7–F8 −0.42 F7–FP1
Min ΔCorrR( f2) −0.24 Pz–Cz −0.22 P3–Cz
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5.3. Connectivity Graphs Based on Mutual Information

The third connectivity measure explored in this study, mutual information, was
calculated using Equation (11). The differences in mutual information induced by
attention were computed using Equation (14). The resulting graphs depicting the
attention-induced changes in mutual information are shown in Figures 9 and 10. Ad-
ditionally, the corresponding mutual information matrices are provided in Appendix B,
specifically in Figures A5 and A6, offering a detailed numerical representation of these
connectivity changes.

Figure 9. Connectivity graphs based on mutual information in the (upper raw) f1 and (lower raw) f2

frequency regions, associated with (left column) left-cube attention (ΔIn fL > 0) and (right column)
right-cube attention (ΔIn fR > 0). Bold lines highlight the links with the largest mutual information
differences (Max ΔIn f ), which are displayed next to the corresponding links. Orange dots denote the
nodes with the highest sums of their link weights, indicated next to these nodes.

Table 3 summarizes the brain connectivity analysis results based on mutual informa-
tion. It highlights the two largest positive and negative mutual information differences
(link weights) along with their corresponding brain regions, providing insight into the
most significant connectivity changes induced by attention shifts.

A strong correspondence can be observed among the connectivity graphs based on
coherence, cross-correlation, and mutual information. Although some variations exist in
the links with the highest weights, the nodes with the maximum and minimum labels
largely overlap across all connectivity measures. This consistency further validates the
robustness of our approach in capturing attention-related connectivity changes in the brain.

The shared features across different connectivity measures can be explored us-
ing hypergraphs. In the following section, we describe the process of constructing
attention hypergraphs.
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Table 3. Maxima and minima mutual information differences.

Measure Value Lobes Value Lobes

Max ΔIn fL( f1) 1.41 O1–P3 1.43 O1– O2
Max ΔIn fL( f2) 1.05 Cz–F3 0.97 O2–P3
Max ΔIn fR( f1) 0.81 P4–Pz 0.38 Pz–Cz
Max ΔIn fR( f2) 1.12 F8–FP2 1.05 F8–FP1
Min ΔIn fL( f1) −1.26 Cz–Fz −1.18 Cz–F4
Min ΔIn fL( f2) −1.06 Cz–Fz −0.81 Cz–FC2
Min ΔIn fR( f1) −1.07 F7–F4 −0.92 F7–FP1
Min ΔIn fR( f2) −0.57 Pz–Cz −0.22 Pz–FC1

Figure 10. Disconnectivity graphs based on mutual information loss in the (upper raw) f1

and (lower raw) f2 frequency regions, associated with (left column) left-cube attention (ΔIn fL < 0)
and (right column) right-cube attention (ΔIn fR < 0). Bold lines highlight the links with the largest
negative mutual information differences (Min ΔIn f ). Violet dots denote the nodes with the lowest
sums of their link weights, indicated next to these nodes.

6. Hypergraph Construction

Hypergraph analysis provides a simplified and more generalized representation of
the brain network. Instead of relying on the twelve individual graphs presented in the
previous section, we can construct four hypergraphs using the summarization technique
described in Section 2.2.

To construct the hypergraphs, we follow these steps:

(1) Compute the label of every node i for each connectivity measure ΔC using Equation (2)
(Lab Ci = ∑n

i ΔC).
(2) From the probability distribution of all n labels for each connectivity measure found

the mean M = 1
n ∑n

i Lab Ci and standard deviation σ.
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(3) Calculate threshold value Cth = M ± σ for each connectivity measure (“+” for M > 0,
“−” for M < 0).

(4) Using the threshold value, determine whether a change in connectivity is significant
or not. The change is significant if the label |Lab Ci| > |Cth|.

(5) Using the summarization technique described in Section 2.2 remove insignificant
nodes whose labels are smaller than the threshold value. Weak changes in connectivity
are considered as brain noise and are not related to attention.

(6) Construct incident matrices using Equation (5).

The probability distributions for each connectivity measure are presented in Figures A7–A9
in Appendix C. One can also find there the values of means (M), standard deviations (σ),
and thresholds (Cth), which are summarized in Table A1.

6.1. Simple Hypergraphs

Using the algorithm described above, we constructed four hypergraphs, denoted
as H1−4. Two of these hypergraphs (H1,2) correspond to attention directed toward the
left-cube orientation, while the other two (H3,4) correspond to attention directed toward
the right-cube orientation. Hypergraphs H1 and H3 are constructed for frequency region
f1, while H2 and H4 are constructed for f2.

Each hypergraph contains six hyperedges (m = 6): e1 and e2 represent coherence and
anticoherence, e3 and e4 represent correlation and anticorrelation, and e5 and e6 represent
mutual information and information loss, respectively.

The constructed hypergraphs H1−4 are visualized in Figures 11–14 in three distinct
forms: as a bipartite graph (left panels), a Venn diagram (middle panels), and a brain map
(right panels). The correspondence between node numbers and EEG channels is provided
in Table 4.

Table 4. Correspondence of node numbers to EEG channels.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

FP1 FP2 F7 Fz F8 F3 FC1 Cz FC2 F4 P3 Pz P4 O1 Oz O2

Figure 11. Hypergraph H1 associated with left-cube attention for f1, presented as a bipartite graph
(left), a Venn diagram (middle), and a brain map (right). The upper Venn diagram (e2, e4, e6) indicates
deactivation of central area, while the lower one (e1, e3, e5) depicts activation of occipital-parietal area.
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Figure 12. Hypergraph H2 associated with left-cube attention for f2, presented as a bipartite graph
(left), a Venn diagram (middle), and a brain map (right). The right Venn diagram (e2, e4, e6) indicates
deactivation of left frontal and right prefrontal lobes, while the left one (e1, e3, e5) depicts activation
of parietal, right anterior, and left prefrontal lobes.

Figure 13. Hypergraph H3 associated with right-cube attention for f1, presented as a bipartite graph (left),
a Venn diagram (middle), and a brain map (right). The left Venn diagram (e2, e4, e6) indicates deactivation
of frontal cortex, while the right one (e1, e3, e5) depicts activation of parietal area.

A hypergraph size is the number of hyperedges (in our case m = 6), and the order of
a hypergraph is the number of vertices. The degrees of hyperedges and the orders of the
hypergraphs are summarized in Table 5.

Table 5. Degrees of hyperedges and orders of hypergraphs.

Measure Hyperedge H1 (Left f1) H2 (Left f2) H3 (Right f1) H4 (Right f2)

Coherence e1 3 1 3 4
Anticoherence e2 1 3 2 4

Correlation e3 2 2 3 4
Anticorrelation e4 1 2 1 3
Mut. Inform. e5 4 3 1 3
Inform. Loss e6 2 3 2 2

Order 6 9 7 8
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Figure 14. Hypergraph H4 associated with right-cube attention for f2, presented as a bipartite
graph (left), a Venn diagram (middle), and a brain map (right). The lower Venn diagram (e2, e4, e6)
indicates deactivation of central-parietal area, while the upper one (e1, e3, e5) depicts activation of
frontal cortex.

6.2. Multilayer Hypergraphs

The hypergraphs of figurative attention can be represented as multilayer hypergraphs,
where each layer corresponds to a hypergraph capturing increased or decreased con-
nectivity at a specific frequency. This approach allowed us to consolidate four sepa-
rate hypergraphs into two four-layer hypergraphs, one for left-cube attention and an-
other one for right-cube attention. The resulting four-layer hypergraphs are presented in
Figures 15 and 16.

Figure 15. Four-layer hypergraphs representing brain connectivity (left layers) and disconnectivity
(right layers) associated with left-cube attention. The lines indicate inter-layer connections, with the
corresponding channels responsible for these links labeled near the lines.

As shown in Figure 15, for the left-cube attention, the layers exhibiting increased and
decreased connectivity are not interconnected, meaning they do not share common nodes.
Notably, the layers associated with increased connectivity at f1 and f2 are primarily linked
through the left parietal lobe (P3). Conversely, the layers related to decreased connectivity
at f1 and f2 are mainly connected via the central lobe (Cz). These nodes demonstrate the
most significant increase and decrease in connectivity, respectively.

In contrast, Figure 16 reveals that for the right-cube attention, the layers of increased
and decreased connectivity are strongly interconnected. Specifically, the layer with in-
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creased connectivity at f1 is linked through three nodes (FP1, F7, and F8) to the layer of
decreased connectivity at f2. Simultaneously, the layer of increased connectivity at f2 is
connected via three nodes (Pz, P3, and P4) to the layer of decreased connectivity at f1. This
indicates a reciprocal relationship, where an increase in connectivity at f2 is accompanied
by a decrease at f1, and vice versa.

Figure 16. Four-layer hypergraphs representing brain connectivity (left layers) and disconnectivity
(right layers) associated with right-cube attention. The lines indicate inter-layer connections, with
the corresponding channels responsible for these links labeled near the lines.

6.3. Dual Clique Expansions

The high-order interactions shown as the hypergraphs in Figures 11–14 can also be
presented in the form of dual clique expansions shown in Figures 17 and 18. As was
defined in Section 2.1, a clique expansion is a transformation where each hyperedge is
replaced by a clique connecting all vertices within that hyperedge. This is commonly used
to approximate hypergraphs using graphs. To construct dual clique expansions of H1−4,
we first created dual hypergraphs H∗

1−4 and then performed clique expansions on H∗
1−4,

meaning that each hyperedge (which corresponds to a vertex in H∗) is expanded into a
clique. As a result, we created new hypergraphs G1−4 where hyperedges correspond to
cliques in H∗

1−4.

Figure 17. Dual clique expansions G1,2 of hypergraphs H1,2 associated with left-cube attention at
(left) f1 and (right) f2.

The analysis of the dual clique expansions G1−4, presented in Figures 17 and 18,
reveals distinct connectivity patterns among brain regions. Specifically, all connectiv-
ity measures—coherence, correlation, and mutual information—are mutually connected
through the nodes e1,3,5. Conversely, all disconnectivity measures—anticoherence, anticor-
relation, and information loss—also form a mutually connected structure. In other words,
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these results highlight the brain regions (edges in these graphs) that predominantly con-
tribute to both increasing and decreasing connectivity associated with figurative attention.

Figure 18. Dual clique expansions G3,4 of hypergraphs H3,4 associated with right-cube attention at
(left) f1 and (right) f2.

For both left- and right-cube attention, the primary contributors to increased connec-
tivity are the parietal region (P3, Pz, P4) at f1 and the refrontal and frontal regions (FP1,
FP5, F8) at f2. In contrast, decreased connectivity is primarily driven by the centro-frontal
region (Cz, F7, F8) at f1 and the fronto-parietal region (Fz, F3, Cz, P3, Pz, P4) at f2.

Additionally, an inverse relationship emerges between different frequency bands
and cube percepts. The parietal cortex (P3, Pz, P4), which enhances connectivity at f1,
becomes disconnected at f2 during right-cube attention. Similarly, the right frontal region
(F8), which supports increased connectivity during left-cube attention task (MLV) at f2,
disconnects at f1 during the right-cube attention task (MRV). This suggests an antiphase
activation-deactivation dynamics, where increased connectivity for one percept at a specific
frequency coincides with decreased connectivity for the alternative percept at another
frequency.

7. Discussion

Hypergraphs have been extensively studied and applied in network analysis, in-
cluding node classification [71], community detection [72], and link prediction [73]. In
neuroscience, hypergraphs, as a generalization of the graph theory, provide a more sophis-
ticated framework for modeling brain connectivity by capturing high-order interactions
among multiple brain regions [74]. Recent studies [21] have constructed hypergraphs using
functional and structural connectivity as hyperedges. In contrast, we created hypergraphs
based on three connectivity measures (coherence, cross-correlation, and mutual informa-
tion) and three disconnectivity measures (anticoherence, anticorrelation, and information
loss). Additionally, we employed sparsification techniques to remove less significant nodes,
reducing noise and enhancing functional connectivity interpretation.

By incorporating hypergraph theory into EEG-based functional connectivity analy-
sis, our method provides a novel perspective on understanding attention and its neural
correlates. Hypergraph-based models enable a subject-level representation of high-order
relationships, facilitating a more refined analysis of individual differences in cognitive
function. This has significant implications for identifying biomarkers of attention-related
disorders and advancing personalized cognitive assessments. Recent advancements in deep
learning have further amplified the potential of hypergraph-based models. Ji et al. [19]
introduced the hypergraph attention network (FC-HAT), while Bi et al. [75] developed
the hypergraph structural information aggregation generative adversarial network (HSIA-
GAN) model for functional connectivity analysis. These models dynamically construct

132



Appl. Sci. 2025, 15, 3833

functional connectivity networks, extract abnormal connectivity patterns, and identify
critical biomarkers for neurodevelopmental and neurodegenerative disorders.

Our hypergraph analysis reveals that hyperedges associated with increased and de-
creased connectivity are spatially distinct and localized in different brain regions, depend-
ing on both the cognitive task and frequency. Since attention to the left-cube orientation is
linked to increased spectral energy at f1, the hypergraph in Figure 11 highlights the key
nodes involved in this cognitive process. Notably, the occipital-parietal cortex emerges as a
central hub for functional connectivity, whereas the central cortex plays a predominant role
in disconnectivity.

An intriguing observation is the frequency-dependent nature of brain region activ-
ity: nodes that exhibit increased connectivity at one frequency tend to show decreased
connectivity at another. For instance, the left parietal lobe (P3), which is highly active
at f1 (Figure 11), demonstrates reduced activity at f2 (Figure 12), suggesting a dynamic
reconfiguration of neural networks in response to different attentional states.

A similar pattern is evident during right-cube attention. The hypergraph in Figure 14
indicates that the frontal cortex plays a central role in connectivity, while the central-parietal
cortex is predominantly associated with disconnectivity. This observation aligns with the
fact that right-cube attention corresponds to increased spectral energy at f2. Once again, the
same brain regions exhibit frequency-dependent activation and deactivation, reinforcing
the notion that attentional shifts are accompanied by distinct neural reorganization patterns
across different frequency bands. Specifically, for right-cube attention, the frontal and
prefrontal cortices demonstrate increased activity at f2 (Figure 14) but reduced activity at
f1 (Figure 13). In contrast, the parietal cortices show the opposite trend, increasing their
activity at f1 (Figure 13) while decreasing at f2 (Figure 14).

Our study also confirms the crucial role of the prefrontal and parietal regions in atten-
tional processes, consistent with findings from previous research. Numerous studies have
investigated the neural correlates of attention using EEG-based approaches with varying
methodological frameworks and analytical techniques. While these studies have provided
valuable insights, their reliance on traditional graph-theoretical and spectral-based meth-
ods limits their ability to capture the full complexity of brain connectivity dynamics. In
contrast, hypergraph-based approaches offer a richer framework that better represents the
multi-dimensional and frequency-specific interactions underlying attentional mechanisms.

Early studies on EEG-based attention research [76–78] examined delta- and alpha-
wave amplitudes as indicators of attention. While these studies laid the groundwork for
EEG-based attentional analysis, they relied on a univariate spectral approach. Moreover,
their interpretations—linking delta and alpha activity primarily to low awareness—may
be overly simplistic. Fahimi et al. [79] explored EEG-based neural markers of attention in
elderly participants, correlating frontal EEG features with reaction times. Although their
work underscores the potential of single-channel EEG analysis, it overlooks the distributed
and interconnected nature of attentional networks. Similarly, Wan et al. [80] computed
spectral power ratios (β/γ, β/α, β/(α + θ)) for attention recognition—an approach that,
while common, treats frequency bands as isolated rather than interdependent components
of a complex system. In contrast, hypergraph-based analysis offers a more nuanced
perspective by revealing interactions between different connectivity measures at specific
frequencies. It addresses these limitations by capturing higher-order connectivity patterns
across multiple regions and frequencies simultaneously.

Machine learning has also been widely applied to EEG-based attention detection.
Several studies [81–83] used various classification techniques (e.g., Support Vector Machine
(SVM), Linear Discriminant Analysis (LDA), Naive Bayes) to distinguish attentional states.
While these methods are powerful for predictive modeling, they often lack interpretability
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regarding the underlying neural mechanisms. A hypergraph representation provides a
more interpretable structure by modeling attention states as overlapping neural communi-
ties rather than treating EEG features as independent inputs for classification. Moreover,
passive brain–computer interface (BCI) studies, such as those by Aci et al. [84], aimed to
classify mental states (e.g., passive attention, disengagement, drowsiness) using EEG. How-
ever, most BCI-based attention-monitoring approaches rely on traditional feature extraction
methods that fail to capture the full spectrum of interactions within attentional networks.
Hypergraphs enhance these approaches by integrating multi-scale and multi-frequency
relationships, leading to more robust and generalizable attention-monitoring systems.

While prior studies have made significant contributions to EEG-based attention re-
search, they are often constrained by their methodological frameworks, which rely on sim-
plistic spectral analyses, pairwise connectivity measures, and black-box machine learning
models. By contrast, hypergraph-based approaches offer a more comprehensive represen-
tation of attentional processes, accounting for higher-order interactions, multi-frequency
dynamics, and network-wide connectivity patterns.

It is essential to highlight that while the various hypergraph representations explored
in this study offer similar insights into brain connectivity, each captures distinct aspects of
neural dynamics. These differences contribute to a more comprehensive understanding
of the mechanisms underlying figurative attention. Our findings suggest that figurative
attention involves a dynamic redistribution of neural resources, with specific brain regions
alternating between connectivity and disconnectivity based on cognitive demands and
frequency. This reorganization reflects the brain’s ability to adapt its functional networks,
ensuring efficient information processing across different attentional states.

The observed frequency-dependent connectivity shifts underscore the importance of consid-
ering frequency-specific interactions in functional brain network analysis. Traditional graph-based
methods may overlook these nuances, whereas hypergraph-based approaches provide a powerful
framework for capturing the complex, higher-order dependencies that shape attentional processes.
By integrating multiple connectivity measures within a hypergraph structure, this method offers
a richer, more holistic representation of neural interactions.

Future research could extend this approach to other cognitive domains, such as
working memory or decision-making, to further investigate the intricate dynamics of brain
connectivity across different tasks and states.

8. Conclusions

This study presents a comprehensive hypergraph-based analysis of functional brain
connectivity during figurative attention to an ambiguous visual stimulus, integrating co-
herence, cross-correlation, and mutual information from EEG data. Our findings support
the hypothesis that figurative attention engages cortico–cortical interactions, with hyper-
graph representations revealing distinct frequency-dependent activation and deactivation
patterns across brain regions. Notably, the parietal, frontal, and prefrontal lobes play a key
role in integrating information, highlighting their functional specialization and dynamic
reconfiguration in attentional processing. However, while these regions facilitate efficient
cognitive functions, some information may be lost in the central cortex, underscoring the
complexity of neural information processing.

By leveraging a frequency-tagging approach in the context of the Necker cube illusion,
we identified distinct connectivity patterns corresponding to different cube orientations.
Our results emphasize the role of bilateral cortico–cortical interactions and suggest the
existence of integrated processing hubs that coordinate visual attention. Hypergraph
analysis, extending beyond traditional graph-based methods, provided novel insights into
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higher-order relationships between multiple brain regions, offering a more comprehensive
understanding of dynamic neural interactions.

The methodology developed in this study—incorporating three connectivity and three dis-
connectivity measures—enabled the identification of higher-order relationships among brain
regions, facilitating a more precise characterization of functional connectivity networks un-
derlying figurative attention. This multivariate approach allowed us to construct connectivity
difference matrices, revealing both new connections induced by sustained attention and dis-
connections due to decreased connectivity. Additionally, by applying a sparsification method
based on statistical thresholds, we filtered out spurious or noisy connections, enhancing the
robustness and interpretability of our functional connectivity network.

Beyond its theoretical implications, this methodological framework holds promise
for practical applications in cognitive neuroscience, attention monitoring, and the clinical
assessment of attention-related disorders. While this proof-of-concept study is based on
a single subject, it establishes a foundation for future large-scale investigations into the
neural mechanisms underlying ambiguous visual perception and attentional control.

Although previous studies have explored frequency correlations and proposed bio-
physical models of neural interactions, our findings highlight the need for further studies
investigating the mechanisms linking different frequency-dependent processes. A more
refined hypergraph analysis, focusing on smaller neural ensembles or specific regions of
interest, could provide deeper insights into the intricate dynamics of brain connectivity.
This study lays essential groundwork for advancing our understanding of brain network
dynamics and their role in cognitive function.

Hypergraphs provide a powerful framework for modeling high-order interactions
in EEG-based functional connectivity networks. Our findings emphasize the importance
of incorporating connectivity and disconnectivity measures in hypergraph construction,
enabling a more comprehensive understanding of individual differences in attention and
cognitive processing. Future research should focus on further refining hypergraph learning
algorithms, integrating dynamic hypergraph representations, and expanding applications
to clinical populations for biomarker discovery and personalized interventions in cognitive
and psychiatric disorders.

While our findings demonstrate the potential of hypergraph-based models for cap-
turing the complex neural dynamics underlying attention, several challenges must be
addressed before this approach can be fully integrated into clinical practice. Key obstacles
include the need for larger and more diverse datasets, enhanced interpretability of hyper-
graph representations, and rigorous validation across a broader range of cognitive tasks
and populations. Overcoming these challenges will be essential for ensuring the reliability
and applicability of hypergraph-based methods in both research and real-world settings.

Despite these hurdles, our study represents a significant step toward more precise
and individualized assessments of brain function. By leveraging a hypergraph-based
connectivity analysis, we provide a novel framework that moves beyond traditional graph-
theoretic approaches, offering a richer and more nuanced understanding of attentional
processes. Future research should focus on refining these models, integrating them into
EEG analysis pipelines, and exploring their potential for real-time applications in cognitive
neuroscience and clinical diagnostics. Ultimately, this work lays the foundation for more
advanced and interpretable assessments of brain connectivity, with implications for both
fundamental research and applied neurotechnology.
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Appendix A. Data Acquisition Details

EEG signal acquisition followed a semi-automatic protocol that integrated manual
event activation with automated processing via BrainVision Recorder 1.27 software. The
procedure included the following steps:

(1) Recording (triggers): Triggers were configured within the BrainVision Recorder pro-
gram, manually activated by the researcher through keypresses at the start and end of
each recording. These triggers were labeled in the raw EEG signals, allowing for later
identification of the analysis window.

(2) Start and End Margins: The recording included a 3 s margin before the start and 3 s
after the end, resulting in a total window of 36 s, of which 30 s corresponded to the
experimental period of interest.

(3) Justification for Temporal Margins: The implementation of these temporal margins
aimed to minimize artifacts associated with the initiation and termination instructions
of the task. The participant took approximately 3 s to process the start instruction,
which could introduce transient artifacts in the signal. Similarly, the recording auto-
matically stopped at 36 s with the trigger, reducing the variability associated with
manual intervention in the recording termination.

(4) Preprocessing Segmentation: During preprocessing, the 30 s window was extracted,
discarding the first and last 3 s to eliminate transient artifacts and ensure that the
analysis was performed on stationary data, free from transient influences.

This methodological approach reduced variability and increased data reliability without
requiring additional hardware for event activation.

Appendix B. Connectivity Matrices

The matrices of the explored connectivity measures are presented in Figures A1–A6.
Examining Figures A1, A3 and A5, one can observe a significant increase in connec-

tivity between occipital and frontal regions during attention. Specifically, connectivity is
enhanced at f1 when the subject perceives the cube as left-oriented and at f2 when the cube
is perceived as right-oriented. This is evident from the warm colors in the lower-left corner
of the matrices in the upper-left and lower-right panels.
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Figure A1. Increasing coherence (ΔCoh > 0) associated with figurative attention to (left panels) left
cube orientation and (right panels) at frequencies (upper raw) f1 and (lower raw) f2.

Figure A2. Decreasing coherence (ΔCoh < 0) associated with figurative attention to (left panels) left
cube orientation and (right panels) at frequencies (upper raw) f1 and (lower raw) f2.
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Figure A3. Increasing cross-correlation (ΔCorr > 0) associated with figurative attention to
(left panels) left cube orientation and (right panels) at frequencies (upper raw) f1 and (lower raw) f2.

Figure A4. Decreasing cross-correlation (ΔCorr < 0) associated with figurative attention to
(left panels) left cube orientation and (right panels) at frequencies (upper raw) f1 and (lower raw) f2.
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Figure A5. Increasing mutual information (ΔIn f > 0) associated with figurative attention to
(left panels) left cube orientation and (right panels) at frequencies (upper raw) f1 and (lower raw) f2.

Figure A6. Decreasing mutual information (ΔIn f < 0) associated with figurative attention to
(left panels) left cube orientation and (right panels) at frequencies (upper raw) f1 and (lower raw) f2.
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Appendix C. Probability Measures

The linear probability plots for explored connectivity measures are presented in
Figures A7–A9.

Figure A7. Normal probability plots of (left) coherence (Lab Cohn > 0) and (right) anticoherence
(Lab Cohn < 0) labels. The reference lines have the same colors as percentiles.

Figure A8. Normal probability plots of (left) correlation (Lab Corrn > 0) and (right) anticoherence
(Lab Corr < 0) labels. The reference lines have the same colors as percentiles.

Figure A9. Normal probability plots of (left) mutual information (Lab In fn > 0) and (right) informa-
tion loss (Lab In fn < 0) labels. The reference lines have the same colors as percentiles.

Table A1 presents the means and standard deviations derived from the normal proba-
bility plots.
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Table A1. Mean (M), standard deviation (σ), and threshold (Cth) values for the following connectivity
measures: coherence (Coh), anticoherence (ACoh), correlation (Corr), anticorrelation (ACorr), mutual
information (MInf), and information loss (ILoss).

Measure
Left

f1

Left
f2

Right
f1

Right
f2

M σ Cth m σ Cth M σ Cth M σ Cth

Coh 1.99 1.18 3.17 1.54 1.14 2.69 0.64 0.57 1.21 2.45 1.59 4.04
ACoh −1.37 1.31 −2.68 −0.73 0.55 −1.28 −2.45 1.48 −3.92 −0.73 0.55 −1.28
Corr 0.98 0.70 1.68 1.15 0.85 2.00 0.37 0.36 0.73 1.95 1.16 3.11
ACorr −0.99 0.92 −1.91 −0.57 0.47 −1.04 −1.70 0.91 −2.62 −0.40 0.37 −0.78
MInf 3.84 3.21 7.05 2.88 2.11 4.99 0.60 0.55 1.15 4.86 2.62 7.48
ILoss −3.33 2.67 −6.01 −1.66 1.30 −2.96 −4.63 2.14 −6.77 −0.94 0.86 −1.80
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Abstract

Attachment styles, rooted in Bowlby’s Attachment Theory, significantly influence our
romantic relationships, workplace behavior, and decision-making processes. Traditional
methods like self-report questionnaires often have biases, so we aimed to develop a pre-
dictive model using objective physiological data. In our study, participants engaged in
the Secretary problem, a sequential decision-making task, while their brain activity was
recorded with a 16-electrode EEG device. We transformed this data into coherence graphs
and used Node2Vec and PCA to convert these graphs into feature vectors. These vectors
were then used to train a machine learning model, XGBoost, to predict attachment styles.
Using participant-level nested 5-fold cross-validation, our first model achieved 80% ac-
curacy for Secure and 88% for Fearful-avoidant styles but had difficulty distinguishing
between Avoidant and Anxious styles. Analysis of the first three principal components
showed these two groups overlapped in coherence space, explaining the confusion. To
address this, we created a second model that categorized participants as Secure, Insecure,
or Extremely Insecure, improving the overall accuracy to about 92%. Together, the re-
sults highlight (i) large-scale EEG connectivity as a viable biomarker of attachment, and
(ii) the empirical similarity between Anxious and Avoidant profiles when measured elec-
trophysiologically. This method shows promise in using EEG data and machine learning to
understand attachment styles. Our findings suggest that future research should include
larger and more diverse samples to refine these models. If validated in multi-site cohorts,
such graph-based EEG markers could guide personalised interventions by objectively
assessing attachment-related vulnerabilities. This study demonstrates the potential for
using EEG data to classify attachment styles, which could have important implications for
both research and therapeutic practices.

Keywords: sequential decision-making; attachment theory; coherence graphs

1. Introduction

The main idea behind Bowlby’s Attachment Theory is that people vary in forming
emotional bonds with others [1]. Typically, the social and behavioral sciences identified
four types of attachment styles: secure, anxious, avoidant, and fearful-avoidant styles.
The primary distinction in attachment styles is between secure and insecure attachment.
Securely attached individuals exhibit mutual trust, support, emotional stability during
conflicts, and the ability to set healthy boundaries. Insecure attachment styles are broadly
categorized into anxious and avoidant types. Anxiously attached individuals fear abandon-
ment, need constant validation, and rely heavily on their partner for self-worth. Avoidantly
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attached individuals shun intimacy and vulnerability, struggle with commitment, and
tend to be guarded and emotionally distant. Some people display both high anxiety and
high avoidance, known as fearful-avoidant (or disorganized) attachment. These individ-
uals have a strong fear of rejection, difficulty trusting and depending on partners, and
low self-esteem.

Attachment style is typically formed in the early childhood years of zero to three; it
is now well known that it affects not only our adult romantic relationships [2] but also
our behavior in the work environment and strategic decision-making in general [3–5]. For
example [6], it was shown that attachment style is related to adolescents’ autonomy in
decision-making. Another study [7] shows that career decision-making of final-year high
school students was correlated to the student attachment style. Finally, ref. [8] showed that
the students’ attachment styles significantly predict decision self-esteem, decision-making
styles, and personality traits.

Today, self-report questionnaires and narratives are two primary methods for measur-
ing adult attachment style [9]. Various self-report questionnaires exist, each with unique
attributes; some classify individuals into one of the four attachment styles, while others
assess the degree to which attachment dimensions (anxiety or avoidance) are present [10].
For instance, the ECR-R (Experiences in Close Relationships—Revisited) questionnaire [11]
includes 36 items. It is a reliable and valid self-report tool that quantifies the anxiety and
avoidance dimensions on a scale from 1 to 7.

While self-report questionnaires and narratives are valuable for measuring adult
attachment styles, they come with biases and limitations. These methods depend on
individuals’ self-awareness and honesty, which can lead to inaccuracies. Due to these
shortcomings, there is increasing interest in finding objective physiological measures that
provide more reliable and unbiased data. Exploring psychophysiological responses, such as
EEG signals, offers a promising way to develop predictive models that classify attachment
styles accurately without relying on self-reported information.

This shift towards objective measures is supported by advancements in understanding
the psychophysiological aspects of attachment styles.

Studies have examined cardiovascular activity, galvanic skin response, and adrenocor-
tical output to explore how attachment style influences physiological regulation, especially
under stress [9]. These findings suggest that attachment is not only a psychological con-
struct but also expressed through measurable biological responses [12]. More recently,
EEG research has provided valuable insights into how attachment patterns affect brain
function. For example, Verbeke et al. [13] showed that individuals with anxious attachment
display heightened alpha, beta, and theta power in social situations, indicating increased
cortical arousal. Sloan et al. [14] linked attachment anxiety to atypical alpha activity during
sleep, suggesting a persistent state of physiological vigilance. Rognoni et al. [15] associated
adult attachment styles with frontal EEG asymmetry, a marker often tied to emotional
regulation strategies [9]. Zuckerman et al. [16] further demonstrated that attachment style
modulates early and late ERP components during emotionally relevant decision-making
tasks, particularly under conditions of cognitive conflict. Together, these studies show that
attachment-related differences are reflected in neural activity across a range of contexts.
However, most of this research has focused on average group-level comparisons rather
than on building predictive models that classify attachment style at the individual level.
Addressing this gap could lead to more precise tools for both research and clinical use.

Although previous studies have explored the connection between attachment and
physiological responses, one important area remains underexplored: using objective phys-
iological data to predict attachment styles at the individual level. As noted in a recent
study on attachment and depression, there is a growing need to move beyond self-report
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questionnaires, which are vulnerable to bias, and to include physiological markers as a
more objective alternative [12]. Most research continues to depend on self-report tools,
which can be influenced by memory limitations or the desire to present oneself favorably.
Physiological measures such as EEG provide a more direct way to observe how attach-
ment tendencies are reflected in brain activity. EEG data can be analyzed using a range
of methods, including time- and frequency-based approaches, as well as more advanced
techniques like wavelet transforms, principal component analysis (PCA), and independent
component analysis (ICA).

Several recent studies demonstrate their potential in emotion and attachment-related
contexts. For example, a two-step PCA–ICA pipeline was successfully used to isolate EEG
components associated with social acceptance and rejection in adolescent romantic couples,
reflecting both spatial and temporal aspects of emotional processing [17]. In patients with
depression, Morlet wavelet transformation revealed elevated gamma activity in response
to attachment-related stimuli, especially among those with higher emotional reactivity [18].
In the stress domain, PCA, ICA, and wavelet-based DCT were used in EEG-based stress
detection from the DEAP dataset, showing that these preprocessing methods contribute
meaningfully to emotional state classification [19]. Similarly, EEG responses to music-based
attention modulation were clarified using ICA and wavelet transforms, which revealed
differences in alpha and beta band activity depending on stimulus type [20]. These findings
highlight the versatility of such techniques in detecting neural patterns associated with
psychological states. Even so, this approach remains underused in attachment research
compared to its growing application in other domains of psychophysiology.

In our previous studies, we explored the Secretary Problem by analyzing neurophysi-
ological data, focusing on changes in Theta and Beta band power and Event-Related Poten-
tials (ERPs) to understand shifts in cognitive load during sequential decision-making [21,22].
These investigations provided a detailed look at how mental resources vary during decision-
making. The Secretary Problem is an ideal test-bed for attachment research because it forces
an irrevocable, high-stakes choice: once an offer is rejected, it cannot be revisited. This
“no-return” rule elevates both cognitive demand (continuous rule-updating) and situ-
ational anxiety over missing the optimum [23]. Attachment theory predicts divergent
reactions: anxious profiles typically hyper-monitor loss and show heightened arousal,
whereas avoidant profiles down-regulate threat and invest less cognitive effort [24]. EEG
work confirms that anxious individuals display stronger fronto-parietal coherence under
stress, whereas avoidant individuals show weaker long-range coupling [25]. Analyzing
such coherence graphs links our paradigm to broader personality-neuroscience research
that relates graph metrics to individual traits [26]. Thus, the Secretary Task simultaneously
taxes cognition and triggers attachment-relevant affect, offering a theoretically grounded
context for distinguishing attachment styles. The current study, however, broadens this
scope by combining the Secretary Problem with attachment theory, aiming to predict at-
tachment styles using coherence graphs derived from EEG data. This study addresses the
current research gap by integrating the Secretary Problem with attachment theory to predict
attachment styles using coherence graphs from EEG data. By developing a new predictive
model, we can observe how brain regions interact during decision-making tasks. Coherence
graphs help identify patterns in brain activity, which can then be linked to attachment
styles, offering a more objective assessment based on physiological data. This approach
could deepen our understanding of how attachment styles influence decision-making,
directly connecting psychological traits with brain activity.

To explore these connections further, we utilize the node2vec algorithm as part of our
analytical approach, which brings several benefits [27]. Node2vec creates continuous fea-
ture representations for nodes in a graph by simulating random walks, which helps capture
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both local and global structural information. Understanding the complex relationships
within EEG coherence data is important. Traditional methods for analyzing EEG data often
depend on predefined features, which might miss the deeper connections within the data.
In contrast, node2vec explores the graph through random walks, allowing it to capture
both local neighborhoods and broader structural patterns.

This dual ability is especially useful for EEG coherence graphs, where the relationships
between electrodes can show complex patterns at various scales. Node2vec’s flexibility lets
us adjust the random walks to favor either breadth-first or depth-first search strategies,
tailoring the process to capture the most relevant patterns in our EEG data. Additionally,
the algorithm is efficient and scalable, making it suitable for handling the large and detailed
coherence graphs derived from EEG data. By embedding the graph into a continuous
vector space, node2vec maintains the essential relationships between nodes, resulting in
more informative and distinctive features for our machine learning models. This innova-
tive method allows us to build a more accurate predictive model, advancing the field of
attachment style classification based on objective physiological data [27,28].

To implement this approach, we collected EEG data from participants while they
engaged in a sequential decision-making task. Specifically, participants played an instance
of the Secretary problem [29] while the electrical brain signals on their scalp were recorded
using a 16-electrodes EEG device. The EEG data was used to construct a coherence graph
(e.g., [30,31]) describing the relationship between the electrodes. The coherence graph
was transformed into a feature vector using a virtual node embedding technique and
the Node2vec algorithm [27,32]. The feature vectors were input into the XGBoost [33]
decision-learning tree algorithm to construct a predictive model.

Our results show great success in predicting secure and fearful-avoidant attachment
styles. The secure cluster was correctly predicted with around 80% accuracy, and the
fearful-avoidant group was correctly predicted with around 88% accuracy. However, the
two other attachment clusters, anxious and avoidant, were harder to predict, and the model
could not differentiate them. Some of the anxious individuals were classified as avoidants
and the other way around. Next, we constructed a second model to classify three clusters:
Secure, Insecure, and Extreme Insecure, and we were able to achieve an improved correct
classification of around 92%. Further research is needed to understand why and utilize
more data or other techniques to construct more robust models.

