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Abstract

Parkinson’s Disease (PD) is a neurological disorder characterized by impaired postural control (PC) and balance issues.
To date, few studies have explored the relationship between brain activity and responses during specific tasks designed
to challenge balance in individuals with PD. Our exploratory research employs an innovative paradigm to assess PC by
integrating virtual reality (VR) and electroencephalography (EEG). In the study, 20 individuals diagnosed with PD who
self-reported postural instability participated in the BioVRSea paradigm. This paradigm tested their PC using visuomotor
stimuli and collected EEG signals to assess brain responses throughout the experiment. The results of the Parkinson’s
group were compared with those of 22 age-matched healthy controls (CTR). From the functional connectivity between
brain regions, we extracted brain network states (BNSs) using the k-means++ clustering algorithm. These BNSs capture
the dynamic organization of brain activity and were compared with canonical resting-state networks (RSNs) to investigate
neural alterations in individuals with PD. Six distinct BNSs were identified, with the dorsal attention network (DAN)
dominant in five states. A significant reduction in the coverage of BNS2 was observed in PD patients during both the PRE
(adjusted p-value = 0.019) and MOV (adjusted p-value = 0.036) phases compared to CTR. This reduced BNS2 coverage
suggests impaired visuomotor integration in PD patients during PC tasks. DAN dominance highlights its crucial role in
maintaining attentional control during the task. The findings of this study highlight the potential of using brain dynamics
as a biomarker of neural dysfunction in PD, especially during specific PC tasks. Altered BNSs, particularly in networks
associated with attention and sensorimotor integration, reveal key neural deficits related to PD.
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Abbreviations

ALFF Amplitude of Low-Frequency Fluctuations
ASR Artifact Subspace Reconstruction
AUD Auditory Network

BL Baseline Phase

BNS Brain Network State

CTR Healthy Controls

DAN Dorsal Attention Network

DMN Default Mode Network

EEG Electroencephalogram

EMG Electromyogram

GEV Global Explained Variance

GFP Global Field Power

GMD Global Map Dissimilarity

ICA Independent Component Analysis
LMM Linear Mixed Model

MOT Motor Network

MOV Movement Stimulus Phase

MS Motion Sickness

NEURO Neurological/Muscle Strain Index
PC Postural Control

PD Parkinson’s Disease

PDnonVH  PD Patients without Visual Hallucinations
PHY Physiological/Vegetative Index
PLV Phase-Locking Value

POST Post-Motor Stimulus Phase

PRE Pre-Motor Stimulus Phase

ROI Region Of Interest

RSN Resting-State Network

SAN Salience Network

TP Transition Probabilities

Vi Primary Visual Cortex

VIS Visual Network

VR Virtual Reality

wMNE weighted Minimum Norm Estimate
Introduction

Parkinson’s disease (PD) is a widespread neurodegenera-
tive condition characterized by tremors, stiffness, slowed
movements, and balance problems (Tolosa et al. 2006).
In addition to these motor symptoms, individuals with PD
often experience non-motor symptoms such as cognitive
decline, mood disorders, difficulty with speech, and swal-
lowing. Symptoms usually progress slowly, affecting the
ability to perform daily activities and significantly affecting
the quality of life. As the brain struggles to respond accu-
rately to external stimuli, motor tasks in people affected by
PD become increasingly challenging, leading to a greater
impact of neurodegeneration (Shumway-Cook and Wool-
lacott 2007; Woollacott and Shumway-Cook 2002). The
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diagnosis of PD is a significant clinical challenge due to
the overlap of motor and non-motor symptoms with other
pronounced neurological deficits (Kilzheimer et al. 2019).
Early signs can often be mistaken for typical age-related
changes, complicating the diagnostic process. Since there
are no definitive biomarkers for PD, the diagnosis is pri-
marily based on clinical evaluations along with a range of
diagnostic tools. These include gait analysis to assess motor
function, brain imaging techniques like MRI or PET scans
to detect structural or functional changes in the brain, and
electroencephalography (EEG) to monitor electrical activ-
ity. These approaches are essential in helping clinicians dis-
tinguish PD from other conditions with similar symptoms,
although an accurate diagnosis can still be challenging.
Studies on quantitative gait analysis have demonstrated that
measures such as stride length, gait speed, and variability
in step timing can effectively differentiate PD from other
movement disorders, as shown by (Hausdorff 2009). The
technique is especially valuable for monitoring the progres-
sion of PD and evaluating the effectiveness of treatments,
such as levodopa (Del Din et al. 2016). On the other hand,
brain imaging techniques offer critical insight into structural
and functional anomalies associated with PD. Magnetic
resonance imaging (MRI) is primarily used to exclude other
neurological conditions and can also highlight subtle altera-
tions in structures such as the substantia nigra (Morris et al.
2005). However, it is limited in its ability to detect early
neurodegenerative changes associated with PD. Functional
imaging techniques, such as Positron Emission Tomography
(PET) and Single Photon Emission Computed Tomography
(SPECT), provide more specific information by visualizing
the dopaminergic deficits common in PD (Brooks 2010;
Benamer et al. 2000). Emerging techniques, such as near-
infrared spectroscopy (NIR), are also gaining attention due
to their potential to assess cortical hemodynamics and oxy-
genation patterns in PD. NIR offers a non-invasive means
of examining brain function, with recent studies suggesting
it could be a useful adjunct to other imaging modalities in
diagnosing PD (Schwarz et al. 2014).

EEG has emerged as a complementary diagnostic tool for
PD, showing great potential due to its unique advantages
in terms of temporal resolution (Mulert 2013; Hassan and
Wendling 2018; Sakkalis 2011). Compared to more expen-
sive imaging methods like PET or MRI, EEG is not only
cost-effective but also portable, making it suitable for use in
various clinical environments. Additionally, it is non-inva-
sive, requiring no exposure to radiation or contrast agents.
EEG records brain activity with millisecond precision,
enabling the monitoring of fast neural dynamics linked to
motor control and cognition. This real-time insight is partic-
ularly valuable in PD, where the progressive degeneration of
dopaminergic neurons disrupts brain-body communication.
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EEG can detect these disruptions as they occur, poten-
tially revealing alterations in neural activity patterns before
symptoms like tremors or bradykinesia emerge. The ability
to detect early neural changes underscores the potential of
EEG in identifying preclinical or early-stage markers of PD,
as shown in recent studies (Molcho et al. 2023; Aljalal et al.
2022; Zhang et al. 2022). Moreover, its ability to examine
changes in brain connectivity and resting-state networks,
often disrupted in PD, provides an added layer of diagnostic
capability.