2. Methods

The study consisted of two primary phases. First, a questionnaire was conducted to
determine the participants’ attachment styles, and then an EEG study was conducted to
record brain patterns. The experiment received approval from the institution’s Institutional
Review Board (IRB) committee, and all participants signed a formal agreement form
before participating.

2.1. First Phase—ECR-R Questionnaire

In the first phase of the experiments, we asked 96 participants, fourth-year senior
engineering students (average age of 24.25 with σ = 2.0673), to fill out an ECR-R question-
naire (with 36 items). In each item in the ECR-R questionnaire, one must determine how
much she agrees or disagrees with the presented statement on a scale from 1 to 7. A value
of 1 means “Strongly disagree”, and 7 means “Strongly agree”. The questionnaire items
include questions such as: “I’m afraid that I will lose my partner’s love”, “I prefer not
to show my partner how I feel deep down”, and “I am very comfortable being close to
romantic partners”.
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The ECR-R questionnaire outputs two values as numbers from 1 to 7. One value is the
quantified degree of anxiety, and the other is the quantified degree of avoidance. When
these two values are low, the person is said to have a secure attachment style. When these
two values are high, the person is said to have a fearful-avoidant attachment style. When
one of these values is high, and the other is low, this person is said to have an anxious or
avoidance attachment based on the higher values of these two. Next, we employed the
k-means clustering algorithm (with k = 4) to classify the samples into the four clusters of
attachment styles [34]. Figure 1 depicts the results of the k-means algorithm. It is worth
noting that the sizes of the different clusters were very similar to the common percentages
available in the psychological literature. Most studies on different populations show that
roughly 50% of the population exhibits a secure attachment style, around 20% exhibit an
anxious and avoidant attachment style, and around 10% have a fearful avoidant attachment
style [3,35].

Figure 1. Grouped attachment outcomes based on the ECR-R questionnaire [36].

Following the initial assessment of attachment style using the ECR-R questionnaire, a
subset of participants was invited to take part in the EEG-based decision-making experi-
ment described below. The following Sections 2.2 and 2.3 provide full details on participant
distribution and experimental design, while Section 2.4 outlines the EEG data acquisition
and preprocessing procedures.

2.2. Second Phase—EEG Recording in the Secretary Game

In the second phase of the experiment, we issued invitations to participate in the
EEG laboratory part. Each session was one hour long, and participants were paid for
their efforts. We employed a proportional allocation method to ensure a representative
distribution across attachment clusters. The secure group consisted of six participants;
nine were anxiously attached, seven were avoidants, and five participants had a fearful
avoidant attachment. Figure 2 shows the 27 individuals who participated in the EEG
recording part of the experiment. The blue dots represent participants who completed only
the ECR-R questionnaire, while the orange dots represent those who participated in both
the ECR-R questionnaire and the EEG session. This scatter plot maps the participants based
on their levels of Anxiety and Avoidance, which are key dimensions in attachment theory.
From the figure, it is clear that the participants in the EEG session (orange dots) provide a
relatively uniform sample compared to the broader population (blue dots) surveyed in the
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initial stage. This consistency ensures that the EEG sample accurately reflects the broader
attachment style distribution observed in the larger group.

Figure 2. The sample of individuals who participated in the 2nd stage of the experiment, the
EEG session.

While the scatter plot does not display distinct clusters for each attachment style, it
demonstrates the continuous nature of Anxiety and Avoidance. Individuals are distributed
across a range of values for both dimensions, showing variability in how these traits are
expressed. This distribution supports the idea that Avoidant and Anxious attachment
styles can coexist within individuals, as no clear boundaries separate these traits. Instead,
individuals may exhibit varying levels of both Anxiety and Avoidance, rather than fitting
neatly into discrete categories. This visual representation underscores the complexity and
variability of attachment styles, highlighting the importance of using detailed methods like
EEG coherence graphs (see Section 3 below) to gain deeper insights into the underlying
neurophysiological mechanisms of attachment behaviors.

In the second phase, participants engaged in six blocks of the secretary problem
task, each consisting of 20 monetary offers. These offers, represented as sums of money
displayed on-screen, required participants to accept (pressing the ‘Y’ key) or reject (pressing
the ‘N’ key) each one. Simulating the role of apartment sellers, participants knew they
could neither see future offers nor revisit past ones. The primary objective was to select the
highest offer in each block to maximize potential earnings, where their actual monetary
compensation for participating in the experiment was a function of their success in the
Secretary game. It is important to note that if a participant did not choose any offer within
a block, it was considered as if they had accepted the last offer. The stream of offers and
the experimental setting are adapted from the study conducted by Hsiao and Kemp [37].
However, we increased the original bids tenfold in blocks 2, 4, and 6 of our experiments to
see if this increased value changes one’s decision-making process, either behaviorally or in
his brain patterns as recorded by the EEG.

Crucially, each of the six blocks generated an independent EEG coherence graph, so
that the 27 participants contributed a total of 27 × 6 = 162 graph-level observations. These
162 feature vectors form the input dataset for our machine-learning pipeline, allowing the
model to learn from multiple decision episodes per participant and thereby reducing the
risk that idiosyncratic traits of any single individual drive the results.

2.3. Experiment Procedure

As stated above, each participant played six blocks of the secretary problem. Figure 3
depicts graphically the construction of a single game block. The participant first sees a
welcome screen with some instructions on the upcoming task. Next, a waiting screen is
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displayed for a randomized duration of 200 to 500 milliseconds. The offer screen follows
with a single amount of money in the center of the screen. This screen will remain active
(without time restrictions) until a decision is made by the participant (either accept or reject).
If the offer was rejected and the session had not yet concluded, the procedure reverted to
the waiting screen, maintaining the decision-making cycle.

Figure 3. The structure of one secretary game block.

Before beginning data collection, participants underwent a thorough briefing and
were equipped with an EEG cap. Two training sessions were conducted to ensure they
were comfortable with the task and the experimental environment. These sessions, held
without EEG recording, were important for familiarizing participants with the task.

EEG signals were recorded using a 16-channel active EEG amplifier (e.g., USBAMP
by g.tec, Schiedlberg, Austria) operating at a sampling rate of 512 Hz, following the
10–20 international system for electrode placement. The electrode impedance was kept be-
low 5 Kohm, monitored through OpenVibe software (version 3.6.0). For data preprocessing,
we applied a 1–30 Hz FIR bandpass filter and used Independent Component Analysis (ICA)
to separate neural signals from artifacts. The EEGLAB software’s (version 2023.1) algorithm,
described by Delorme and Makeig (2004) [38] facilitated this process. We identified and
eliminated artifacts such as eye movements, blinks, muscle activity from facial and neck
regions, and electrical noise from the environment. Specifically, a notch FIR filter was used
to remove the 50 Hz line noise often introduced by power lines.

2.4. Data Processing and Analysis

In our analysis, we focused on a fixed 2-s “decision-making” window for each round of
the secretary game. This window spans from 1 s before the participant’s decision (pressing
“Y” or “N”) to 1 s after the decision. Each participant completed 6 game blocks (rounds),
yielding a total of 162 decision-window epochs (27 participants × 6 blocks). Because each
game round could end at a different offer (out of 20 possible offers) depending on when
the participant made their final decision, the length of each block (and the exact timing of
the decision within it) varied across trials.

The end-to-end pipeline comprises five stages:

1. Compute coherence between EEG channels and construct a 16 × 16 brain network
(coherence graph) for each epoch.

2. Add a virtual central node to the coherence graph and apply the node2vec algorithm
to embed the graph into a feature vector representation [27].
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3. Reduce the dimensionality of the resulting feature vectors using Principal Component
Analysis (PCA) to retain the most important features [39].

4. Use the resulting features as input to train an XGBoost ensemble decision-tree classifi-
cation model to predict attachment class [33].

5. Evaluate the model using nested 5-fold cross-validation at the participant level to
tune hyperparameters and assess performance while preventing overfitting.

2.4.1. EEG Coherence

In signal processing, coherence is a statistical measure of the relationship between
two signals. It is defined for two signals x(t) and y(t) by the formula:

Cxy( f ) =

∣∣Gxy( f )
∣∣2

Gxx( f ) ∗ Gyy( f )

where Gxy( f ) is the cross-spectral density between x and y, and Gxx( f ) and Gyy( f ) are
the auto-spectral densities of x(t) and y(t), respectively. The cross-spectral density can be
calculated as Gxy( f ) = X( f )Y∗( f ), where X( f ) and Y∗( f ) are the Fourier transforms of x(t)
and the complex conjugate of y(t). Coherence has been used to efficiently quantify cortical
connectivity in EEG signals [40]. EEG coherence indicates the level of synchronization
between two brain regions of the same person or the similarity of brain activity in the same
region between two different people [40,41]. There is a direct relationship between the
coherence index and brain synchronization: a higher coherence value signifies stronger
synchronization. Moreover, synchronization in specific EEG frequency bands (e.g., alpha,
theta, beta) has been linked to different cognitive processes [42].

The coherence value ranges from −1 to 1 (0 = no correlation, analogous to a correlation
coefficient). For each 2-s decision epoch (1 s before to 1 s after the key-press), we constructed
a 16 × 16 coherence graph: nodes are EEG electrodes; edge weights are the corresponding
coherence values. Figure 4 shows an example graph in which edges are displayed only
when |coherence| > 0.5. Nodes follow the 10–20 system.

Figure 4. Example coherence graph for one 2-s decision epoch (edges discretized on a 0.5 threshold).

We chose the absolute-coherence threshold of 0.5 for three practical reasons: (i) values
below ≈ 0.4 are often indistinguishable from noise in short EEG epochs [43]; (ii) a 0.5 cut-off
yields a sparse yet fully connected graph, which stabilizes node2vec random-walk statistics
and prevents the embedding from over-fitting small, noisy edge weights; and (iii) in a pilot
sweep (θ = 0.3–0.7) the downstream XGBoost accuracy peaked near θ = 0.5, indicating that
this level balances information retention with model generalizability in our limited sample.

While we used a fixed threshold of 0.5 to binarize the coherence matrices, this choice
followed an informal evaluation of values ranging from 0.3 to 0.7 in increments of 0.1. We
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found that 0.5 offered the most stable and interpretable network properties. However, we
recognize that using a static threshold has limitations. Such fixed values can introduce
arbitrary cutoffs that may distort the underlying network topology, especially in graphs
that are sparse or include a relatively small number of nodes. Although this method is
simple, commonly used in studies with similarly sized graphs, and easy to interpret, it
does not rest on a formal theoretical foundation. That said, comparative analyses have
shown that the fixed threshold method performs robustly across a range of thresholds
and yields similar classification power to weighted approaches in distinguishing clinical
populations, such as in Alzheimer’s disease [44]. Recent studies have also proposed more
rigorous alternatives, such as percolation-based thresholding, which adaptively select
thresholds that preserve meaningful topological features across different graph densities.
These methods help maintain both global connectivity and local specificity (e.g., [45–47]).
Looking ahead, future work should consider using such data-driven strategies to more
accurately capture the fine-grained modular and functional organization of brain networks,
particularly when studying conditions where weaker or local connections are disrupted.

2.4.2. Transforming the Coherence Graph into a Feature Vector

To convert each 16 × 16 coherence graph into a fixed-length vector, we first added a
virtual hub node that connects to every electrode with unit-weight edges, following the
virtual-node embedding scheme of [32]. This hub keeps the graph connected even after
thresholding (|coherence| > 0.5), propagates global context, and stabilizes random-walk
statistics—an important consideration with a limited participant pool.

We then embedded the augmented graph using the node2vec algorithm [27]. Guided
walks of length 10 (256 walks per node) were generated with hyper-parameters p = 0.5
(local bias) and q = 2 (global bias), values selected in the inner fold of the nested cross-
validation (2.4.4). The embedding dimension was set to 64, capturing both fine-scale
synchrony and broader network topology mediated by the virtual node (Figure 5). Al-
though 64 dimensions are modest, pilot tests showed that removing noisy or redundant
axes improved generalizability. We therefore applied Principal Component Analysis [39] to
the 64-D embeddings.

Figure 5. Coherence graph with virtual hub node (red dashed edges) prior to node2vec embedding.
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The scree eigenvalue graph (Figure 6) shows a clear knee at component 28; beyond
this point, each additional component contributes less than 2% of the cumulative variance.
Keeping the first 28 components preserves ≈ 90% of the variance while reducing the risk
of overfitting. These 28-element feature vectors are used as input to the XGBoost classifier
in Section 2.4.3.

 
Figure 6. PCA scree plot for the 64-D node2vec embeddings.

2.4.3. Classification Model (XGBoost)

We employed XGBoost [33] to build an ensemble of gradient-boosted decision trees,
chosen for its strong regularization [33,48] and documented success on high-dimensional
biomedical data [49–52]. Built-in L1/L2 penalties limit overfitting [53]; tree pruning,
parallelized training, and sparse-aware splits further enhance performance [54].

2.4.4. Model Training and Validation

To obtain an unbiased performance estimate we used nested 5-fold cross-validation at
the participant level. This protocol is widely recommended for small-sample neuroimaging
studies [55] and guards against optimistic bias [56].

• Outer loop: In each of five folds, data from ~5–6 participants were held out as the
external test set; the remaining participants formed the training set.

• Inner loop: A second 5-fold split on the training participants tuned XGBoost hyperpa-
rameters (learning rate, tree depth, subsample ratio.

Because all six epochs from any participant reside wholly in either the training or
the test set, person-level data leakage is eliminated. Testing on each unseen group in turn
forces the model to generalize to new individuals—crucial with only 27 subjects. Final
metrics are averaged across the five outer folds.

In addition to the XGBoost classifier described above, we also tested support vector
machines (SVM) with both linear and non-linear kernels, as well as multivariate linear
regression models. These alternative classifiers consistently yielded substantially lower
classification performance and were therefore excluded from the final analysis.

3. Results

We can see in Figure 6 a graphical representation of the first three principal components
that maintain 42% of the variance.

Figure 7 illustrates the first three principal components, capturing 42% of the variance
in our data. This graph shows the distribution of the four attachment styles—Secure,
Avoidant, Anxiously Attached, and Fearful Avoidant—across these components. Each
point represents an individual’s feature vector reduced to three dimensions, making it
easier to see how well our model distinguishes between the different attachment styles.
Notably, the Secure group (blue) forms a distinct cluster, reflecting the high accuracy of our
model in predicting this style. The Fearful Avoidant group (yellow) also clusters together,
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indicating our model’s success in identifying this style. However, the Anxiously Attached
(green) and Avoidant (red) groups overlap more, demonstrating the model’s challenges in
distinguishing between these two attachment styles.

Figure 7. Graphic representation of the first three Principal components.

This visualization underscores the value of using principal component analysis to
simplify the complexity of EEG coherence data. By focusing on the most significant compo-
nents, we can more easily identify patterns and relationships within the data. The graph
highlights the effectiveness of our approach in capturing the underlying structure of EEG
data and points to areas where further refinement is needed, particularly in differentiating
between the Anxiously Attached and Avoidant styles.

Table 1 presents the classification results. The model accurately identified Secure and
Fearful-avoidant categories with around 80% and 88% accuracy, respectively. However, it
found it more challenging to differentiate Avoidant and Anxious categories, with accuracy
between 57% and 65%. The most frequent misclassifications were between these two cat-
egories: 11 Avoidant instances were incorrectly classified as Anxious, and 16 Anxious
instances were classified as Avoidant. Figure 7, which plots the first three principal com-
ponents, reinforces this point: Avoidant and Anxious observations form a single, largely
inseparable cluster in the EEG-coherence space, whereas Secure and Fearful-avoidant
remain distinct.

Table 1. Results of 4-class classification.

Predicted

Secure Avoidant Anxious
Fearful

Avoidant
Recall

Real

Secure 29 3 4 0 80.55%

Avoidant 2 28 11 1 53.70%

Anxious 5 16 31 2 57.41%

Fearful
avoidant 0 2 1 22 88.00%

Precision 80.55% 57.14% 65.95% 88.00% Accuracy
68%

The difficulty in distinguishing between the Avoidant and Anxious categories may
stem from how these attachment styles are divided. The ECR-R questionnaire scores
between 1 and 7 for avoidance and anxiety. The k-means algorithm then sets thresholds
to define attachment styles. For instance, someone with an anxiety score of 3.25 might be
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classified as Secure, while someone with a score of 3.75 might be classified as Anxious.
This arbitrary separation creates challenges for the classification algorithm. Additionally,
Avoidant and Anxious categories rely mainly on one dimension—either avoidance or
anxiety—whereas Secure and Fearful-avoidant categories consider both dimensions. This
likely contributes to the model’s higher accuracy for these latter categories. In light of
the overlap observed here—and in keeping with prior work showing that Anxious and
Avoidant participants share a similar position on the R_attachment continuum [36]—we
judged it methodologically prudent to treat them as a single Insecure category in the
present analysis, while still reporting the original four-class results for full transparency.

To further investigate, we developed a new classification model focusing on Secure,
Insecure, and Extremely Insecure attachments. Secure attachments exhibit low anxiety and
low avoidance, Extremely Insecure attachments show high anxiety and high avoidance,
and Insecure attachments have high anxiety or high avoidance, but not both. We trained a
new XGBoost model on the same data and parameters to classify these three categories.
We grouped the Avoidant and Anxious categories into one Insecure category due to the
significant overlap and difficulty in distinguishing between them. Both categories exhibit
high emotional dysregulation, manifesting as either high anxiety or high avoidance [57].

We chose to classify Avoidant and Anxious as “Insecure” rather than “Extreme In-
secure” because, while both show high emotional dysregulation, they are characterized
by high scores in only one dimension (either anxiety or avoidance). “Extreme Insecure”
includes those with high scores in both dimensions, making the “Insecure” category more
appropriate for those with significant distress in one area.

As shown in Table 2, the new model achieved around 88% overall accuracy, with
approximately 93% accuracy for the Insecure group. Our EEG coherence graph technique
effectively classified individuals with insecure attachment styles. These results suggest
two potential improvements: using a larger dataset and employing a regression model. Our
current dataset included 27 participants, with 6 in the Secure category, 7 in Avoidant, 9 in
Anxious, and 5 in Fearful-avoidant. A larger, more balanced dataset could improve learning.
Alternatively, a regression model predicting exact ECR-R scores for avoidance and anxiety
might provide more precise classifications than the traditional four-category approach.

Table 2. Classification results on 3 attachment classes.

Predicted

Secure Insecure
Extreme
Insecure

Recall

Real

Secure 32 4 0 88.88%

Insecure 5 89 2 92.71%

Extreme
Insecure 0 3 22 88.00%

Precision 86.49% 92.71% 91.66% Accuracy
88.27%

4. Discussion

Attachment style is a key psychological construct that shapes behavior in relationships,
work, and other life domains [58–60]. In this study, we set out to classify participants’
attachment styles using EEG data recorded during a sequential decision-making task: the
secretary problem. Twenty-seven participants, representing the four main attachment
categories, completed six task sessions each while EEG data were collected. These signals
were segmented into 2-s windows and transformed into coherence graphs representing
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connectivity across EEG channels. Using Node2Vec, we embedded each graph into a
64-dimensional feature space, then applied Principal Component Analysis (PCA) to reduce
these to 28 key components. These features served as input for an XGBoost classifier aimed
at predicting attachment style. We also note that alternative models such as SVM and
multivariate regression were tested but yielded lower accuracy, supporting our choice of
classifier for the main analysis.

The model classified Secure and Fearful-avoidant attachment styles with high ac-
curacy (80% and 88%, respectively), but was less accurate for Anxious and Avoidant
styles (57–65%). It reliably identified individuals with either low (Secure) or high (Fearful-
avoidant) levels of both anxiety and avoidance. However, it struggled with cases where
anxiety and avoidance were asymmetrical, with one being high and the other low. This
aligns with prior work noting significant behavioral and emotional overlap between Anx-
ious and Avoidant styles [61]. Both reflect underlying insecurity, though their coping
strategies differ markedly.

To address this, we combined Anxious and Avoidant types into a single Insecure
category, which improved model accuracy to around 92%. This consolidation is consistent
with findings that anxiety and avoidance often co-exist and may reflect a shared emotional
core. While Anxious individuals typically seek proximity and reassurance, Avoidant
individuals distance themselves emotionally, yet both responses stem from relational
insecurity [24,62,63]. This conceptual shift supports growing evidence that attachment
should be viewed dimensionally rather than categorically.

Our results also challenge the validity of self-report questionnaires that impose rigid
classifications. The fluidity reflected in our EEG-based model suggests that attachment
behaviors lie along a continuum. For example, taxometric analyses have shown that anxiety
and avoidance vary along continuous gradients [64]. Research using both categorical and
dimensional approaches have further demonstrated that insecure attachment patterns often
overlap in ways that defy binary labeling [24,65].

Node2Vec generates graph embeddings by simulating biased random walks, which
allows it to capture both local and global connectivity patterns across the network [27]. In
our context, this property is useful for modeling EEG coherence graphs that may include
both short-range synchrony and longer-range inter-regional interactions. We tuned key
node2vec parameters, including walk length, number of walks, and return/in-out biases,
to better reflect the topology of our small-scale graphs. In addition, we introduced a virtual
hub node to preserve full connectivity and prevent walk fragmentation. This strategy
is consistent with recent findings showing that embeddings, even in small graphs, can
recover informative structural patterns when appropriately configured [66–68]. PCA then
filtered these representations to retain the most informative features. This contributed to
the model’s success in identifying Secure and Fearful-avoidant profiles [69].

Recent studies have demonstrated the effectiveness of graph-based and embedding
techniques in brain network research. For example, vector embeddings have been used
to map structure-function relationships in connectomes [70], EEG coherence networks
have been shown to exhibit modular structure amenable to graph analysis [71], and graph-
theoretical features derived from EEG connectivity have been applied to classification tasks
involving clinical populations [72].

Despite our model’s success, several limitations remain. The small sample of 27 partic-
ipants may not fully represent the diversity of attachment styles in the broader population.
Although each participant contributed six Secretary Problem rounds (162 coherence graphs
in total), external validity is still limited by the number of distinct individuals. The imbal-
ance in participant numbers across attachment styles may also have affected performance,
particularly for the Avoidant and Anxious categories, because class sizes were unequal. We
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mitigated some small sample bias by using participant-level nested 5-fold cross-validation,
which prevents data leakage between training and testing. Nevertheless, the results should
still be interpreted with caution given the modest cohort. Another limitation is the re-
liance on discrete attachment groups, which may oversimplify the continuous nature of
attachment-related anxiety and avoidance. In addition, although we applied symmetric
1-s pre/post response windows and excluded frequencies above 30 Hz to reduce muscle-
related artifacts, we acknowledge that beta-band activity may still partially reflect motor
processes. Since all participants performed the same brief button press across all trials,
any residual motor contamination is expected to be uniformly distributed and unlikely
to bias the results across conditions. Nevertheless, this remains a potential limitation of
our approach and should be examined more thoroughly in future studies, for example by
varying analysis windows or isolating motor components. Finally, our use of a fixed |co-
herence| > 0.5 threshold, while empirically justified in short epoch EEG studies, imposes a
binary view of functional connectivity and could restrict the model’s sensitivity to subtler
network variations.

Our study used the Secretary Problem task to probe how attachment styles shape
sequential decision-making. Future research should recruit substantially larger and more
evenly balanced cohorts, ideally through multi-site sampling, where two or more indepen-
dent laboratories or clinics collect data using a harmonized protocol. Such multi-site designs
expand the participant pool, broaden the range of demographics and equipment settings
represented, and reduce the risk that findings are influenced by site-specific factors [73,74].
Because attachment-related anxiety and avoidance lie on continuous dimensions, upcom-
ing models should move beyond discrete classes and adopt dimensional or multi-label
regression that directly predicts each participant’s anxiety and avoidance scores [75,76].
Methodologically, recording high-density EEG (64–128 channels) and applying source
localization methods, such as sLORETA or beamforming, can provide finer neuroanatom-
ical precision [77,78], enabling researchers to map coherence patterns to specific cortical
generators. Expanding the paradigm to additional real-life decision contexts will further
clarify how attachment influences behavior across situations. Finally, integrating objective
physiological measures (e.g., EEG-based coherence graphs) with traditional questionnaires
may yield hybrid tools that improve the assessment of attachment and inform personalized
therapeutic interventions.

Several key takeaways emerged from our work. First, modeling EEG signals as
coherence graphs for classification models is feasible. While EEG data collection can
be costly and time-consuming, our research showed that even a small dataset could be
effective. Second, our findings suggest that graph embedding methods like Node2Vec
may help reveal latent topological patterns that contribute to classification. While these
embeddings operate in a space that limits direct interpretability, their utility is reflected
in the model’s ability to generalize across participants. This generalization was evaluated
using participant-level nested cross-validation, where all data from held-out individuals
were excluded from training. The classifier’s success in predicting unseen participants’
attachment styles suggests that the embedding captures transferable features of brain
connectivity. Future studies could complement this approach with ablation analyses or
interpretable, handcrafted features to further clarify the contribution of specific graph
components. Third, while Secure and Fearful-avoidant styles were accurately classified,
distinguishing between Anxious and Avoidant styles remains challenging due to their
overlapping characteristics.

Another important design choice was our use of EEG coherence to construct functional
connectivity graphs. Coherence was selected because it captures the statistical coupling
between signals from different brain regions, offering a measure of large-scale neural coor-
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dination that aligns with our network-level hypothesis. Unlike raw EEG or PCA-reduced
time series data, which emphasize variance within individual electrodes, coherence pre-
serves inter-regional relationships that are central to understanding distributed processing.
While future work could benchmark raw EEG features, we selected coherence because
it supports graph-theoretical modeling and reflects biologically grounded inter-regional
connectivity. It has been widely used to study functional brain networks, especially when
large-scale coordination is central to the cognitive process [79].

In conclusion, EEG coherence graphs and machine learning can classify attachment
styles effectively. By addressing the fluidity within insecure attachment categories [64]
and using advanced graph embedding techniques, we can develop better models for
understanding human behavior. Even though EEG data collection is complex and resource-
intensive, our research suggests that coherence graphs can reveal valuable patterns even in
small datasets. Using techniques like Node2Vec and XGBoost helped us classify Secure
and Fearful-avoidant styles accurately, though it was challenging to distinguish between
Anxious and Avoidant styles due to their overlapping characteristics. XGBoost enhanced
the model’s generalizability, particularly by handling variation across EEG signals through
its built-in regularization mechanisms [80]. Nonetheless, the model’s difficulties with
Anxious and Avoidant cases underscore the complexity of classifying individuals with
overlapping emotional and behavioral traits [81].

Although recent large-sample EEG studies have applied deep CNN or graph neural
architectures successfully when thousands of trials are available [82,83], the present dataset
with 162 coherence graphs from 27 participants favors a lighter pipeline. Node2Vec embed-
dings coupled with XGBoost strike a practical balance between model capacity and sample
size in this context. This method provided detailed insights into the neurophysiological
patterns of different attachment behaviors. However, since node2vec is commonly applied
to larger graphs, we acknowledge that using this technique on a 16-node network, as in our
case, presents certain limitations. Small graphs restrict the diversity of random walk paths
and reduce the expressiveness of the resulting embeddings. To address this, we tuned key
parameters, including the number and length of walks, as well as the return and in-out
biases, to capture as much structural information as possible within the network’s limited
topology. We also introduced a virtual hub node to maintain full connectivity and prevent
walk fragmentation. This design aligns with recent findings that highlight the importance
of walk modeling precision, particularly when sampling space is constrained [84].

Despite its common application in larger graphs, our results indicate that, even in
small graphs, node2vec can extract informative structural patterns when parameters are
tuned to the graph’s scale. Importantly, our goal was not to identify ‘hubs’, but to preserve
and extract broader patterns of functional connectivity. This approach is supported by
interpretability frameworks showing that embeddings, even in small graphs, can cap-
ture meaningful subgraph structures [Towards Interpretation of Node Embeddings]. In
addition, the use of standardized pipelines for evaluating graph construction methods
helps ensure reproducibility and methodological rigor in low-resolution settings [85]. Fi-
nally, meaningful structural recovery remains feasible even in small or noisy graphs when
combined with appropriate constraints and preprocessing [86].

We emphasize that this is a proof-of-concept, demonstrating node2vec’s complemen-
tary value alongside traditional graph metrics. We plan to explore alternative approaches
in the future, such as spectral methods, simpler graph statistics, or CNNs, particularly in
settings where higher node counts or more granular data are available. Future studies
should explore attachment behaviors in varied contexts and incorporate broader and more
diverse samples to extend the reach and validity of these methods.
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Abstract: The brain age gap (BAG), the divergence of an individual’s neurobiologically
predicted brain age from their chronological age, is a key indicator of brain health. While
BAG can be derived from diverse brain metrics, its interpretation often polarizes between
early-life trait influences and current state-dependent factors like cognitive decline. Here,
we propose an integrative framework that moves beyond single summary statistics by con-
sidering the full distribution of brain metrics across regions or time. We distinguish between
a neural system’s “baseline” (typical values, e.g., mean) and its “capacity” (extreme values,
e.g., maximum) within these distributions. To test this, we analyzed resting-state magne-
toencephalography (MEG) from the Cam-CAN adult cohort, focusing on cross-frequency
coupling (CFC) within functional MRI-defined networks. We derived network-specific CFC
baseline (mean) and capacity (maximum) measures. Separate brain age prediction models
were trained for each measure. The resulting BAGs (baseline-BAG and capacity-BAG) for
each network were then correlated with cognitive performance on a picture priming task.
Both baseline-BAG and capacity-BAG profiles showed associations with cognitive scores,
with younger predicted brain age correlating with better performance. However, capacity-
BAG exhibited more conclusive relationships, suggesting that metrics reflecting a neural
system’s peak operational ability (capacity) may better capture an individual’s current
cognitive state. These findings indicate that brain age models emphasizing neural capacity,
rather than just baseline activity, could offer a more sensitive lens for understanding the
state-dependent aspects of brain ageing.

Keywords: brain age; brain age gap; cross-frequency coupling; phase–amplitude coupling;
magnetoencephalography; resting-state networks; brain–cognition associations; Cam-CAN study

1. Introduction

The concept of “brain age” has emerged as a valuable tool in neuroscience to quantify
an individual’s brain health relative to their chronological age [1]. Typically estimated
from neuroimaging or neurophysiological data, predicted brain age serves as a potential
biomarker for cognitive status, susceptibility to neurodegenerative diseases, and various
psychiatric conditions [2]. The discrepancy between this predicted brain age and an
individual’s chronological age is termed the “brain age gap” (BAG) or delta. While BAG
offers a compelling index, its interpretation remains a significant challenge, as it may
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encapsulate both enduring, early-life neurodevelopmental influences and more transient
effects of current health or clinical deterioration [3].

Two primary, though not mutually exclusive, perspectives frame the interpretation of
BAG: the “state” hypothesis and the “trait” hypothesis [4]. The state hypothesis posits that
BAG reflects dynamic, potentially reversible brain function or structure changes linked
to an individual’s current physiological or pathological condition. Conversely, the trait
hypothesis suggests that BAG is a more stable, enduring characteristic, possibly established
early in life and reflecting long-term developmental trajectories or inherent predispositions.

The state hypothesis suggests that an increased brain age gap may indicate brain
pathology. For instance, studies have shown that individuals with schizophrenia exhibit
a greater brain age gap, which correlates with negative symptom severity, suggesting
that the brain age gap could serve as a biomarker for psychosis conversion in high-risk
individuals [5]. Alzheimer’s disease (AD) and mild cognitive impairment (MCI) are
associated with an increased BAG, indicating accelerated brain ageing. This gap is linked
to cognitive impairment and is a predictive marker for disease progression [6]. MRI models
have identified higher than control-based brain age for diabetes, multiple sclerosis, mild
cognitive impairment, and Alzheimer’s dementia [7]. In another MRI study, neurologically
older brains were associated with heavy episodic drinking, higher blood pressure, and
higher blood glucose [8].

The trait hypothesis proposes that the brain age gap is a stable, individual character-
istic rather than a reflection of transient physiological states [4]. Several studies support
this hypothesis, suggesting that the brain age gap primarily reflects inherent individual
differences rather than current health conditions or temporary influences [3,4,9].

EEG-based research provides evidence for the trait hypothesis. One study found
that the brain age gap does not significantly correlate with pathological EEG changes,
suggesting acute neurological abnormalities do not drive it [4]. Another study reported no
association between cross-sectional brain age and longitudinal ageing rates [3]. Instead,
brain age in adulthood was linked to congenital factors such as birth weight and polygenic
scores for brain age, indicating a lifelong influence on brain structure originating in early
development.

Additional EEG evidence comes from a study comparing variability in brain age
prediction between young and older adults using age prediction models based on middle-
aged adults [9]. Greater variability in older adults would be expected due to stochastic
accumulation of pathologies, leading to poorer prediction and thus supporting the state
hypothesis. However, the study found no significant differences in prediction accuracy
between age groups, reinforcing the trait hypothesis.

Studies highlight the overlap between state and trait components in age-related
changes in neural irregularity [10]. This irregularity can capture trait-like differences
and state-like fluctuations, indicating that brain age may encompass stable and transient
elements [11]. Research on functional connectivity shows that state and trait components
shape individual differences in brain function. This suggests that while some aspects of
brain age are stable, others may vary with mental states [10].

A potential avenue for reconciling the trait and state hypotheses of brain age lies in ac-
knowledging the inherently skewed nature of many neurophysiological parameters. Whether
assessed longitudinally or spatially across different regions, brain metrics frequently exhibit
distributions more akin to log-normal than Gaussian patterns [12]. This prevalence of skewed,
heavy-tailed distributions is not unique to neuroscience. Still, it is a common feature in
complex biological systems, particularly for measures constrained to positive values, such as
synaptic strengths, neuronal firing rates, or network connectivity [13].
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The ubiquity of such distributions in brain organization implies that relying on a
single summary statistic, like the mean, can be misleading. In skewed distributions, a
small number of high-magnitude observations can disproportionately influence the mean,
rendering it an incomplete or even biased descriptor of the system’s central tendency or
typical state. For instance, the average firing rate of a neuronal population can be heavily
skewed by a minority of hyperactive neurons, even if most neurons fire at much lower
rates [13]. Consequently, brain age estimates derived from metrics of local or coordinated
neural activity might be unduly influenced by extreme values in a specific subset of brain
regions or during particular epochs, rather than reflecting a homogenous process across
the entire brain or consistently over time [12]. This suggests that different aspects of these
skewed distributions, such as the typical value versus the extreme tail, might capture
distinct facets of brain function relevant to the trait versus state interpretations of brain age.

We propose that the central mode and the tail of skewed distributions represent two
complementary aspects of the same neural dynamics: a baseline reflecting typical values
and an indicator of the system’s overall capacity [14]. Functional parameters in biological
systems, including neural networks in the brain, often exhibit a wide dynamic range,
enabling adaptation to varying demands [15]. The most representative values, such as the
mean or median of a parameter measured across time or brain regions, primarily capture
the system’s typical operation under normal conditions. However, these central tendencies
may overlook critical differences that emerge under extreme conditions, such as peak
cognitive demand, stress, or pathology [16].

The right tail of skewed distributions, representing the observed values of a brain
parameter beyond the central tendency, may provide insight into the system’s transient
effects, which in turn may reflect reserve capacity [17]. In the context of neural activity, this
could correspond to the maximal firing rates of a subset of neurons, the peak amplitude
of evoked responses, or the highest levels of functional connectivity observed under
demanding conditions [18]. These extreme values may represent the system’s upper limits,
revealing potential vulnerabilities or resilience in response to physiological or pathological
challenges. One example demonstrating the idea of neural capacity is the concept of
cognitive reserve.

We further propose that the distinction between the trait and state hypotheses can
be reframed in terms of a neural network’s baseline function and its capacity. Specifically,
we propose that the baseline represents the system’s typical operation under normal
conditions, while extreme event dynamics reflect the dynamic repertoire of brain states [19].
We hypothesize that the baseline, characterized by the most representative values of neural
activity, is primarily shaped by stable, individual-specific factors established early in life.
In contrast, extreme neural dynamics, captured by the distribution’s right tail, reflect the
system’s capacity to adapt to challenges, such as cognitive load, stress, or pathological
disruptions. These fluctuations in peak activity or network efficiency may provide a more
sensitive window into the current state of the neural system.

Our study illustrates how neural networks’ baseline and capacity contribute to brain
age prediction and their associations with cognitive performance. We specifically test
whether the brain age gap, computed separately for these two aspects of skewed distri-
butions, relates to cognitive function. To investigate this, we analyze a large cohort of
adults spanning a wide age range from the Cam-CAN study. We use resting-state magne-
toencephalography (MEG) data and cognitive performance across multiple domains. We
analyze neural networks based on how they are defined in the literature on resting-state
functional magnetic resonance imaging (rs-fMRI). For each brain region of interest (ROI)
defined by a cortical parcellation as our primary brain metric, we compute cross-frequency
coupling (CFC), a key mechanism for coordinating brain rhythms. We define the baseline
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function for each network as the typical CFC value across ROIs within the given network,
representing the system’s normal operational range.

In contrast, we define capacity as the maximum CFC value within the same network,
reflecting its upper functional limits. We then predict biological age using both baseline and
capacity measures of CFC and estimate the brain age gap for each approach. Finally, we
examine correlations between these neural metrics and cognitive performance to determine
whether baseline and capacity provide distinct insights into cognitive ageing.

2. Methods

2.1. Data Statement

We analyzed data from the Cambridge Centre for Ageing and Neuroscience (Cam-
CAN) study [20,21]. This is a large-scale, multidisciplinary research initiative that exam-
ines the effects of ageing on brain structure, function, and cognition across the lifespan.
Cam-CAN integrates behavioural, neuroimaging (MRI, MEG), and cognitive data from a
population-based sample of adults aged 18 to over 88. For this study, we used magnetoen-
cephalography (MEG), structural magnetic resonance imaging (MRI), and psychometric
assessments. The psychometric evaluation included seven tasks to measure executive
function, working memory, and semantic memory. Our final sample consisted of 447 par-
ticipants between 18 and 87 years old, with complete data across all required modalities.

Our use of this de-identified MEG, structural MRI, and cognitive data for secondary
analysis was approved by the Simon Fraser University Research Ethics Board (Protocol
#30001248). This secondary use was determined to present minimal risk to participants as
all data were fully anonymized prior to their release by Cam-CAN and their access by our
research team.

2.2. Neurophysiological Recordings

Resting-state MEG was recorded with a VectorView MEG scanner (Elekta Neuromag,
Helsinki, Finland) with 102 magnetometers and 204 gradiometers and a sampling rate of
1 kHz. The eyes-closed recordings were approximately eight minutes long in a magnetically
shielded room. We analyzed the recordings preprocessed from Cam-CAN Release 005.
Specifically, the MEG recordings were MaxFiltered (v2.2.12). The MaxFilter algorithm al-
lowed them to remove noise from external sources, provide head movement compensation,
and reconstruct noisy channels. For a complete description of the MEG acquisition protocol,
refer to Taylor et al., 2017 [21].

To reconstruct neuromagnetic dynamics, we used structural MRI data. The MRI scans
were recorded using a 3T Siemens TIM Trio Scanner (Erlangen, Germany) with a 32-channel
head coil. The T1-weighted MRI images were obtained using the magnetization-prepared
rapid gradient-echo (MP-RAGE) sequence with a repetition time (TR) of 2250 ms, an echo
time (TE) of 2.99 ms, and a flip angle of 9◦. The field of view was 256 × 240 × 192 mm3, with
an isotropic voxel size of 1 mm in all directions. For further details on the MRI acquisition
protocol, refer to Taylor et al., 2017 [21].

2.3. Psychometrics

From the initial Cam-CAN cohort of 652 participants with available MEG/MRI data,
our preprocessing pipeline yielded successful source reconstructions for 605 individuals
(296 females, 309 males). This group was then cross-referenced with available cognitive
assessments. After excluding additional participants who lacked complete cognitive score
data, our final sample for analysis comprised 447 participants (211 females, 236 males).

Participants completed cognitive tests assessing multiple domains, including executive
function, short-term memory, semantic memory, and somatosensory function [20]. Each
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test included multiple metrics capturing different aspects of cognitive performance. To
ensure data completeness, we selected only tests with available data for at least two-thirds
of participants who also had neuroimaging data. This selection yielded 8 cognitive tests,
comprising 21 total performance metrics, for 447 participants. The selected tasks included
the colour wheel task, hotel task, picture priming task, reaction time choice task, simple
reaction time task, tip-of-the-tongue task, proverbs task, and famous faces task. Table 1
provides a complete list and description of the test metrics.

Table 1. Cognitive test measurement names and short descriptions, as defined in the original
Cam_CAN study [20,21].

Name of Measurement Description

Tip-of-tongue—Ratio
The ratio of the total number of tip-of-tongue occurrences
divided by the total number of faces the participants say they
can recognize

Picture Priming—High semantic priming effect Effect of high semantic priming on reaction time

Picture Priming—High phonetic priming effect Effect of high phonetic priming on reaction time

Picture Priming—Low semantic priming difference Change in naming accuracy between baseline and low semantic
priming

Picture Priming—High semantic priming difference Change in naming accuracy between baseline and high
semantic priming

Picture Priming—Low phonetic priming difference Change in naming accuracy between baseline and low
phonological priming

Picture Priming—High phonetic priming difference Change in naming accuracy between baseline and high
phonological priming

Picture Priming—Number recall Total number across all conditions where participant names the
image correctly with a correct reaction time (>200 ms)

Simple Reaction Time—Median The median reaction time of correct responses

Simple Reaction Time—Mean The mean reaction time of correct responses

Simple Reaction Time—Accuracy % The percentage of button presses where the participant correctly
used their index finger

Reaction Time Choice—Median The median reaction time of correct responses

Reaction Time Choice—Mean The mean reaction time of correct responses

Reaction Time Choice—Accuracy % The accuracy of pressing a button with the correct finger (each
finger is on one of 4 buttons)

Proverbs—Score Rating of participant’s explanation of English proverbs (range of
0–2)

Hotel—Total delta time The summed total deviation from the allotted 2 min to complete
each one of 5 tasks

Hotel—Number tasks completed The number of tasks completed out of 5

Colours—Colour recall
The accuracy of the colour selected by participants after being
presented with a randomly determined number of color discs,
ranging from 1 to 4.

Faces—Familiar recall % The percentage of faces of public figures that are familiar with
the number of expected responses

Faces—Occupation recall % The percentage of faces of public figures where participants can
recall occupation over the number of expected responses

Faces—Name recall % The percentage of faces of public figures where participants can
recall their name over the number of expected responses
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For further analysis, we normalized each cognitive score to a mean of zero and a
variance of one. Some metrics, such as reaction time, were inversely related to performance,
with lower values indicating better outcomes. To ensure consistency in brain–behaviour
correlations, we inverted these metrics by multiplying their values by −1, so that higher
scores consistently reflected better performance.

2.4. MEG Preprocessing

The preparation of MEG data for further analysis involved several key stages, in-
cluding preprocessing and reconstructing neuromagnetic dynamics in brain space. We
preprocessed the Max-Filtered MEG recordings from the Cam-CAN dataset as follows.
First, we removed the initial 30 s of each recording to exclude potential transient artefacts,
then extracted a uniform one-minute segment for each participant. We followed the pre-
processing workflow established in previous studies that analyzed the Cam-CAN data
algorithms [22]. For MEG preprocessing and subsequent source reconstruction, we used
algorithms implemented in the MNE-Python toolbox [23].

We bandpass filtered the signals between 1 Hz and 90 Hz and downsampled the
data to 512 Hz. To remove electrooculography (EOG) and electrocardiography (ECG)
artefacts, we applied independent component analysis (ICA). Using the ‘Picard’ method
with 40 components, we detected eye blink and heartbeat interference by correlating the
components with the EOG and ECG channels, respectively. The MNE-Python methods
(Version 1.7), find_bads_eog() and find_bads_ecg(), were used to identify components strongly
correlated with EOG and ECG signals based on default parameters for the correlation
threshold [24].

2.5. Neuromagnetic Source Reconstruction

To estimate cortical source activity from sensor-level MEG data, we applied a linearly
constrained minimum variance (LCMV) beamformer [25,26] implemented in MNE-Python.
The reconstruction process involved several key steps.

First, the MRI and MEG coordinate systems were co-registered for each participant
using anatomical landmarks to generate a transformation matrix. The individual’s cortical
surface was reconstructed from T1-weighted MR images using the FreeSurfer recon-all
algorithm [27–29]. This process yielded a boundary element model (BEM) and defined the
source space at an oct6 resolution.

Second, a forward solution, modelling the contribution of each cortical source to the
MEG sensor signals, was computed using MNE-Python’s make_forward_solution() function.
This step integrated the co-registration transformation, the oct6 surface mesh (serving as
the source model), the BEM, and preprocessed MEG metadata. To ensure consistent source
orientation across participants, the forward solution was subsequently converted to have
fixed orientations normal to the cortical surface using convert_forward_solution() with the
surf_ori=True and force_fixed=True parameters.

Third, the LCMV beamformer was then applied to the preprocessed MEG data using
the make_lcmv() and apply_lcmv_raw() functions to reconstruct neuromagnetic source activity
across the oct6 cortical mesh. To obtain representative dynamics for functionally defined
regions, we applied the Schaefer 400-region cortical parcellation atlas [30], which segments
the cortex into regions of interest (ROIs), which are aligned with large-scale intrinsic
connectivity networks identified from resting-state functional MRI [31] and assigns each of
the 400 ROIs (200 per hemisphere) to one of 17 established functional networks. For each
of these 400 ROIs, a single representative time course was extracted using MNE-Python’s
() extract_label_time_course() function with the mode=‘mean_flip’ parameter. This method
averages activity across vertices within an ROI after aligning their orientations by flipping

169



Appl. Sci. 2025, 15, 6880

the sign of time series at vertices whose orientation deviates by more than 90◦ from the
dominant orientation within that ROI.

This pipeline resulted in estimating neuromagnetic dynamics for each participant at
400 functionally defined cortical locations, corresponding to the Schaefer atlas parcellation.

2.6. Cross-Frequency Coupling

We computed cross-frequency coupling (CFC) matrices for each participant to char-
acterize the interaction between neural oscillations at different frequencies [32,33]. CFC
facilitates information integration across brain regions and timescales and plays a key role in
cognitive functions such as memory, perception, attention, and motor control [34]. Various
methods exist to quantify CFC [32]. In our study, we focused on phase–amplitude coupling
(PAC), which measures how the phase of a slow oscillation modulates the amplitude of a
faster oscillation [35,36].

We computed a 20 × 30 PAC matrix for each of the 400 ROIs defined by the Schaefer
parcellation. This matrix represents the interaction between 20 low-frequency oscillations
(1–12 Hz) and 30 high-frequency oscillations (13–75 Hz). Using a time-frequency decom-
position, we reconstructed single-source MEG dynamics at these frequency points evenly
spaced on a logarithmic scale. We applied an eighth-order complex Gaussian derivative
wavelet to reconstruct the analytic signal for each wavelet frequency [37]. We then com-
puted the instantaneous phase of low-frequency signals and the amplitude envelope of
high-frequency signals.

After calculating low-frequency phases and high-frequency amplitudes, we estimated
the normalized modulation index (MI) for each phase–amplitude frequency pair. The
normalized MI quantifies the coupling strength while accounting for signal amplitude,
ensuring participant comparability.

As a result of this procedure, each participant was characterized by 400 ROIs, with
each ROI associated with a 20 × 30 PAC matrix. Each ROI was assigned to one of 17
functional networks, separately for the left and right hemispheres, yielding a total of 34
network-based classifications.

2.7. Mean and Maximum Values of Cross-Frequency Coupling

We characterized each functional network using two parameters: baseline cross-
frequency coupling (CFC) and CFC capacity. Each network consisted of multiple regions
of interest (ROIs). We computed the median phase–amplitude coupling (PAC) across all
ROIs within a given network to quantify baseline coordinated activity. We calculated the
maximum PAC value across ROIs within the same network to assess CFC capacity.

This procedure resulted in 34 functional networks per participant, represented by two
20 × 30 PAC matrices. One matrix reflected the network’s baseline CFC, while the other
represented its capacity to sustain phase–amplitude coupling. We used these network-level
metrics in subsequent analyses to predict participants’ age.

2.8. Brain Age Gap Based on Cross-Frequency Coupling

We predicted brain age and estimated the brain age gap separately for each of the
34 functional networks, considering the baseline and capacity cross-frequency coupling
(CFC) metrics separately. To predict brain age from cross-frequency phase–amplitude cou-
pling (PAC) features, we employed Relevance Vector Regression (RVR), a sparse Bayesian
machine learning method [38]. While sharing operational principles with Support Vector
Regression (SVR), RVR incorporates probabilistic inference, typically yielding a more parsi-
monious model that uses fewer input features (or “relevance vectors”) and is less prone
to overfitting. In this study, the RVR model was trained using these CFC features derived
from all participants, with chronological age as the target variable for prediction. The
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analysis was performed using the sklearn-rvm Python package, with the RVR configured to
use a polynomial kernel of degree 3.

To estimate the brain age gap for each network and CFC metric, we used 10-fold
cross-validation. We divided participants into ten equal groups, trained the model on
90% of the data, and tested it on the remaining 10%. This process was repeated ten times,
ensuring that each participant’s brain age was predicted without their data being included
in the training set.

After obtaining brain age predictions, we retained only the networks that showed
robust associations with chronological age. We computed a distance correlation t-test for
each network between chronological and predicted age using the distance_correlation_t_test()
function from the dcor Python package [39]. We corrected network-specific p-values for
multiple comparisons using a false discovery rate (FDR) threshold of 5%. In subsequent
analyses examining correlations between the brain age gap and psychometric performance,
we included only those functional networks where predicted age showed a robust correla-
tion with chronological age.

We computed the brain age gap (BAG) for each selected functional network as the
deviation of a participant’s predicted brain age from the population average. Specifically,
we applied a quadratic regression for each CFC metric and functional network to model
the relationship between chronological age and predicted brain age. We then calculated the
BAG for each participant by subtracting the predicted brain age from the regression-based
population average.

Positive BAG values indicated slower ageing, meaning that the participant’s cross-
frequency coupling profile resembled a younger individual’s. Conversely, negative BAG
values reflected accelerated ageing, where the participant’s CFC profile appeared older
than expected for their chronological age. Each participant was ultimately characterized by
two sets of network-specific brain age gap estimates, one for each CFC metric. Notably, the
same participant could exhibit both accelerated and slowed ageing effects across different
functional networks.

2.9. Associations Between Brain Age Gap and Psychometrics

In the final analysis stage, we examined correlations between brain age gap (BAG) estimates
and cognitive performance. We applied behavioural partial least squares (PLS), a multivariate
technique commonly used in neuroimaging to assess brain–behaviour relationships [40–43].
This analysis was conducted separately for each of the two BAG profiles and each cognitive test,
resulting in 16 Behavioural PLS analyses (2 BAG profiles × 8 cognitive tests).

Behavioural PLS decomposed the covariance between network-specific BAG estimates
and cognitive scores into latent variables (LVs) using singular value decomposition (SVD).
Each LV captured a distinct pattern of covariance between brain age gaps and cognitive
performance across participants.

To assess the significance of the overall brain–cognition correlations, we performed
a permutation test wherein we randomly shuffled data across participants and tested
for stability of correlations based on the original data. This produced a vector of overall
correlations, with dimensionality determined by the number of cognitive scores. We
performed a bootstrap test to evaluate the robustness of individual networks’ contributions
to the identified overall correlations. In each bootstrap iteration, we resampled participants
with replacements while preserving the correspondence between each participant’s BAG
and cognitive scores. Behavioural PLS then computed bootstrap ratio values, defined as
the ratio of original network saliences to the standard error of the bootstrap distribution.
These values are equivalent to z-scores. In our study, we used the terms of bootstrap ratio
values and z-scores interchangeably. We applied 10,000 iterations for both permutation and
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bootstrap tests and focused on the first LV, which accounted for the largest proportion of
variance in the brain–cognition covariances.

For each PLS analysis, we reported three key results: (i) a vector of overall correlations,
with each value representing the association between BAG and a cognitive variable within
a given test; (ii) a p-value assessing the statistical significance of these correlations across
the entire dataset; and (iii) a vector of network-specific z-scores, indicating the robustness
of networks’ contribution to the observed brain–cognition overall correlations, as defined
in (i). Larger absolute z-scores reflected more potent effects, and we focused on networks
with z-scores greater than ±2, approximately corresponding to a 95% confidence interval.

We note that PLS analysis yields several metrics for interpreting brain–behaviour
relationships. First, it provides a global significance value for each identified latent variable
(LV), which represents the strength of the overall multivariate correlation between the
combined imaging features and behavioural scores. The individual correlation values
between the cognitive scores and the LV’s brain scores indicate the effect size concerning
specific behavioural outcomes. For the imaging data, the contribution of individual fMRI
networks to the LV is quantified using Z-scores, which are computed as bootstrap ratio
values. These ratios are derived by dividing the original salience of each network by the
standard deviation of its bootstrap distribution, thereby providing a measure of effect size
for each network’s involvement in the identified pattern.

Interpretation of individual correlations between BAG and cognitive scores required
considering overall correlations and z-scores together. Positive brain–cognition associations
were reflected either by both a positive overall correlation and z-score or by both values
being negative. Conversely, negative brain–cognition associations occurred when one
metric (correlation or z-score) was positive and the other was negative.

3. Results

For both profiles of network-specific brain age gaps, we identified 24 networks, which
expressed robust associations between predicted and chronological age. 20 networks were
common for both profiles: ‘DorsAttnB_LH’, ‘ContA_LH’, ‘VisPeri_RH’, ‘SomMotA_RH’,
‘DefaultA_RH’, ‘SalVentAttnB_RH’, ‘DefaultA_LH’, ‘SalVentAttnB_LH’, ‘DorsAttnB_RH’,
‘SomMotA_LH’, ‘SomMotB_LH’, ‘DorsAttnA_RH’, ‘SalVentAttnA_LH’, ‘DefaultB_LH’,
‘SalVentAttnA_RH’, ‘SomMotB_RH’, ‘DorsAttnA_LH’, ‘LimbicA_RH’, ‘DefaultC_LH’,
‘TempPar_RH’. The labels’ LH’ and ‘RH’ indicate the reference to the left and right hemi-
sphere, respectively. Four networks were unique for the baseline-related metric: ‘Vis-
Peri_LH’, ‘ContB_LH’, ‘VisCent_LH’, ‘TempPar_LH’. Also, four networks were unique for
the capacity-based metric: ‘DefaultB_RH’, ‘DefaultC_RH’, ‘LimbicA_LH’, ‘LimbicA_LH’.
We applied a series of multivariate analyses (behavioural PLS) to explore correlations
between brain age gap and cognitive test performance.

3.1. Picture Priming Task

Partial least squares (PLS) analysis revealed a significant overall relationship between
brain age gap (BAG) and cognitive performance on one specific cognitive test, the Picture
Priming Task (overall p < 0.05). Figure 1 displays the results of two separate PLS analyses
for this task, one for BAG derived from baseline cross-frequency coupling (CFC) metrics
(left column) and another for BAG derived from capacity CFC metrics (right column). In
each column, the lower plot shows the overall correlation coefficients between BAG and
individual cognitive scales from the Picture Priming Task, while the upper plot shows the
corresponding bootstrap ratios (Z-scores) for each functional network’s contribution to this
relationship.
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Figure 1. Partial least squares (PLS) Analysis of the brain age gap (BAG) and Picture Priming Task
Performance. This figure presents results from two separate partial least squares (PLS) analyses
examining the relationship between cognitive performance on the Picture Priming Task and brain
age gap (BAG). The left column displays results for BAG derived from baseline cross-frequency
coupling (CFC) metrics (“baseline-based BAG”). In contrast, the right column shows results for BAG
derived from capacity CFC metrics (“capacity-based BAG”). The lower plot illustrates the overall
correlation coefficients between individual cognitive scales and the BAG derived from all functional
networks for each BAG type. The upper plot displays the corresponding bootstrap ratios (z-scores)
for each functional network, indicating the reliability of each network’s contribution to the observed
brain–behaviour correlation. Positive Z-scores and positive correlations in the lower plots would
suggest that a higher BAG (interpreted as relatively slower brain ageing) is associated with better
cognitive performance, and vice versa.

For both baseline-based and capacity-based BAG analyses, the distributions of network
Z-scores (Figure 1, upper plots) were predominantly positive, indicating a consistent
directionality of network contributions to the overall PLS effect. We focused on networks
with Z-scores exceeding 2, signifying robust contributions. Four such networks were
identified for the baseline-CFC BAG, and four for the capacity-CFC BAG. The consistently
positive Z-scores allow for a direct interpretation of the brain–behaviour relationships
based on the sign of the overall correlation coefficients (Figure 1, lower plots).

Examining the baseline CFC-derived BAG (Figure 1, left column), the pattern of cor-
relations with cognitive scales from the Picture Priming Task was mixed. For instance,
BAG positively correlated with lower semantic priming difference scores but negatively
correlated with lower phonetic priming difference scores. This heterogeneity in the di-
rection of effects did not yield a clear, unidirectional relationship between baseline-BAG
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and cognitive performance, suggesting that both positive (slower ageing) and negative
(accelerated ageing) BAG values could be associated with better performance on different
aspects of the task.

In contrast, the capacity CFC-derived BAG (Figure 1, right column) exhibited a quali-
tatively distinct and more consistent pattern. Specifically, BAG derived from CFC capacity
measures showed positive correlations with five out of the seven cognitive scales of the
Picture Priming Task. Given that a positive BAG indicates a brain appearing younger than
its chronological age (i.e., slower ageing) and positive values on these cognitive scales
represent better performance, this pattern consistently suggests that slower brain ageing,
as indexed by capacity-BAG, is associated with enhanced cognitive function on this task.
This consistent relationship was supported by the predominantly positive network-level
Z-scores.

3.2. Other Cognitive Tasks

No statistically significant overall relationships were found between the brain age
gap (BAG) and cognitive scores for the remaining cognitive tasks included in our analyses.
All p-values derived from the partial least squares (PLS) analyses for these tasks ranged
between 0.15 and 0.81. The full results of these non-significant PLS analyses are presented
in Figures A1–A7 for transparency and completeness. These appendix figures adhere to the
same format as Figure 1, illustrating the overall correlation coefficients and network-specific
Z-scores for each task, though none achieved statistical significance, as tested by a series of
PLS analyses.

4. Discussion

In our study, we explored the utility of the brain age gap (BAG), which is the difference
between an individual’s neurobiologically predicted age and chronological age, as a lens to
understand cognitive ageing. Conventionally, a positive BAG implies a brain appearing
“younger” than its chronological age, whereas a negative BAG suggests accelerated brain
ageing. While brain age can be derived from diverse neurophysiological measures, our
approach centred on cross-frequency coupling (CFC). This choice was motivated by CFC’s
critical role in orchestrating neural oscillations across multiple timescales within brain
regions, providing a sensitive measure of coordinated neural dynamics relevant to ageing
and cognitive function.

We estimated brain age separately for a collection of neural networks defined a priori
using a functional parcellation of resting-state fMRI networks [30,31]. Critically, we recon-
structed two distinct profiles of brain age. In one approach, we predicted chronological age
using CFC averaged across regions of interest (ROIs) within each network, representing
the network’s baseline activity. In the second approach, we used the maximum CFC value
across ROIs within the same network, reflecting the network’s capacity to generate strongly
coupled temporal activity. These two profiles of network-specific brain age gap estimates
capture different aspects of neural dynamics: baseline levels of functional coupling and the
potential for extreme neural synchronization across frequencies.

Finally, we examined associations between these two brain age profiles and partic-
ipants’ cognitive performance, measured across eight tasks assessing working memory,
executive function, and semantic memory. We found robust positive correlations between
the capacity-based brain age gap and scores on the picture priming task, which reflects
semantic memory. In contrast, results for the baseline-based brain age in the same task
were inconclusive. Our findings align with the hypothesis that the brain age gap reflects an
individual’s current cognitive state, supporting the state hypothesis of brain ageing.
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Our overall rationale for distinguishing two types of cross-frequency coupling was
based on the observation that brain parameters commonly exhibit skewed distributions [44].
This pattern is prevalent across multiple levels of neural hierarchy and closely resembles
log-normal distributions [13]. In our interpretation of the brain age gap, we specifically
analyzed these distributions’ central mode and right tail, focusing on variability within
functional networks.

We computed the maximum cross-frequency coupling (CFC) within each network to
characterize extreme values. While multiple approaches exist for quantifying distribution
tails, statistical properties such as skewness and kurtosis, among other metrics, could also
provide meaningful insights into cognitive and clinical states.

Skewness effectively differentiates cognitive states such as meditation, mathematical
problem-solving, and open-eye conditions, making it a versatile metric for cognitive state
monitoring [45]. Similarly, kurtosis has demonstrated clinical relevance across various
domains. In pediatric epilepsy, high-frequency brain signals show significantly elevated
kurtosis in epileptogenic zones compared to controls [46]. In neurodegenerative disorders,
EEG studies of Alzheimer’s patients report increased kurtosis values, which have con-
tributed to the development of kurtosis-based denoising techniques that enhance diagnostic
accuracy [47]. Additionally, brain–computer interface (BCI) research has leveraged kurtosis
to classify motor imagery tasks in EEG data, achieving high accuracy in distinguishing
between imagined left- and right-hand movements [48].

A study using resting-state MEG data from the Cam-CAN dataset further demon-
strated the relevance of extreme values in characterizing age-related changes in neural
activity [49]. By analyzing frequency-specific signal amplitudes in terms of skewness
and kurtosis, the study described how these statistical features captured the variability of
neural dynamics across the lifespan. Similarly, another study used resting-state EEG to
predict Fugl-Meyer upper extremity motor scores in individuals with chronic stroke [50].
With functional connectivity estimated as the mean and maximum phase-locking value,
the study found that maximum-based estimates achieved higher prediction accuracy [50].
These findings reinforce the importance of considering distribution tails when interpreting
neural metrics.

Characterizing the tails of the skewed distributions and focusing on their maximum
values, skewness, or kurtosis falls into the domain of extreme value theory (EVT). In
neural networks, EVT can be used to evaluate robustness against adversarial examples [51].
The extreme events help assess neural networks’ capacity to resist extreme perturbations,
thereby defining their robustness and capacity. In a study exploring the interaction between
olfactory and visual systems in vertebrates, EVT was applied to model cross-modal sensory
information integration [14]. This integration was mediated by extreme responses rather
than average cell responses, suggesting that neural capacity is influenced by the ability to
handle extreme sensory inputs.

Cross-frequency coupling (CFC) in neural ensembles requires understanding how
different oscillatory frequencies interact to enhance cognitive processes such as memory,
perception, and attention [34]. CFC is a mechanism by which neural oscillations at different
frequencies synchronize, facilitating information integration across neural populations [33].
This coupling is crucial for robust information storage and retrieval and for the modulation
of cognitive functions [52].

Our study has limitations. We recognize that using the maximum value of cross-
frequency coupling across brain regions to represent neural network capacity is a sim-
plification. From a theoretical perspective, interpreting this peak, or the upper tail of
its distribution, as a direct measure of neural capacity currently lacks strong theoretical
grounding. CFC can occur through various mechanisms, including phase-phase and phase–
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amplitude coupling, which are influenced by synaptic time scales, synaptic coupling, and
neural population excitability [32]. Inhibitory neural mass models demonstrate that CFC
can emerge from the collective dynamics of neural populations, with different dynami-
cal regimes such as periodic and quasi-periodic oscillations [53]. Nonlinear interactions
in neural fields, rather than specialized cells, can generate CFC, suggesting a universal
mechanism across multi-scale systems [54].

Neuronal ensembles are considered modular units of neural circuits [55]. Neuronal
ensembles represent and process information through coordinated activity patterns, which
are influenced by factors such as the size of the ensemble, the diversity of neuronal re-
sponses, and the synaptic connections within the ensemble [55]. The capacity of a neural
ensemble can be conceptualized in terms of its ability to encode, store, and retrieve pat-
terns or information, which is influenced by the structure and dynamics of the neuronal
ensemble. For example, cross-frequency coupling, particularly between theta and gamma
oscillations, has been shown to increase the memory capacity of neural networks [56].

Other limitations should be acknowledged. First, although we analyzed a broad
range of cognitive assessments available within the Cam-CAN dataset, our analyses did
not incorporate all potentially influential variables. Factors such as detailed educational
history, comprehensive health status indicators beyond gross clinical categories, and specific
lifestyle variables (e.g., diet, physical activity) were not included. The inclusion of such
covariates could further refine our models of brain–behaviour relationships and potentially
reveal nuances in the observed effects or identify moderating influences.

Second, our investigation of brain network dynamics relied on specific, well-
established cortical parcellations [30,31]. While these atlases are prevalent in functional MRI
research, facilitating comparability with the vast body of existing literature, they represent
only a subset of available parcellation schemes. These parcellation, while foundational,
is now relatively dated [57]. Using additional or more contemporary atlases, potentially
derived from different modalities or based on different organizational principles, could
offer further insights into the robustness and generalizability of our findings across various
network definitions.

Third, in our cross-frequency coupling (CFC) analysis, we focused on mean values
and metrics reflecting the upper tail of the distribution (i.e., maximum values). This de-
cision was motivated by the observation that neurophysiological measures often exhibit
skewed distributions where the mean alone provides an incomplete representation, po-
tentially obscuring functionally relevant extreme values [13]. While we interpret these
as speculatively representing baseline and peak coupling capacity, respectively, this is a
simplification. A more exhaustive characterization of the entire CFC distribution, or the
exploration of alternative metrics beyond the mean and maximum, could provide a more
nuanced understanding of CFC dynamics. Future studies could also benefit from explicitly
modelling the skewness or other distributional properties [49].

The observed correlation between the brain age gap derived from the cross-frequency
coupling (CFC) and performance specifically on the picture priming task, but not other
cognitive tasks, warrants further consideration. While the precise reasons for this specificity
remain fully elucidated, the neurophysiological underpinnings of picture priming offer
plausible explanations. Picture priming tasks rely on the efficient processing and integra-
tion of visual object information, processes known to involve coordinated activity across
several brain regions where CFC plays a crucial modulatory role. For instance, the fusiform
gyrus, a key region for object recognition and consistently implicated in picture priming,
exhibits enhanced theta/alpha band evoked power for repeated stimuli, suggesting that
CFC within this region may facilitate more efficient neural processing during priming [58].
Similarly, the inferior temporal cortex, critical for visual object memory, shows enhanced
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theta/alpha-beta phase–amplitude coupling during visual working memory, indicating a
potential role for CFC in maintaining primed representations [59]. Furthermore, successful
priming often involves attentional modulation and decision-making processes supported
by the prefrontal cortex, where theta–gamma CFC is implicated in coordinating large-scale
network activity [59,60]. Finally, the parietal cortex, involved in attention and integrating
sensory information with working memory, demonstrates theta–gamma phase synchroniza-
tion during memory matching, a related cognitive function [61]. Therefore, the sensitivity
of the CFC-derived brain age gap to picture priming performance might stem from its
capacity to capture the integrity of these distributed, CFC-mediated neural interactions
that are particularly critical for the rapid recognition and facilitated processing inherent
to priming effects, potentially more so than for the cognitive domains assessed by our
other tasks.

In conclusion, our study demonstrates associations between cross-frequency coupling
(CFC) and semantic memory performance, framed within the context of brain age. By defin-
ing the brain age gap (BAG) relative to typical ageing trajectories within resting-state fMRI
networks, we specifically investigated how different characteristics of network-specific
CFC relate to cognition. Our novel approach distinguished between BAG derived from
typical CFC values (baseline) and BAG derived from extreme CFC values across brain
regions within each network, the latter speculatively reflecting the network’s “capacity”
for coordinated neural activity. We found that BAG based on these CFC capacity metrics
showed robust associations with semantic memory performance. This suggests that mea-
sures capturing the peak or transient dynamics of neural coordination, rather than solely
average background activity, are susceptible to an individual’s current cognitive state.
These findings strongly support the state hypothesis of brain ageing, indicating that brain
age models emphasizing neural system capacity may offer a more sensitive approach for
understanding brain–cognition relationships and identifying state-dependent alterations
in brain health. This “capacity-focused” perspective on brain age holds promise for future
brain-wide association studies seeking to capture dynamic aspects of cognitive function
and decline.
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Appendix A

Figure A1. Relationships between Famous Faces task performance and brain age gap (BAG) from
cross-frequency coupling metrics. This figure presents results from two separate partial least squares
(PLS) analyses investigating the associations between cognitive performance on the Famous Faces
Task and brain age gap (BAG). BAG was estimated using two distinct cross-frequency coupling (CFC)
metrics: mean values (left column) and maximum values (right column). For each BAG type, the
lower plot illustrates the overall correlation coefficients between individual cognitive scales of the
Famous Faces task and the respective BAG measure. The upper plot displays the corresponding
bootstrap ratios (Z-scores) for each contributing functional network, indicating the reliability of its
contribution to the brain–behaviour correlation. The visual layout and interpretation of plot elements
are consistent with Figure 1. Both PLS analyses yielded non-significant results (p > 0.1).
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Figure A2. Relationships between Simple Reaction Time task performance and brain age gap (BAG)
from cross-frequency coupling metrics. This figure presents results from two separate partial least
squares (PLS) analyses investigating the associations between cognitive performance on the Simple
Reaction Time (SRT) task and brain age gap (BAG). BAG was estimated using two distinct cross-
frequency coupling (CFC) metrics: mean values or “baseline” (left column) and maximum values or
“capacity” (right column). The lower plot illustrates the overall correlation coefficients between SRT
performance metrics and the respective BAG measure for each BAG type. The upper plot displays
the corresponding bootstrap ratios (Z-scores) for each contributing functional network, indicating the
reliability of its contribution to the brain–behaviour correlation. The visual layout and interpretation
of plot elements are consistent with Figure 1. Both PLS analyses yielded non-significant results
(p > 0.1).
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Figure A3. Correlations between cognitive performance on the Reaction Time Choice task and brain
age gap (BAG) estimated from two cross-frequency coupling metrics. This figure presents results from
two PLS analyses examining the relationship between cognitive performance on the Famous Faces
Task and BAG estimated from two cross-frequency coupling metrics. The lower plots display overall
correlations for each cognitive scale within the task, while the upper plots show the corresponding
network-specific z-scores, following the same format as Figure 1. Both analyses yielded p-values
greater than 0.1.
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Figure A4. Correlations between cognitive performance on the Hotel task and brain age gap (BAG)
estimated from two cross-frequency coupling metrics. This figure presents results from two PLS
analyses examining the relationship between cognitive performance on the Famous Faces Task
and BAG estimated from two cross-frequency coupling metrics. The lower plots display overall
correlations for each cognitive scale within the task, while the upper plots show the corresponding
network-specific z-scores, following the same format as Figure 1. Both analyses yielded p-values
greater than 0.1.
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Figure A5. Correlations between cognitive performance on the Colour Wheel task and brain age
gap (BAG) estimated from two cross-frequency coupling metrics. This figure presents results from
two PLS analyses examining the relationship between cognitive performance on the Famous Faces
Task and BAG estimated from two cross-frequency coupling metrics. The lower plots display overall
correlations for each cognitive scale within the task, while the upper plots show the corresponding
network-specific z-scores, following the same format as Figure 1. Both analyses yielded p-values
greater than 0.1.
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Figure A6. Correlations between cognitive performance on the Tip-of-Tongue task and brain age
gap (BAG) estimated from two cross-frequency coupling metrics. This figure presents results from
two PLS analyses examining the relationship between cognitive performance on the Famous Faces
Task and BAG estimated from two cross-frequency coupling metrics. The lower plots display overall
correlations for each cognitive scale within the task, while the upper plots show the corresponding
network-specific z-scores, following the same format as Figure 1. Both analyses yielded p-values
greater than 0.1.
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Figure A7. Correlations between cognitive performance on the Proverbs task and brain age gap
(BAG) estimated from two cross-frequency coupling metrics. This figure presents results from two
PLS analyses examining the relationship between cognitive performance on the Famous Faces Task
and BAG estimated from two cross-frequency coupling metrics. The lower plots display overall
correlations for each cognitive scale within the task, while the upper plots show the corresponding
network-specific z-scores, following the same format as Figure 1. Both analyses yielded p-values
greater than 0.1.
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Abstract: Glucose delivery to the brain requires transporters at the blood–brain barrier
(BBB), whose downregulation may be associated with neuronal deficits in Alzheimer’s
disease (AD). Whether this downregulation is due to reduced demand or primary BBB
dysfunction remains unclear. We investigated novel 18F-Fluorodeoxyglucose Positron
Emission Tomography (18F-FDG-PET) measures, namely ventricles (FDGVentricles) and
cortical uptake (FDGCortex), and the FDGVentricles/FDGCortex ratio in 224 patients with AD
compared to those in 35 controls (CTRLs). AD patients showed lower FDGCortex and
FDGVentricles and higher cerebrospinal fluid (CSF) lactates than CTRLs. We found a positive
correlation between FDGCortex and FDGVentricles in both groups, although this was less
strong in AD patients (AD: r = 0.358; p < 0.001; CTRL: r = 0.516; p = 0.003). Multivariate
regression analyses showed that only older age was associated with reduced FDGCortex

and FDGVentricles in CTRLs. Conversely, lower FDGCortex was associated with higher Qalb
and higher plasma glucose levels within the AD group. Moreover, lower FDGVentricles and
FDGVentricles/FDGCortex ratios were associated with elevated CSF lactates in this group.
Stratifying AD patients by Apolipoprotein E (APOE) genotype revealed distinct patterns.
In APOE ε3 homozygotes, FDGCortex showed no associations, while FDGVentricles and
FDGVentricles/FDGCortex were negatively associated with CSF lactate. In APOE ε4 carriers,
lower FDGCortex was linked to higher plasma glucose and QAlb, whereas FDGVentricles and
FDGVentricles/FDGCortex were positively associated with CSF p-tau/Aβ42. Our findings
suggest that, in patients with AD, FDGVentricles and the FDGVentricles/FDGCortex ratio may
reflect alterations in brain metabolism and glucose extraction capacity. These parameters
are differently linked with age, BBB integrity, and metabolic dysfunction (CSF lactates),
according to APOE genotype.