Furthermore, EEG is increasingly being recognized for
its role in assessing PC in neurological disorders (Priplata
et al. 2003; Niedermeyer and da Silva 2005). PC refers to
the complex integration of sensory inputs, motor responses,
and neural processes that help maintain balance and sta-
bility (Mancini and Horak 2010; Winter 1995). In PD, the
progressive degeneration of dopaminergic neurons disrupts
these mechanisms, leading to postural instability, which sig-
nificantly increases the risk of falls and injuries (Kelly et al.
2015; Xu et al. 2014). Studies have shown that PD patients
demonstrate irregular brainwave patterns during PC tasks.
Recent research has linked alpha band activity in EEG to
various aspects of PC, including balance maintenance and
postural adjustments (Ma et al. 2022; Lanthier et al. 2020;
Woo and Lee 2019). For instance, increases in alpha power
are associated with improved postural stability (Balasubra-
maniam and Wing 2002; Doblhoff and Friedl 2018), while
decreases indicate greater attention demands or instability
(Del Percio et al. 2007?). Alpha coherence between brain
areas has been shown to play a role in sensory processing
and motor planning, both of which are important for main-
taining balance (Hiilsdiinker et al. 2015; Dos and Santos
2013). The integration of sensory information becomes par-
ticularly challenging in PD, where patients exhibit a reduced
capacity to combine input from the body and environment.
EEG analyses reveal disrupted connectivity and decreased
synchronization among brain regions involved in sensory
integration and motor planning, such as the sensorimotor
cortex and parietal areas (Aratjo-Silva et al. 2022). In line
with the alterations reported in alpha power and coherence
during PC tasks, these dysfunctions include reduced alpha-
band coherence between cortical regions, impaired sensory
reweighting mechanisms, and decreased functional connec-
tivity within sensorimotor and parietal networks. Together,
these alterations disrupt the integration of sensory inputs
and motor planning processes, significantly contributing to
the postural instability characteristic of PD.

Most EEG investigations in PD focus on resting-state
and static tasks, leaving a gap in understanding brain activ-
ity during dynamic tasks requiring continuous postural
adjustments. Our study introduces a new paradigm called
BioVRSea, a system designed to stimulate PC responses

using a virtual reality (VR) environment and a moving plat-
form. Previous studies have demonstrated the effectiveness
of BioVRSea as a tool for evaluating PC (Stehle et al. 2022;
Aubonnet et al. 2022). Moreover, this setup has proven to be
a promising tool for developing predictive models for vari-
ous conditions (Recenti et al. 2022, 2023), including indi-
viduals who have experienced concussions or suffer from
motion sickness (Jacob et al. 2022b). A recent study using
the BioVRSea paradigm has revealed significant differences
in theta and alpha power spectra bands between early-stage
PD patients and healthy controls, highlighting its potential
to offer deeper insights into the neural mechanisms behind
postural instability in PD (Jacob et al. 2023).

The BioVRSea paradigm differs from conventional PC
assessment tools in that it combines VR—induced sensory
conflicts with EEG recordings, allowing for the detection
of neurophysiological alterations that may not yet manifest
as overt motor impairments. Unlike standard laboratory
tasks, BioVRSea also offers high ecological validity, as its
multisensory VR environment actively engages visual, ves-
tibular, and proprioceptive senses, more closely mimicking
the complex and dynamic balance demands encountered in
real-life situations. Traditional dynamic PC assessments-
such as gait analysis or force-platform—based balance tests-
primarily quantify behavioral or kinematic changes (e.g.,
stride length, sway amplitude), which are sensitive to later
stages of motor dysfunction but less specific to early neural
alterations. By contrast, BioVRSea allows for simultaneous
monitoring of brain and postural responses during dynamic
balance challenges, offering a more sensitive and integra-
tive assessment of PC. Moreover, it provides a more specific
evaluation of PD-related postural deficits, capturing subtle
neural and motor adaptations, and the combination of visual
onset and motor stimulation makes the paradigm uniquely
suited to detect early PD alterations.

The evaluation of PC response using a dynamic approach
on EEG, such as the identification of brain network states
(BNSs), has recently demonstrated significant potential
(Aubonnet et al. 2023). In recent years, advanced EEG
techniques have been developed to analyze functional con-
nectivity by reconstructing brain sources from scalp signals
and identifying brain networks. The BNSs refer to specific
patterns of connectivity in the brain that change to adapt
to various demands and environments (Petersen and Sporns
2015; Cohen 2015). In PC, maintaining balance and stabil-
ity requires the integration of sensory information, motor
planning, and cognitive processes, all of which are influ-
enced by the activity of distinct brain networks. Altered
BNSs in PD have been identified through fMRI and EEG,
showing disrupted connectivity in critical networks related
to motor control, attention, and sensorimotor integration
(Tessitore et al. 2014). These alterations affect regions like
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the supplementary motor area and primary motor cortex
during both rest and motor tasks. Additionally, the altered
BNS configurations in PD impact cortical-striatal circuits
involved in motor planning. These results reflect how the
neurodegenerative disease affects the dynamic reconfigu-
rations of the brain and present potential biomarkers for
diagnosis and tracking progression. Established networks,
including the default mode network, the auditory network,
the salience network, the executive control network, and the
sensorimotor cortex, have been linked to specific cognitive
tasks and postural adjustments (Lv et al. 2018; Shirer et al.
2012). These networks are crucial for balance-related pro-
cesses, highlighting their significance in maintaining stabil-
ity and coordinating motor function (Raichle 2015; Fox and
Raichle 2007). Furthermore, disruptions in BNS can lead
to impaired PC, which is particularly evident in individuals
with neurodegenerative conditions such as PD. By study-
ing BNSs in relation to PC, research can identify potential
biomarkers for diagnosing balance disorders and tracking
disease progression.

The study introduces several innovations for the evalu-
ation of early-stage PD, in particular during a complex PC
task. A key advancement is the use of dynamic EEG analy-
sis to identify brain networks in PD. These BNSs provide
a deeper understanding of the functional organization of
the brain during our experiment, offering insights into how
the brain adapts to different tasks and conditions. While
there is no universally defined optimal method for process-
ing EEG data to identify brain networks, we employed the
most advanced methodologies, which have shown the best
performance in previous studies (Hassan et al. 2014). This
approach allows for a more precise analysis of brain con-
nectivity, enhancing our understanding of PD progression
and treatment responses.

With BioVRSea, we computed functional brain con-
nectivity activity during dynamic balance challenges, iden-
tifying the BNSs associated with attention, visuomotor
integration, and sensory processing. Our study demonstrated
that PD patients exhibit deficits in dorsal attention and sen-
sorimotor networks. These neural markers were observed in
early-stage PD participants without overt motor symptoms,
indicating high sensitivity of the BioVRSea paradigm in
detecting subtle, disease-related neural dysfunctions.