Keywords: Alzheimer’s disease; glucose metabolism; FDG-PET; blood–brain barrier; APOE
genotype; CSF

1. Introduction

Alzheimer’s disease (AD) is characterized by the deposition of amyloid-β (Aβ) plaques
and hyperphosphorylation of tau proteins, in parallel with significant impairments in

Appl. Sci. 2025, 15, 5677 https://doi.org/10.3390/app15105677
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neurovascular regulation [1], blood–brain barrier (BBB) integrity [2], and brain glucose
metabolism [3]. Positron emission tomography with [18F]fluoro-2-deoxyglucose (18F-FDG-
PET) has become a key tool in AD diagnosis, as it detects a decline in the cerebral metabolic
rate of glucose—a phenomenon that can be observed even before the onset of clinical
symptoms in individuals who will later develop dementia due to AD [4,5]. Importantly, the
decline in glucose metabolism occurs earlier and is more pronounced than the appearance
of brain atrophy [6,7]. One potential explanation for this early alteration in cerebral glucose
uptake could be an abnormal delivery of glucose to the brain. Indeed, the loss of glucose
transporters (GLUTs) from the BBB has been documented to occur before the onset of AD
symptoms [8]. Moreover, postmortem studies on brains from patients with AD revealed
that the decreased expression of GLUTs was significantly correlated with abnormal tau
hyperphosphorylation, suggesting a link between impaired glucose transport across the
BBB and the progression of AD pathology [9].

With its highly selective permeability, the BBB separates circulating blood from the
brain’s extracellular fluid. While not all patients with AD exhibit an overtly BBB disruption,
it has been hypothesized that altered receptor-mediated transport could impair not only
the clearance of toxic amyloid and tau proteins [10] but also the transport of glucose from
plasma to the brain, contributing to the early metabolic changes observed in AD [11].

Studies examining brain glucose uptake predominantly leverage 18F-FDG-PET imag-
ing. Indeed, 18F-FDG emits a radioactive signal upon entry into the central nervous
system—which can be detected in both the parenchyma and cerebrospinal fluid (CSF).
Once inside the brain cells, 18F-FDG is phosphorylated to FDG-6-phosphate which cannot
be further metabolized [12]. Thus, this method enables the measurement of glucose up-
take without fully reflecting subsequent glucose metabolism. Moreover, recent evidence
supports the idea that the 18F-FDG signal in CSF spaces—particularly the ventricles—may
convey meaningful information about altered glucose transport and metabolism in neu-
rodegenerative diseases. Specifically, Zhou et al. [13] demonstrated that dynamic 18F-FDG
PET can quantify ventricular CSF clearance, serving as a surrogate marker for glymphatic
function, particularly relevant to amyloid and tau clearance in AD.

The exact mechanisms governing neuronal glucose uptake remain poorly understood,
raising critical questions about the interpretation of 18F-FDG-PET data. In the context
of AD, is the cortical hypometabolism due to the loss of neuronal and glial cells, or is it
linked to reduced 18F-FDG transport caused by BBB dysfunction? Moreover, the extent
to which 18F-FDG uptake is influenced by alterations in glucose metabolism—potentially
contributing to the pathogenesis of late-onset AD—has yet to be fully elucidated [14]. These
questions should be examined in the context of Apolipoprotein E (APOE) genotype, the
strongest genetic risk factor for late-onset AD. The presence of the APOE ε4 allele not
only increases the risk of developing AD but is also linked to a more aggressive disease
progression, with more pronounced amyloid and tau pathology [15]. Recent studies have
further demonstrated that APOE ε4 affects brain cell metabolism, leading to reduced
glycolytic activity and impaired mitochondrial respiration [16,17].

To attempt to address some of these issues, the present study investigated the role
of novel 18F-FDG-PET parameters in late-onset AD. We evaluated both the 18F-FDG
signal in the cerebrospinal fluid of ventricles (FDGVentricles), not directly related to cellular
uptake, and the same parameter with respect to the total amount of cortical glucose
uptake (FDGVentricles/FDGCortex). Moreover, we considered the relationship between these
parameters, BBB permeability, and glucose metabolism, as well as the possible modulating
role played by APOE genotype.
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2. Materials and Methods

2.1. Patients Enrolment and Study Design

Between January 2021 and June 2024, we enrolled 362 consecutive outpatients in active
follow-up at the Memory Clinic of the University Hospital “Tor Vergata” in Rome. We
considered eligible for the study all patients aged 60 to 85 that had obtained a biomarker-
based diagnosis of AD—defined as the presence of decreased CSF Aβ42 with or without
increase CSF p-tau181.

The criteria for retrospective inclusion were as follows: (1) a complete diagnostic
workup, including standardized neurological examination, laboratory testing, magnetic
resonance imaging, 18F-FDG-PET scanning, neuropsychological assessment, APOE geno-
typing, and CSF analysis, and (2) the fulfillment of the diagnostic criteria for dementia [18]
or mild cognitive impairment due to AD [19]. Specifically, the neuropsychological battery
consists of the following: Mini Mental State Examination (MMSE) to assess global cognitive
functions; the Rey Auditory Verbal Learning Test—immediate and delayed recall for verbal
episodic memory; the Rey–Osterrieth Complex Figure Test—copy and recall for visuo-
spatial memory; Raven Colored Progressive Matrices for abstract reasoning; and the Stroop
test and verbal fluency test for attention and executive functions. The exclusion criteria
were as follows: (1) a Hachinski scale score > 4 at baseline MRI, considered suggestive of
vascular co-pathology; (2) a history of traumatic brain injury within 6 months before lumbar
puncture; (3) the use of antipsychotics or antidepressants. These criteria were selected to
minimize potential confounding factors that could affect brain glucose metabolism or CSF
biomarker levels. Eventually, 224 patients were enrolled in this retrospective study.

Furthermore, 35 age-matched controls (CTRLs) were also enrolled in this study. Specif-
ically, CTRLs were recruited among patients admitted to the Neurology Department of the
University Hospital “Tor Vergata” in Rome between January 2021 and June 2024, whose
CSF samples were collected in accordance with standard hospital practice. Upon discharge,
all 35 subjects had received a diagnosis of either functional neurological disorder (n = 33)
or tensive-type headache (n = 2). Residual CSF samples obtained during routine diagnostic
evaluations were used for the analyses. Active infections, incidental presence of cognitive
impairment, and other primary neurological conditions had been ruled out, including
non-specific CSF changes such as an increased CSF cell count (>4 cells/mmc) or altered AD
biomarker profile. Subjects underwent also MRI and 18F-FDG-PET scanning for diagnostic
purposes. Eventually, only subjects with normal CSF and 18F-FDG-PET findings and
without structural or functional brain abnormalities were selected for the CTRL group.

Written informed consent was acquired from all participants or legally authorized
representatives. All procedures were performed according to the Declaration of Helsinki.
The local ethical committee considered the study protocol an observational retrospective
design (57.25CET2PTV).

2.2. CSF Collection and Biomarker Analysis

All lumbar punctures were performed between 8 and 10 a.m. An 8 mL CSF sample
was collected for each patient in polypropylene tubes. A total of 2 mL of CSF was used
for routine biochemical analysis including the calculation of the Albumin Quotient (Qalb)
as the BBB permeability index—considering CSF/serum albumin—and levels of lactates.
A second aliquot of 2 mL was used for CSF AD biomarkers. We used commercially
available kits for biochemical analysis. CSF amyloid-β 1–42 (Aβ42), phosphorylated-tau
(p-tau), and total tau (t-tau) concentrations were determined using a sandwich enzyme-
linked immunosorbent assay (EUROIMMUN ELISA©, Waltham, MA, USA). Amyloid
groups were defined according to EUROIMMUN guidelines: CSF Aβ42 was Aβ-positive if
Aβ < 600 pg/mL or Aβ-negative if Aβ42 ≥ 600 pg/mL.
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Blood samples were also drawn in EDTA tubes. The DNA was extracted automatically
and APOE genotyping was conducted by allelic discrimination technology with real-time
PCR, according to the manufacturer’s instructions (TaqMan; Applied Biosystems, Foster
City, CA, USA).

2.3. F-FDG-PET Data

All PET scans were conducted at the Nuclear Medicine Unit of the University Hos-
pital “Policlinico Tor Vergata” in Rome using a General Electric VCT PET/CT scanner
(GE Medical Systems, Powell, TN, USA). Participants fasted for at least 5 h before the
intravenous administration of 18F-FDG, and serum glucose concentrations were confirmed
to be within acceptable ranges, as recommended by the European Association of Nuclear
Medicine guidelines [20]. Patients received an intravenous injection of 18F-FDG (dose
ranging from 185 to 295 MBq), followed by hydration with 500 mL of saline solution (0.9%
sodium chloride). Imaging began 30 min post-injection and lasted for ten minutes. Detailed
acquisition and reconstruction parameters were consistent with those described in the cited
guidelines [20].

Brain uptake of 18F-FDG was assessed using Statistical Parametric Mapping (SPM)
12 software (Wellcome Department of Cognitive Neurology, London, UK; available at
https://www.fil.ion.ucl.ac.uk/spm/software/spm12/, accessed on 1 January 2025) run-
ning on MATLAB 2022b (Mathworks, Natick, MA, USA). PET data underwent con-
version from DICOM to Nifti format utilizing MRIcron software (accessible at https:
//www.nitrc.org/projects/mricron/, accessed on 1 January 2025), followed by normal-
ization procedures. To minimize image intensity distortions caused by spatially varying
artifacts and enhance the accuracy of automated processing, a bias regularization factor
of 0.0001 was applied. Additionally, the Gaussian smoothing kernel’s full width at half
maximum (FWHM) was restricted to 60 mm to prevent the algorithm from modeling
intensity variations attributed to distinct tissue types. For image processing, a bias regular-
ization factor and a smoothing kernel of an 8 mm full width at half maximum (FWHM)
were selected to balance sensitivity and specificity, minimizing noise while preserving
regional anatomical accuracy, consistently with standard PET imaging recommendations.
The tissue probability map embedded in SPM12 was internally developed from brain
18F-FDG PET scans, including data from 285 Alzheimer’s disease patients and 121 healthy
control subjects.

An affine registration with mutual information with the tissue probability maps [21]
was used to achieve approximate alignment with the ICBM spatial template European
brains [22]. Warping regularization was set with 1 × 5 arrays (0, 0.001, 0.5, 0.05, 0.2);
smoothing (to cope with functional anatomical variability not compensated by spatial
normalization and to improve signal-to-noise ratio) was set to 5 mm; and the sampling
distance (encoding the approximate distance between sampled points in estimating model
parameters) was set to 3.

The clusters containing the cortex, ventricles (CSF), and pons (see below) were ex-
ported by the means of the WFU PickAtlas tool implemented in SPM 12 (WFU PickAtlas
(RRID:SCR_007378); available online: https://www.nitrc.org/projects/wfu_pickatlas/ (ac-
cessed on 23 April 2025)) [23] (Figure 1). Specifically, the mean signal intensities calculated
from the cortex and ventricles within each subject were normalized to the average intensi-
ties of the pons volume of interest. The use of normalization based on activity in the pons,
rather than the cerebellum, brainstem, or primary sensorimotor cortex, has been reported
to result in greater accuracy in discriminating patients from controls in neurodegenerative
diseases [20,24]. Normalization to the pons was chosen due to its demonstrated stability
and robustness in AD, as metabolism in this region is relatively preserved even in early
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stages of neurodegeneration. Previous studies have confirmed that the pons provides
reliable reference values for normalization, helping to reduce inter-subject variability and
enhance sensitivity to pathological changes in cortical metabolism, which is critical for
detecting subtle disease-related effects [20,25].

Figure 1. An exemplificative representation of the methodological approach used in this study for
defining regions of interest (ROIs) using the WFU PickAtlas tool implemented in SPM12. Upper row
(A): anatomical MRI images displaying ventricular ROIs (highlighted in red). These ventricular ROIs,
derived through the WFU PickAtlas, were subsequently applied to PET scans of the patients included
in the analysis. Lower row (B): corresponding 18F-FDG PET images, onto which the ventricular ROIs
were mapped to measure 18F-FDG in CSF. The 18F-FDG values were normalized to pons activity
to correct for individual metabolic variability, thus enabling the assessment of cerebrospinal fluid
glucose dynamics in relation to Alzheimer’s disease pathophysiology. The ventricles in PET images
may appear larger than those in MRI due to the lower 18F-FDG uptake in surrounding white matter.
This image is intended purely to clarify the methodological approach and does not represent the
exact methodological procedure used in this study (see text for detailed information). R: right side.

ROIs for ventricles specifically included lateral ventricles as predefined by the WFU
PickAtlas. Cortical ROIs were defined as a composite cortical mask encompassing frontal,
parietal, temporal, and occipital lobes using the anatomical label atlas in WFU PickAtlas [23].
A dataset of normalized 18F-FDG values relevant to the cluster under study was exported.
To determine whether the normalized 18F-FDG values for the studied cluster were Gaussian
distributed, the D’Agostino K-squared normality test was applied (with the null hypothesis
being normal distribution).

2.4. Statistical Analysis

Continuous variables are presented as the mean ± standard deviation (SD) if normally
distributed and as the median (Interquartile range_IQR) if not normally distributed. Cat-
egorical variables are expressed as percentages (%). Patients with AD were assigned to
the APOE ε4 subgroup when carrying at least one ε4 allele (ε4/ε4 or ε3/ε4), while all the
remaining patients exclusively carried APOE ε3 alleles (ε3/ε3).
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Statistical differences in continuous variables between groups were tested using t tests
or the Mann–Whitney U test in case of a non-normal distribution. Pearson’s X2 squared was
used for categorical variables. Spearman correlation tests were performed to analyze the
relationships between non-parametric variables. To compare the strength of independent
correlation coefficients between groups, we used Fisher’s r-to-z transformation (http:
//vassarstats.net/rdiff.html, accessed on 23 April 2025). To test if factors including Qalb,
p-tau/Ab42, and CSF lactates were linked to changes in the 18F-FDG-PET parameters, we
performed different multivariate regression analyses. The analyses were performed in
both AD and CTRL groups. We then used separate models, considering only AD patients
stratified according to APOE genotype.

Statistical analysis was performed via JASP© (Version 0.18.3-Computer Software-JASP
TEAM 2020, https://jasp-stats.org/, accessed on 30 April 2025) and GraphPad Prism©
(Version 9.5.0, GraphPad Software, San Diego, CA, USA, www.graphpad.com, accessed on
8 April 2025).

All results were computed with two-tailed tests of significance; p-values < 0.05 were
considered statistically significant.

3. Results

3.1. Participant Characteristics

Statistically significant differences in age and the prevalence of the APOE ε4 genotype
were observed between the CTRL and the all AD group (Table 1). As expected, the cognitive
status (MMSE) as well as all CSF biomarker levels were also significantly different between
groups. Both FDGCortex and FDGVentricles were significantly lower in AD patients with
respect to CTRLs, with a larger effect size for FDGVentricles (FDGCortex r = −0.362; p < 0.001;
FDGVentricles r = −0.774; p < 0.001) (Figure 2A and 2B). Accordingly, FDGVentricles/FDGCortex

was also significantly lower in AD patients (FDGVentricles/FDGCortex r = −0.679; p > 0.001)
(Figure 2C). No difference was found in Qalb, but higher CSF lactate levels were observed
in AD patients with respect to CTRLs (r= 0.282; p = 0.007).

Figure 2. Violin plots depicting differences in FDGCortex (A), FDGVentricles (B), and
FDGVentricles/FDGCortex (C) in the CTRL (blue) and AD (red) groups. *** means a p-value < 0.01,
**** means a p-value < 0.001. The thick dotted line within each violin represents the median, while
the thinner dotted lines indicate the first and third quartiles.
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Table 1. Comparisons of demographic features and CSF dosages between CTRLs and patients
with AD.

CTRL (n = 35) All AD (n = 224) p

Mean ± SD Median (IQR) Mean ± SD Median (IQR)

MMSE 28.60 ± 1.22 29.00 (2.22) 22.73 ± 2.79 23.50 (3.00) <0.001
CSF Aβ42 (pg/mL) 1028.22 ± 290.34 1005.00 (334.00) 391.57 ± 140.25 390.50 (182.20) <0.001
CSF p-tau (pg/mL) 35.75 ± 15.19 32.35 (23.00) 84.57 ± 44.37 73.50 (53.00) <0.001
CSF t-tau (pg/mL) 212.05 ± 133.80 169.00 (158.95) 616.98 ± 351.76 555.81 (457.65) <0.001
CSF p-tau/Aβ42 0.036 ± 0.018 0.034 (0.020) 0.252 ± 0.201 0.200 (0.147) <0.001

Qalb 7.21 ± 2.15 6.98 (2.42) 6.72 ± 2.87 6.05 (3.54) <0.001
CSF lactates (pg/mL) 1.63 ± 0.40 1.50 (0.69) 1.79 ± 0.35 1.80 (0.40) <0.001

Age (y) 67.09 ± 7.33 67.00 (11.50) 70.25 ± 6.83 71.00 (9.00) 0.085

% %

Sex (F) 40.0 53.5 0.007
APOE (ε4) 14.3 44.3 0.014

mean ± SD mean ± SD

FDGVentricles 0.94 ± 0.22 0.72 ± 0.13 <0.001
FDGCortex 1.28 ± 0.15 1.20 ± 0.11 <0.001

FDGVentricles/FDGCortex 0.71 ± 0.11 0.60 ± 0.10 <0.001

CTRL: control; AD: Alzheimer’s disease; n: number; p: p-values; SD: standard deviation; IQR: interquartile
range; y: years; F: female; CSF: cerebrospinal fluid; APOE: Apolipoprotein E; Qalb: Albumin Quotient; FDG:
fluorodeoxyglucose. Continuous variables are presented as mean ± SD if normally distributed and as median
(IQR) if not normally distributed. Categorical variables are expressed as percentages (%). Bold p-values denote
statistical significance.

Stratifying AD patients according to APOE genotype, we did not retrieve any signifi-
cant difference between APOE ε3 (n = 122) and APOE ε4 (n = 97) in clinical–demographical
characteristics and CSF biomarker levels, nor in 18F-FDG parameters (p > 0.05 for all
comparisons) (Table S1).

3.2. Correlation Analysis Between 18F-FDG Parameters

A significant strong correlation was found between FDGCortex and FDGVentricles in the
CTRL group (r = 0.516; p = 0.003). When considering AD patients, we retrieved a less strong
but still significant correlation between the two parameters (r = 0.358; p < 0.001) (Figure 3).
No significant differences were observed between the two correlations (z-score 1.038;
p = 0.299).

Figure 3. Scatter plots depicting the correlation between FDGCortex and FDGVentricles in the CTRL
(blue dots) and AD (red dots) groups. Colored areas represent 95% confidence intervals.
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3.3. Regression Analyses

We performed multivariate regression analysis to evaluate which factors among
BBB integrity (Qalb), the burden of AD pathology (CSF p-tau/Aβ42), and mitochondrial
dysfunction (CSF lactates) were associated with variation in FDGCortex, FDGVentricles, and
FDGVentricles/FDGCortex. We added in the model possible confounding factors, namely age,
sex, and plasma glucose levels (Table 2).

Table 2. Multivariate regression analyses in CTRLs and AD patients.

CTRL All AD

β p β p

FDGCortex
Age −0.455 0.044 −0.013 0.854
Sex n.a. 0.532 n.a. 0.480

Plasma glucose (mg/dL) −0.080 0.689 −0.147 0.036
Qalb 0.098 0.588 −0.158 0.033

CSF p-tau/Aβ42 0.037 0.869 −0.071 0.295
CSF lactates 0.082 0.698 0.011 0.876
Adjusted R2 0.019 0.036

FDGVentricles
Age −0.608 0.004 −0.255 <0.001
Sex n.a. 0.188 n.a. 0.053

Plasma glucose (mg/dL) 0.013 0.940 −0.002 0.978
Qalb 0.226 0.173 −0.067 0.333

CSF p-tau/Aβ42 0.254 0.207 0.075 0.238
CSF lactates 0.026 0.893 −0.207 0.002

Adjusted R2 0.212 0.148

FDGVentricles/FDGCortex
Age −0.200 0.397 −0.264 <0.001
Sex n.a. 0.481 n.a. 0.100

Plasma glucose (mg/dL) 0.081 0.707 0.082 0.213
Qalb 0.152 0.439 0.010 0.885

CSF p-tau/Aβ42 0.213 0.375 0.136 0.034
CSF lactates −0.047 0.838 −0.214 0.002

Adjusted R2 −0.139 0.144
CTRL: control; p: p-values; FDG: fluorodeoxyglucose; CSF: cerebrospinal fluid; Qalb: Albumin Quotient. Bold
values denote statistical significance.

In the CTRL group, both lower FDGCortex (β = −0.455; p = 0.044) and lower
FDGVentricles (β = −0.608; p = 0.004) were associated with older age.

In the AD group, FDGCortex was negatively associated with glucose plasma levels
(β = −0.147; p = 0.036) and Qalb (β = −0.158; p = 0.033). Lower FDGVentricles was associated
with older age (β = −0.255; p < 0.001) and more CSF lactates (β = −0.207; p = 0.002).
A lower FDGVentricles/FDGCortex ratio was again associated with older age (β = −0.264;
p < 0.001) and more CSF lactates (β = −0.214; p = 0.002) but also with lower CSF p-tau/Aβ42
(β = 0.136; p = 0.034).

Finally, we stratified AD patients according to APOE genotype and performed separate
multivariate regression analyses considering, all factors which were significantly associated
with FDGCortex, FDGVentricles, and FDGVentricles/FDGCortex in the all AD group analysis
(Table 3).
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Table 3. Multivariate regression analyses in APOE ε3 and APO ε4 patients.

APOE ε3 APOE ε4

β p β p

FDGCortex
Age −0.126 0.900 −0.032 0.747

Plasma glucose (mg/dL) −0.059 0.544 −0.268 0.010
Qalb −0.138 0.166 −0.240 0.019

CSF p-tau/Aβ42 −0.096 0.311 −0.071 0.468
CSF lactates 0.141 0.151 −0.085 0.431
Adjusted R2 −0.001 0.126

FDGVentricles
Age −0.247 0.008 −0.289 0.002

Plasma glucose (mg/dL) 0.061 0.511 −0.080 0.395
Qalb −0.032 0.742 −0.218 0.020

CSF p-tau/Aβ42 −0.057 0.531 0.253 0.006
CSF lactates −0.201 0.035 −0.142 0.155
Adjusted R2 0.069 0.261

FDGVentricles/FDGCortex
Age −0.238 0.010 −0.303 0.002

Plasma glucose (mg/dL) 0.089 0.341 0.071 0.457
Qalb 0.041 0.669 −0.120 0.202

CSF p-tau/Aβ42 0.015 0.866 0.334 <0.001
CSF lactates −0.260 0.006 −0.118 0.243
Adjusted R2 0.086 0.248

APOE: Apolipoprotein E; p: p-values; FDG: fluorodeoxyglucose; CSF: cerebrospinal fluid; Qalb: Albumin Quotient.
Bold values denote statistical significance.

Considering the APOE ε3 group, we did not retrieve any significant association with
FDGCortex, but we confirmed negative associations between FDGVentricles and both age
(β = −0.247; p = 0.008) and CSF lactates (β = −0.201; p = 0.035). Similarly, we confirmed
the negative associations of both age (β = −0.238; p = 0.010) and CSF lactates (β = −0.260;
p = 0.006) with FDGVentricles/FDGCortex.

In the APOE ε4 group, we retrieved negative associations between both plasma
glucose (β = −0.268; p = 0.010) and Qalb (β = −0.240; p = 0.019) and FDGCortex. As for
FDGVentricles, we confirmed a significant association with age (β = −0.289; p = 0.002), but
we also found a significant negative association with Qalb (β = −0.218; p = 0.020) and a
positive association with CSF p-tau/Aβ42 (β = 0.253; p = 0.006). No association was found
between CSF lactates and FDGVentricles in this subgroup. Finally, the regression analysis
for FDGVentricles/FDGCortex confirmed the association with age (β = −0.303; p = 0.002) and
CSF p-tau/Aβ42 (β = 0.334; p < 0.001) but, again, not with CSF lactates.

4. Discussion

Our study highlights the potential utility of two newly introduced 18F-FDG-PET
parameters—FDGVentricles and the FDGVentricles/FDGCortex ratio—in exploring metabolic
dysfunctions in late-onset AD.

In our cohort, as expected, no difference was found in BBB permeability, evaluated
as Qalb, between the AD and CTRL groups. While the literature does not support the
notion of a fully disrupted BBB in AD, it has been shown that early BBB disfunction occurs
and exacerbates protein misfolding and neurodegeneration [5]. On the other hand, our
AD patients showed higher levels of CSF lactates, supporting the hypothesis that changes
in energy metabolism—a hallmark of normal aging processes—may also be involved in
late-onset AD [26]. Indeed, when neurons experience an increased demand for oxidative
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substrates, particularly lactate, astrocytes may supply this demand through their high
glycolytic capacity leveraging the Astrocyte–Neuron Lactate Shuttle [27].

Considering the 18F-FDG-PET parameters, both cortical and cerebrospinal fluid 18F-
FDG uptake (FDGCortex and FDGVentricles) were significantly lower in patients with AD
compared to CTRLs. Reduced 18F-FDG uptake in cortical gray matter is widely recognized
as a key feature of AD and a valuable marker for predicting cognitive decline [3]. The
underlying concept is that neurodegeneration leads to the loss of neurons and glial cells
responsible for glucose uptake or to a reduction in their metabolic efficiency. However,
FDGVentricles does not represent cellular uptake itself. Its reduction in patients with AD may
potentially correspond to a reduced glucose demand from the brain. Indeed, we found a
significant correlation between the FDGVentricles and the FDGCortex levels in both CTRLs
and patients, supporting the hypothesis of a physiological “brain pull effect” in which the
brain’s glucose demand influences its CSF levels [28]. In this context, it has been shown
that GLUT expressions at the BBB and blood–CSF barrier in the choroid plexus are strictly
regulated by brain metabolic needs and can be differently modulated in several pathological
conditions [29,30]. Interestingly, we noted a weaker correlation between FDGVentricles and
FDGCortex in patients with AD and a more pronounced decrease in FDGVentricles compared
to that in FDGCortex. As a result, the FDGVentricles/FDGCortex ratio was also significantly
lower in patients with AD. This finding may suggest that in such a neurodegenerative
condition, while there is a global reduction in cortical glucose uptake, there is an extra rate
of glucose reduction in the CSF. This glucose could be extracted and directed to astrocytes,
in an attempt to compensate for impaired neuronal energy metabolism, to enhance their
glycolytic activity and boost lactate production [31]. Thus, the lactate increase that we
observed in the CSF could be linked to the neuronal metabolic impairment reflected
by 18F-FDG-PET hypometabolism, as has already been observed in AD pathology [32].
Alternatively, the downregulation of GLUT1 occurring in AD could be different at the cortex
and the choroid plexus levels [33], explaining the discrepancy between FDGVentricles and
FDGCortex. Indeed, while bioenergetic failure in aging and neurodegeneration results from
increased mitochondrial dysfunction, deficiencies in glucose transport may also be involved.
Recent studies in mice suggest that GLUT1 deficiency in the endothelial cells triggers BBB
disruption and accelerates the progression of AD neuropathology [9], and reduced GLUT
expression has also been detected at the BBB and in the cerebral cortex of patients with
AD [11]. Overall, the weaker correlation between 18F-FDG uptake in the cortex and in
CSF compared to that in controls could indicate that in AD, the mechanisms regulating
glucose transport across the blood–brain and blood–CSF barriers are compromised, leading
to a greater dysregulation of glucose homeostasis in the CSF relative to the cortex. These
disruptions may reflect underlying pathological changes in the brain’s ability to meet its
metabolic demands, potentially contributing to the neurodegenerative process.

To investigate which factors were associated with our 18F-FDG-PET parameters, we
conducted a multivariate regression analysis considering BBB permeability (Qalb), AD-
related pathology (p-tau/Aβ42), and brain metabolic state (CSF lactates) and including
potential confounders like age, sex, and basal plasma glucose levels. In CTRLs, none of
these factors significantly influenced the 18F-FDG-PET parameters, except for age, with
older individuals showing reduced glucose uptake in both FDGCortex and FDGVentricles. In
contrast, within the AD group, lower FDGCortex was not linked to age but rather to higher
BBB permeability. In a previous study, we already observed a similar inverse relation
between BBB permeability and glucose consumption in the temporal lobes of patients with
AD [34]. It is possible that progressive BBB dysfunction may be associated with reduced
GLUT expression, causing an impairment in glucose transport that could exacerbate cere-
bral metabolic dysfunction. Further, lower FDGVentricles was associated with increased
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BBB permeability, as well as with older age and elevated CSF lactates. The relationship
with advanced age may be attributed to neuronal mitochondrial failure, which is common
with aging and induces astrocytes to extract glucose from both blood and CSF to produce
lactate. Additionally, reduced 18F-FDG uptake in the CSF could be linked to a weakened
“pull effect” from the brain due to mitochondrial energy dysfunction, which is further
associated with elevated CSF lactate levels. Interestingly, a lower FDGVentricles/FDGCortex

ratio was also associated with older age, more CSF lactates, and also with lower AD-related
pathology (p-tau/Aβ42). We hypothesize that this parameter may reflect the excess of
“glucose extraction” from CSF in an attempt to support brain metabolism, an ability that
could be progressively lost as the burden of AD pathology increases. These multivariate
analyses may partly explain the weaker correlation between FDGCortex and FDGVentricles we
found in the AD group. Indeed, while only age was associated with these parameters in the
CTRLs, in patients with AD, the relationship was influenced by several additional factors,
including BBB permeability, the burden of amyloid and tau pathologies, and bioenergetic
dysfunctions, which may disrupt the normal metabolic coupling between the cortex and
the CSF. Given the cross-sectional design of our study, no causal inferences can be drawn
regarding the directionality of the observed associations—i.e., whether BBB dysfunction
precedes or follows cerebral metabolic changes. However, our findings raise the hypothesis
that alterations in the FDGVentricles/FDGCortex ratio may reflect early pathophysiological
processes in AD. Future longitudinal studies are warranted to explore whether dynamic
changes in this ratio over time are predictive of cognitive decline or disease progression.

To further explore these associations, we stratified AD patients according to APOE
genotype, which highlighted the presence of distinct patterns of association. In the APOE ε3
group, no significant link was found between any of the variables and FDGCortex. This lack
of association was reflected by the very low adjusted R² observed for this model. However,
negative associations with both age and CSF lactates were confirmed for FDGVentricles and
for the FDGVentricles/FDGCortex ratio. In contrast, in the APOE ε4 group, lower FDGCortex

was significantly associated with higher plasma glucose levels and BBB permeability.
These findings are consistent with the literature, which has demonstrated a strong link
between cortical hypometabolism and insulin resistance [35], as well as a higher degree of
vascular abnormalities which can impact AD pathology and cognitive decline in APOE
ε4 carriers [16,36,37]. In this subgroup of patients, lower FDGVentricles was associated
with older age, higher BBB permeability, and higher degree of AD-related pathology,
while no association was observed with CSF lactates. Finally, regression analysis of the
FDGVentricles/FDGCortex ratio in the APOE ε4 group confirmed significant associations with
age and AD-related pathology, but again, no relationship was found with CSF lactates.
Collectively, these findings suggest that APOE genotype may modulate the association be-
tween amyloid pathology, vascular changes, and brain metabolic dysfunction. Specifically,
while brain glucose metabolism in APOE ε3 patients appears to be primarily associated
with bioenergetic failure (e.g., elevated CSF lactates), in APOE ε4 carriers, it seems to be in-
fluenced by the combined effects of BBB dysfunction and AD-related pathology. Metabolic
failure appears to be a common feature among all AD patients, but it is likely more pro-
nounced in APOE ε4 carriers [16], in whom additional factors—such as a well-documented
higher burden of amyloid and tau pathology [15], as well as greater microvascular dam-
age accompanied by reduced GLUT expression [9]—may further exacerbate metabolic
dysfunction.

A key strength of this study lies in the introduction and evaluation of novel 18F-FDG-
PET parameters related to CSF glucose dynamics, which, to the best of our knowledge,
have not been previously described in the literature. However, there are notable limitations
to consider. CSF regions were defined using the WFU PickAtlas toolbox, which allows the
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identification of intraventricular spaces (lateral, third, and fourth ventricles), but does not
include subarachnoid spaces. As such, our findings specifically reflect intraventricular FDG
dynamics and cannot be extrapolated to extracerebral CSF compartments. Future studies
employing dedicated segmentation pipelines or dynamic imaging may provide a more
comprehensive assessment of global CSF glucose metabolism. Additionally, the selection
of the control group, consisting of individuals with functional neurological disorder or
tension-type headache, represent a potential limitation. Nonetheless, these subjects were
carefully screened to exclude any abnormal CSF findings or structural/metabolic brain
alterations. Additionally, the cross-sectional nature of this study limits our ability to assess
causal relationships or temporal dynamics. In particular, the lack of longitudinal follow-
up prevented us from determining whether the 18F-FDG-PET alterations observed were
associated with a more severe trajectory of disease progression. Future longitudinal studies
involving larger and more diverse populations, such as those with preclinical AD, as well
as consideration of other physiological variables (e.g., diet, physical activity) that may
influence brain bioenergetics and glucose transport, will be crucial to validate and expand
upon these findings.

5. Conclusions

Overall, our findings suggest that FDGVentricles and the FDGVentricles/FDGCortex ratio
may reflect both metabolic dysfunction and altered glucose dynamics in patients with
AD. Furthermore, these measures are associated with key factors such as age, BBB in-
tegrity, and mitochondrial dysfunction, with distinct patterns observed across different
APOE genotypes.

While our cross-sectional design does not allow for causal inference, these associa-
tions are consistent with the hypothesis that bioenergetic imbalance plays a role in the
pathophysiology of AD. If validated in longitudinal studies, biomarkers sensitive to early
metabolic shifts could contribute to identifying individuals at increased risk of AD. More-
over, given that several therapeutic strategies for AD aim to target metabolic dysfunction,
such parameters might prove useful in identifying treatment-responsive individuals and in
monitoring therapeutic efficacy.
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Abbreviations

The following abbreviations are used in this manuscript:

AD Alzheimer’s disease
APOE Apolipoprotein E
Aβ42 amyloid-β 1–42
CSF cerebrospinal fluid
F female
FDG fluorodeoxyglucose
GLUT glucose transporter
CTRL control
n number
p p-value
p-tau phosphorylated-tau
Qalb Albumin Quotient
t-tau total tau
18F-FDG-PET positron emission tomography with [18F]fluoro-2-deoxyglucose
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Abstract: Epilepsy is a common neurological disorder that affects millions of people worldwide,
disrupting brain networks and causing recurrent seizures. In this regard, investigating the distinctive
characteristics of brain connectivity is crucial to understanding the underlying neural processes of
epilepsy. However, the various graph-theory frameworks and different estimation measures may
yield significant variability among the results of different studies. On this premise, this study investi-
gates the brain network topological variations between patients with temporal lobe epilepsy (TLE)
and extratemporal lobe epilepsy (ETLE) using both directed and undirected network connectivity
methods as well as different graph-theory metrics. Our results reveal distinct topological differences
in connectivity graphs between the two epilepsy groups, with TLE patients displaying more dis-
assortative graphs at lower density levels compared to ETLE patients. Moreover, we highlight the
variations in the hub regions across different network metrics, underscoring the importance of con-
sidering various centrality measures for a comprehensive understanding of brain network dynamics
in epilepsy. Our findings suggest that the differences in brain network organization between TLE
and ETLE patients could be attributed to the unique characteristics of each epilepsy type, offering
insights into potential biomarkers for type-specific epilepsy diagnosis and treatment.

Keywords: epilepsy; network topology; graph theory; fMRI; centrality measures

1. Introduction

Epilepsy is one of the most common neurological disorders, affecting around 50 million
people worldwide [1] and characterized by recurrent, unprovoked seizures (elicited by
sudden, abnormal bursts of neural activity in the brain) that can result in alterations in
behavior, motor functions, sensory perceptions, or levels of consciousness [2]. Despite
multiple antiepileptic drugs, over 30% of epilepsy patients continue to experience seizures
and report lower quality of life (QoL) [3–5]. In children, epilepsy surgery has shown a
higher rate of seizure freedom compared to pharmacological treatment [6]. On the other
hand, although surgical resection can improve seizure freedom, it carries cognitive impair-
ment risks [6,7]. In this regard, the identification of brain areas involved in epilepsy is
particularly important due to their unique characteristics and challenges in each individ-
ual patient [8]. Accurate non-invasive localization can improve surgical outcomes while
preserving cognitive functions, allowing more patients to successfully undergo epilepsy
surgery [9,10].

Although several modalities have been implemented in epilepsy research and clinical
management, functional magnetic resonance imaging (fMRI) can optimize spatial resolu-
tion, providing insights into brain activity and seizure propagation in the brain [11]. As
such, by utilizing the blood oxygenation level-dependent (BOLD) signal, fMRI can track
how the brain reorganizes itself in response to seizures or treatments.
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The recent review by Feng et al. [12] presents a comprehensive overview of biomarkers
related to pediatric epilepsy, including 62 studies that exclusively utilized fMRI data.
According to the review, integrating fMRI analysis with graph theory provides a robust
framework for enhancing predictions related to cognitive performance, assessing surgical
outcomes, and evaluating symptom severity in focal epilepsy. In fact, neural plasticity
can elucidate the brain’s ability to adapt and reorganize itself, both functionally and
structurally [13]. Furthermore, chronic seizures can lead to changes in functional neural
networks, making certain regions more prone to generating and spreading seizures.

On this premise, functional connectivity (FC) analysis allows the brain to be repre-
sented as a graph, where edges can represent the temporal dependencies of signals from
the nodes, which can be the anatomical brain regions [14]. In this network, different brain
regions have specialized functions and work together to perform higher cognitive func-
tions [15]. Epilepsy has been characterized as a brain network disorder since the seizures
not only affect the epileptogenic regions but can also spread to anatomically distant brain
regions [16]. From this standpoint, multiple studies underline the importance of the resting-
state fMRI (rs-fMRI) FC analysis in decision-making about epilepsy surgery [17,18]. Foit
et al. [18] suggested that connectivity-based biomarkers could enhance preoperative evalu-
ation, emphasizing the role of FC in predicting cognitive outcomes post-epilepsy surgery
and in localizing the epileptogenic zone. Boerwinkle et al. [17] demonstrated that incor-
porating rs-fMRI connectivity into the presurgical evaluation resulted in a 50% increase
in positive decisions for surgery. In this regard, the incorporation of graph-theory metrics
can increase our comprehension of how distant brain regions contribute to information
processing, introducing new biomarkers associated with brain network disorders such as
epilepsy [19].

This aspect has sprung an increase in research attention towards the topological
features that distinguish the epileptic brain network from the healthy one. Specifically,
since epilepsy often involves abnormal connectivity patterns in the brain, network metrics,
such as global efficiency, clustering coefficients, and path lengths, can highlight changes
in brain connectivity over time, providing insights into the neural disruptions, aiding in
diagnosis, treatment or surgical planning, and understanding the underlying mechanisms
of epilepsy [19,20]. The use of graph-theory fMRI biomarkers is especially important in
clinical applications [21]. For instance, the study of Doucet et al. [22] displays the value
of graph theoretical features in the prediction of neurocognitive outcomes through the
presurgical evaluation of TLE patients, proposing a model of three topological features
(distance, local efficiency, and participation) capable of explaining more than 68% of
the variance observed in the neurocognitive functions. Moreover, longer path lengths
(indicating a lower global efficiency) in the graphs of patients with temporal lobe epilepsy
(TLE) compared to controls are frequently observed [23–28].

Most notably, graph-theory metrics help in characterizing the overall architecture
of brain networks, identifying hubs (the regions that have a key role in the information
flow since they facilitate communication between other regions), and understanding how
different regions interact. In fact, hub-related analysis can reflect adaptive changes in
network connectivity, demonstrating distinct functional or structural characteristics in indi-
viduals with neurological disorders [29]. In this context, numerous studies emphasize the
significance of hub reorganization in epilepsy, highlighting its role as a critical biomarker
associated with patients’ cognitive impairments. A meta-analysis of Crossley et al. [30] con-
cludes that the hub regions are prone to turning into lesions in a variety of brain disorders,
and their increased biological cost is combined with higher vulnerability compared to the
non-hub regions. Interestingly, they report significantly increased values of degree central-
ity in the lesion voxels compared to the non-lesion voxels in 9 of the 26 disorders analyzed,
where 3 of them include different types of epilepsy (right and left TLE, juvenile myoclonic
epilepsy). Regarding TLE patients, the study of Bernhardt et al. [23] reports different hub
organization in patients compared to controls, with most of the TLE hubs localized in the
paralimbic and the temporal lobe. Another relevant study also presented a shift in the hub
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localization of TLE patients, with the 98% of the hub regions of the right TLE group located
in the contralateral hemisphere to the epilepsy onset [31]. Moreover, the study by Royer
et al. [32] summarizes the utility of hub-mapping analysis in the diagnosis, the formation
of a treatment plan, and the presurgical evaluation of patients with epilepsy, as well as
highlighting the necessity for further investigation of the hub-mapping techniques.

There is a need for extensive validation and refinement of our understanding of brain
reorganization in epilepsy, and for accurately identifying hub nodes and predicting the
spread of epileptic discharge in the individual patient’s brain. However, most studies
employ only degree centrality to identify hub nodes, neglecting other measures that
consider the distance between regions or their ability to facilitate connections. Furthermore,
most relevant research analyzes average graphs constructed from mean connectivity values
within each group, thus disregarding individual-specific brain networks.

In this study, we aim to address these constraints by evaluating the importance of
the regions of interest (ROIs), employing four centrality measures for the hub definition
in three different connectivity techniques. Moreover, instead of analyzing the mean brain
network, we analyze the hubs of each subject separately and then create the hub probability
based on their presence within each group, minimizing the averaging bias. Specifically, we
introduce a methodological framework to do the following:

• Explore the brain reorganization characteristics and their differences between epileptic
patients and healthy controls.

• Reveal the hub regions, utilizing different brain connectivity methods and assessing
the centrality measures to quantify the importance of a node.

• Uncover the regional alterations in hub probability, identifying the ROIs that play a
critical role in both healthy individuals and TLE and/or ETLE patients.

For this purpose, we employ three different connectivity techniques (Pearson correla-
tion, mutual information (MI), and Granger causality) to construct graphs for each subject
among TLE and ETLE patients as well as healthy controls. Subsequently, we compare the
global centralization features between all subjects and groups at different density level
thresholds. Further, we calculate the hub probability of each ROI for each group and
assess their differences to offer a comprehensive understanding of the areas controlling the
information flow in each type of epilepsy and give prominence to the hub reorganization
as a possible biomarker to predict network restructuring in epilepsy.

2. Materials and Methods

2.1. Subjects

Data were gathered retrospectively and include resting-state fMRI recordings from
65 individuals, 44 of which were epilepsy patients (21 females), and 21 healthy controls
(12 females). Subsequently, the patient group dataset was divided into temporal lobe
epilepsy (TLE—28 subjects, 12 females, mean age 28.4 ± 8.9) and extratemporal lobe
epilepsy (ETLE—16 subjects, 9 females, mean age 21.3 ± 6.4) (Tables 1 and 2). The control
group (mean age 31.6 years (±7.4)) was screened prior to data acquisition to ensure no
history of neurological diseases or drug abuse, and each reported normal or corrected-to-
normal vision and right hand as dominant [33]. Patient group inclusion criteria were as
follows: (1) epilepsy patient, either temporal epilepsy or extratemporal epilepsy, (2) ability
to complete all necessary recordings, (3) MRI negative or small lesion that does not interfere
with the brain architecture/structures, and (4) no anesthesia during the fMRI acquisition.
Assignment to either the temporal (TLE) or the extratemporal (ETLE) group was determined
following a comprehensive presurgical evaluation protocol in the “St. Luke’s” Epilepsy
Center on the basis of localizing information obtained through prolonged Video-EEG
monitoring, structural MRI, and in selected cases, additional studies such as EEG-FMRI
and PET. Data recording was performed in accordance with the Declaration of Helsinki,
while the study was approved by the Institution’s Review Board (3 April 2024). Prior to all
processing and analysis procedures, data anonymization was performed.
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Table 1. Demographic and clinical characteristics of healthy controls.

Characteristics

Number of Individuals 21
Female, N (%) 12 (57.1)

Age, mean in years (std, range) 31.6 (7.4, 18–44)
Handedness: left, N (%) 0 (0)

Handedness: right, N (%) 20 (100)
Language Lateralization: left, N (%) 19 (95)

Language Lateralization: right, N (%) 1 (5)

Table 2. Demographic and clinical characteristics of patient groups.

Characteristics TLE ETLE

Number of Individuals 28 16
Age, mean in years (range) 28.4 ± 8.9 (14–41) *, ** 21.3 ± 6.4 (13–40) **

Age of seizure onset, 17.1 ± 12.1 (0.2–39) ** 2.5–39

Affected Hemisphere

Left, N (%) 19 (67.9) 11 (68.75)
Right, N (%) 7 (25) 5 (31.25)

Bilateral, N (%) 2 (7.1) 0 (0)

Pathology

Grade I astrocytoma 3 (10.7) 2 (12.5)
Ganglioglioma 2 (7.1) 0 (0)

Gliosis 0 (0) 1 (6.25)
MTS 5 (17.9) 0 (0)

Meningioma 0 (0) 1 (6.25)
DNET 3 (10.7) 1 (6.25)
FCD 3 (10.7) 3 (18.75)

unknown 12 (42.9) 5 (31.25)
Note: Asterisk (*) denotes a statistical difference with the control group (p < 0.05); Double asterisk (**) denotes a sta-
tistical difference between the patient groups (p < 0.05); MTS: Medial Temporal Sclerosis; DNET: Dysembryoblastic
Neuroepithelial Tumor; FCD: Focal Cortical Dysplasia.

2.2. Data Acquisition

All fMRI recordings were performed at “St. Luke’s” Hospital, Thessaloniki, Greece.
Since bias can be introduced if different instrumentation is used [34], all data acqui-
sition utilized the same scanner, i.e., a 1.5T AVANTO FIT MRI scanner with a stan-
dard Siemens 20-channel head coil. The MRI protocol included(a) resting-state fMRI,
2 × 2 × 2 mm3 voxel size, TR 1700 ms, TE 50 ms, 530 volumes, 15 min, (b) gradient field
map, 2 × 2 × 2 mm3 voxel size, 228 × 228 × 170 mm3 field of view, 4.76 ms and 9.52 ms
the two echo times, (c) T1 MPRAGE, 1 × 1 × 1 mm3 voxel size, 250 × 250 × 192 mm3

field of view, (d) T2 FLAIR, 1 × 1 × 1 mm3 voxel size, 260 × 252 × 176 mm3 field of
view. All resting-state fMRI were acquired at the beginning of each session. Subjects were
instructed to keep their eyes closed throughout the acquisition while trying not to fall
asleep. Pneumatic headphones were used to insulate from the scanner noises, but no music
or other audio was playing during fMRI acquisition. More details of the data acquisition
procedures can be found in [33].

2.3. Preprocessing

The FMRIB’s Software Library (FSL; v 6.0.1; https://www.fMRIb.ox.ac.uk/fsl; ac-
cessed on 15 January 2024) was utilized for the preprocessing pipeline of fMRI data [35].
Gradient field maps were utilized to estimate the scanner inhomogeneities for data correc-
tion and better registration procedures. The effective echo spacing of the fMRI data was at
0.78 ms. The preprocessing pipeline included brain extraction, motion correction via linear
registration with 6 DOF to the middle fMRI volume of the acquisition, spatial smoothing
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with a kernel of 4 mm FWHM, grand mean intensity normalization, and a high pass filter
at 100 s. Registration was performed from the fMRI template image to the T1 image with
the BBR algorithm and inverted to apply the transformation to the label image and capture
the time series of each region in the fMRI space to avoid unnecessary interpolations [36,37].
Afterwards, independent component analysis was performed for each session and the
components related to any artifact were manually recognized and regressed out of the
signal for the subsequent analysis [38,39]. Registration to a template was not performed, as
the time series were extracted to the fMRI space for each subject.

2.4. Segmentation and Time Series Extraction

The atlas utilized in the current study is the Destrieux atlas [40], as they were parcel-
lated from FreeSurfer [41]. For the segmentation, both T1 isotropic and T2 FLAIR images
were utilized, with a total of 160 regions being parcellated into cortical and subcortical
regions (the names and abbreviations of the brain regions can be found in Appendix A).
The mean value of each region in each timepoint was calculated to create the time series of
the regions for each subject from the preprocessed signal.

2.5. Brain Connectivity Estimation

For each subject, the temporal dependencies between the BOLD time series extracted
from the ROIs of the Destrieux atlas were estimated using three connectivity methods:
the Pearson correlation, the mutual information (MI), and the Granger causality. The
mathematical formulas for each method can be found in Appendix B. Each method output
was a connectivity matrix with size 160 × 160. The corresponding graphs were constructed
at a subject level with 160 nodes denoting the ROIs used for the analysis, and the edges
between those ROIs represented the strength of their dependence, expressed by the values
of the connectivity matrices. The correlation matrices corresponding to the Pearson cor-
relation [42] and the mutual information (MI) [43] are undirected (symmetric), while the
causation matrix corresponding to the Granger causality [44] is directed (asymmetric).

To ensure stability of the graph-theory metrics, the same number of edges were taken
into account, applying a proportional threshold on the edges of the graph to preserve a
specific density level [45]. Specifically, we define as density level the percentage of the
edges/connections preserved in the final graph, while all other edges were set to 0. In this
study, ten (10) density levels were utilized, from 5% to 50% with a step of 5%, resulting in the
construction of 30 graphs in total for each subject (10 of each density level × 3 connectivity
metrics × 65 subjects = 1950 graphs). A schematic of the applied framework is presented
in Figure 1.

 

Figure 1. The steps followed for the analysis pipeline.
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2.6. Global Network Analysis

Accordingly, each graph was investigated for its topological characteristic via the
graph metrics of (i) global assortativity, (ii) global efficiency, (iii) global (mean) clustering
coefficient, and (iv) number of components. The definitions of the aforementioned global
topological features are included in Table 3. Those global features are calculated for each of
the 3 × 10 = 30 graphs corresponding to each subject (3 types of graphs—Pearson, MI and
Granger, and 10 density levels) resulting in 120 total features (30 graphs and four global
topological metrics) for each subject. For each of the global topological features, an ANOVA
test among the groups was implemented (p < 0.05 FDR corrected). Tukey–Kramer post
hoc test was implemented to infer the statistically significant changes between each pair of
groups (p < 0.05).

Table 3. Definitions of the global topological features.

Features Description

Global assortativity

Assesses the similarity of the nodes connected in the graph, concerning their degree
centrality. High positive values of assortativity indicate that the nodes tend to connect with
nodes with similar centrality degrees. Negative values indicate that the hubs of the network
tend to connect with low-degree nodes [46].

Global efficiency

Measures how easily information can travel between any pair of nodes. High values
indicate a more integrated and well-connected network. Lower global efficiency suggests a
network where information transfer is less efficient, indicating potential disruptions or
fragmentation in network connectivity [47]. Mathematically, it can be formed as follows:

EGlobal =
1

N(N − 1) ∑
i �=j∈G

1
dij

where dij is the shortest path length that connects the nodes i and j in the graph.

Mean clustering
coefficient

Quantifies the degree to which nodes tend to cluster together. High mean clustering
coefficient values suggest that there are many localized clusters of interconnected brain
regions, which might be indicative of specialized functional modules within the brain [48].
Low values of the mean clustering coefficient indicate that the graph cannot be divided into
clusters, and most of its nodes participate in closed triangles [49]. The mean clustering
coefficient can be calculated as the average of the nodal clustering coefficient from all the
nodes in the graph:

CCGlobal =
1
N ∑

i∈G
ci

ci is the clustering coefficient of the node i, which is calculated according to the
following formula:

ci =
2Ti

di(di − 1)

Ti denotes the number of triangles that include the node i, and di is the degree of this node.

Number of
components

Evaluates the maximal connected subgraphs within the entire network. A graph with only
one component is fully connected, while a graph with multiple components is disconnected
or has distinct clusters.

2.7. Hub-Related Analysis
2.7.1. Probability Distribution in Regions of Interest

Following the global topological characteristics, we aimed to identify the important
brain areas (hubs) associated with TLE and ETLE. To do so, we focused on various centrality
measures which quantify the importance of each node in the graph (Table 4). We calculated
the (i) degree centrality, (ii) betweenness centrality, (iii) local efficiency, and iv) eigenvector
centrality for every ROI of all three graph methods, with the exception being the eigenvector
centrality, which is defined only for undirected graphs (i.e., Pearson correlation and MI). If
the centrality value of the ROI differs from the mean centrality values (i.e., the average value
of the 160 nodes included in the graph) for more than one standard deviation, then this ROI
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was considered a hub region for the graph. This was implemented for all ROIs for each
subject, for each group (TLE, ETLE, and control), and for each centrality measure. To ensure
reliable node identification and to preserve all the ROIs as possible hubs of the graphs,
centrality measures were handled at the density level of 50%. The hub probability within
each group was defined as the number of subjects within the group that have this ROI as a
hub divided by the total number of subjects in this group, as shown in Equation (1).

pR,G =
#SG with R as a hub

#SG
(1)

where pR,G denotes the hub probability of the ROI R ∈ {1, . . ., 160} in the specified group G
∈ {TLE, ETLE, Controls}, and #SG denotes the number of subjects within group G.

Table 4. Definitions of the nodal topological features.

Measures Description

Degree centrality

Measures the number of edges starting from the region. For the directed graph of
Granger causality, we used the sum of the in-degree (number of incoming edges)

and out-degree (number of outgoing edges) of each node. Nodes with higher
degree centrality have a higher number of connections within the network and are

considered to be more influential [50].

Betweenness centrality
Quantifies the ability of a node to act as a bridge along the shortest paths between
pairs of other nodes. Nodes with high betweenness centrality act as intermediaries

that facilitate the flow of information or resources between other nodes [51].

Local efficiency

Evaluates the network’s ability to maintain communication despite potential node
failures. Nodes with high local efficiency have neighbors that can communicate
with each other via multiple paths, ensuring robust communication pathways

within local clusters or neighborhoods. [47].

Eigenvector centrality
Assesses the significance of a node within a network based on its connections to
other highly central nodes. Nodes with high eigenvector centrality are deemed
influential due to their direct connections with high centrality score nodes [52].

The result is a map of 3 × 160 hub probabilities for each of the three groups and
each ROI. This procedure was also implemented separately for each of the four centrality
measures, resulting in 5 hub probabilities corresponding to a ROI within a group: hub
probability (regardless of the centrality used), degree hub probability, betweenness hub
probability, local efficiency hub probability, and eigenvector hub probability. Finally, we
defined the hubs of the group as the ROIs with the relative higher values of hub probability.
Since we have different sample sizes between the groups, we do not apply a common
threshold for the hub probabilities. Instead, the important hub regions are defined as
the ROIs which have a hub probability higher than the mean hub probability within the
specified group by more than one standard deviation:

pR,G > meanG

(
pi,G

)
+ stdG

(
pi,G

)
(2)

where pR,G denotes the hub probability of the ROI R ∈ {1, . . ., 160} in the specified group

G ∈ {TLE, ETLE, Controls}, meanG

(
pi,G

)
denotes the mean hub probability across the

ROIs within group G, and stdG

(
pi,G

)
is the standard deviation of the hub probability

values of the ROIs within group G.

2.7.2. Probability Distribution in Brain Sectors

To further elucidate the centrality-specific hub probabilities of the different graphs, we
employed the same analysis on distinct anatomical subdivisions within the brain, encom-
passing various regions or structures that share functional and/or structural characteristics
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(Brain Sectors). The exact categorization can be found in Appendix A. As such, the 160 ROIs
were divided into eight brain sectors to properly assess the results. The brain sectors include
the following: CNG (cingulate cortex), FR (frontal lobe), INS (insula), MOT (motor area),
OCC (occipital lobe), PAR (parietal lobe), SUB (subcortical area), and TMP (temporal lobe).
For every brain sector, we compute the mean degree hub probability, the mean betweenness
hub probability, the mean local efficiency hub probability, and the mean eigenvector hub
probability of the ROIs of this brain sector. Similar to global network analysis, we compare
those probabilities within every brain sector between the three groups using the ANOVA
test, followed by the Tukey–Kramer post hoc test.

3. Results

3.1. Topological Characteristics

The comparison between the global topological features, including global assortativity,
efficiency, the mean clustering coefficient, and the number of components, was imple-
mented for the three types of graphs (Pearson, MI, Granger causality) for all density levels.
The results of all the global topological features comparison are presented in Table 5.

Table 5. Global topological features comparison.

Global Topological
Features

HC vs. TLE HC vs. ETLE TLE vs. ETLE Metric Density Level

Global
assortativity

↑ Pearson correlation 30–50%
↓ Mutual information 5–10%
↓ Granger causality 5–45%

Global
efficiency

↑ Pearson correlation 45–50%
↓ Pearson correlation 30–50%
↑ Granger causality 5%

Global
clustering coefficient

↓ Pearson correlation 5%
↑ Pearson correlation 25%

↓ Pearson correlation 30–35%
↓ Mutual information 40–45%

↑ Granger causality 15–40%
↓ Pearson correlation 5%

↑ Pearson correlation 25%

Number of
components

↓ Pearson correlation 40–50%
↑ Pearson correlation 30–50%

↑ Granger causality 5%

Note: The upwards/downwards arrow (↑/↓) indicates that the group has statistically significant higher/lower
values, respectively. When there is no arrow, there is no statistically significant result. The metric of the test is
shown in the fourth column. The fifth column presents the graph’s density level when there was a statistically
significant result. The dash denotes that the difference was observed in all the density levels from the starting
percentage to the final with a step of 5%.

From the topological characteristics analysis, the features that displayed significant
differences among the three groups in all the connectivity methodologies were the global
assortativity and the mean clustering coefficient (Figure 2). Specifically, in the Pearson
correlation analysis, the healthy control displayed positive values of assortativity in all
density levels. On the contrary, TLE patients exhibited disassortative functional networks
for density levels higher than 30%. In higher density levels (above 45%), the TLE group
showed lower values of global efficiency when compared to the other two groups. Interest-
ingly, ETLE patients presented an increased mean clustering coefficient compared to the
other two groups. Further, when the density level is more than 40%, TLE patients presented
more components compared to the other two groups.
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Figure 2. The global topological features presented significant differences between the three groups
for all the types of graphs: Pearson correlation, MI, and Granger causality, for the various density
levels. Blue lines correspond to the control group, orange to the TLE group, and green to the ETLE
group. Statistically significant differences (p < 0.05) are presented with the asterisk (*) symbol. Red
asterisk: difference between TLE and ETLE; blue asterisk: difference between ETLE and control; black
asterisk: difference between TLE and control.

The graphs that evaluate the functional connectivity with the non-linear metric of MI
present comparable topological features between the control and the TLE group. When 5%
or 10% of the highest total edges are preserved, ETLE patients have higher assortativity
compared to the TLE group. All the groups have disassortative graphs in all the density
levels. In higher levels of density (40–45%) of the MI graphs, ETLE patients presented higher
levels of clustering coefficient on average, compared to the graphs of the control group.

Concerning the Granger causality network, controls present similar topological fea-
tures with each of the two patient groups, with significant differences being observed
between TLE and ETLE groups. Specifically, TLE patients present graphs with higher
clustering coefficient, and lower values of assortativity compared to ETLE group in most
density levels. When we keep only the highest 5% of the connectivity values in the graph,
the TLE patients show a more integrated graph compared to the ETLE patients (higher
global efficiency), and the number of components is significantly lower in the ETLE group
compared to controls.

3.2. Hub Probabilities in Regions of Interest

The threshold on the hub probability of the ROIs is defined within each of the three
groups and it is different for the three types of connectivity metrics, resulting in 9 different
thresholds. In the Pearson correlation graph network analysis, the thresholds that were
used to identify the hubs of each group were: pR,ETLE > 0.55, pR,TLE> 0.48, and pR,C> 0.56.
According to those thresholds, the hub regions presented in all groups in both hemispheres
were as follows: the superior frontal gyrus (SFG), the superior parietal gyrus (SPG), the
postcentral (PostCG) and precentral gyrus (PreCG), the precuneus (PCUN), the middle
temporal gyrus (MTG), and the lateral aspect of the superior temporal gyrus (STGlat). In
the left hemisphere, all groups have a hub with the supramarginal gyrus (SMG), and in
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the right hemisphere, the middle occipital gyrus (MOG) and the superior temporal sulcus
(STS) (Figure 3). The highest probabilities in all groups are reported in Appendix C.

Figure 3. The hub regions with the highest probabilities in the Peason correlation graphs for: (a) the
control group, (b) the TLE group, and (c) the ETLE group. Node color denotes the inclusion of each
node to control, TLE and ETLE groups. i.e., Light blue: node included only in the control group, Red:
node included only in the TLE group, Green: node included only in the ETLE group, Purple: node
included in the control and ETLE groups, Blue: node included in control and TLE groups, Orange:
node included in the TLE and ETLE groups, and Yellow: node included in all groups.

We observed a hub reorganization between the control group and the patients, ex-
plained through the differences in hub probabilities. The probability distribution indicated
that the superior occipital gyrus (SOG) was identified in the control group with a hub
probability of more than 61% in both hemispheres (61.9% the left SOG, 71.4% the right
SOG), while the same probability was less than 36% for the TLE group (35.7% the left SOG,
32.1% the right SOG) and less than 50% for the ETLE group (37.5% the left SOG, 50% the
right SOG). Furthermore, the bilateral Cuneus (CUN) demonstrated decreased probability
in both patient groups compared to controls. Specifically, the left CUN hub probability was
66.7% in controls, 46.4% in TLE patients, and 31% in ETLE patients, while the right CUN
hub probability was 71% for the controls, 42.9% in the TLE, and 50% in the ETLE groups.
Another deviation that was observed in the patients’ hubs was in the left inferior occipital
gyrus (IOG), where the control group showed a hub probability of 76.2% while the patient
groups were significantly lower (39% for the TLE patients, 43.8% for the ETLE patients).
Finally, the paracentral gyrus (ParaCG) was deemed as a region with a key role in the ETLE
graphs, with 68.75% hub probability bilateral, while the bilateral hub probability for the
control group was 38% and for the TLE was lower than 50% (46.43% in the left hemisphere
and 42.86% in the right).

Regarding the MI graph networks, most of the hub regions did not display significant
differences among the three groups (Figure 4). In the MI graph analysis, the thresholds
that corresponded to the hub probabilities for each of the three groups were: pR,ETLE > 0.56,
pR,TLE > 0.48, and pR,C > 0.49. The highest probabilities in all groups are reported in
Appendix C. The brain regions found as hubs in both hemispheres in all groups were more
posterior regions, mainly in the occipital lobe as well as the superior parietal gyrus and the
posterior central gyrus. The hubs presented unilaterally in all groups were the left CUN
and the right ParaCG. Interestingly, the right CUN was presented in most patients’ MI
graphs with higher hub probability values compared to the control group (hub probability
was 60.7% in the TLE and 81% in the ETLE group, but only 47.6% in the controls). Similarly,
the right angular gyrus (ANG) was identified as an important brain region in all ETLE
patients and in 64.3% of TLE patients but displayed lower hub probability (47.6%) in the
controls. On the contrary, the regions of left PCUN, left subparietal sulcus (subparS) and
right posterior-ventral part of the cingulate gyrus (vPCC) demonstrated over 50% hub
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probability in the control group but less than 20% hub probability in the ETLE group.
Those regions are not identified as hubs in the TLE group either, since they present hub
probabilities lower than 48% (46.43% for the left PCUN and the right vPCC, 32.15% for the
left subparS).

Figure 4. The hub regions with the highest probabilities in the MI graphs for: (a) the control group,
(b) the TLE group, and (c) the ETLE group. Node color denotes the inclusion of each node to control,
TLE and ETLE groups. i.e., Light blue: node included only in the control group, Red: node included
only in the TLE group, Green: node included only in the ETLE group, Purple: node included in the
control and ETLE groups, Blue: node included in control and TLE groups, Orange: node included in
the TLE and ETLE groups, and Yellow: node included in all groups.

Concerning the Granger causality graph analysis, we employed three of the four
centrality measures since eigenvector centrality can only be applied to undirected graphs.
The thresholds applied to reveal the hubs in the directed graphs for the three groups
were: pR,ETLE > 0.57, pR,TLE > 0.53, and pR,C > 0.52. Notably, the hubs identified from the
Granger causality directional graphs differ significantly from those reported in the Pearson
correlation and MI graphs (Figure 5). In detail, the hub ROIs observed in both hemispheres
in all groups include the subcallosal gyrus, the anterior transverse collateral sulcus of the
occipital lobe, the medial olfactory orbital sulcus, and the pallidum. Additionally, hub
nodes common to all groups in the right hemisphere include the gyrus rectus of the frontal
lobe, the right amygdala, and the right thalamus. Notably, the regions with the highest
probabilities in all groups are the right olfactory sulcus of the frontal lobe and the right
pallidum, with the latter consistently identified as a hub ROI in all individuals of the TLE
and ELTE groups, and in 90.48% of the controls. However, there are regions presented as
hubs only in the control group, such as the left parahippocampal gyrus (Parahip G) and
the left planum polare of the superior temporal gyrus (STG polar). ETLE patients present
low hub probability (31.25%) in the left parahippocampal gyrus, while it is identified as
a hub for 50% of the TLE patients and 57.14% of the controls. The pole of STG presents
61.9% hub probability in the control group but less than 50% hub probability in both patient
groups (46.4% in the TLE group, 43.75% in the ETLE group). On the other hand, the right
parahippocampal gyrus presents high hub probabilities in the patients (64.3% in TLE group,
68.75% in ETLE group), but it is not a hub for the controls (38.1% hub probability). In the
subcortical areas, the right putamen and the left thalamus are identified as hubs in the TLE
and ETLE groups with hub probabilities higher than 60%, but not in the controls where the
hub probability is 47.6%.
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Figure 5. The hub regions with the highest probabilities in the Granger causality graphs for: (a) the
control group, (b) the TLE group, and (c) the ETLE group. Node color denotes the inclusion of each
node to control, TLE, and ETLE groups. i.e., Light blue: node included only in the control group, Red:
node included only in the TLE group, Green: node included only in the ETLE group, Purple: node
included in the control and ETLE groups, Blue: node included in control and TLE groups, Orange:
node included in the TLE and ETLE groups, and Yellow: node included in all groups.

3.3. Hub Probabilities in Brain Sectors

We employed a statistical evaluation of anatomical subdivisions within the brain (brain
sectors), each incorporating several ROIs (extended results can be found in Supplementary
Materials). This procedure was applied separately for each centrality measure and each
graph, while additionally implemented for the overall hub probability, defined as the
mean hub probability of the ROIs included in each brain sector, regardless of the centrality
measure. Figure 6 presents the mean centrality-specific hub probabilities within the eight
brain sectors, for each of the three groups (C, TLE, ETLE). Similarly, Figure 7 displays the
overall mean hub probability within the brain sectors.

In the Pearson graphs, the hubs based on the degree centrality hub probability are
mainly located in the motor area for both patient groups. On the other hand, the control
group presents most of the degree centrality hubs in the temporal lobe. The highest
betweenness centrality hub probability is observed in the subcortical areas in all three
groups. In the local efficiency hub probability, significant differences were indicated
between ETLE and TLE patients in the frontal lobe and the cingulate cortex. Similarly, the
control group displayed statistically significantly higher values compared to the TLE group
in the motor areas. In the MI graphs, the three groups displayed similar hub probabilities,
regardless of the centrality measure. Most of the hubs based on the degree centrality
hub probability were observed in the parietal lobe. Interestingly, although all centrality
measures indicated very low values and therefore close to zero hubs in the subcortical area,
the local efficiency hub probability had its highest values there.

In the Granger causality graphs, the subcortical regions presented higher values in
the degree centrality hub probability. This was also observed in the local efficiency hub
probability values. The betweenness centrality hub probability displayed extremely low
(close to zero) hub probability values. Despite this, there were a few hubs presented in
the motor and parietal areas that were able to influence the mean values and thus display
significant differences among the groups.
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Figure 6. Mean centrality-specific hub probabilities within the eight brain sectors. The bottom
and top edges of each box indicate the 25th and 75th percentiles, while the red line indicates the
median value. The whiskers extend to the most extreme values, whereas outliers are presented with
a circle. Significant differences (p < 0.05) are presented with the asterisk (*) symbol. Red: difference
between TLE and ETLE; blue: difference between ETLE and control; black: difference between TLE
and control.
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Figure 7. Overall hub probability within the brain sectors. The bottom and top edges of each box
indicate the 25th and 75th percentiles, while the red line indicates the median value. The whiskers
extend to the most extreme values, whereas outliers are presented with a circle. Significant differences
(p < 0.05) are presented with the asterisk (*) symbol.

Of note is that the eigenvector centrality hub probability had comparable results with
the degree centrality in both Pearson correlation and MI. As we mentioned in the method-
ology section, the eigenvector centrality can be calculated only for nodes of undirected
graphs and hence, it is not defined for the graphs of Granger causality.

In the overall hub probability, the highest values in the Pearson correlation graphs
were indicated in the motor area and the parietal lobe for TLE and ETLE patients, while
in the control group, the occipital lobe presented the highest values, compared to the
other brain sectors. The occipital lobe predominance was also observed in the MI graphs,
although a significantly higher overall hub probability was found in the subcortical regions
of the control group compared to the TLE patients. Meanwhile, Granger causality indicated
the highest hub overall probability values for all groups in the subcortical regions.

4. Discussion

This study introduces a methodological approach to overcome existing limitations
in the analysis of hub regions in epilepsy research. Unlike traditional approaches that
solely rely on degree centrality, we employ four different centrality measures to evaluate
the importance of regions of interest (ROIs) in connectivity networks. This inclusion
allows the emergence of hubs based not only on the number of their connections but
on a variety of nodal features that reveal their significance in the graph, such as their
ability to bridge regions through a short path length. Additionally, instead of averaging
connectivity values across groups, we analyze hubs at the individual level to maintain each
subject’s connectivity patterns and minimize averaging bias. The proposed scheme offers
promising findings that could potentially pave the way for future research in epilepsy
biomarker discovery.

4.1. Brain Reorganization

In the comparison of global topological features, the healthy control group presents
statistical differences with the TLE group only in the Pearson correlation graphs. Our
analysis revealed lower values of global assortativity, global efficiency, and mean clustering
coefficient values in TLE patients compared to healthy controls, particularly at density
levels exceeding 25%. Although the reduction of global efficiency observed in TLE patients
is supported by similar studies [23–28], it is worth mentioning that other researchers report
contradictory findings [31,53]. In a similar manner, TLE patients display lower mean clus-
tering coefficient values, with some studies reporting comparable results [24,26–28,31,53],
while others suggest a higher global clustering coefficient for patients with focal epilepsy
compared to controls [25].
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This could be related to the fact that there are methodological differences between those
studies, such as the definition of the ROIs with different atlases, and the threshold methods
applied [54]. For instance, Mazrooyisebdani et al. [31] applied automated anatomical
labeling (AAL) and temporal correlations and asserted that individuals with temporal lobe
epilepsy (TLE) exhibit functional networks characterized by higher global efficiency and
lower clustering coefficient compared to healthy controls. However, most of the studies
report similar results to our analysis, where TLE patients present lower global integration
(reduced efficiency) and segregation (reduced mean clustering coefficient) in their graphs
compared to the controls. Interestingly, those topological features have been related to
cognitive deficits observed in chronic epilepsy [28]. The ETLE group presents increased
mean clustering coefficient compared to the control group in the undirected graphs of
Pearson correlation and MI, at different density levels (40–45% in the MI and 5% in the
Pearson correlation graph). Previous studies report similar changes in children with frontal
lobe epilepsy, where patients presented efficient communication within specific clusters
of ROIs but limited connection between the clusters [55]. Since half of our cohort in the
ETLE group are patients with frontal lobe epilepsy, no generalization can be made in all
extratemporal lobe epilepsies, but further investigation should be performed with bigger
cohorts. We find no difference in the global efficiency of the ETLE groups compared to
controls. In line with our results, Pedersen et al. [56] employed a brain mask consisting
of 278 nodes and a Pearson correlation method, reporting no difference in the path length
but increased segregation in patients with ETLE compared to controls. We find statistical
differences in the brain topological features of the TLE and ETLE group that may include
useful information regarding the organization of the epileptic network in the two types
of epilepsy. TLE patients exhibit more disassortative graphs compared to ETLE in lower
density levels of the MI graphs (5–10%) and in almost all the density levels of the Granger
causality graphs. Further, the TLE group exhibits a greater number of components in
relation to the other two groups at density levels exceeding 40%. This could be due to
network edges present in the TLE graphs with weak connectivity strength although acting
as bridges. In the undirected graphs of Pearson correlation, at 30–35% density level, ETLE
graphs show topological characteristics more aligned with small-world architecture (higher
clustering coefficients and global efficiency) in comparison to the TLE group. As such, ETLE
patients can form clusters of regions and ensure communication between distant parts of the
brain by short path lengths concurrently. On the opposite, the directed graphs of Granger
causality indicate that ETLE patients present lower mean clustering coefficient in most
of the density levels (from 15% to 40%) and lower global efficiency at the lowest density
level (5%) compared to TLE group. The meta-analysis of Diessen et al. [25] suggests that
patients with focal epilepsy have increased clustering coefficient and decreased efficiency
compared to controls, tending towards a regular network topology, but contrary to our
results, they find no difference between the subgroups of TLE and ETLE patients. In-vivo
studies reveal that the segregated topology observed in drug-resistant TLE patients, with
increased local connectivity and disrupted long-distance connectivity could serve as a
mechanism that regulates seizure propagation [57]. Our study suggests that the mean
clustering coefficient is a measure presenting differences between the two epilepsy groups
(temporal and extratemporal), but the outcome is conflicting between the directed and
undirected graphs. This observation is in line with the study of Prando et al. [58] where
they compare the topological features between the effective connectivity graphs (directed
connectivity), estimated using dynamic causal modeling and the functional connectivity
graphs (undirected connectivity) of healthy subjects, and report differences between the
two connectivity methods especially in the nodal clustering coefficient. In the future, more
studies should investigate the impact of directionality in functional connectivity networks,
and on the tendency of brain regions to form clusters.