Table 1 Age and gender distribution in PD and CTR groups. No signif-
icant differences were found (t-test for age, chi-squared test for gender)

PD (n=20) CTR (n=22) p-value
Age 0.182
Mean + SD 65.4+4.50 62.8+4.27
Min-Max 54-82 55-72
Gender (%) 0.817
Female 8 (40%) 12 (54.5%)
Male 12 (60%) 10 (45.5%)
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The nature of this work is exploratory, as we focus on
investigating a specific frequency range, the alpha band. No
previous study has focused on PD during a specific visuo-
motor task while investigating brain dynamics. By analyz-
ing BNSs during the BioVRSea paradigm, a task that is both
cognitively and motorically demanding, we aim to identify
neurophysiological markers of PD. Our findings could
contribute to early-stage diagnosis by detecting changes in
brain connectivity and motor control mechanisms associ-
ated with PD.

Materials and Methods
Participants

Participants were recruited between 18/01/2022 and
03/10/2023. Informed consent was obtained from all par-
ticipants before their inclusion in the study. The Icelandic
National Bioethics Committee approved the study protocol
with the consent VSN-20-101 for the healthy cohort and
extended it to include the Parkinson’s cohort under amend-
ment VSN-20—-101-V2. The study involved 42 participants:
20 PD patients (5482 years old, mean age=65.35) and 22
age-matched healthy control (CTR) individuals (55-72
years old, mean age=62.78). Table 1 demonstrates that nei-
ther the t-test for age nor the chi-squared test for gender
revealed any significant differences, indicating homogene-
ity in the population characteristics between the two groups.
Participants in the PD group had a diagnosis of early-stage
PD, and they were under levodopa medication. All patients
were tested in their ON medication state, as confirmed by
the absence of visible motor symptoms during the experi-
mental session. The mean disease duration at the time of
testing was approximately 1-2 months, confirming that
all patients were evaluated very early after diagnosis. The
Hoehn and Yahr (H/Y) scale (Bhidayasiri et al. 2012) was
used to classify disease stage, with values ranging from
1 to 3. Following clinical evaluation, 11 patients showed
no signs of cognitive decline, while the remaining partici-
pants were classified as having mild cognitive impairment
(MCI). None were diagnosed with Parkinson’s demen-
tia. Consistent with both the medical screening performed
before participation and our direct observations during data
acquisition, none of the patients exhibited visible tremor,
dyskinesia, or other involuntary movements throughout the
BioVRSea experiment. All participants completed the full
experiment and responded to both the pre-experiment and
the post-experiment questionnaire. From these responses,
we did not register any cognitive issues or impairments.
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BioVRSea Paradigm

The multi-biometric BioVRSea setup simulates a sea envi-
ronment where the subject is positioned on a small virtual
boat synchronized with a moving platform. The innovative
system, shown in Fig. 1, integrates EEG with VR to induce
and assess PC through various visuomotor stimulations.
This environment is designed to create a sensation of imbal-
ance, prompting the participant to engage in postural strate-
gies to maintain equilibrium. The movement of the platform
introduces a dynamic balance challenge, which becomes
particularly pronounced towards the end of the experiment.
Data acquisition during the experiment is systematically
conducted by integrating various measurement systems,
including EEG, electromyography, heart rate variability,
electrodermal activity, and a force platform. These data are
integrated to compare PC between individuals. In this study,
we focused exclusively on the EEG data and did not include
the other measurements in our comparisons.

The experimental protocol is divided into four main
phases, each designed to elicit coordinated sensory, motor,
and postural responses, as depicted in Fig. 1. It begins with
the baseline phase (BL), during which the participant stands
on a platform with their arms relaxed at their sides for two
minutes after the start of the acquisition. During this phase,
the VR environment displays a mountainous landscape to
activate all sensors and prepare the system for the upcom-
ing experiment. This is followed by the pre-motor stimulus
phase (PRE), during which visual stimuli simulating ocean
waves are presented through the VR goggles. Then, the
platform begins to move, initiating the movement-stimulus
phase (MOV), during which participants are asked to grasp

Fig. 1 BioVRSea. The differ-

ent phases of the simulation are
characterized by distinct types of
stimulation: baseline phase (BL;
0-120 sec) with a mountainous
landscape and no motor stimula-
tion; pre-motor stimulus phase
(PRE; 120-160 sec) with the visual
simulation of the boat; movement-
stimulus phase (MOV; 160-280
sec) with visuomotor stimulation
and the platform moving at differ-
ent amplitudes; post-motor stimulus
phase (POST; 280-320 sec) with
only visual stimulation remaining
after the platform stops moving

a bar. The platform executes synchronized movements of
varying amplitudes, integrating motor and visual stimuli.
The experiment concludes with the post-motor stimulus
phase (POST), during which the movement of the platform
is suddenly stopped while the VR sea simulation continues.
In this phase, participants are required to maintain their bal-
ance without holding the bar again, as only visual stimuli are
presented. This phase introduces the additional challenge of
residual instability from the earlier platform movements.
The previously listed phases (PRE, MOV, and POST) each
last 40 seconds, bringing the total experiment duration to
approximately five minutes.

BioVRSea aims to measure the latency between the
pre-motor phase and the post-motor phase following the
induction of movement. This comprehensive approach
aims to understand the physiological responses elicited by
the BioVRSea simulation, providing valuable insights into
complex PC tasks under conditions of sensory conflict.

Questionnaire

Before the experiment, each participant completes a ques-
tionnaire designed to gather information about their physi-
cal condition, neural status, lifestyle, and family history.
Additionally, participants answer questions inspired by
Golding’s Motion Sickness Susceptibility Questionnaire
(MSSQ) (Golding 2006) to assess past MS symptoms.
Symptoms such as general discomfort, headache, increased
salivation, sweating, and dizziness are used to calculate the
BioVRSea Effect Index (BVSEI), which measures changes
in symptoms before and after the VR simulation. This index
classifies individuals into two groups: those who experience

Maximal amplitude
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one or more symptom changes after the simulation and
those who do not experience any changes (Recenti et al.
2021). Understanding these symptom changes is particu-
larly relevant for individuals with neurodegenerative con-
ditions, as these diseases can impact postural stability and
exacerbate symptoms during tasks requiring balance. The
Lifestyle Index is calculated based on responses regarding
BMI, physical activity, and consumption of nicotine, caf-
feine, and alcohol, all of which can influence both overall
health and the management of neurodegenerative diseases.
Further, two more indices are established: the Physiologi-
cal/Vegetative (PHY) and Neurological/Muscle Strain
(NEURO) indices (Recenti et al. 2021). Both indices are
calculated based on the difference in symptoms before and
after the experiment. The PHY index is based on responses
regarding general discomfort, increased salivation, sweat-
ing, and nausea, while the NEURO index focuses on general
discomfort, fatigue, headache, blurred vision, and dizziness.
These indices are crucial for evaluating the effects of the VR
simulation on the PC of the participants, especially for those
with neurodegenerative diseases that can impair their ability
to maintain balance and coordination.

Data acquisition

EEG data were recorded using a WaveGuard EEG cap, 64
channels (CA-201; ANT Neuro, Hengelo, Netherlands)
with a sampling frequency of 4096 Hz, following the 10-10
system for electrode placement (Table 2). The EEG cap was
connected to the ANT Neuro eego amplifier (EE-2XX; ANT
Neuro, Hengelo, Netherlands), which interfaced with a tab-
let for data acquisition. The coupling between the cap and
the amplifier is supported by the amplifier’s design, which
includes a very high input impedance (>1 G{2) and active
shielding technology, allowing reliable operation even at
higher electrode—scalp impedance levels. Electrode contact
was ensured using conductive gel, applied via a blunt needle
syringe to maintain low impedance between the scalp and
the electrodes, keeping values below 40 k2. This thresh-
old is consistent with the specifications of the ANT Neuro
eego amplifier used in the BioVRSea setup. According to
ANT Neuro’s technical documentation, high-quality EEG

Table 2 EEG cap. Electrode placement across different brain lobes for

the WaveGuard EEG cap

Lobes Electrode names

Frontal FP1, FPz, FP2, AF7, AF3, AFz, AF4, AFS,
F7, F5, F3, F1, Fz, F2, F4, F6, F8, FC3,
FC1, FCz, FC2, FC4, C3,Cl1,Cz,C2,C4

Temporal Left FT7, FC5, T7, C5, TP7, CP5

Temporal Right FCé6, FTS, C6, T8, CP6, TP8

Parietal CP3, CP1, CPz, CP2, CP4, P7, P5, P3, P1,
PZ, P2, P4, P6, P8

Occipital PO7, PO3, POz, PO4, POS, O1, Oz, O2
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signals can be maintained even when impedances are rela-
tively high (ANT Neuro 2023). In addition, the preprocess-
ing pipeline provides robust attenuation of noise related
to electrode contact variability, ensuring that data qual-
ity remains adequate for source reconstruction despite the
higher impedance range.

Data Pre-processing

Signal pre-processing was performed using the EEGLAB
Matlab toolbox to eliminate artifacts, eye blinking, and
line noise. Each signal was manually inspected to custom-
ize our pipeline. The EEG signals were down-sampled to
a frequency of 1024 Hz from the original sampling rate. A
dual-filter approach was applied, incorporating a high-pass
filter at 1 Hz and a low-pass filter at 45 Hz to enhance sig-
nal clarity and diminish noise interference. Channels with
flat signals or a correlation coefficient below 60% from
neighboring channels were excluded from further analysis
as noisy channels. The initial step in artifact removal uti-
lized the Artifact Subspace Reconstruction (ASR) method
(Kothe and Jung 2016). Then, independent component anal-
ysis (ICA) was performed using the probabilistic ICA for
reliable data (PICARD) method (Ablin et al. 2018), known
for its effectiveness in handling dynamic recordings. Non-
brain components were rejected during this step. Afterward,
the previously removed and flat channels were interpolated,
while the mastoid electrodes (M1 and M2), along with PO5
and PO6, which measure neck activity, were excluded from
the analysis. Finally, the remaining channels (excluding
EOGQG) were interpolated back to 61, and the data were re-
referenced to the average.

Data Processing: Connectivity Analysis to Dynamic
Network Computation

Several preliminary steps were required before computing
the dynamic brain networks, as described in Fig. 2. EEG
source connectivity is a valuable method for identifying
brain networks linked to specific cognitive functions, as
demonstrated by Hassan et al. (Hassan et al. 2014).

The first step was the reconstruction of brain sources
from the signals recorded on the scalp. In fact, estimating
connectivity directly from the sensor level is limited by
low spatial resolution and the effects of volume conduc-
tion. These issues can cause false correlations in connec-
tivity measurements, as signals from different electrodes
may originate from the same neural source. As a result,
connectivity at the sensor level does not accurately reflect
functional interactions between brain areas. To address this,
we used EEG source localization techniques to reconstruct
cortical activity, which involves solving the complex EEG
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Fig. 2 Workflow description. EEGs were recorded using 64 electrodes
during the BioVRSea experiment. The cortical sources were recon-
structed by solving the inverse problem using the wMNE method.
After source reconstruction, the signals were divided into 56 brain
Regions Of Interest (ROIs) derived from the Desikan—Killiany atlas,
originally composed of 68 ROIs. The reduction to 56 ROIs was per-
formed to address the spatial resolution limitations of EEG source
estimation by aggregating anatomically related regions, and to ensure
methodological consistency with the network analysis by selecting

inverse problem. The neural sources for artifact-free EEG
data were estimated using the following equation.

S=GD+ N
(1)

where S(t) represented the EEG signals recorded at M elec-
trodes, G is the lead field matrix that models how sources
contribute to the scalp potentials, D(t) denotes the unknown
brain activity at P source locations, and N (¢) accounts for
noise and modeling errors. To solve the inverse problem, we
used the Weighted Minimum Norm Estimate (wWMNE), given
by the formula:

Dyune = (GTWG + M) 'GTW S "

where G is the lead field matrix, W is a depth-weighting
matrix, \ is a regularization parameter, and .S represents the
EEG signals.

We used the ICBM MRI template with three-layer seg-
mentation (scalp, outer skull, and inner skull) from the
OpenMEEG plugin within the Brainstorm toolbox. The
Boundary Element Method (BEM) was employed to model
the head volume conductor, validated by prior research
(Edmunds et al. 2019; Kabbara et al. 2021; Barollo et al.
2022). The initial 45 seconds of the EEG were used to

ROIs according to their assignment to the seven canonical Resting-
State Networks (RSNs). Functional connectivity matrices were com-
puted between the 56 regional time series using the PLV method across
five frequency bands (Delta, Theta, Alpha, Beta, Gamma). Connectiv-
ity matrices were first obtained separately for the PD and CTR groups,
then concatenated before being input into the k-means++ clustering
algorithm. This clustering process identified distinct Brain Network
States (BNSs), followed by network analysis at the subject level to
compute metrics for group comparisons

construct the noise covariance matrix, while the remaining
273 seconds were allocated for source reconstruction.