Although overall differences among the various techniques are to be expected due
to the dissimilar algorithmic designs, it should be noted that the patients displayed a
disassortative graph in thresholds higher than 25% in all cases. In addition to this, TLE
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patients have more disassortative graphs compared to the other groups, with significant
differences reported in all connectivity methods. Since disassortative graphs are more
vulnerable to targeted attacks [59], the removal or the dysfunction of some brain regions
would create more isolated regions in the TLE group compared to the ETLE group, with
consequences on the size of the largest connected component of the graph. However, it
is not clear if this disruption in connectivity, expressed by the vulnerability of the graph,
would be beneficial for the epilepsy group [60]. As such, the vulnerability may assist in the
control of the seizure propagation reducing the possible pathways of the epileptic discharge
but could also imply the dysfunction of brain regions and disorganization of functional
networks (such as the default mode network), with an impact on the pathophysiology of
patients. The importance of global assortativity as a clinical biomarker for epilepsy has
been highlighted in previous studies, reporting that patients with drug-resistance focal
epilepsy had more disassortative graphs compared to patients who had positive responses
in anti-epileptic drugs [61]. In our study, all the patients (TLE and ETLE) present drug
resistance, but only TLE patients present lower assortativity compared to controls.

4.2. Key Region Mapping

Regarding specific brain areas from the analysis of the hub regions SFG, SPG, PCUN,
MOG, SOG, ParaCG, Calcarine, and ITG were identified in Pearson correlation and MI
graphs. The significance of these regions is corroborated by various studies [62–65]. The
review of Heuvel and Sporns designates the PCUN, SFG, and SPG regions as both structural
and functional hubs [64]. In line with this review, Lin et al. [65] suggested that bilateral
PCUN, SFG and SPG are part of a set of regions that are strongly connected to each other
and they observed that TLE patients show decreased functional connectivity especially
between ROIs that belong to rich-club. On the other hand, bilateral CUN presented low
probability values of being a hub in TLE and ETLE patients, while it is identified as a hub in
most control subjects. This is supported by other studies indicating that surgery in children
with epilepsy improved significantly the nodal efficiency of cuneus [23,66]. Also, the study
of Galovic et al. [67] reports a progressive cortical thinning in the left CUN, observed
in patients with left temporal lobe and right frontal lobe epilepsies.Furthermore, in the
Pearson graphs an alteration in the hubs of the occipital lobe was observed in the bilateral
SOG and IOG, demonstrating low hub probability in both TLE and ETLE groups while
in healthy controls this probability was high. Previous studies have also found decreased
regional homogeneity in TLE patients compared to controls in these regions (SOG, IOG,
and CUN), suggesting that abnormalities in brain regions which act as central nodes could
deter efficient communication and integration of information across different parts of the
brain [68]. On the contrary, in the MI graphs, ANG was identified as a hub region for
all ETLE patients and 64% of the TLE patients but displayed less than 50% probability of
being a hub region in the control group. Similar to this outcome, previous studies report
increased nodal parameters, such as betweenness and degree centrality, in the ANG of
patients with temporal lobe and juvenile myoclonic epilepsies compared to controls [69,70].
Since the angular gyrus is part of the inferior parietal cluster of the default mode network
(DMN), the increased connectivity of this region may lead to the spread of the seizure
within the DMN and can be the reason for cognitive difficulties observed in patients with
TLE [71–73].

Regarding the causal relationship between ROIs, the Granger causality graphs in
the control group identified the left parahippocampal gyrus and the left STG polar as
hubs. However, those regions show lower hub probability in both TLE and ETLE epilepsy
groups. In the study by Galovic et al. [67] the left STG presents progressive atrophy in
patients with left TLE and they provide evidence of increased progressive atrophy of the
parahippocampal gyrus in the TLE compared to patients with frontal lobe epilepsy. In our
study, the significance of parahippocampal gyrus is also highlighted in the patient groups
but only in the right hemisphere. Since the majority of the patients have left hemisphere
lateralized epilepsy (68.2% of total patients), this could imply a disturbance of this region
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ipsilateral to the seizure onset. Moreover, in the directed Granger causality graphs, the
subcortical regions were significant across all groups, while the amygdala and the pallidum
were the most prominent. This is corroborated by recent studies indicating the subcortical
areas of pallidum, putamen, and thalamus as brain connector hubs, suggesting their
multiple roles in the efficient information flow of the healthy brain [63,74]. The subcortical
regions play a key role in seizure propagation, especially the thalamus [75,76]. There is
evidence supporting that reduction in the grey matter of thalamus and hippocampus may
be related to the severity of epilepsy [77]. A study that investigated the presurgical resting-
state fMRI networks of TLE patients proposed the nodal topological features of thalamus
as biomarkers for the prediction of surgery outcomes, as patients who did not achieve
seizure freedom after surgery presented higher nodal degree and eigenvector centrality
values in the thalamus compared to patients who achieved seizure freedom [78]. The study
of Park et al. [79] underlines the significance of this area as a possible biomarker for focal
epilepsy since it presents increased nodal topological features in patients compared to the
healthy controls. Further, they suggest that the increased connectivity of the pallidum can
be responsible for the generation of epileptic seizures. Contrary to this assumption, the
pallido-cortical pathway has been assumed to be the mechanism that regulates the absence
seizures [80]. In our study, we found that Granger causality can depict the importance
of subcortical areas both in patients and controls, with most prominent regions the right
amygdala and thalamus, as well as the bilateral pallidum. Those regions are identified as
hubs in most of the subjects due to their high values of degree centrality and hence, they
regulate the communication within the graph through out-flow and in-flow connections

4.3. Network Analysis Comparisons

Further investigation regarding the eight brain sectors revealed that hub regions are
dependent on the type of graph. For instance, the subcortical regions had almost zero
mean degree hub probability in the undirected graphs of Pearson and MI, while in the
directed graph of Granger causality, their role was crucial across all three groups. The
causal influence exerted from deep brain structures to the cortical areas has been high-
lighted in various studies [81,82]. Although, this causality has not been found before in
graph characteristics, or it was not as prominent as in our study. On the other hand, the
subcortical regions presented non-zero probability values both in the mean betweenness
hub probability of the Pearson connectivity graphs and in the mean local efficiency hub
probability of the MI graphs, in all groups. In the directed graphs of Granger causality, all
the groups present high hub probability levels in the subcortical area, based on the degree
centrality and the local efficiency. This suggests that the subcortical regions are significant
in every type of graph, but their role differs based on the metric. In the Pearson graph, the
subcortical regions may display a higher role as network mediators, minimizing the dis-
tances in the interaction between other regions. The review of Herbet and Duffau proposes
the meta-networks of the brain, based both on anatomic and functional connectivity, and
suggested the mediating role of subcortical regions (especially thalamus, amygdala, and
hippocampus) in pathways supporting higher cognitive functions [83].

In the MI and Granger graphs, the mean local efficiency hub probability denotes that
the removal of those nodes would affect the efficient information flow in the whole brain
network. Further, in the Granger graphs, this brain sector includes most of the hubs based
on the degree centrality, suggesting that the regions with most connections (inflow and
outflow) are included in the deep brain structures. On this premise, the study of van den
Heuvel and Sporns [84] analyzed the anatomical connectivity of the brain, showing that
the subcortical regions of the thalamus, putamen, and hippocampus are recognized as hubs
using all types of centralities mentioned in our study. They concluded by classifying those
regions as ‘provincial hubs,’ meaning that their value is profound mainly at a local level. In
our study, we confirm this regional importance of the subcortical regions, both in the MI
and Granger causality graphs, where the values of the mean local efficiency hub probability
are high compared to the other brain sectors.
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Concerning the mean local efficiency hub probability of the Brain Sectors in the Pearson
graphs, the TLE patients show near-zero values, with statistical differences compared to
the ETLE group in the cingulate cortex and the frontal lobe, as well as in the motor area
compared to the controls. This outcome, combined with the fact that we found the lowest
global efficiency in the TLE group compared to the other two groups, suggests that the
brain regions of TLE patients do not communicate locally in such an efficient way, and
this nodal observation also affects the overall efficiency in the communication of the brain
network. The study of Liu et al. [85] verifies this, suggesting that TLE patients present
lower nodal efficiency in many regions, resulting in significant reduction of global efficiency
metrics compared to healthy controls. On the other hand, the mean local efficiency hub
probability of the ETLE patients presents similar values with the control group. The
divergence observed between the two types of epilepsy may include information regarding
the complexity of the epileptic network, where the different patterns of hub reorganization
might correspond to the attempt of the epileptic brain to mitigate neurocognitive deficits.
Although many studies underlie the altered hub distribution as a biomarker of epilepsy,
there is limited knowledge regarding the connection of this mechanism to the clinical
features of the disease [32].

Regarding the overall hub probability, the insula and the subcortical regions presented
conflicting results, being the ones with the higher values in the Granger causality and the
lowest in the undirected graphs. We can hence conclude that the ROIs included in the
insula and the subcortical structures have a causal influence on (or from) other regions of
the graph. In a similar manner, the parietal lobe displayed higher values in the Pearson
and MI graphs and the lowest overall hub probability in the Granger causality. This further
supports the premise that the topology of the brain graph can vary depending on whether
the graph is based on functional or effective connectivity measures [86]. This variability
underscores the need for using multiple connectivity measures to obtain a comprehensive
understanding of brain network dynamics and hub regions in patients

4.4. Limitations and Future Work

When interpreting the results of this study, certain limitations need to be acknowl-
edged. Initially, it is important to note that the size of the cohort, particularly in the ETLE
group (16 patients), reduces the statistical power of our results. Further studies with larger
cohorts would narrow the confidence intervals in the evaluation of hub probabilities. Sec-
ondly, our study does not differentiate between left and right TLE and ETLE patients. This
decision was made because of the small sample size and after ensuring there is no statistical
significance in the metrics within the TLE and ETLE groups with left/right seizure onset
hemispheres. However, graph-theory metrics may vary, and future investigation is encour-
aged to explore whether hub localization depends on the hemisphere of the epilepsy onset.
Lastly, our evaluation focuses solely on static connectivity using linear and non-linear
metrics to quantify correlation and causality between ROIs. Future research incorporating
dynamic analysis of hubs could enhance our understanding of the stability of nodes, which
play crucial roles in information flow within different types of graphs.

5. Conclusions

This study investigates the brain network topological variations between patients
with TLE and ETLE using both directed and undirected network connectivity methods
alongside various graph-theory metrics. Given that different graph-theory frameworks and
estimation measures can lead to significant variability among study results, we address
these constraints by evaluating the importance of regions of interest (ROIs) using four
centrality measures across three different connectivity techniques (Pearson correlation,
Mutual Information, and Granger causality). Instead of averaging brain network data,
we analyze the hubs of each subject individually and then create a hub probability based
on their presence within each group, thereby minimizing averaging bias. Our findings
reveal distinct topological differences between the two epilepsy groups, with TLE patients
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displaying more disassortative graphs at lower density levels compared to ETLE patients.
We also uncover variations in hub regions across different network metrics, highlighting
the need to consider various centrality measures for a comprehensive understanding of
brain network dynamics in epilepsy. Furthermore, we explore the global centralization
features and hub probabilities of each ROI across all subjects and groups at different density
thresholds, revealing regional alterations that underscore the unique characteristics of each
epilepsy type. This comprehensive approach offers insights into potential biomarkers
for type-specific epilepsy diagnosis and treatment, emphasizing the importance of hub
reorganization as a possible predictor of network restructuring in epilepsy.
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Appendix A

Below is the list with the ROIs used in the Destrieux atlas. It includes the ROI’s long
name, the abbreviation, and the brain sector where it belongs.

Table A1. List with the Destrieux atlas ROIs.

Index Brainsector ROI Abbreviation

1 CNG Anterior part of the cingulate gyrus and sulcus ACC
2 CNG Middle anterior part of the cingulate gyrus and sulcus aMCC
3 CNG Middle posterior part of the cingulate gyrus and sulcus pMCC
4 FR Fronto-marginal gyrus of Wernicke and sulcus frontomarg GS
5 OCC Inferior occipital gyrus and sulcus IOG
6 MOT Paracentral lobule and sulcus ParaCG
7 MOT Subcentral gyrus (central operculum) and sulci SubCG
8 FR Transverse frontopolar gyri and sulci frontopoltransv GS
9 CNG Posterior-dorsal part of the cingulate gyrus dPCC

10 CNG Posterior-ventral part of the cingulate gyrus (isthmus of the
cingulate gyrus) vPCC
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Table A1. Cont.

Index Brainsector ROI Abbreviation

11 OCC Cuneus CUN
12 FR Opercular part of the inferior frontal gyrus IFG Operc
13 FR Orbital part of the inferior frontal gyrus IFG orb
14 FR Triangular part of the inferior frontal gyrus IFG Triang
15 FR Middle frontal gyrus MFG
16 FR Superior frontal gyrus SFG
17 INS Long insular gyrus and central sulcus of the insula long insul G
18 INS Short insular gyri insular short
19 OCC Middle occipital gyrus (lateral occipital gyrus) MOG
20 OCC Superior occipital gyrus SOG
21 OCC Lateral occipito-temporal gyrus (fusiform gyrus) Fusiform G
22 OCC Lingual gyrus, lingual part of the medial occipito-temporal gyrus LING

23 TMP Parahippocampal gyrus, parahippocampal part of the medial
occipito-temporal gyrus Parahip G

24 FR Orbital gyri orb G
25 PAR Superior parietal lobule SPG
26 PAR Angular gyrus ANG
27 PAR Supramarginal gyrus IPG supramar
28 MOT Postcentral gyrus PostCG
29 MOT Precentral gyrus PreCG
30 PAR Precuneus PCUN
31 FR Straight gyrus, Gyrus rectus Rectus
32 FR Subcallosal area, subcallosal gyrus subcallosal
33 TMP Inferior temporal gyrus ITG
34 TMP Middle temporal gyrus MTG
35 TMP Anterior transverse temporal gyrus of Heschl STG ant transv
36 TMP Lateral aspect of the superior temporal gyrus STG lat
37 TMP Planum polare of the superior temporal gyrus STG plan polar
38 TMP Temporal plane of the superior temporal gyrus STG plan tempo
39 FR Horizontal ramus of the anterior segment of the lateral sulcus latFis ant Hor
40 FR Vertical ramus of the anterior segment of the lateral sulcus latFis ant Vert
41 TMP Posterior ramus of the lateral sulcus latFis post
42 OCC Occipital pole occ Pole
43 TMP Temporal pole temp Pole
44 OCC Calcarine sulcus Calcarine
45 MOT Central sulcus CS
46 CNG Marginal branch of the cingulate sulcus cingulmarginalis
47 INS Anterior segment of the circular sulcus of the insula circ ins ant
48 INS Inferior segment of the circular sulcus of the insula circ ins inf
49 INS Superior segment of the circular sulcus of the insula circ ins sup
50 TMP Anterior transverse collateral sulcus collattransv ant
51 TMP Posterior transverse collateral sulcus collattransv post
52 FR Inferior frontal sulcus IFS
53 FR Middle frontal sulcus MFS
54 FR Superior frontal sulcus SFS
55 PAR Sulcus intermedius primus of Jensen inter prim Jensen
56 PAR Intraparietal sulcus and transverse parietal sulci
57 OCC Anterior occipital sulcus and preoccipital notch occ ant S
58 OCC Middle occipital sulcus and lunatus sulcus occ midLunatus
59 OCC Superior occipital sulcus and transverse occipital sulcus occ suptransv
60 TMP Lateral occipito-temporal sulcus oct lat S

61 OCC Medial occipito-temporal sulcus (collateral sulcus) and lingual
sulcus oct medLING

62 FR Orbital sulci (H-shaped sulci) orb H shaped
63 FR Lateral orbital sulcus orb lat
64 FR Medial orbital sulcus (olfactory sulcus) orb med olfact
65 OCC Parieto-occipital sulcus par occ S
66 CNG Pericallosal sulcus Pericallosal
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Table A1. Cont.

Index Brainsector ROI Abbreviation

67 MOT Postcentral sulcus PostCS
68 MOT Inferior part of the precentral sulcus PreCS inf part
69 MOT Superior part of the precentral sulcus PreCS sup part
70 FR Suborbital sulcus Suborb
71 PAR Subparietal sulcus Subpar
72 TMP Inferior temporal sulcus ITS
73 TMP Superior temporal sulcus (parallel sulcus) STS
74 TMP Transverse temporal sulcus temp trasnv
75 SUB Amygdala Amygdala
76 SUB Caudate Caudate
77 SUB Hippocampus Hippocampus
78 SUB Pallidum Pallidum
79 SUB Putamen Putamen
80 SUB Thalamus Thalamus

Appendix B

The mathematical formulas for the 3 graph-theory methods are presented below.
Pearson’s Correlation

The Pearson’s correlation coefficient estimates the linear relationship between two variables.
In the fMRI connectivity, Pearson’s correlation quantifies the linear relationship between
the signals of the ROIs i and j:

ρij =
covij(t)√

vari(t)varj(t)
(A1)

The value of ρ_ij will vary from −1 to 1. When the absolute value of the correlation is
equal to 1, there is a perfect correlation between the two ROIs, while 0 indicates that there
is no relationship between the signals.

Mutual Information (MI)

Mutual information is a statistical measure that quantifies the amount of shared
information between two signals. It is a non-linear measure to evaluate the functional
connectivity between the signals of two ROIs. If X_i (t) is the signal of ROI i, then the
information of the time series is defined from the Shannon entropy as follows:

I(Xi) = −
K

∑
k=1

pklnpk (A2)

where the Xi signal has been discretized into K bins, and pk is the probability of the k = 1, 2
. . . K bin. The number of bins was defined according to the Freedman—Diaconis rule [87].
According to this definition, we can define the joint entropy of two signals X and Y:

I(X, Y) = −∑
i,j

pijlnpij (A3)

where p_ij is the joint probability of the two signals. The mutual information between the
two signals can be calculated as:

MI(X, Y) = I(X) + I(Y)− I(X, Y) (A4)

Granger Causality (GC)

Granger causality (GC) estimates the effective connectivity between two ROIs by
quantifying the improvement in predictability of one random variable X, if we use not only
its past values but also the information of another random variable Y. The GC is estimated
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using linear autoregressive models. If we have the time series of two ROIs (X t, Yt), then
the estimated model of X_t using the information of Y_t is defined as follows:

Xt = a1Xt−1 + · · ·+ apXt−p + b1Yt−1 + · · ·+ bpYt−p + et (A5)

While the autoregressive model for Xt is:

Xt = a′1Xt−1 + . . . + a′pXt−p + e′t (A6)

In these models, p is the order of the autoregressive models and the residuals et, e′t
must be independent and identically distributed. If Σ, Σ’ are the estimators of the residuals’
covariance matrices, then the GC measure can be expressed as:

GCY→X = ln

(
det(Σ)
det

(
Σ′)

)
(A7)

where det(Σ), det
(
Σ′) are the generalized variances that quantify the prediction errors.

The appropriate order is defined after comparisons between the models, according to the
Chi-square test [88].

Appendix C

The hubs with the highest overall hub probability within each group for each graph
are presented below. These hubs are the ROIs presenting overall hub probability more than
2 standard deviations higher from the mean overall hub probability of the group. In the ta-
ble we include the degree hub probability (pD

R,G), the betweenness hub probability (pB
R,G),

the local efficiency hub probability (pEF
R,G), the eigenvector hub probability (pEV

R,G), and
the overall hub probability (pR,G) of each hub and the brain sector where it belongs.

Table A2. The hubs with the highest overall hub probability in the Pearson graph.

ROI pD
R,G pB

R,G pEF
R,G pEV

R,G pR,G Brain Sector

Healthy Controls

R SFG 76.2% 23.8% 0 66.7% 85.7% FR
R LING 52.4% 14.3% 0 76.2% 90.5% OCT
R PreCG 61.9% 4.8% 0 85.7% 90.5% S/M
R MTG 81% 4.8% 0 52.4% 85.7% TEMP

TLE group

L SFG 78.6% 21.4% 0 57.1% 82.1% FR
R SFG 85.7% 39.3% 0 71.4% 96.4% FR
L SPG 35.7% 0 0 82.1% 82.1% PAR
R SPG 25% 4.6% 0 75% 78.6% PAR

L PreCG 60.7% 3.6% 0 89.3% 89.3% S/M
R PreCG 46.4% 0 0 82.1% 85.7% S/M

L IPG—Supramar 39.3% 10.7% 0 60.7% 75% PAR
R PostCG 25% 0 3.6% 75% 78.6% S/M
R PCUN 46.4% 7.1% 0 64.3% 75% PAR
R MTG 67.9% 10.7% 0 42.9% 71.4% TEMP
R STS 60.7% 14.3% 0 71.4% 78.6% TEMP

ETLE group

L SFG 93.75% 50% 0 62.5% 100% FR
R SFG 100% 31.25% 0 87.5% 100% FR

L PreCG 81.25% 6.25% 0 75% 93.75% S/M
R PreCG 56.25% 6.25% 0 81.25% 81.25% S/M
R PCUN 81.25% 6.25% 0 75% 87.5% PAR

R STG-lateral 62.5% 25% 0 31.25% 81.25% TEMP
R STS 68.75% 18.75% 0 56.25% 81.25% TEMP
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Table A3. The hubs with the highest overall hub probability in the MI graph.

ROI pD
R,G pB

R,G pEF
R,G pEV

R,G pR,G Brain Sector

Healthy Controls

L SOG 61.9% 14.3% 4.8% 66.7% 71.4% OCC
R SOG 71.4% 9.5% 0 81% 85.7% OCC
L SPG 57.1% 9.5% 0 76.2% 76.2% PAR
R SPG 66.7% 9.5% 0 81% 81% PAR
L IOG 66.7% 19% 0 71.4% 76.2% OCC

L Jensen 81% 19% 0 38.1% 81% PAR
L occ suptransv 57.1% 4.8% 0 71.4% 71.4% OCC

L temp transverse 71.4% 23.8% 0 28.6% 76.2% TEMP
R col transv post 66.7% 0 4.8% 61.9% 71.4% TEMP

R occ midLunatus 61.9% 19% 0 66.7% 71.4% OCC

TLE group

L SOG 71.4% 7.1% 3.6% 75% 82.1% OCC
R SOG 75% 21.4% 3.6% 75% 78.6% OCC
L SPG 71.4% 3.6% 0 85.7% 92.9% PAR
R SPG 78.6% 7.1% 0 78.6% 82.1% PAR

L LING 50% 3.6% 0 71.4% 71.4% OCT
L Jensen 71.4% 25% 0 46.4% 71.4% PAR
R IOG 60.7% 10.7% 0 64.3% 71.4% OCC

R occ Pole 64.3% 14.3% 0 71.4% 71.4% OCC

ETLE group

L SOG 56.25% 0 0 93.75% 93.75% OCC
R SOG 100% 25% 0 100% 100% OCC
L CUN 81.25% 18.75% 0 100% 100% OCC
L LING 81.25% 0 0 100% 100% OCT
L Jensen 93.75% 56.25% 0 25% 93.75% PAR

R IPG—Ang 62.5% 56.25% 0 6.25% 100% PAR
R PostCG 87.5% 6.25% 0 87.5% 87.5% S/M

Table A4. The hubs with the highest overall hub probability in the Granger causality graph.

ROI pD
R,G pB

R,G pEV
R,G pR,G Brain Sector

Healthy Controls

L Orb med Olf 81% 0 9.5% 95.2% ORB
R Orb med Olf 76.2% 0 4.8% 81% ORB

L Pallidum 100% 0 0 100% SUB
R Pallidum 85.7% 4.8% 4.8% 90.5% SUB

L subcallosal 76.2% 0 4.8% 81% FR
L circ insula-ant 71.4% 0 4.8% 76.2% INS

L Amygdala 81% 0 4.8% 85.7% FR

TLE group

L Amygdala 82.1% 0 7.1% 89.3% SUB
R Amygdala 82.1% 0 7.1% 89.3% SUB
L Pallidum 96.4% 0 3.6% 100% SUB
R Pallidum 96.4% 0 3.6% 100% SUB

L col transv-ant 50% 0 25% 75% TEMP
R subcallosal 78.6% 0 3.6% 82.1% FR

R Lat-FiSant-Hor 67.9% 0 7.1% 75% FR
R Lat-FiSant-Vert 75% 0 0 75% PAR

R Orb med Olf 64.3% 0 10.7% 75% ORB

ETLE group

L subcallosal 62.5% 0 18.75% 81.25% FR
R subcallosal 75% 0 18.75% 93.75% FR

L Orb med Olf 81.25% 18.75% 0 81.25% ORB
R Orb med Olf 87.5% 0 0 87.5% ORB

R rectus 87.5% 0 0 87.5% FR
R col transv-ant 62.5% 0 31.25% 93.75% TEMP

R pericallosal 0 0 81.25% 81.25% CING
R Pallidum 81.25% 0 18.75% 100% SUB
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Abstract: Depression remains one of the most widespread and costly mental disorders, with
the current first-line treatment efficacy of about a third, possibly due to its heterogeneous
nature. Consequently, there is a need to identify reliable biomarkers for specific subtypes
of depression, particularly neurological signatures that may help with targeted treatments.
This study aimed to explore the connectivity between two important networks in the
brain: the dorsal and ventral attention networks and the salience network, to determine
their potential as biomarkers of depression subtypes. From resting electroencephalogram
(EEG) data collected on 54 males and 46 females aged between 18 and 75 yr (M = 33
yr), functional network connectivity data were examined for their relationships with four
depression subtypes. Beta and gamma wave connectivity was significantly associated
with Anhedonia and Cognitive depression subtypes across and within all three networks
while no significant results were found for alpha wave activity connectivity, and only one
result was found for either the Mood or Somatic depression subtypes. In conclusion, these
results provide further support for the concept of depression as heterogeneous rather than
homogeneous and identify the novel neurophysiological signatures of two depression
subtypes.

Keywords: depression; networks; functional connectivity; attention

1. Introduction

Despite carrying a major disease burden [1] and high risk for all-cause mortality [2],
and bringing severe personal distress [3], depression has also been defined as an adaptive
response to uncontrollable stress [4,5]. The ‘adaptive’ nature of depression is defined by the
shaping effects of negative reinforcers (e.g., social withdrawal, which helps the individual
avoid unpleasant events and/or escape from threat) and positive reinforcers (e.g., receiving
sympathy or relaxing medication) that follow depressive behaviours [6–9]. The longer-term
adaptive outcome of these consequences of depressive behaviour was noted some time ago
by Charles Darwin, who commented that “Pain or suffering of any kind, if long continued,
causes depression and lessens the power of action; yet, it is well adapted to make a creature
guard itself against any great or sudden evil” [10], p. 51.
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As such, it has been hypothesised that depression (or depressive behaviour) may
be profitably analysed for its functionality, or how the depressive behaviour helps to
protect the depressed individual from further discomfort [11]. Arising from this model
of depression, one therapeutic approach applies behavioural activation strategies to ad-
dress the depressed individual’s disinclination to confront their behavioural withdrawal
from the uncontrollable stressors that have led them to feel depressed. This approach to
treatment has met with some success, as demonstrated in a meta-analysis of 28 research
studies including 1853 participants [12], and providing support for the adaptive model for
depressive behaviour.

However, although most studies of depression utilise a unitary model and metric of
depression, such as Major Depressive Disorder (MDD), this disorder may occur in almost
1500 different combinations of the established diagnostic criteria and associated features
for MDD [13], indicating that it is a heterogeneous entity. Consequently, some attention
has been given to the identification of particular depression symptoms and how these
may group together, often referred to as ‘depression subtypes’. Several examples of these
subtypes have been described, including melancholia, psychotic depression, atypical de-
pression, and anxious depression [14]. Another model that has received some research
attention focuses on subtypes of depression known as depressed Mood, Anhedonic de-
pression, Cognitive depression, and Somatic depression [15,16]. Both of these models
were developed using procedures that grouped MDD symptoms according to their clinical
coherence, and then tested for significant associations between the defined subtype and
other variables.

One particularly relevant set of variables that are valuable to investigate for their
association with MDD subtypes are those generated by electroencephalography (EEG).
EEG enables the identification of the relative electrical activity in specific areas of the brain,
as well as the connections between those brain areas. The associations between this kind of
information and MDD symptoms can make an obvious contribution to understanding the
particular ways in which brain activity is related to specific MDD symptoms or specific
depression subtypes, and thence to the eventual development of individualised treatment
of depression based upon that brain activation–MDD symptomatology relationship [17–19].
Understanding depression from a neurological perspective has been a major and devel-
oping theme in the research literature [20–22], but mostly via the studies of depression
as a unitary construct such as MDD. Although relatively easy to measure, depression as
a unitary phenomenon may ignore variations in the way that EEG data relate to groups
(i.e., subtypes) of depression symptoms.

There are many sites on the skull that can be used to measure an electrical signal
representing brain activity, but it is worthwhile focusing on those which have a theo-
retical association with aspects of MDD. In particular, the attentional (DAN/VAN) and
salience (SN) networks represent brain activities that are of relevance to depression when
it is conceived as behavioural withdrawal. The dorsal and ventral attention networks
(DAN/VAN) have been described as having multiple nodes located throughout the grey
matter, each of which is related to specific aspects of attention [23]. These are (1) alerting
(increases and maintains response readiness in response to a specific stimulus; located in
the frontal and parietal regions, mostly in the right hemisphere); (2) orienting (selecting
pertinent information; located in the pulvinar, superior colliculus, superior parietal lobe,
temporoparietal junction, superior temporal lobe, and frontal eye fields); and (3) executive
attention (the monitoring and resolution of conflict between information from different
neural regions; the dorsal anterior cingulate cortex (ACC) in cognitive conflict tasks, and
activation in the rostral ACC after the commission of errors. Whether the ACC monitors or
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resolves conflict is not clear, but the ACC function seems to preferentially relate to conflict
at the response level [24]).

The salience network (SN; [24,25]) is mostly located in the cortical and subcortical
prominent nodes of the anterior cingulate cortex, as well as the rostral prefrontal cortex
and the supramarginal gyrus. The SN has a major role in emotional control [26]. Altered
SN function has been associated with reduced motivation to engage with the external
environments of depressed patients [27]. It has been suggested that the primary function
of the SN is to identify the most relevant stimuli that reach the brain, including both
the cognitive and affective aspects of the stimulus [28]. If these were associated with
the emotional and cognitive aspects of MDD, then the SN may well be conceptualised
as helping the depressed patient identify which stimuli held the most emotional and/or
cognitive valence vis à vis the MDD symptomatology and the individual’s response to
those stimuli. With relevance to the attentional networks, the SN may assist in deciding if
the information identified by the DAN or VAN requires a behavioural response from the
individual. That response may differ across depressed and non-depressed individuals and
reflect the underlying propensity towards behavioural withdrawal from stressful stimuli
that is a hallmark of MDD. Connectivity between the DAN, VAN, and SN might provide a
confirmation of the behavioural withdrawal model of MDD, and assist in the development
of effective treatment models for depression or its subtypes.

Therefore, the aim of the study was to examine the DAN, VAN, and SN network
activity (and their connectivity with each other), and their association with MDD as well
as the four MDD subtypes (Anhedonic, Cognitive, Somatic, and Mood) described by
Sharpley and Bitsika [15]. Although the lack of previous conclusive research findings on
these issues prevented the raising of specific directional hypotheses, it was expected that
high depression scores (characterised by behavioural withdrawal in the form of MDD
symptoms) would be associated with lowered activity in frequency bands associated with
cognitive activation such as beta and gamma. That is, the depressed individual would
exert neurological energy on the environmental cues that contributed to their depression
but fail to find them sufficiently relevant to initiate behavioural activity.

2. Materials and Methods

2.1. Participants

A sample of 54 males and 46 females (M age = 32.53 yr, SD = 14.13 yr, and
range = 18–75 yr) was drawn from a larger study undertaken in the New England re-
gion of New South Wales, Australia [29]. The participants were selected on the basis of
not having a medical history of severe physical brain injury, brain surgery, or history of
epilepsy or seizure disorder.

2.2. Depression Scales

The Zung Self-Rating Depression Scale (SDS) [30] comprises ten positively worded and
ten negatively worded statements based on the Diagnostic Criteria and Associated Features
of MDD [3]. Participants are required to state their frequency of these 20 items during the
last two weeks on a four-point scale (None or a little of the time = 1, Some of the time = 2,
Good part of the time = 3, and Most or all of the time = 4) so that the total raw scores
range from 20 to 80 [30,31]. SDS raw scores of 40 or above indicate “clinically significant
depression” [31], p. 335, a threshold that was met by 34 members of the overall sample.
Split-half reliability for the SDS has been reported as 0.81, [30], 0.79 [32], and 0.94 [33],
and internal consistency (Cronbach alpha) of 0.88 for depressed patients and 0.93 for non-
depressed patients [34]. The four depression subtypes described by these data were derived
from the 20 SDS items; for more information on each depression subtype see [15]. Rather
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than divide the sample into depressed and non-depressed groups, the depression score for
the overall MDD and each subtype was calculated for each individual to be used for the
subsequent correlation analyses.

2.3. EEG Data Processing

A 40-channel Neuroscan QuikCap EEG machine (Compumedics USA 144 Ltd., El Paso,
TX, USA) with sintered Ag/AgCl electrodes was used to record EEG signals with electrode
arrangement in consonance with the international 10/20 system and aligned with the
anatomical inion and nasion points. A NuAmps digital amplifier (Compumedics USA Ltd.,
El Paso, TX, USA) was used for signal acquisition and digitalization at a sampling rate
of 1000 Hz and passed through a bandpass filter of DC to 250 Hz. The amplifier was
connected to the Curry 7 Acquisition software (Compumedics USA Ltd., El Paso, TX, USA)
running on a Dell Optiflex 9020 desktop PC.

EEG recordings were initially referenced to the average of the A1-A2 earlobe elec-
trodes, and subsequently converted to a common average reference offline. By using the
four electrodes, EOG data were collected. Specifically, two electrodes were placed above
and below the left eye to measure vertical eye movement, and the other two electrodes were
located on the outside left and right canthus to measure horizontal eye movement. Prior to
the commencement of EEG recording, the electrode impedance values were adjusted to
<5 kΩ at all the electrodes to ensure the quality of signal acquisition. The EEG signals were
processed using a 1–45 Hz 2nd order Butterworth bandpass filter, then re-referenced to a
common average. Data tapering was performed using a Hann window with a 10% width
to prevent data loss. This was then followed by a visual examination of the EEG signals
to identify artefacts (eye movements, muscle movements, spontaneous discharges or elec-
trode pops etc.), which were then removed from the recorded data. Bad block and eye
blink detection (using the magnitude of eye blink deflections as a set threshold criterion to
detect artefacts) was undertaken by three automated methods (subtraction, covariance and
principal component analysis) to produce clean EEG data.

From the cleaned EEG data generated, 2 secs back-to-back epochs were then created
and re-examined such that epochs with bad blocks were removed from averaged data; in
this study, all the participants had a minimum of 87% usable epochs in the Eyes Open
condition. By using the Key Institute eLORETA (exact low-resolution brain electromagnetic
tomography) [35] software, the functional lagged linear connectivity (also known as coher-
ence) estimates of four EEG frequency band activity were obtained, i.e., theta (4.05–8 Hz),
alpha (8.05–12 Hz), beta (12.05–30 Hz), and gamma (30.05–45 Hz). This technique provides
a single weighted minimum norm solution to the inverse problem and has been demon-
strated to provide zero error (despite low spatial resolution) in localising cortical grey
matter test sources [36,37]. The weights utilised by eLORETA (based on the EEG montage
used in the recording) are used to calculate the current source density throughout the grey
matter of a standardised realistic head model [38] based on the MNI template [39]. The
resulting current density distribution is used to calculate measures of linear dependence
between ‘virtual’ electrodes placed at regions of interest (ROIs) within the grey matter; for
a comprehensive description of the mathematics underlying the eLORETA methodology
and how the weighted norms are calculated, see [35,40]. ROIs were selected using com-
monly identified grey matter nodes in the DAN, VAN, and SN based on MNI coordinates
identified in previous studies [41,42], with all the grey matter tissue within 10 mm of the
identified source included as part of that node. This resulted in 15 ROIs being selected
(see Table 1). In Table 1, ‘Location’ refers to the generally identified brain region. However,
MNI coordinates locate each region more specifically. MNI X describes the brain region
according to its location from left (negative values) to right (positive values); MNI Y coordi-
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nates refer to the front (positive values) to rear (negative values); and MNI Z coordinates
position a brain site on the transverse plane of the brain, from top (positive values) to the
bottom (negative values). Some regions listed in Table 1 are widespread, and thus occur in
more than one network. In those cases, the regions may be more precisely identified by
their MNI coordinates.

Table 1. Neural networks, brain sites, and MNI coordinates of centroid for each ROI.

Network Location MNI (X, Y, Z)

Dorsal Attention Network

left frontal eye field −25, 12, 55
right frontal eye field 28, −10, 53

left posterior intraparietal sulcus −22, −68, 46
right posterior intraparietal sulcus 20, −67, 51

Ventral Attention Network

left middle frontal gyrus −47, 14, 32
right middle frontal gyrus 47, 14, 32
left supramarginal gyrus −57, −43, 34

right supramarginal gyrus 57, −43, 34

Salience Network

dorsal anterior cingulate 0, −21, 36
left anterior prefrontal cortex −35, 45, 30

right anterior prefrontal cortex 32, 45, 30
left insula −41, 3, 6

right insula 41, 3, 6
left lateral parietal lobule −62, −45, 30

right lateral parietal lobule 62, −45, 30

2.4. Procedure

The participants signed a consent form, filled out a background questionnaire (age and
sex) and the SDS, and had their scalps prepared and the electrode cap fitted. Headphones
for the participants were used to minimise the effect of external stimuli. Following 15 min
of sitting still (adaptation), the audio-recorded experimental protocol (not used in this
study) was presented via headphones to ensure consistency across the participants. Ethics
approval was received from the Human Research Ethics Committee of the University of
New England, Australia (Approval No. HE14-051).