The signals were then divided into 56 brain regions of
interest (ROIs) derived from the Desikan-Killiany atlas
(Desikan et al. 2006), which originally contains 68 ROIs,
aiming for a lower number of ROlIs, to address the low spa-
tial resolution issue of EEG and the effect on the accuracy
of source estimation (Guttmann-Flury et al. 2025; Fara-
hibozorg et al. 2018; Lopes et al. 2020). Moreover, to ensure
consistency with the network analysis performed in this
study, those ROIs were selected based on their assignment
to the seven canonical RSNs, emphasizing the functional
response of brain dynamics to BioVRSea. This resulted in a
final set of 56 ROIs (Appendix ROI-Node-RSN Mapping).

Functional connectivity between the EEG time series
of the 56 ROIs was calculated across multiple frequency
bands (Delta: 1-4 Hz, Theta: 4-8 Hz, Alpha: 8—13 Hz, Beta:
13-30 Hz, Gamma: 3045 Hz) using the Phase-Locking
Value (PLV) algorithm with a sliding window approach
(50% overlap and window size of six cycles) (Lachaux et al.
2000). The combination of wMNE and PLV demonstrated
optimal performance in capturing meaningful brain network
dynamics in the alpha band during complex postural control
tasks (Hassan et al. 2014; Aubonnet et al. 2023).

The PLV computation produced 56x56 square dynamic
matrices for each band. The number N, representing the
total number of computed connectivity matrices, is detailed
in Appendix Phase-Locking Value (PLV) Calculation.
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Table 3 Dynamic Connectivity Variables. A list of the number of
matrices (V) calculated for each frequency band. The dimension (n)
of each matrix is based on the number of ROIs, with each element
(A; ;) representing the connectivity between the respective regions.

Variable Description Band Value
N Number of dynamic Alpha 953
connectivity matrices Beta 1953
Delta 226
Gamma 3407
Theta 544
n Dimension of dynamic connectivity 56x56
matrices
A Element of one connectivity matrix ——

Specifically, for the alpha band, 953 matrices were created.
Each matrix element A; ; represented the strength of the
connections from node ¢ to node j, referred to as an edge in
graph theory-based analysis (Table 3).

BNS segmentation was performed on this dataset using
a clustering algorithm to identify stable periods over time.
The analysis was based on functions from the EEGLab
Microstate toolbox, originally designed for EEG voltage
topography. We adapted the microstate analysis pipeline
described by Poulsen et al. to extract BNSs from functional
connectivity data (Poulsen et al. 2018). The optimal number
of classes was determined based on goodness-of-fit metrics,
including Global Explained Variance (GEV) criterion (Mur-
ray et al. 2008; Poulsen et al. 2018).

For the clustering process, we transformed the sym-
metric connectivity matrices into vectors of size
(n x (n—1)/2) = 1540 by extracting the upper triangu-
lar elements, excluding the diagonal. Each vector was then
concatenated across all time points, resulting in a subject-
specific matrix of dimensions 1540 x 953, where each col-
umn represents a time window, and each row corresponds
to a specific connection within the network. These matrices
were concatenated among subjects and served as input for
the modified k-means (k-means++) clustering algorithm
(Pascual-Marqui et al. 1995), which has been successfully
used in other previous studies on the dynamic functional
connectivity of EEG and fMRI (Aubonnet et al. 2024; Zhu
et al. 2023). Clustering was performed with the follow-
ing parameters: the number of clusters varied from 2 to 10

(Krange), the number of random initializations (rep) was set
to 100, and the maximum number of iterations (iter) was
1000, with a default convergence threshold of 1076,

A meta-criterion was applied to obtain the optimal num-
ber of clusters (Custo et al. 2017; Aubonnet et al. 2024;
Mabhini et al. 2022), which was determined to be six. Specif-
ically, the meta-criterion was implemented using the CVIK
Toolbox (José-Garcia and Gomez-Flores 2023), a MAT-
LAB framework that integrates 28 Cluster Validity Indices
(e.g., Silhouette, Davies—Bouldin, Dunn, PBM, Sppy ) and
multiple proximity measures to automatically determine the
optimal number of clusters based on index consensus.

Each identified cluster was defined as a BNS, represent-
ing the temporal evolution of brain connectivity. K-means++
was run multiple times with different parameters to ensure
the robustness of the clustering results. The BNSs obtained
from each clustering iteration were then compared using
Pearson correlation analysis to assess the consistency of the
identified patterns. A strong correlation indicated high simi-
larity between BNSs across different clustering runs, vali-
dating the reliability of the extracted states (Table 4).

The topological visualization of the six BNSs was con-
ducted, and they were labeled based on the most prevalent
RSN, as detailed in Subsection Data processing: Associa-
tion of BNSs with RSNs. Each BNS was characterized by
distinct spatial distributions and temporal dynamics that
correspond to specific cognitive and functional processes.
This allowed for a more intuitive interpretation of the BNSs
in relation to established RSNs, facilitating comparisons
between the two groups in our study.

As a final step, we computed the back-fitting at the sub-
ject level using Global Map Dissimilarity (GMD) to iden-
tify the best-fitting BNSs throughout the experiment. The
smoothing process involved rejection based on small-seg-
ment criteria of five matrices (Aubonnet et al. 2023; Poulsen
et al. 2018; Murray et al. 2008). For the identified BNSs,
we calculated several common metrics used in microstate
analysis, including Global Field Power (GFP), occurrence
per second (occurrence), average duration (duration), per-
centage of time occupied (coverage), global explained vari-
ance (GEV), and the transition probabilities (TP). These
metrics were subjected to statistical analysis between the

Table 4 Pearson correlation of the six Brain Network States across different clustering runs. The optimal number of clusters (K = 6) was deter-
mined using the meta-criterion based on multiple internal Cluster Validity Indices (CVIs). Modified k-means clustering was then repeated four
times with different parameter configurations. Cluster #1, defined by the parameters Krange = 2:10, rep = 100, ite = 1000, was used as the refer-
ence for comparison. We therefore computed the Pearson correlation between the corresponding cluster maps obtained in different runs to evaluate

the similarity and stability of the clustering results.

Clusters Parameters Pearson correlation

BNSI1 BNS2 BNS3 BNS4 BNS5 BNS6
Cluster #2 Krange=2:10; rep=100; ite=1000 1 1 1 1 1 1
Cluster #3 Krange=3:7; rep=100; ite=1000 —1 1 0.99 0.99 0.99 1
Cluster #4 Krange=3:7; rep=200; ite=1000 1 1 1 0.99 0.99 1
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two groups. A comprehensive description of these metrics
is provided in Appendix Computational Methods for BNSs
metrics.