3. Results

3.1. Age, Sex, and SDS Scores

SDS internal consistency (Cronbach’s alpha) was 0.905. The normal Q-Q plots for
the SDS revealed an almost completely straight line, indicative of normality. The mean
SDS score was 36.70 (SD = 11.25), minimum = 21, and maximum = 66. Using Zung’s [31]
cutoff score of 40, there were 33 participants who had clinically significant depression
(mean SDS score = 50.39, SD = 7.43) and 67 participants whose SDS scores did not meet
this category (mean SDS score = 29.95, SD = 4.83; F (1,99) = 273.729, p < 0.001, ηp

2 = 0.736).
There were no significant correlations between age or sex and SDS total score, and any of
the four SDS subtype scores.

3.2. MDD Subtypes

Mean scores for the four MDD subtypes were depressed Mood = 1.736 (SD = 0.653;
range = 1.00 to 3.67), Anhedonia = 1.850 (SD = 0.657; range = 1.00 to 3.75), Cognitive
depression = 2.183 (SD = 0.810; range = 1.00 to 4.00), and Somatic depression = 1.618
(SD = 0.511; range = 1.00 to 3.50) using the 4-point scale described above. These means
were used as cutoffs to identify the most depressed from the least depressed participants
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in each SDS subtype. All four SDS subtype scores were significantly correlated with each
other (all ρ ≥ 0.646, p < 0.001).

3.2.1. Theta Band

Correlation analyses were conducted in eLORETA using each depression score (MDD
and the four subtypes) and functional connectivity between all the ROIs. Significant
positive correlations were found between theta coherence and the Anhedonia scores. Two
distinct neural systems were observed: firstly, connectivity between the right middle frontal
gyrus (VAN) and both the left and right posterior IPS (DAN). Secondly, a four-node ring-
like system including the left FEF (DAN), the left middle frontal gyrus (VAN), the dorsal
ACC (SN), and the left insula (SN); significant r-values from 0.311 to 0.342 and p-values
from 0.037 to 0.082 (see Figure 1A and Table 2).

 

Figure 1. Significant positive correlations (p < 0.1) between theta coherence and the (A) Anhedonic
depression scores, (B) Cognitive depression scores, and (C) overall MDD depression scores. Views
are from the left, top, and front, respectively.

Table 2. Pearson’s r- and p-values for each significant connection in the theta band Anhedonic
depression condition.

ROI Network r p

left frontal eye field DAN 0.311 0.082
right middle frontal gyrus VAN

right middle frontal gyrus VAN 0.342 0.037
dorsal anterior cingulate SN

dorsal anterior cingulate SN 0.323 0.064
left insula SN

left insula SN 0.325 0.060
left frontal eye field DAN

left posterior IPS DAN 0.323 0.063
left middle frontal gyrus VAN

left middle frontal gyrus VAN 0.326 0.059
right posterior IPS DAN
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Significant positive correlations were also found between theta coherence and the
Cognitive scores, with a five-node system including the right FEF (DAN), both the left
and right posterior IPS (DAN), the right middle frontal gyrus (VAN), and the right
insula (SN); significant r-values from 0.289 to 0.358 and p-values from 0.009 to 0.089
(see Figure 1B and Table 3).

Table 3. Pearson’s r- and p-values for each significant connection in the theta band Cognitive
depression condition.

ROI Network r p

right insula SN 0.309 0.049
left posterior IPS DAN

left posterior IPS DAN 0.358 0.009
left middle frontal gyrus VAN

left middle frontal gyrus VAN 0.330 0.022
right posterior IPS DAN

right posterior IPS DAN 0.310 0.047
right insula SN

right frontal eye field DAN 0.289 0.089
left posterior IPS DAN

Significant positive correlations were found between theta band coherence and the
SDS scores in a small system consisting of the right insula (SN), the left posterior IPS
(DAN), and the right middle frontal gyrus (VAN); significant r-values from 0.294 to 0.300
and p-values from 0.082 to 0.096 (see Figure 1C and Table 4).

Table 4. Pearson’s r- and p-values for each significant connection in the theta band overall SDS
depression condition.

ROI Network r p

right insula SN 0.294 0.096
left posterior IPS DAN

left posterior IPS DAN 0.300 0.082
left middle frontal gyrus VAN

3.2.2. Alpha Band

No significant results were found in the alpha band across all the subtypes and the
overall SDS scores.

3.2.3. Beta Band

Significant negative correlations were found between beta band coherence and the
Cognitive scores. This connectivity system consisted of a four-node chain involving the
left middle frontal gyrus (VAN), the left lateral parietal lobule (SN), the left insula (SN),
and the left supramarginal gyrus (VAN); significant r-values from −0.253 to −0.279 and
p-values from 0.037 to 0.092 (see Figure 2A and Table 5).

Significant negative correlations were also found between beta band coherence and the
SDS scores between the left supramarginal gyrus (VAN), the left insula (SN), and the left lat-
eral parietal lobule (SN); r = −0.239, p-values from 0.093 to 0.097 (see Figure 2B and Table 6).
Negative correlations between beta band coherence and the Anhedonic scores were also
found in the same connectivity pattern; significant r-values from −0.266 to −0.271 and
p-values from 0.032 to 0.040 (see Table 6).
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Figure 2. Significant negative correlations (p < 0.1) between beta coherence and (A) the Cognitive
depression scores and (B) both the overall MDD depression scores and Anhedonic depression scores.
Views are from the left, top, and front, respectively.

Table 5. Pearson’s r- and p-values for each significant connection in the beta band Cognitive depres-
sion condition.

ROI Network r p

right supramarginal gyrus VAN −0.273 0.046
left insula SN

left insula SN −0.279 0.037
left lateral parietal lobule SN

left lateral parietal lobule SN −0.253 0.092
right middle frontal gyrus VAN

Table 6. Pearson’s r- and p-values for each significant connection in the beta band Anhedonic and
SDS depression conditions.

Anhedonic SDS

ROI Network r p r p

right supramarginal gyrus VAN −0.266 0.040 −0.239 0.097
left insula SN

left insula SN −0.271 0.032 −0.239 0.093
left lateral parietal lobule SN

3.2.4. Gamma Band

Significant negative correlations were also found between gamma band coherence
and the SDS scores in connectivity between the left supramarginal gyrus (VAN) and
the left insula (SN); r = −0.275, p = 0.024 (see Figure 3). Negative correlations between
gamma band coherence and the Anhedonia (r = −0.261, p = 0.049), Cognitive (r = −0.301,
p = 0.010), and Mood subtype scores (r = −0.247, p = 0.065) were also found in the same
connectivity pattern.
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Figure 3. Significant negative correlations (p < 0.1) between gamma coherence and the Anhe-
donic, Cognitive, Mood, and overall MDD depression scores. Views are from the left, top, and
front, respectively.

4. Discussion

The primary aim of this study was to investigate and describe any differences in the
attentional and salience network connectivity in the four MDD subtypes as defined by the
scores on groups of items from the SDS obtained by the participants regardless of whether
or not they met the criteria for clinical depression.

Theta coherence increased along with the overall SDS scores in a short three-node
system typically involved in orienting visual attention across all the networks used in
this study [43,44]. As increases in theta activity are typically associated with drowsiness
or similar low-energy states, this indicates that people with MDD are increasingly likely
to have less interest in monitoring their surroundings, leading to a sense of withdrawal
from the environment given that it is less likely that attentional networks will identify
anything considered worth engaging with. This finding is congruent with the ‘depression
as behavioural withdrawal’ hypothesis mentioned in the Introduction.

This situation is increasingly the case with the Cognitive and particularly the Anhedo-
nic depression subtypes. The theta band coherence system associated with the Cognitive
depression subtype includes all the nodes found in those listed in the broader SDS depres-
sion and two more nodes from the DAN (the right frontal eye field and right posterior IPS).
Given that activation in the DAN is indicative of increased top-down processing effects,
this indicates that Cognitive depression may also be affected by the top-down control of
attention [45,46]. The theta results relating to Anhedonic depression are even broader in
scope but mostly involve the DAN and VAN, indicating that Anhedonic depression may
be the result of a more chronic cause. This view is backed by the inclusion of the dorsal
ACC (as part of the SN) in the theta results, given the broad range of mental processes that
the dACC is associated with [47,48].

As distinct from theta coherence, beta coherence decreased as the overall SDS scores
increased in a short three-node system primarily in the SN. Similar results were also
found with the Cognitive subtypes with the addition of the middle frontal gyrus node
from the VAN. Each node here plays an important role in identifying relevant stimuli
based on episodic memory, particularly the supramarginal gyrus and the lateral parietal
lobule [49,50]. This function would still be active during resting states such as those used
in this study because monitoring the environment is an ongoing process rather than a task-
positive one. Since beta and gamma activation is typically associated with active cognitive
processing, this would indicate that greater degrees of MDD are associated with a fall in
cognitive resources available for engaging with the environment (perhaps contributing to
the behavioural withdrawal noted above). Similar results were found in the gamma band
as those in the beta band where gamma coherence between the left supramarginal gyrus
and left insula decreased as Anhedonia, Cognitive, Mood, and overall SDS scores increased.
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The overlap between the beta and gamma bands is likely the result of the same processes
discussed above in the beta band results.

The Mood and Somatic depression subtypes are conspicuous in their absence from
these results; apart from a single connectivity result in the gamma band, there was no
relationship between either depression subtype and any measure of connectivity in the
attentional networks. This can be explained by, or may be a product of, the more inward-
focused nature of these depression subtypes; Mood-based depression is associated with
negative emotional states (sadness; crying; and feeling hopeless, useless, or irritable) while
Somatic-based depression is associated with negative bodily states (sleeping difficulties,
weight loss, high pulse, and feeling tired and restless [15]). The absence of any relationship
between the Mood or Somatic depression subtypes and attentional network activation
indicates that these forms of depression are primarily driven by internal psychological
and/or physical factors rather than a response to external stimuli.

4.1. Clinical Implications

This study was based on the assumption of MDD being heterogeneous, and this was
confirmed by the different connectivity results across the four MDD subtypes used here.
As such, the use of a homogeneous construct of MDD in clinical settings is challenged by
these data. Instead, depressed patients might benefit from the consideration of their MDD
subtype symptom profiles and a consequent therapeutic focus upon specific treatments
for the subtypes they present with most severely. Those treatment choices could also be
subsequently driven by the inclusion of the underlying cognitive processes inherent in
the attentional and salience networks. This kind of diagnostic and therapeutic approach
could move depression diagnosis and treatment from a ‘one-size fits all’ model, in which all
depressions are treated similarly, towards a more personalised medicine approach [51,52].
The first step in that process is to recognise that, at a neurophysiological level (i.e., brain
network connectivity), different groupings of MDD symptoms are more likely to be of
benefit than a single score on an inventory or clinical interview that assumes a dichotomous
classification is the best diagnosis available. The current study purposely examined only
three major brain networks, and there are others that could also repay investigation such
as task-positive networks.

4.2. Limitations

The Zung SDS is a creditable and well-justified method of measuring multiple MDD
symptoms; however, it is not the only such instrument, and the use of alternative self-
report instruments could add some greater validity to the overall results. Additionally, the
DSM-5-TR Diagnostic Criteria are complemented by Diagnostic Features, but no current
instrument exists that includes all of these. In fact, the tendency has been towards the
development and use of briefer lists of MDD symptoms to diagnose MDD, such as the
Personal Health Questionnaire-9 [53], but there are reasons from this study for moving
towards more inclusive diagnostic instruments that measure all the aspects of depressive
behaviour that contribute to the final diagnosis. This study used a ‘snap-shot’ research
design, with data being collected at a single time point, whereas individuals’ mood states
vary across days or weeks, and so repeated sampling of mood states would enhance the
generalizability of this research. The sample was composed of volunteers from a single
cultural and geographical region; comparative data from other settings could help extend
the current findings. EEG does produce precise measures of site-specific electrical activity
in the brain, but might be profitably matched with fMRI (for example) to provide a more
detailed account of neurocognitive activity. The method for identifying MDD subtypes
used in this study might be described as ‘a priori’ because the subtypes were grouped
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according to the commonalities between specific MDD symptoms, performed by a panel of
clinicians [15]. Another method of identifying subtypes is ‘a posteriori’ by applying cluster
analysis to EEG data and then regressing those data upon MDD symptoms from a scale like
the SDS. Neither method has yet shown superiority, and both represent valuable models
for defining MDD subtypes. Although some of these limitations do limit generalizability,
they do not invalidate these results. Finally, research is always strengthened by testing
hypotheses based on previous findings, but that was not possible here due to the lack of
studies in this field.

5. Conclusions

Although each of the four MDD subtypes did not show a specific set of inter-network
connections, the fact that two of them did so (Anhedonia and Cognitive depression)
provides strong support for the notion of MDD as heterogeneous, and also provides some
basis for the subtype model tested here. It may be that Somatic depression and depressed
Mood are also able to be identified by reference to alternative neurocognitive variables,
and that work is being undertaken by the authors.
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Abstract: Self-paced exercise protocols have gained attention for their potential to optimize per-
formance and manage fatigue by allowing individuals to regulate their efforts based on perceived
exertion. This pilot study aimed to investigate the neural and physiological responses during a
self-paced

.
VO2max (SPV) and incremental exercise tests (IET). Six trained male cyclists (mean age

39.2 ± 13.3 years;
.

VO2max 54.3 ± 8.2 mL·kg−1·min−1) performed both tests while recording their
brain activity using electroencephalography (EEG). The IET protocol involved increasing the power
every 3 min relative to body weight, while the SPV allowed participants to self-regulate the intensity
using ratings of perceived exertion (RPE). Gas exchange, EEG, heart rate (HR), stroke volume (SV),
and power output were continuously monitored. Statistical analyses included a two-way repeated
measures ANOVA and Wilcoxon signed-rank tests to assess differences in alpha and beta power
spectral densities (PSDs) and the EEG/

.
VO2 ratio. Our results showed that during the SPV test, the

beta PSD initially increased but stabilized at around 80% of the test duration, suggesting effective
management of effort without further neural strain. In contrast, the IET showed a continuous increase
in beta activity, indicating greater neural demand and potentially leading to an earlier onset of fatigue.
Additionally, participants maintained similar cardiorespiratory parameters (

.
VO2, HR, SV, respiratory

frequency, etc.) across both protocols, reinforcing the reliability of the RPE scale in guiding exercise
intensity. These findings suggest that SPV better optimizes neural efficiency and delays fatigue
compared to fixed protocols and that individuals can accurately control exercise intensity based
on perceived exertion. Despite the small sample size, the results provide valuable insights into the
potential benefits of self-paced exercise for improving adherence to exercise programs and optimizing
performance across different populations.

Keywords: brain activity; incremental exercise test; V̇O2max; self-regulation in exercise; aerobic
capacity; exercise physiology; cycling performance; effort perception

1. Introduction

Self-pacing exercise allows individuals to regulate their exercise efforts according to
subjective sensations and physiological states. This approach has been shown to improve
adherence to exercise programs, particularly in certain populations, such as overweight
and obese populations [1,2], and this trend also extends to normal-weight individuals [3,4].
The improved feelings of autonomy and enhanced positive affective responses contribute
to exercise adherence. In addition, self-paced maximal exercise tests—where individuals
regulate their pace during maximal exertion—have been shown to produce similar [5,6]
or even higher maximal oxygen uptake (

.
VO2max) values compared to traditional fixed

incremental exercise tests (IETs). This suggests that giving individuals control over their
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pacing can optimize performance outcomes by allowing better management of effort and
fatigue throughout the exercise [7–9].

However, despite these advantages, self-pacing requires careful application, particu-
larly when working with less experienced athletes or when external feedback is limited.
Ensuring that athletes maintain appropriate intensities is important to avoid potential risks
of under- or overtraining [10]. With proper guidance and feedback, self-pacing can help
athletes benefit from individualized intensity regulation while minimizing these risks.

The Self-Paced
.

VO2max (SPV) protocol employs a progressive exercise design, where
intensity increases are guided by the limits of ratings of perceived exertion (RPE), allowing
individuals to self-regulate their pace. The RPE, developed by Borg, is a widely used sub-
jective measure allowing individuals to rate their exertion levels during physical activity
on a scale from 6 to 20 [11]. The RPE scale correlates well with physiological markers,
such as heart rate (HR) and oxygen uptake (

.
VO2), in healthy subjects, making it a reliable

tool for prescribing and regulating exercise intensity [11,12]. Recent research has further
highlighted the utility of self-paced exercise, demonstrating that the RPE scale can effec-
tively guide exercise intensity in various settings, including prolonged endurance events,
like marathons [13]. This scale is an integral part of self-pacing, as it enables individuals
to modulate their exercise intensity according to perceived exertion, thus aligning their
physical effort with their subjective experience [14,15].

The Central Governor Model proposed by Noakes and Gibson suggests that the brain
plays a crucial role in regulating exercise performance by modulating effort perception and
fatigue, further underscoring the importance of subjective measures like RPE in exercise
science [16–18]. This theory is supported by recent findings showing early modifications in
brain activity during prolonged exercise, even when cardiorespiratory responses remain
steady [13]. This highlights the brain’s critical role in managing exertion and preventing
overexertion during endurance events, as indicated by the electroencephalography (EEG)
and

.
VO2 relationship, where EEG changes can precede observable drops in

.
VO2, suggesting

central regulation of fatigue.
However, the literature still lacks proof of concept concerning the direct link between

RPE and brain response during exhaustive exercise. Consequently, whether the brain acts
as a limitation or, conversely, as a super controller for power optimization at the same RPE
remains unknown.

EEG is an effective method for assessing brain activity during exercise, providing high
temporal resolution and enabling real-time monitoring of neural responses. Technological
advancements have facilitated the use of EEG in dynamic exercise settings, reducing move-
ment artifacts and enabling detailed analysis of cortical activity [19–24]. EEG allows for the
examination of how perceived exertion translates into measurable brain activity, linking
subjective sensations with physiological responses [25,26]. Key frequency bands studied in
exercise research include alpha (8–13 Hz) and beta (13–30 Hz) waves, which are associated
with relaxation, cognitive processing, and motor control [25,27]. Studies indicate that both
alpha and beta wave activity increase with exercise intensity, reflecting enhanced neural
synchronization and motor planning [24,28]. However, conflicting evidence exists regard-
ing the patterns of cortical activity during IET, with some studies reporting linear increases,
while others observe plateaus or declines in neural activity as fatigue sets in [29,30].

To our knowledge, only one study, by Dykstra et al. (2019), has directly compared EEG
responses between IET and SPV tests, using RPE as both a dependent and an independent
variable [31]. Dykstra found significant differences between the two protocols, with the
SPV test showing continuous increases in alpha and beta activity, while the IET exhibited a
peak followed by a decline, suggesting an earlier onset of fatigue.

Maceri et al. (2019) also employed RPE as an independent variable and used EEG
to assess brain activity during the SPV test [28]. Their study, which investigated EEG
responses in younger and middle-aged adults, found that alpha and beta wave activity
increased with exercise intensity regardless of age, highlighting the effectiveness of RPE in
regulating exercise intensity. However, unlike Dykstra’s study, Maceri did not compare
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different exercise protocols but rather examined EEG variations within a single self-paced
protocol across different age groups.

Both studies imposed RPE levels (11, 13, 15, 17, and 20 on Borg’s scale) rather than
basing subsequent test steps on the RPE given by subjects at the end of each step [28,31].
Imposing a standard RPE on each subject does not account for individual variations in
response. For instance, at an RPE of 15, subjects may be at different percentages of their
ventilatory threshold or

.
VO2max. Our study aims to fill this gap by defining the steps

of the second test based on the RPE indicated by subjects at the end of each step of the
first test.

The primary objectives of this study are (1) to investigate neural responses to self-
paced and externally controlled incremental exercise using EEG and (2) to assess whether
individuals can effectively regulate their effort based solely on perceived exertion, as
indicated by the RPE scale. We hypothesize that alpha and beta power spectral density
(PSD) will increase with exercise intensity in both the IET and SPV tests, but this increase
will be more pronounced in the incremental exercise test due to higher levels of perceived
exertion and physiological strain. Additionally, we expect that a decline in the EEG/

.
VO2

ratio will be observed as exercise intensity increases, particularly in the IET, suggesting
that neural activity decreases relative to physiological demand, and potentially serving as
a marker of central fatigue. Furthermore, we hypothesize that subjects will demonstrate
a capacity to control their exercise intensity accurately using the RPE scale, reflected by
similar cardiovascular parameters (

.
VO2, respiratory rate (Rf), HR, power output) between

the IET and SPV tests.

2. Materials and Methods

2.1. Subjects

Six non-elite male cyclists with the following characteristics were recruited from local
sports clubs to participate in the study: mean age ± SD 39.2 ± 13.3 years; height 179.8 ± 9.0 cm;
weight 70.8 ± 9.7 kg; and body mass index 21.9 ± 2.4 kg/m2. Eligible participants met
the following inclusion criteria: (1) non-smokers, (2) performed in at least 8 h of cycling
training per week, and (3) no existing health issues. Although classified as “non-elite”, the
participants demonstrated a good level of aerobic fitness, as indicated by their

.
VO2peak

values (mean
.

VO2peak = 54.3 ± 8.2 mL·kg−1·min−1), which are consistent with cyclists
competing at a departmental or regional level.

The study was approved by the ethics committee of the University Hospital of Brug-
mann (Brussels, Belgium; reference: B0772022000014). All subjects provided informed
consent prior to participation in the study.

2.2. Measurement Protocols

Each participant completed two separate exercise test sessions: the IET and the SPV
test. The IET gradually increases intensity until exhaustion is reached, while the SPV allows
participants to regulate their effort based on perceived exertion (RPE) [11]. Both tests were
conducted in a laboratory setting, with two days of rest between sessions to ensure full
recovery. The experimental sessions are presented in Figure 1.

2.2.1. Incremental Exercise Test

The IET was designed to assess maximal aerobic power (MAP) and
.

VO2max [32].
The test started at a power output of 1.5 W per kilogram of body mass (i.e., 105 W for a
70 kg participant), and the intensity increased by 0.5 W per kilogram every three minutes.
Participants were instructed to maintain a cadence of at least 60 rotations per minute (rpm)
until exhaustion. At random intervals within a 30 s window before the end of each step,
the experimenter prompted the subject to rate their perceived exertion using the Borg
6–20 scale [11]. The test was terminated if the participant’s cadence dropped below 60 rpm
for five consecutive seconds.
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Figure 1. Schematic representation of the incremental exercise test (IET) and the self-paced
.

VO2max
test (SPV). During the IET, intensity increases progressively by 0.5 W/kg every 3 min until exhaustion,
while the SPV test allows participants to adjust their pace based on perceived exertion. Between each
step, there was an alternation between eyes open (EO) and eyes closed (EC) at rest. In the figure,
elements common to both tests are shown in black, IET-specific elements are shown in blue, and
SPV-specific elements are shown in orange. Abbreviations: EEG = electroencephalogram; RPE = rate
of perceived exertion; EC-EO = eyes closed eyes open phase.

2.2.2. Self-Paced
.

VO2max Test

The SPV test followed a similar structure to the IET but replaced power increments
with RPE regulation. Participants self-regulated their exercise intensity based on their
perceived exertion (using the RPE scale) [11], adjusting their cadence and/or resistance to
maintain the target RPE for each step. The RPE values obtained during the IET were used
to guide the SPV.

For both tests, participants were seated on a cycling ergometer (Cyclus2, RBM elektronik-
automation GmbH, Leipzig, Germany) and underwent a two-minute baseline EEG record-
ing while resting with their eyes open. The tests then proceeded according to the measure-
ment protocols, with real-time data collected from all devices, including the EEG, metabolic
cart, heart rate monitor, and cycling ergometer.

Participants alternated between eyes open and eyes closed phases at each exercise
stage, lasting 80 s in total, to allow for more accurate EEG data collection by reducing
movement artifacts. No information regarding power output, cadence, or time remaining
was provided to the participants, and no verbal encouragement was given to ensure that
effort regulation was based solely on perceived exertion.

2.3. Measurement Tools

To capture detailed physiological and neural data, several measurement tools were
employed during both exercise tests.

2.3.1. Gas Exchange Measurements

Gas exchange was measured breath by breath using a facemask connected to a
metabolic cart (Quark CPET, Cosmed, Rome, Italy) [33,34]. Flow and gas calibrations
were performed approximately 10 min before each test, following the manufacturer’s
guidelines to ensure accuracy. The data were processed using Omnia Software (version 2.2,
Cosmed, Rome, Italy), which calculated the Rf, tidal volume (Vt), ventilation rate (

.
VE),

.
VO2, and carbon dioxide output (

.
VCO2). The software also synchronized gas exchange
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data with HR measurements (HRM-Run, Garmin, KS, USA) and ergometer data, including
power output and cadence.

2.3.2. Cardiac Output and Heart Rate Monitoring

HR was continuously monitored using a chest strap (HRM-Run, Garmin, KS, USA) [35].
Hemodynamic function was assessed using the Physioflow® PF07 Enduro (Manatec
Biomedical, Poissy, France), an impedance cardiograph device that measures changes
in transthoracic impedance during the cardiac cycle. This method allows for the calculation
of HR and stroke volume (SV), as well as the estimation of cardiac output (CO). It has
been validated in both resting and exercise conditions, including up to

.
VO2max, and it is

considered reliable for continuous hemodynamic monitoring [36,37].

2.3.3. Electroencephalography (EEG) Recording

Brain activity was recorded using a 64-channel ActiCap system (actiCHamp Plus,
Brain Products, Gilching, Germany), which uses high-quality Ag/AgCl active electrodes.
Conductive gel (SuperVisc, EasyCap GmbH, Wörthsee, Germany) was applied to enhance
electrode–skin contact and to maintain low impedances. Active electrodes were chosen
due to their reliability in capturing electro-cortical activity during intense exercise while
minimizing movement artifacts [29].

Data were recorded from all 64 electrode sites, but the analysis focused on 15 sites in
the extended 10–20 system: F3, F1, Fz, F2, F4, C3, C1, Cz, C2, C4, P3, P1, Pz, P2, and P4.
These sites were chosen based on both the quality of the recorded signal and their relevance
to the motor, sensory, and cognitive processes associated with exercise [21,38]. Some other
electrode sites were excluded due to poor signal quality or noise artifacts. The ground
electrode was positioned at AFz, and all electrodes were referenced to FCz. Impedances
were maintained below 5 kΩ for all sensors to ensure high-quality signal acquisition [39].
Data were amplified using the BrainVision amplifier, sampled at 512 Hz, and recorded with
BrainVision Recorder software (version 1.25.0204, Brain Products GmbH, Gilching, Germany).

2.4. Data Analysis
2.4.1. Data Synchronization

Markers were systematically placed at the start and end of each step, as well as
during the transitions between eyes open and eyes closed conditions, to ensure the precise
synchronization of data collected from the different measurement devices. This allowed for
accurate alignment of the physiological and neural data streams.

2.4.2. EEG Analysis

EEG data were processed using MATLAB R2024a-based software EEGLAB (version
2023.4) [40]. After reducing the sampling rate to 256 Hz, high- and low-pass filters were
applied to retain a frequency range from 0.5 to 80 Hz.

For the analysis of brain activity recorded during both tests, only the last 90 s of every
3-min step were used to minimize the possible influence of adaptation processes due to
changes in load. A 50 Hz notch filter was applied, followed by an independent component
analysis [41]. Recurring artefacts, such as those from eye blinks, eye movement, and
muscular activity, were identified and removed. The cleaned data were then transformed
into power spectra using a fast Fourier transform, and power spectral densities were
calculated for two key frequency bands: alpha (α: 8–12 Hz) and beta (β: 12–30 Hz).

In addition, the power spectrum for each electrode was averaged across specific scalp
zones. The frontal zone included electrodes F3, F1, Fz, F2, and F4; the central zone included
C3, C1, Cz, C2, and C4; and the parietal zone included P3, P1, Pz, P2, and P4. To obtain
an overall measure of brain activity, the data from all electrodes were also averaged to
calculate the total brain power (total power, TP). Finally, exercise data were expressed as
percentage changes from baseline PSD measures to account for day to day and between-
subject variability, as reported in a previous study [25,42].
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2.4.3. Statistical Analysis

All collected data were compiled and analyzed using XLSTAT 2023 (version 2.0, Paris,
France). Descriptive statistics were calculated for all variables, and the results are presented
as mean ± standard deviation (SD). Given the small sample size (n = 6), the normality
of the data was tested using the Shapiro–Wilk test. For variables where normality was
confirmed (p > 0.05), a two-way repeated measures ANOVA was conducted to assess the
main effects of the condition (IET vs. SPV), the time, and the interaction between the
condition and the time on alpha and beta PSD, as well as the EEG/

.
VO2 ratio. In cases

where the sphericity assumption was violated, the Greenhouse–Geisser correction was
applied to adjust the degrees of freedom. Additionally, a post hoc Wilcoxon signed-rank
test was used to compare the two conditions at each time point. For variables where
normality was not confirmed (p ≤ 0.05), a Friedman test was used to assess the main effects
of the condition and the time. The Wilcoxon signed-rank test was used as a post hoc test
to compare the two conditions at each time point for non-normally distributed variables.
Statistical significance was set at p < 0.05 for all analyses.

3. Results

3.1. Physiological and Power Variables

Table 1 provides the maximal values for physiological and power variables during the
IET and SPV tests. Across both protocols, most variables showed no significant differences,
except for cadence, which was significantly higher in the SPV test compared to the IET test
(p = 0.031).

Table 1. Maximal values for physiological and power variables during the incremental exercise test
and the self-paced

.
VO2max test.

Variable IET SPV p

Rf (1/min) 61.1 ± 5.1 61.7 ± 8.1 0.844
Vt (L(btps)) 2.9 ± 0.6 2.8 ± 0.5 0.131
.

VE (L/min) 147.8 ± 27.4 144.7 ± 31.4 0.844
RER 1.2 ± 0.1 1.1 ± 0.04 0.674

Relative
.

VO2 (mL·kg−1·min−1) 54.3 ± 8.2 53.7 ± 7.7 0.313

Absolute
.

VO2 (mL·min−1) 3832.0 ± 648.3 3792.1 ± 630.3 0.313

Relative
.

VCO2 (mL·kg−1·min−1) 58.0 ± 9.6 57.2 ± 8.6 0.438

Absolute
.

VCO2 (mL·min−1) 4088.3 ± 721.9 4030.2 ± 673.0 0.438
HR (bpm) 171.8 ± 14.7 173.0 ± 15.5 0.498
SV (mL) 145.1 ± 8.4 145.8 ± 11.8 0.813

CO (L/min) 24.4 ± 2.2 24.4 ± 3.7 0.813
MAP (W) 326.5 ± 67.3 331.7 ± 67.1 0.563
Pmax (W) 358.3 ± 74.3 374.8 ± 66.3 0.343

Cadence (rpm) 89.16 ± 4.5 96.65 ± 4.4 0.031

Note: the value in bold indicates a statistically significant difference between the two tests (p < 0.05). Abbreviations:
IET = incremental exercise test, SPV = self-paced

.
VO2max test, Rf = respiratory frequency, Vt = tidal volume,

.
VE = ventilatory flow, RER = respiratory exchange ratio,

.
VO2 = oxygen uptake,

.
VCO2 = carbon dioxide output,

HR = heart rate, SV = stroke volume, CO = cardiac output, MAP = maximal aerobic power, Pmax = maximal
power output, rpm = rotations per minute.

3.2. EEG
3.2.1. Alpha PSD

There were no significant differences in the alpha frequency band between the two
protocols in the central, frontal, and parietal scalp zones, nor for TP (all p > 0.05) (Table 2).
However, a significant main effect of the time was observed in the parietal scalp zone
(F = 1.71, p = 0.043), indicating a time-related increase in alpha power in this region. No
significant effects were found for the condition (F = 0.24, p = 0.623) or the time x condition
interaction (F = 0.54, p = 0.898). Additionally, in the central scalp zone, there was a trend
towards a time-related effect, but it did not reach significance (F = 1.65, p = 0.053).
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Table 2. Comparison of EEG alpha and beta power spectral densities between the incremental
exercise test and the self-paced

.
VO2max test.

Variable IET SPV p

Central α 2.03 ± 1.6 1.92 ± 1.1 0.856
Frontal α 1.80 ± 1.2 1.72 ± 1.0 0.856
Parietal α 1.83 ± 1.3 1.74 ± 0.8 0.579

TP α 1.83 ± 1.3 1.75 ± 0.9 0.587
Central β 1.65 ± 0.9 1.33 ± 0.8 <0.001
Frontal β 1.54 ± 0.7 1.49 ± 0.7 0.309
Parietal β 1.63 ± 0.8 1.57 ± 0.8 0.274

TP β 1.58 ± 0.8 1.46 ± 0.7 0.027
Central α/β ratio 0.99 ± 0.7 0.87 ± 0.9 0.122
Frontal α/β ratio 1.16 ± 0.6 1.12 ± 0.6 0.422
Parietal α/β ratio 0.81 ± 0.5 0.84 ± 0.6 0.618

TP α/β ratio 1.01 ± 0.6 0.96 ± 0.5 0.310
Note: central, frontal, and parietal scalp zones are assessed for both alpha and beta bands, along with the
alpha/beta (α/β) ratio and total power (TP). Values are expressed as a percentage of baseline EEG measures.
The value in bold indicates a statistically significant difference between the two tests (p < 0.05). Abbreviations:
IET = incremental exercise test, SPV = self-paced

.
VO2max test, α = alpha, β = beta, α/β = alpha/beta ratio,

TP = total power.

3.2.2. Beta PSD

Significant differences in beta PSD were observed between the two protocols in the
central scalp zone (p < 0.001) and TP (p = 0.027), but not in the frontal or parietal zones (all
p > 0.05) (Table 2). Protocol differences occurred at 80% (p = 0.028) and 100% (p = 0.044) of
the test duration (Figure 2). Within the IET protocol, beta power increased significantly
from 60% to 80% (p = 0.006), with no significant change from 80% to 100% (p = 0.069).
Similarly, within the SPV protocol, beta power differed from 60% to 80% (p = 0.048), but
not from 80% to 100% (p = 0.733) (Figure 2).

Unlike cadence, which was consistently higher in the SPV protocol than in the IET
protocol, EEG responses were greater in the IET only towards the end of the tests (after 80%
of the time to exhaustion) (Figure 2). Additionally, a significant main effect was observed
for the time (F = 7.73, p < 0.001) and the condition (F = 6.32, p = 0.014) in the central scalp
zone, although no significant interaction between the time and the condition was found.

Figure 2. Comparison of changes in beta power spectral density in the central brain scalp zone
during the incremental exercise test (IET) and the self-paced

.
VO2max (SPV) test. The IET data are

represented by the blue curve, and the SPV data are shown by the orange curve. The error bars are
color-coded to match the corresponding condition (blue for IET and orange for SPV) to enhance the
visual distinction between the two tests. Significant differences (p < 0.05) between the two tests are
marked with asterisks (*), and differences between previous steps within the same test are indicated
by daggers (†).

249



Appl. Sci. 2024, 14, 10551

3.2.3. Alpha/Beta Ratio

No significant differences were observed for the alpha/beta ratio between the two
protocols in the central, frontal, or parietal scalp zones, nor for TP (all p > 0.05) (Table 2).
Additionally, there were no significant main effects of the time, the condition, or the time x
the condition in any of the scalp zones or for TP.

3.3. EEG/
.

VO2 Ratio

The EEG Alpha/
.

VO2 and Beta/
.

VO2 ratio graphs (Figure 3) show a sharp initial decline
in both ratios at the beginning of the exercise for both the IET and SPV tests. Following
this initial drop, the ratios stabilize and remain relatively flat for the majority of the test
duration. When around 80% of the time has elapsed, a slight increase is observed in both
the Alpha/

.
VO2 and Beta/

.
VO2 ratios, with this increase being slightly more pronounced in

the IET compared to the SPV. However, it is important to note that these changes were not
statistically significant (Alpha/

.
VO2: p = 0.636; Beta/

.
VO2: p = 0.977).

Figure 3. Comparison of EEG Alpha/
.

VO2 and Beta/
.

VO2 ratios between the incremental exercise test
(IET, blue line) and the self-paced

.
VO2max (SPV, orange line) test. The error bars are color-coded to

match the corresponding condition (blue for IET and orange for SPV) to enhance the visual distinction
between the two tests.

3.3.1. EEG Alpha/
.

VO2 Ratio

There was a significant main effect of the time for the Alpha/
.

VO2 ratio in the central
(F = 6.37, p < 0.001), frontal (F = 19.4, p < 0.001), and parietal (F = 8.86, p < 0.001) scalp zones,
as well as for TP (F = 13.49, p < 0.001). However, no significant effects were observed for the
condition or the time x condition interaction across any of the scalp zones or TP (Table 3).

Table 3. Multi-factor ANOVA outcomes for the EEG Alpha/
.

VO2 ratio analyzed across various brain
scalp zones (central, frontal, parietal) and total power (TP) during the incremental exercise test and
the self-paced

.
VO2max test.

Condition Time (%) Condition × Time (%)

R2 F Pr > F F Pr > F F Pr > F F Pr > F

Central Alpha/
.

VO2 0.275 3.035 0.002 0.954 0.331 6.374 <0.001 0.145 0.981

Frontal Alpha/
.

VO2 0.528 8.952 <0.001 0.384 0.537 19.399 <0.001 0.232 0.947

Parietal Alpha/
.

VO2 0.343 4.177 <0.001 0.090 0.764 8.861 <0.001 0.322 0.899

TP Alpha/
.

VO2 0.438 6.237 <0.001 0.185 0.668 13.486 <0.001 0.198 0.962
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3.3.2. EEG Beta/
.

VO2 Ratio

A significant main effect of the time was observed for the Beta/
.

VO2 ratio in the central
(F = 13.43, p < 0.001), frontal (F = 10.87, p <0.001), and parietal (F = 4.87, p = 0.001) scalp
zones, as well as for TP (F = 8.68, p < 0.001). However, there were no significant effects
for the condition or the time x condition interaction across any of the scalp zones or TP
(Table 4).

Table 4. Multi-factor ANOVA outcomes for the EEG Beta/
.

VO2 ratio analyzed across various brain
scalp zones (central, frontal, parietal) and total power (TP) during the incremental exercise test and
the self-paced

.
VO2max test.

Condition Time (%) Condition × Time (%)

R2 F Pr > F F Pr > F F Pr > F F Pr > F

Central Beta/
.

VO2 0.466 6.810 <0.001 2.415 0.124 13.439 <0.001 1.250 0.293

Frontal Beta/
.

VO2 0.389 4.969 <0.001 0.052 0.819 10.867 <0.001 0.054 0.998

Parietal Beta/
.

VO2 0.225 2.270 0.017 0.475 0.493 4.868 0.001 0.041 0.999

TP Beta/
.

VO2 0.336 3.964 <0.001 0.030 0.863 8.682 <0.001 0.032 0.999

4. Discussion

The objective of this study was to investigate neural responses to both IET and SPV
tests using EEG and to determine whether individuals can regulate their effort based solely
on perceived exertion, as indicated by the RPE scale. The results yield substantial insights
into the neural mechanisms governing exercise regulation and the effectiveness of the RPE
scale for guiding exercise intensity.

Our results showed that during the SPV test, the beta PSD initially increased but then
stabilized at around 80% of the test duration. This suggests that participants reached a
point where their perceived exertion allowed them to maintain their effort without requir-
ing further increases in neural engagement. In contrast, the IET exhibited a continuous
increase in beta activity throughout the test, reflecting a gradual rise in neural demand as
participants neared exhaustion.

Our findings diverge from those reported by Dykstra et al. (2019). He observed
sustained elevations in both alpha and beta wave activity during the SPV test and during
the IET, and beta activity peaked before declining, indicating an earlier onset of fatigue [31].
The possible explanations for these discrepancies are several. Dykstra focused on the
dorsolateral prefrontal cortex, which is associated with executive function and inhibitory
control [43,44], whereas our study examined the central area of the brain [45,46], particularly
motor-related cortical regions. These central regions may show different activation patterns
due to their direct involvement in motor control and sensory feedback integration during
intense physical exertion [46–48].

Finally, another possible explanation for the divergence in results is the methodological
difference between the studies. Unlike Dykstra’s study, which imposed specific RPE levels,
our study allowed participants to self-regulate their exertion based on subjective feedback
at each step of the exercise. This individualized approach likely provides a more accurate
reflection of how individuals naturally regulate exertion, leading to more sustained neural
engagement. However, it is worth noting that the advantages of self-paced protocols
may be less pronounced in populations that are not as aware of their physiological cues
or in those with less exercise experience [10,48], which could explain variations across
different studies.

The stabilization of beta activity in the SPV test in our study could be interpreted in line
with the Central Governor Model, as proposed by Noakes [18]. This model suggests that
the brain regulates effort to prevent overexertion and maintain homeostasis, potentially
explaining why beta activity plateaus during self-paced exercise [49]. In contrast, the
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continuous rise in beta activity during the IET reflects the higher neural strain imposed by
the lack of self-regulation, which may have contributed to earlier fatigue onset [12,21,25].

Another notable finding in our study was the behavior of the EEG/
.

VO2 ratio, which
remained stable throughout most of the exercise but increased slightly around 80% of the
test duration in both the alpha and beta bands. This increase, which was more pronounced
in the IET, indicates a tendency towards heightened neural engagement relative to physio-
logical demand as exercise intensity peaked. This suggests that the brain was allocating
more resources to manage the escalating strain. The more pronounced rise in the IET may
indicate that this protocol required greater cognitive and motor effort, potentially contribut-
ing to earlier fatigue compared to the SPV test. In contrast, the stable EEG/

.
VO2 ratio in

the SPV test suggests better exertion management, thus maintaining neural efficiency and
delaying central fatigue.

This pattern of neural engagement aligns with the concept of the Estimated Time
Limit (ETL), which posits that individuals subconsciously regulate their effort based on an
internal estimate of how long they can sustain a given intensity before reaching exhaus-
tion [50,51]. As exercise progresses, the brain continually reassesses this internal time limit,
adjusting neural and physical effort to prevent premature fatigue. The stabilization of the
EEG/

.
VO2 ratio around 80% of the test duration across both protocols suggests that partici-

pants may have been tapping into this internal pacing strategy as they approached their
perceived time limit. This regulatory mechanism is thought to involve both physiological
signals, such as cardiovascular and metabolic feedback, as well as psychological factors,
including motivation and perceived exertion, as suggested by previous research [10,52].
Although we did not directly assess psychological factors in this study, the observed in-
crease in neural engagement towards the end of the exercise could reflect the brain’s efforts
to marshal additional resources to extend performance as participants neared their ETL,
thereby delaying the onset of central fatigue and maintaining overall effort.

These findings regarding the EEG/
.

VO2 ratio contrast with those of Billat et al. (2024),
who observed a significant decline in the EEG/

.
VO2 ratio during the IET, suggesting

reduced neural engagement [53]. The divergence in results could be attributed to several
factors. First, while both studies employed an IET, Billat’s study used 2 min stage durations,
whereas our protocol used 3 min stages. Research suggests that shorter stages, like those
used by Billat, may lead to quicker attainment of peak values but may not allow sufficient
time for physiological stabilization, particularly for

.
VO2max and other physiological

parameters. In contrast, the longer stages in our protocol likely promoted more stable
physiological responses, which could explain the variation in the EEG/

.
VO2 ratio between

the two studies [54,55]. Additionally, our IET protocol included alternating eyes open
and eyes closed phases between increments, potentially introducing brief moments of
neural recovery that were absent in Billat’s continuous protocol. These differences in
stage duration and protocol design may account for the distinct neural and physiological
responses observed in our study. Furthermore, the strictly controlled incremental protocol
employed by Billat might have imposed a higher cognitive load and led to more pronounced
central fatigue earlier in the exercise [10].

Moreover, the populations studied could also contribute to the differences in results.
Billat’s study included active males who participated in a variety of sports, such as judo and
water polo, and not exclusively endurance sports. The diversity in training backgrounds
certainly would have influenced their physiological responses and how they engaged neu-
ral resources during exercise. In contrast, our study involved trained cyclists, which might
explain the more stable neural engagement observed in our participants. Additionally,
variations in fitness levels [56–58], age [59,60], and training backgrounds [61,62] between
the two studies may have significantly affected both physiological responses and partici-
pants’ perceived exertion, potentially explaining the discrepancies between our findings
and those of Billat [53].
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The second major objective of our study was to assess whether individuals could
effectively regulate their effort based on perceived exertion, as indicated by the RPE scale.
Our findings revealed that participants maintained similar cardiovascular parameters
(

.
VO2, Rf, HR, power output, etc.) across both the SPV and the IET tests. This reinforces the

reliability of the RPE scale as a tool for guiding exercise intensity, even when the pacing
strategy differs. Previous studies support these findings, showing that when using RPE
to regulate exercise intensity, participants can achieve similar physiological responses
compared to when power output is externally controlled [5,8,63].

It is important to consider the role of cadence in these findings. During self-paced
cycling, individuals tend to favor higher cadence over applying more force, which may
optimize energy efficiency and delay the onset of fatigue. Research by Marsh and Martin
(1993) demonstrated that self-selected cadences are generally higher, which can reduce the
overall force required per pedal stroke, allowing for sustained effort over longer periods [64].
In our study, we found that at equal power outputs and physiological parameters (e.g.,

.
VO2,

HR), the cadence was higher in the SPV test compared to the IET test. This could be
explained by the self-regulation aspect of the SPV, where participants may subconsciously
choose a higher cadence to maintain a steady perception of effort. Higher cadence at the
same power output reduces the force required per pedal stroke, potentially minimizing
muscle fatigue and maintaining comfort throughout the test. Research by Takaishi et al.
(1996, 1998) supports this notion, suggesting that higher cadences are preferred in self-paced
settings as they help sustain effort by reducing muscular strain [65,66]. This preference
for higher cadence in self-paced exercise aligns with the idea that individuals naturally
regulate their effort to optimize both comfort and performance, thus contributing to the
similar cardiovascular outcomes observed across different exercise protocols.

The findings of this study suggest several practical applications for exercise prescrip-
tion and training. The demonstrated reliability of the RPE scale in guiding exercise intensity
across both self-paced and fixed protocols highlights its utility as a versatile tool in various
settings, including clinical and athletic populations. Importantly, the higher cadence ob-
served during self-paced exercise—which likely contributes to the similar cardiovascular
outcomes despite different pacing strategies—suggests that encouraging self-regulated
exercise may help optimize both comfort and performance. This has significant implica-
tions for exercise adherence, as explicit recommendations for self-paced exercise have been
shown to improve adherence to exercise programs, particularly among populations less
accustomed to structured training [2,67,68].

Additionally, recent research by Palacin et al. (2024) underscores the importance of self-
paced exercise in long-duration endurance events, such as marathons, where maintaining
an appropriate pacing strategy can significantly influence performance outcomes [13]. Their
study demonstrated that brain activity and RPE can be effectively monitored to optimize
pacing and delay the onset of fatigue during a marathon. These findings suggest that similar
principles could be applied in various exercise contexts to enhance both performance and
adherence. By allowing individuals to tailor their effort based on perceived exertion, self-
paced exercise can enhance feelings of autonomy and enjoyment, key factors in promoting
long-term adherence to exercise programs and improving overall health outcomes. Exercise
adherence plays a significant role in reducing the risk of cardiovascular disease [69,70],
which remains the leading cause of death in both Europe and the United States [71].

Furthermore, the observed stability and slight increases in the EEG/
.

VO2 ratio suggest
that monitoring neural activity relative to physiological demand could be a valuable
tool in personalized training programs. This approach could be particularly beneficial in
settings that require fine-tuning exercise intensity to manage cognitive and motor demands
effectively, such as in rehabilitation or high-performance sports. The differences in neural
engagement between self-paced and fixed protocols also highlight the importance of
tailoring exercise strategies to individual needs, thus potentially reducing the risk of central
fatigue and enhancing overall performance.
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Despite the valuable insights provided by this pilot study, several limitations must
be considered.

First, the small sample size of six trained male cyclists limits the generalizability of the
results. This may reduce the external validity, and future research should consider larger,
more diverse samples to ensure that findings are applicable across broader populations.
Additionally, because the participants in this study were trained, it is important to investi-
gate whether the relationships between neural effort, exercise regulation, and performance
observed here remain consistent in less-trained cohorts. These individuals may not be as
accustomed to the sensations of self-pacing, exhaustion, and fatigue, making it crucial for
future research to examine how self-paced exercise protocols perform across a wider range
of fitness levels.

Second, the lack of randomization in the order of the two exercise tests introduces the
potential for a learning or familiarization effect. However, this design was necessary, as the
SPV test required the RPE values from the IET to determine appropriate intensity levels.
Future studies could explore alternative methods to address this limitation.

Third, the protocol requiring participants to cease pedaling and to alternate between
eyes open and eyes closed phases for 80 s between each step may have influenced both
physiological and neural responses. Although this design was intended for a separate
research focus, it could have impacted the results. Minimizing such interruptions in future
studies could provide more continuous and reliable data.

Moreover, while the study focused on EEG measures, incorporating additional neu-
roimaging techniques, such as fMRI or near-infrared spectroscopy, could offer a more
comprehensive understanding of the neural mechanisms involved in exercise regulation.
Future studies should also consider longitudinal designs to examine how neural and
physiological responses evolve over time with training adaptations.

5. Conclusions

This study provides important insights into neural and physiological responses to
self-paced versus externally controlled exercise protocols. We found that during the SPV
test, the beta PSD initially increased but then stabilized, as participants managed their
effort effectively. This aligns with the Central Governor Model, which suggests that
the brain modulates effort to prevent overexertion. In contrast, the IET test showed a
continuous increase in beta activity, indicating greater neural strain and a potentially
earlier onset of fatigue. These findings highlight the potential benefits of incorporating
self-paced exercise into training programs, especially for improving exercise adherence
and optimizing performance.

Additionally, the consistent cardiovascular parameters across both protocols reinforce
the reliability of the RPE scale in guiding exercise intensity. The higher cadence observed
during self-paced exercise suggests that participants intuitively adopt strategies to optimize
energy efficiency and delay fatigue, supporting the utility of self-paced exercise in various
settings. The observed stability and slight increases in the EEG/

.
VO2 ratio also suggest that

this metric could serve as a valuable marker for monitoring neural engagement and fatigue
during exercise, potentially informing more personalized training protocols.

Future research should consider larger, more diverse samples and longitudinal designs
to further explore the impact of self-paced exercise across different populations and over
extended periods. Additionally, minimizing interruptions during exercise testing and
integrating additional neuroimaging techniques could provide a more comprehensive
understanding of the brain’s role in exercise regulation.
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Featured Application: This research highlights the application of precision medicine in

treating epileptic and developmental encephalopathies (EDEs) through early genetic

diagnostics and tailored therapies. By enabling gene-specific treatments, this approach

offers the potential to improve outcomes and prevent neurodevelopmental impairments

in affected patients.

Abstract: Epileptic and developmental encephalopathies (EDEs) are a group of severe,
genetically various neurological conditions characterized by early-onset seizures and
developmental impairments. Recent advances in molecular genetics and diagnostic tools
have led to the development of precision therapies, aiming to address the deep causes of
these disorders. Examples, such as pyridoxine for pyridoxine-dependent epilepsy and the
ketogenic diet for GLUT1 deficiency syndrome illustrate the potential of presumed tailored
treatments. However, challenges persist, as current therapies often fail to fully mitigate
neurodevelopmental impairments. Moreover, traditional phenotype-based management
strategies, while effective for seizure control, do not address the root causes of these
disorders, underscoring the limitations of existing approaches. This article explores the
evolving landscape of precision medicine in EDEs, emphasizing the importance of genetic
insights in therapy design and the need for a multidisciplinary approach. It also highlights
the barriers to widespread implementation, including diagnostic delays, accessibility, and
a lack of robust clinical evidence. To fully realize the potential of precision therapies,
comprehensive genetic integration, innovation in treatment, and global collaboration are
essential. The future of EDE management lies in therapies that not only control symptoms
but also correct genetic and molecular defects, offering a more effective, individualized
approach to care.

Keywords: epilepsy; encephalopathies; precision; therapy

1. Introduction

Epileptic and developmental encephalopathies (EDEs) are severe neurological dis-
orders marked by early-onset seizures, developmental delays, and cognitive and motor
impairments [1]. These disorders, predominantly manifesting in infancy or early childhood,
involve multisystemic complications including psychiatric, behavioral, sleep, gastrointesti-
nal, musculoskeletal, and movement disorders [2]. Despite phenotypic similarities, EDEs
are genetically heterogeneous, encompassing syndromes such as Early Myoclonic En-
cephalopathy, Ohtahara Syndrome, West Syndrome, and Dravet Syndrome [3]. Recent
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advancements in molecular genetics, neurodiagnostic technologies including functional
study such as molecular dynamics and patch clamps have refined our understanding of
these disorders.

Precision therapies have emerged as targeted approaches to address the root causes
of specific EDEs, marking a pivotal shift from conventional treatments. For example,
pyridoxine (Vitamin B6) is an effective treatment for pyridoxine-dependent epilepsy, a
rare autosomal recessive disorder caused by mutations in the ALDH7A1 gene. Early
administration of pyridoxine not only prevents seizures but also mitigates long-term neu-
rodevelopmental damage [4]. Similarly, the ketogenic diet, a high-fat, low-carbohydrate
dietary regimen, serves as a precision therapy for GLUT1 Deficiency Syndrome (GLUT1-
DS) by providing ketones as an alternative energy source for the brain [5]. This diet has
demonstrated remarkable efficacy in reducing seizure frequency and improving cogni-
tive function, offering a tailored solution that directly targets the metabolic dysfunction
underlying the condition.

However, it is important to note that not all therapies classified as “precision” share
the same degree of specificity or mechanistic insight [6]. While the ketogenic diet di-
rectly addresses the metabolic needs of GLUT1-DS patients by bypassing the impaired
glucose transport system, it remains a broader intervention compared to gene-specific
therapies, such as antisense oligonucleotides or CRISPR-based approaches targeting spe-
cific mutations [7]. Similarly, pyridoxine therapy, while life-changing for individuals with
pyridoxine-dependent epilepsy, relies on metabolic supplementation rather than directly
correcting the genetic mutation itself [8]. These examples illustrate that precision therapies
can vary significantly in their level of refinement, ranging from metabolic interventions to
advanced gene editing technologies.

The aim of this perspective articles lies in its comprehensive exploration of the current
state of precision therapy for EDEs, bridging the gap between emerging research and
clinical application. By highlighting the potential and challenges of precision medicine, this
work serves as a valuable resource for clinicians, researchers, and policymakers aiming to
improve outcomes for individuals with these complex disorders. Moreover, it underscores
the need for multidisciplinary collaboration and innovation to expand the scope of precision
therapies, ensuring that advances in molecular and genetic science translate into tangible
benefits for patients. This article not only emphasizes the transformative potential of
precision medicine but also advocates for its integration into routine clinical practice,
paving the way for a more tailored and effective approach to managing EDEs.

2. Advances in Diagnostic Approaches

The diagnostic landscape of EDEs has transformed with tools such as next-generation
sequencing (NGS), whole-exome sequencing (WES), and whole-genome sequencing (WGS).
These technologies have identified over 900 monogenic causes of EDEs, including mutations
in SCN1A, KCNQ2, and CDKL5 [9]. Complementary functional assays and neuroimaging
techniques, such as MRI spectroscopy and functional connectivity analyses, enable detailed
correlations between genetic and brain abnormalities [10]. Integration of biomarkers, such
as CSF neurofilament light chain levels and EEG patterns, further enhances diagnostic
precision [10].

Advanced functional methods have further revolutionized the understanding of
genetic mutations in EDEs. For instance, the patch-clamp technique is a powerful electro-
physiological method that allows for the analysis of ion channel mutations by assessing
their functional properties. This method has been particularly impactful in characterizing
gain-of-function or loss-of-function mutations in genes such as SCN1A and SCN2A, which
encode sodium channels critical for neuronal excitability [11]. By elucidating the precise
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effects of mutations on channel behavior, patch-clamp studies provide essential data for
tailoring specific therapeutic strategies.

Additionally, molecular dynamics simulations have emerged as a crucial tool for in-
vestigating the interaction between mutated proteins and potential therapeutic compounds.
This computational approach models the structural and dynamic behavior of proteins at an
atomic level, enabling researchers to predict how specific drugs bind to and modulate the
activity of mutated targets. For example, in GNAO encephalopathy, a rare condition caused
by pathogenic variants in the GNAO1 gene, molecular dynamics has been employed to
analyze how mutations in the Gαo protein affect its interaction with guanosine triphos-
phate (GTP) and downstream signaling pathways [12]. In this article Falsaperla et al. [12]
showed that the molecular dynamics approach was pivotal in identifying tetrabenazine
as a candidate drug capable of modulating the dysfunctional Gαo protein and mitigating
movement disorders and seizures associated with the condition. This discovery highlights
the potential of combining computational insights with clinical pharmacology to develop
targeted treatments for rare genetic disorders.

Despite these advancements, conventional antiepileptic drug (AED) treatments re-
main seizure-focused and disregard specific genetic pathophysiologies. This limitation
often leads to delayed interventions, continued developmental regression, and suboptimal
patient outcomes. The integration of functional assays, such as patch-clamp and molecular
dynamics, into diagnostic workflows holds the potential to bridge this gap, facilitating
more accurate diagnoses and personalized treatments.

3. Limitations of Phenotype-Based Therapy

Current management strategies for EDEs rely heavily on phenotype-based antiepilep-
tic drug (AED) selection. This “one-size-fits-all” approach is inadequate for genetically
diverse conditions [13]. For instance, sodium channel blockers exacerbate seizures in
SCN1A-related Dravet Syndrome but may be beneficial in SCN8A gain-of-function muta-
tions. Similarly, targeted interventions such as mTOR inhibitors for TSC1/TSC2 mutations
or antisense oligonucleotides (ASOs) for CDKL5 [14,15] deficiency illustrate the potential
of etiology-driven therapies. However, trial-and-error methodologies often delay effective
treatments, especially in conditions requiring early neurodevelopmental interventions.
While precision therapies aim to overcome these limitations, they are not without their
challenges. For example, pyridoxine (Vitamin B6) is considered a precision therapy for
pyridoxine-dependent epilepsy (PDE), a condition caused by mutations in the ALDH7A1
gene [16]. Despite the early and timely administration of pyridoxine, nearly 75% of patients
with PDE still experience intellectual disability, highlighting that metabolic supplementa-
tion alone cannot fully address the complex neurodevelopmental impairments associated
with the disorder [17]. Similarly, in GLUT1 Deficiency Syndrome (GLUT1-DS), the keto-
genic diet is a cornerstone of precision therapy, providing ketones as an alternative energy
source for the brain [18]. However, even with strict adherence to this dietary regimen,
many patients continue to experience residual neurological deficits, including learning dif-
ficulties and movement disorders [19]. These cases underscore the limitations of precision
therapies in fully mitigating the effects of underlying genetic abnormalities. This reliance
on phenotype-based therapy reflects a broader issue in epilepsy management: the lack of
widespread integration of genetic and molecular insights into routine clinical practice [20].
Phenotypic treatments, while sometimes effective in controlling seizures, fail to address the
underlying pathophysiological mechanisms of the disorder. This can lead to suboptimal
outcomes, including continued developmental regression, behavioral disturbances, and
worsening quality of life.
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Furthermore, the absence of robust biomarkers to predict therapeutic response com-
plicates the timely identification of effective treatments. In many cases, patients endure
multiple failed therapies before achieving seizure control. Ultimately, therapies based
solely on clinical and neurological signs, such as seizure frequency, remain highly limited
because they do not target the root cause of the disorder. Instead, they primarily focus
on reducing seizure frequency, leaving the underlying genetic or molecular defects unad-
dressed. Reflecting this limitation, even the terminology in epilepsy treatment is evolving.
Drugs previously referred to as antiepileptic drugs (AEDs) are increasingly being described
as anti-seizure medications (ASMs) to emphasize their primary role in seizure reduction
rather than addressing the broader epileptic pathology [21]. This shift underscores the
urgent need for treatments that correct the fundamental pathophysiological mechanisms,
enabling not only seizure control but also the prevention of long-term developmental and
cognitive impairments.

4. Precision Therapy: A Paradigm Shift

Precision therapy aims to tailor medical interventions to the unique genetic and
molecular characteristics of epileptic and developmental encephalopathies (EDEs) [22]. This
strategy offers a transformative approach, moving beyond conventional seizure control to
directly address the underlying causes of these disorders. The implementation of precision
therapy leverages a variety of innovative mechanisms and approaches, including:

1. Gene-Specific Targeting: Approaches such as sodium channel modulators for SCN2A
mutations, antisense oligonucleotides (ASOs) for Angelman Syndrome, and CRISPR-
based gene editing for mutation correction exemplify how genetic insights can directly
inform therapeutic strategies [23].

2. Pathway-Specific Interventions: Examples include mTOR inhibitors for tuberous
sclerosis complex (TSC) [24], AMPA receptor modulators for GRIN2A-related en-
cephalopathies [25]. These interventions target disrupted molecular pathways to
restore cellular function. Additionally, pyridoxine (Vitamin B6) is a cornerstone
therapy for pyridoxine-dependent epilepsy (PDE), effectively reducing seizures by
addressing the metabolic defect caused by ALDH7A1 mutations. Similarly, the keto-
genic diet, a high-fat, low-carbohydrate regimen, is a precision therapy for GLUT1
Deficiency Syndrome (GLUT1-DS), providing an alternative energy source (ketones)
for the brain and mitigating seizures caused by impaired glucose transport.

3. Early Diagnosis and Intervention: Early identification of genetic mutations through
newborn screening programs facilitates the timely initiation of treatments during
critical neurodevelopmental periods, potentially mitigating irreversible damage. For
instance, recognizing ALDH7A1 mutations in PDE [26] or SLC2A1 mutations in
GLUT1-DS allows for the immediate application of therapies like pyridoxine or the
ketogenic diet, which are most effective when initiated early.

4. Biomarker-Driven Outcomes: Biomarkers, such as CSF neurofilament light chain
levels and EEG patterns, enable real-time monitoring of disease progression and
treatment efficacy, providing valuable feedback for optimizing interventions [27].

5. Multidisciplinary Care: Precision therapy necessitates collaboration among geneti-
cists, neurologists, metabolic specialists, and dieticians to develop and implement
comprehensive care plans that address both the genetic and metabolic needs of pa-
tients [28].

Although these advancements represent a paradigm shift, significant challenges re-
main in implementing precision therapy on a broader scale. The cost of gene-specific
treatments, limited availability of advanced diagnostic tools, and the need for robust clini-
cal evidence to validate emerging therapies hinder their widespread adoption. Moreover,
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even precision therapies like pyridoxine for PDE or the ketogenic diet for GLUT1-DS, while
impactful, do not fully mitigate the neurological and developmental challenges posed by
these conditions, highlighting the need for ongoing innovation and refinement.

5. Barriers to Implementation

Despite the transformative potential of precision therapy to revolutionize the treat-
ment landscape for epileptic and developmental encephalopathies (EDEs), several critical
barriers impede its widespread implementation. Addressing these obstacles is essential
to unlock the full promise of precision medicine and ensure equitable access to these
life-changing interventions:

1. Diagnostic Delays: In pediatric patients, the lack of access to advanced genetic testing
can prolong the diagnostic odyssey, delaying effective interventions during critical
neurodevelopmental periods. For example, in a child presenting with early-onset
seizures, timely identification of a pathogenic SCN1A mutation could prevent in-
appropriate treatment with sodium channel blockers, which may exacerbate symp-
toms. Similarly, delays in identifying ALDH7A1 mutations in Pyridoxine-Dependent
Epilepsy (PDE) or SLC2A1 mutations in GLUT1-Deficiency Syndrome (GLUT1-DS)
can postpone the initiation of targeted therapies such as pyridoxine supplementation
or the ketogenic diet, respectively. These delays not only exacerbate seizure activity
but also contribute to long-term neurodevelopmental impairments [29].

2. Therapeutic Accessibility: The financial burden and regulatory complexities surround-
ing novel therapies pose significant barriers. For instance, treatments like antisense
oligonucleotides (ASOs) for CDKL5 deficiency or gene-specific therapies for rare
epilepsies often remain prohibitively expensive, limiting availability to families with
sufficient financial resources [30]. Even less costly interventions, such as the ketogenic
diet for GLUT1-DS, can be challenging to implement due to the need for specialized
dietary planning and ongoing monitoring. Similarly, while pyridoxine therapy for
PDE is more accessible, its effectiveness is limited by the availability of specialists
who can diagnose and monitor these patients effectively. The complexity of personal-
ized treatments often requires advanced technologies, extensive testing, and ongoing
monitoring, all of which contribute to elevated costs. Additionally, regulatory hurdles
can slow the introduction innovative therapies to clinical practice. To address these
challenges, healthcare systems could explore innovative solutions such as public–
private partnerships to share costs, adopt more flexible regulatory pathways for faster
approval, and implement reimbursement models that prioritize value over volume.
International collaboration between researchers, rulers, and the private sector will be
essential to overcoming these barriers and making precision therapies more accessible.

3. Clinical Evidence: The scarcity of randomized controlled trials (RCTs) for rare genetic
epilepsies limits evidence-based treatment options [31]. Diseases like West Syndrome,
Dravet Syndrome, PDE, and GLUT1-DS often rely on small-scale studies or case
reports, which hinder the development of standardized therapeutic guidelines. For
instance, while the ketogenic diet is widely recognized as a cornerstone therapy for
GLUT1-DS, its long-term impact on cognitive outcomes and quality of life remains
incompletely understood. Similarly, although pyridoxine supplementation for PDE
is effective in reducing seizures, its role in preventing neurodevelopmental delay
requires further investigation.

4. Healthcare Education: Knowledge gaps in genomic medicine impede clinical integra-
tion. A pediatrician encountering a child with developmental delays and refractory
seizures may lack sufficient training to interpret genetic testing results or recognize
gene-specific treatment opportunities [32]. For example, clinicians unfamiliar with
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the metabolic basis of GLUT1-DS might not consider the ketogenic diet as a thera-
peutic option, or they might fail to promptly initiate pyridoxine therapy in suspected
PDE cases. Comprehensive training programs in genomic medicine, integrated into
pediatric neurology curricula, are essential to bridge these gaps. These programs
should include case-based learning and real-world applications to equip clinicians
with the tools to personalize care effectively. The following table, Table 1, provides a
concise summary of key aspects discussed in this paper, highlighting the tools, inter-
ventions, and strategies integral to advancing precision therapy in pediatric epileptic
and developmental encephalopathies (EDEs).

Table 1. Precision Therapy for EDEs.

Category Examples Impact

Diagnostic Tools NGS, WES, WGS, MRI spectroscopy Enhanced identification of genetic
mutations and structural abnormalities

Gene-Specific Targeting Sodium channel modulators (SCN2A),
ASOs (Angelman), CRISPR Addressing underlying genetic causes

Pathway-Specific Interventions
mTOR inhibitors (TSC), AMPA
modulators (GRIN2A), neuroprotective
agents (POLG)

Improved seizure control and
neuroprotection

Metabolic Interventions Pyridoxine (Vitamin B6) for PDE,
Ketogenic diet for GLUT1-DS

Reducing seizures and addressing
metabolic dysfunctions

Biomarkers CSF neurofilament light chain,
EEG patterns

Real-time monitoring of disease
progression and treatment efficacy

Therapeutic Challenges Limited access, high costs, lack of RCTs Hinder widespread adoption and
equitable implementation

Future Strategies Genetic testing standardization, global
collaboration, education

Accelerating transition to
precision medicine

NGS: next-generation sequencing; WES: whole-exome sequencing; WGS: whole-genome sequencing; MRI:
Magnetic Resonance Imaging; SCN2A: sodium voltage-gated channel alpha subunit 2; ASOs: antisense oligonu-
cleotides; CRISPR: clustered regularly interspaced short palindromic repeats; mTOR: mechanistic target of
rapamycin; TSC: tuberous sclerosis complex; AMPA: α-Ammino-3-idrossi-5-Metil-4-isossazol-Propionic Acid;
GRIN2A: glutamate ionotropic receptor NMDA type subunit 2A; POLG: DNA polymerase gamma; PDE:
Pyridoxine-Dependent Epilepsy; GLUT1-DS: Glucose transporter type 1 deficiency syndrome; CSF: Cerebrospinal
fluid; EEG: electroencephalogram; RCTs: Randomised controlled trials.

6. The Path Forward

To fully harness the transformative potential of precision therapy, a multifaceted
approach is necessary. Addressing current barriers requires a comprehensive framework
that integrates genetic insights into clinical workflows, drives innovation in treatment
modalities, and fosters collaboration across global networks. These strategies must be
complemented by robust educational initiatives and patient-centered approaches to ensure
meaningful and equitable implementation. The key elements include:

1. Integration of Genetic Testing: Establishing genetic testing as a diagnostic standard is
particularly critical in pediatric care. For example, identifying a pathogenic KCNQ2
mutation in an infant presenting with neonatal seizures can facilitate targeted treat-
ment strategies, such as the use of sodium channel modulators, significantly improv-
ing developmental outcomes and reducing seizure burden [33]. Early genetic insights
also help avoid ineffective or harmful therapies, enabling a precision-guided approach
from the outset of care.

2. Studies on the impact of commonly used anti-epileptic drugs on gene expression:
There are a few studies in the Literature on the impact of commonly used anti-epileptic
drugs on the expression of genes linked to epiepileptogenesis. For example, in
human embryonic stem cell based targeted to neural differentiation, valproic acid and
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carbamazepine exposure during differentiation determinate concentration-dependent
reduced expression of βIII-tubulin, Neurogin1 and Reelin. Valproate caused an
increased gene expression of Map2 and Mapt which is possibly related to the neural
protective effect [34]. Of interest, Levetiracetam, one of the most widely used and
safest anti-epileptic drugs, seems modular, in mice model, epileptogenesis by acting
on the adenosine pathway with an increasing gene expression of A1Rs and Kir3.2 in
the brain and a reduction in the gene expression of ENT1 central nervous system [35].
Over the past two decades, drug repositioning strategies have become increasingly
significant due to their lower failure rates and reduced economic costs. Drugs with
comparable side effect profiles may act through a shared mechanism, allowing them
to be applied to the treatment of other diseases [36]. This knowledge is particularly
important for countries with limited resources where ‘old’ drugs can be used for ‘new’
therapeutic targets, representing a variety of precision medicine.

3. Therapeutic Innovation: Expanding pipelines for gene-specific therapies is particu-
larly impactful in pediatric care. For example, in the context of epileptic disorders,
therapies targeting SCN1A mutations in Dravet Syndrome have shown transformative
potential [37]. Precision treatments such as fenfluramine have demonstrated efficacy
in significantly reducing seizure frequency and improving quality of life in affected
children [38]. These innovations underscore the critical role of tailoring interventions
to the genetic basis of pediatric epileptic conditions, fostering both better seizure
management and enhanced developmental outcomes.

4. Global Collaboration: Enhancing data sharing and standardizing guidelines is vital
in addressing rare pediatric epileptic disorders. For example, global initiatives like
the International League Against Epilepsy’s (ILAE) collaborative networks enable
clinicians and researchers worldwide to pool genetic data, share clinical insights,
and standardize treatment protocols [39]. This collective approach ensures that even
children in resource-limited settings can benefit from the latest advancements in
precision therapies, improving diagnostic and therapeutic outcomes across diverse
healthcare systems.

5. Education and Advocacy: Empowering healthcare providers and patients through
education is critical for the effective implementation of precision medicine [40]. For
instance, in pediatric epilepsy, equipping clinicians with genomic knowledge allows
them to recognize actionable mutations such as SCN1A in Dravet Syndrome, enabling
timely and appropriate treatment adjustments. Additionally, educating families about
genetic findings fosters informed decision-making and engagement in innovative
therapies, ensuring the child receives optimal care.

6. Patient and Family Empowerment: Involving families in therapeutic decision-making
and research is particularly impactful in pediatric epilepsy [41]. For instance, ed-
ucating parents about the potential benefits of genetic testing can lead to earlier
identification of mutations such as SCN1A, allowing them to advocate for targeted
therapies like fenfluramine for Dravet Syndrome. Additionally, involving families in
clinical trials fosters a deeper understanding of available treatments and enhances
engagement in the child’s care plan, ultimately improving outcomes and quality
of life.

7. Strategies to increase affordability and improve equitable access: To increase the
affordability and improve equitable access to precision medicine and therapy, global
collaborations could play a pivotal role. By fostering partnerships between govern-
ments, healthcare providers, pharmaceutical companies, and research institutions,
the cost burden of developing and implementing precision therapies can be shared.
Such collaborations could enable pooled resources for research and development,
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making therapies more affordable and widely accessible, particularly in low- and
middle-income countries. Through shared knowledge, economies of scale, and har-
monized policies, these global efforts could address disparities in access, ensuring
that the benefits of precision medicine reach diverse populations around the world.

7. Conclusions

Precision medicine heralds a transformative era in managing pediatric epileptic and
developmental encephalopathies (EDEs) by transcending phenotype-based approaches
and addressing the root causes of these disorders. By integrating genetic and molecular
insights into diagnostic and therapeutic workflows, precision therapies have the potential to
significantly improve clinical outcomes and quality of life for affected individuals. Despite
its promise, the path to widespread implementation of precision therapy remains fraught
with challenges. Diagnostic delays, therapeutic accessibility, limited clinical evidence, and
knowledge gaps in genomic medicine continue to hinder progress. Furthermore, even
established precision therapies, such as pyridoxine (Vitamin B6) for Pyridoxine-Dependent
Epilepsy (PDE) and the ketogenic diet for GLUT1-Deficiency Syndrome (GLUT1-DS),
highlight the limitations of current approaches [42], as they fail to completely mitigate the
neurodevelopmental and neurological consequences of these conditions. Addressing these
challenges requires a comprehensive, collaborative approach that includes standardizing
genetic testing, expanding therapeutic innovation, fostering global collaboration, and
equipping healthcare providers with genomic expertise. Equally important is the need
to involve patients and families in every step of the diagnostic and therapeutic journey,
empowering them to make informed decisions and participate actively in research and
care. As the field of precision medicine continues to evolve, the focus must shift toward
developing therapies that not only control symptoms, such as seizures, but also correct
the underlying genetic or molecular defects. Achieving this vision will necessitate robust
investment in research, policy reform, and international cooperation to ensure equitable
access to these life-changing interventions. By embracing this paradigm shift, precision
medicine can unlock new opportunities for individualized care, paving the way for a future
where no patient is left behind.
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