Data Processing: Association of BNSs with RSNs

Each obtained BNS was computed from a vector to form a 56
x 56 symmetric matrix that represented the associated func-
tional network. Based on some studies (Shirer et al. 2012;
Kabbara et al. 2017), each of the 56 nodes was assigned to
one of seven RSNs: Default Mode Network (DMN), Dor-
sal Attention Network (DAN), Salience Network (SAN),
Motor Network (MOT), Auditory Network (AUD), Visual
Network (VIS), and Other. The node-RSN affiliations are
detailed in Appendix (ROI-Node-RSN Mapping). Using the
Brain Connectivity Toolbox (Rubinov and Sporns 2010),
the strength of each node was calculated, representing the
sum of the weights of all links connected to that node. Sub-
sequently, we determined the strength of each RSN by sum-
ming the values of nodes associated with the specific RSN
and normalizing this sum by dividing it by the number of
nodes within the RSN. To identify the dominant RSN for
each BNS, we considered those with a value exceeding the
sum of the average and standard deviation of the strengths
of the seven RSNs. We utilized BrainNet Viewer (Xia et al.
2013) for visualization, where each ROI was represented
by a color corresponding to its specific RSN. Each network
was displayed with a sparsity of 0.01.

CorrelatioNs Between Questionnaire Scores and
Brain State Metrics (Coverage, Occurrence, and
Duration)

The study examined the relationships between coverage,
duration, and occurrence variables derived from the BNS
analysis of the PRE and POST phases, and the two indices,
PHY and NEURO. Spearman correlation analysis was con-
ducted to evaluate these relationships. Data were analyzed
iteratively for each BNS and subject. Significant correla-
tions (p < 0.05) indicated both linear and monotonic rela-
tionships across the data subsets.

Statistical Analysis

The statistical analysis was conducted to investigate the
effects of the BNSs and subject group on occurrence, dura-
tion, and coverage across different phases of the experi-
mental protocol. The study utilized a Linear Mixed Model
(LMM) approach to account for the hierarchical structure
of the data, where repeated measures within subjects were
nested within the levels of the BNS factor. The primary
objective was to ascertain any significant main effects and

interactions between the subject group (PD vs. CTR) and
the BNSs. Model fit was assessed by examining model sum-
mary statistics, including coefficients, standard errors, and
p-values derived from likelihood ratio tests. Additionally,
an analysis of variance (ANOVA) was performed to assess
the overall significance of the fixed effects in the model. To
further elucidate significant effects identified by the primary
analysis, post-hoc pairwise comparisons were conducted
using estimated marginal means. These comparisons aimed
to delineate differences in the specific metrics between spe-
cific levels of the BNSs factor within each subject group
across different experiment phases. To mitigate the risk of
Type I errors arising from multiple pairwise comparisons,
p-values were adjusted using the Benjamini-Hochberg
method. This method controls the False Discovery Rate
(FDR) and helps maintain the overall integrity of statistical
inference. Results were visually represented through empiri-
cal cumulative distribution functions and pairs plots to illus-
trate the distributional properties of the data and highlight
significant differences between experimental conditions.

Results
BNSs Presence

Following the back-fitting process, we initially identified
distinct patterns in the presence of BNSs between indi-
viduals with PD and CTR subjects across the experimental
phases (Fig. 3). All BNSs appeared in each phase for both
cohorts, but their relative frequencies varied. Specifically,
BNSI1 was slightly more frequent in the PD group, except
during the POST phase, where it was higher in the CTR
group. The trend of BNS1 in the PD group remained consis-
tent across all phases except for the POST phase, whereas
in the CTR group, it differed in the PRE phase. BNS2 was
consistently less frequent in the PD group across all phases.
Conversely, BNS3 and BNSS5 were consistently more prom-
inent in the PD group. BNS4 was more frequent in the PD
group except during the PRE phase, while BNS6 showed a
higher presence in the CTR group except during the PRE
phase.

CorrelatioNs Between Questionnaire Scores and
Brain State Metrics

The correlation analysis between questionnaire indices and
BNS metrics uncovered several significant relationships
specific to BNS3. For the CTR group, a notable Spear-
man correlation was found between the occurrence metric
and the NEURO index (p = 0.27, p < 0.01). Both groups
showed significant correlations between NEURO scores and
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Fig. 3 Percentage representation of Brain Network States. Distribution
of Brain Network States (BNSs) across different experimental time
phases for (a) PD patients and (b) the CTR group. Each bar represents

the metrics of coverage and duration within BNS3. In the
CTR group, the correlation of duration with NEURO was
p = 0.24 (p < 0.02), and for coverage, p = 0.26 (p < 0.01).
Similarly, in the PD group, the duration-NEURO correla-
tion was p = 0.21 (p < 0.05), and the coverage-NEURO
correlation was p = 0.22 (p < 0.05). These findings indi-
cated that both groups demonstrated significant associations
between the NEURO index and the metrics of duration
and coverage. However, the occurrence metric exhibited
a unique correlation pattern that appeared only within the
CTR group.

Statistical Analysis of BNSs

We investigated the following parameters of the BNSs:
occurrence, duration, coverage, and TP. Statistical analy-
sis revealed significant variations in BNS2 coverage dur-
ing the PRE (adjusted p-value = 0.019) and MOV (adjusted
p-value = 0.036) phases following FDR correction with
a < 0.05 (Fig. 4), consistent with an initial trend observed
in these phases. For BNS4, a similar trend was observed
in the BL and POST phases, although it did not remain
significant after correction (Appendix Statistical Result of
Coverage).

No statistically significant results were observed for
occurrence; however, a trend was evident in BNS2 during
the PRE and MOV phases (Appendix Statistical Result of
Occurrence). For duration, no statistically significant results
were found; however, a trend was noted in BNS5 during
the BL phase and in BNS4 during the POST phase. TP
analysis indicated that, in individuals with PD, transitions
from BNS1 to BNS4 and from BNS4 to BNS1 consistently
exhibited significantly higher probabilities compared to the
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ing how often each state was engaged throughout the experiment. (c)
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CTR group. Conversely, transitions from BNS4 to BNS1
and BNS3 to BNS4 in CTR subjects displayed higher prob-
abilities than those in the PD group starting from the PRE
phase. In PD, activation within the same BNSs occurred
later during the POST phase (Fig. 5, Appendix Statistical
Result of Duration).

The statistical results findings are summarized in Table 5,
which provides an overview of the main statistical outcomes
for each BN'S metric and experimental phase.

Association Between BNSs and RSNs

In Fig. 6, only the nodes were displayed, where the size of
each node represented its strength, corresponding to the
overall connectivity at that node. For visualization pur-
poses, a sparsity threshold of 0.01 was applied, displaying
only the strongest connections. This approach highlighted
the most significant interactions, using color-coding to dis-
tinguish different RSNs. In BNS1, the VIS predominated,
with nodes concentrated in the left hemisphere, particu-
larly in the parietal and occipital lobes. The SAN was also
prominent, with nodes distributed across the frontal and
right parietal lobes. In the remaining five BNSs, the DAN
was the dominant RSN. BNS2 featured the DAN primar-
ily in the parietal lobe, with nodes of similar sizes spread
across the interhemispheric fissure, followed by the SAN
in the frontal lobe. BNS3 included the DMN in the fron-
tal lobe, with balanced node strength between the left and
right hemispheres, and the AUD in the parietal lobe. BNS4
comprised the DMN, with node strength balanced across
the interhemispheric fissure in the parietal lobe, while being
exclusively present in the right hemisphere in the frontal
lobe. Additionally, the VIS network was mainly localized
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Fig.4 Linear Mixed Model analysis. Coverage for each Brain Network
States (BNSs) across all experimental phases in PD patients and CTR.
Coverage refers to the proportion of total activity distributed across
the six identified BNSs, indicating how dominant each BNS was rela-

in the left occipital lobe for the BNS4. BNS5 was similar
to BNS4, with larger node sizes across the interhemispheric
fissure and in the frontal lobe for the DAN, whereas the
SAN was present in both hemispheres across the interhemi-
spheric fissure. Finally, BNS6 involved both the DMN and
the SAN, similar to BNS5, but with the DMN absent in the
right hemisphere of the parietal lobe.

Discussion
This study examined brain dynamics during a complex

PC task using the BioVRSea paradigm in early-stage PD
patients. The novelty of this research lies in its visuomotor
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tive to the others during each phase. Significant differences between
groups, corrected using the False Discovery Rate (FDR) method, are
highlighted: * p < 0.05.

stimulation approach, which integrates VR and EEG to
investigate motor-cognitive interactions in PD. This allowed
for a detailed evaluation of PC impairments and their neural
basis. To uncover brain network dynamics, we applied an
innovative method adapted from the approach proposed by
Poulsen et al. for extracting BNSs from functional connec-
tivity data (Poulsen et al. 2018). This process included the
selection of a clustering algorithm, BNS optimization, and
back-fitting to derive key metrics such as coverage, occur-
rence, and duration. By analyzing BNSs within the specific
BioVRSea paradigm, we aimed to identify new neurophysi-
ological markers of PD that could aid in early diagnosis.
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Fig. 5 Transition Probability matrices. PD and CTR subjects across
baseline (BL), pre-motor stimulus (PRE), movement-stimulus (MOV),
and post-motor stimulus (POST) phases. Each heatmap represents the
likelihood of transitioning between different Brain Network States

Table5 Summary of main statistical outcomes for each Brain Network
States metric and experimental phase. Linear Mixed Model (LMM)
analysis with False Discovery Rate (FDR) correction (v < 0.05). Sig-
nificant results are highlighted in bold, while non-significant trends are
also indicated for clarity.

Metric Phase BNS Group differ-  Adjusted
ence (PD vs. p-value
CTR)
Coverage PRE BNS2 PD < CTR 0.019
Coverage MOV BNS2 PD < CTR 0.036
Coverage BL BNS4 PD > CTR n.s.
Coverage POST BNS4 PD > CTR n.s.
Occurrence PRE BNS2 CTR > PD n.s.
Occurrence MOV BNS2 CTR > PD n.s.
Duration BL BNSS PD > CTR n.s.
Duration POST BNS4 CTR > PD n.s.

BNS-Transition Probability Patterns

Across all phases, both groups showed similar transition
structures, with only subtle differences in how the brain net-
work states evolved over time. Control participants tended
to display slightly more distributed transitions, suggesting a
somewhat more flexible configuration of functional dynam-
ics, while PD patients exhibited a modest tendency toward
recurrent exchanges within a narrower subset of states. The
most noticeable contrasts involved the transitions between
BNS1+BNS4 and BNS3<>BNS4, which appeared more
pronounced in PD patients, particularly during task-related
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(BNSs) within each phase, with lighter colors indicating higher transi-
tion probabilities. These matrices highlight the patterns of state transi-
tions and the differences between groups in terms of network dynamics

phases. However, these differences were not consistent
across conditions and did not define a stable pattern distin-
guishing the two groups. Overall, the analysis did not reveal
any clear or phase-specific transition pattern that could dis-
tinctly separate PD from CTR. Rather, group differences
appeared as a general tendency for PD patients to show less
flexible and more repetitive state transitions, instead of dis-
tinct or stable transition pathways.

BNS-Specific Analysis

BNSs and RSN reflected patterns of functional connectiv-
ity between different brain regions. While RSNs were typi-
cally observed during rest, BNSs represented brain network
configurations that occurred during various cognitive tasks
or conditions. BNSs involved brain regions that were part
of well-known RSNs, such as the default mode network
or the fronto-parietal network. The brain states identified
through EEG corresponded to RSNs observed in the rest-
ing-state. This suggested that certain brain regions remained
functionally connected both during rest and while engag-
ing in active tasks. The difference between the presence of
RSNs and BNSs in PD compared to CTR referred to altera-
tions in brain connectivity patterns observed in these two
groups. This demonstrated altered connectivity and reduced
dynamic flexibility of brain networks, reflecting difficul-
ties in adapting to cognitive tasks and changing condi-
tions, and highlighted the cognitive and motor impairments
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Fig. 6 Prevalence of Resting Network States in each Brain Network
State. Calculated as the sum of the node strength values for each
Region of interest (ROI) associated with the specific Resting Network
State (RSNs). Each Brain Network State (BNS) is visualized with
nodes sized proportionally to their strength (the sum of connections
at each node), and edges are shown based on their connectivity, with a

associated with the disease. BNS1: BNS1 showed a similar
trend in PD compared to CTR, with the only difference in
the PRE phase, where the visual stimulation began. Within
BioVRSea, BNSI had the VIS and SAN as its prevalent
RSNs (Figs. 3, 6). The VIS comprised the primary visual
cortex (V1) in the striate cortex (Brodmann area 17) and
multiple extra-striate regions in the occipital lobe. Together,
they covered a significant portion of the posterior cortical
surface. This network was essential for processing visual
information and played roles in object recognition, motion
perception, and spatial awareness tasks. Understanding VIS
helped to comprehend visual perception and cognition and
to develop treatments for visual disorders and neurological
conditions that affect vision (Seitzman et al. 2019; Fox et al.
2005; Beckmann et al. 2005). A study by Yao et al. iden-
tified significant differences in occipital function between

AUD DAN DMN MOT Other SAN VIS

AUD DAN DMN MOT Other SAN VIS

sparsity threshold of 0.01 applied to filter weak connections. Different
colors represent distinct RSN, facilitating clear visual differentiation
of the dominant networks in each BNS. This visualization highlights
the key RSNs contributing to the overall network dynamics across
experimental phases

PD patients without visual hallucinations (PDnonVH) and
CTR subjects (Yao et al. 2015; Hsu et al. 2017; Hu et al.
2020). The PDnonVH group exhibited a lower amplitude of
low-frequency fluctuations (ALFF) in the occipito-parietal
region, indicating a reduced intrinsic activity in primary and
associative visual areas. Additionally, PDnonVH patients
showed decreased occipital functional connectivity with
other brain regions, suggesting impaired visual processing
and integration. The role of VIS and SAN in BNS1 could be
more explicitly linked to maintaining alertness and respond-
ing to visual and motion cues within BioVRSea. During the
PRE phase, when visual stimulation began, SAN activation
likely represented participants’ initial engagement with the
immersive VR environment, preparing them for the motor
challenge introduced in the MOV phase. Highlighting
how VIS and SAN networks aligned with BioVRSea task
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requirements provided important context to their prevalence
in BNS1, reflecting the overall cognitive load imposed by
the simulated environment in each phase.

BNS2: BNS2 was more prevalent in the CTR cohort
(Fig. 3), with a notable presence of the DAN and SAN as its
primary RSNs (Fig. 6). Recent research showed decreased
DAN and SAN in PD patients (Vossel et al. 2014; Hsu et al.
2012). As shown in Fig. 6, the DAN was prevalent in the
rest of five BNSs. This network was prominent in the brain,
primarily consisting of regions that activated during goal-
directed tasks. When a specific task or goal was the focus,
the DAN directed attention accordingly. It was crucial in
tasks requiring sustained attention and cognitive control
(Seitzman et al. 2019; Corbetta and Shulman 2008). Specifi-
cally, the DAN was involved in the voluntary deployment
of attention, guiding the allocation of attention to specific
locations or objects in a top-down manner. In the BioVRSea
paradigm, which involved dynamic visual and motor chal-
lenges, DAN activation helped participants concentrate on
specific postural adjustments to maintain balance, especially
under VR conditions where immersive, shifting visuals
demanded constant recalibration. In PD, studies indicated
that there was a lower percentage of significant connections
and reduced connection strength within the DAN compared
to controls (Vossel et al. 2014; Maidan et al. 2019; Fox et al.
2006). This diminished presence of BNS2 in PD participants
may, therefore, indicate attentional deficits that hindered
PC, suggesting that they might have struggled to maintain
the sustained focus required by BioVRSea. The SAN was
mainly located in the anterior cingulate cortex and played
an essential role in vigilance and in responding to salient
stimuli. In the context of BioVRSea, SAN likely supported
participants’ alertness to continuous visual stimuli essential
for timely postural responses. The lower SAN activation
observed in PD may have indicated a compromised arousal
system, limiting the ability of PD patients to stay fully alert
in the demanding VR environment (Seitzman et al. 2019;
Menon and Uddin 2015; Sridharan et al. 2008). Overall,
the involvement of both the DAN and SAN in BNS2 high-
lighted how BioVRSea tasks required attentional focus and
responsiveness, underscoring the mental effort these tasks
demanded, particularly for PD participants.

BNS3: BNS3 was strongly associated with the DAN and
the AUD (Fig. 6). These networks played an essential role
in integrating sensory information, which explained the sig-
nificance of BNS3 in the PD group (Fig. 3). The AUD was
involved in processing sound stimuli, including inputs from
the primary auditory cortex (Al) and peripheral regions
like the insula and superior temporal gyrus (Seitzman et al.
2019; Hackett et al. 2001). In BioVRSea, both visual and
auditory inputs challenged balance, making the integration
of these sensory cues vital for task performance. In the PD
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group, the activation of BNS3 reflected a need for intensified
sensory integration to compensate for potential deficits in
PC. The VR environment incorporated simultaneous visual
and auditory stimuli, requiring participants to synchronize
these inputs to maintain balance effectively. The presence of
both the DAN and AUD in BNS3 emphasized the demand
imposed by BioVRSea for attention to and processing mul-
tiple sensory inputs. This dynamic integration was partic-
ularly significant in PD, as patients may have relied more
heavily on compensatory strategies, utilizing auditory and
visual feedback to counterbalance sensory integration defi-
cits in dynamic tasks (Seitzman et al. 2019; Raij et al. 2000;
Gander et al. 2019).

BNS4: A higher percentage of BNS4 was observed in
the PD cohort, with a prevalence of the DAN and VIS as
RSNs (Fig. 3, Fig. 6). Like BNSI1, it engaged the VIS, SAN,
and DAN to initiate and maintain attention and awareness
in response to early visual stimuli. BNS4 higher activation
in the PD group indicated a sustained compensatory reli-
ance on visual processing for spatial orientation as the task
progressed. In the BioVRSea environment, this reliance on
DAN and VIS in BNS4 could reflect PD participants’ efforts
to maintain postural stability through continuous visual
feedback, as they may find it more challenging to integrate
other sensory signals effectively.

BNSS and BNS6: BNSS5 showed a higher percentage in
the PD cohort, characterized by the DAN and SAN as RSN,
whereas BNS6 was more prevalent in the CTR cohort, fea-
turing the DAN and SAN as RSNs (Fig. 3, Fig. 6). In the
BioVRSea setting, these networks were crucial for main-
taining attention, alertness, and responding to task-relevant
stimuli-key elements for balancing in a dynamic visual set-
ting. The study by Putcha et al. suggested that in healthy
individuals, the SAN and DMN were anti-correlated, mean-
ing that SAN activation reduced DMN activity and vice
versa (Putcha et al. 2016). This balance was disrupted in
PD, where SAN dysfunction, likely due to striatal impair-
ments, affected the ability to suppress DMN effectively
(Putcha et al. 2016; Menon 2011). In the context of BioVR-
Sea, where cognitive control and postural adjustments were
continually required, this disrupted SAN-DMN coupling in
PD may have led to less efficient cognitive responses and
adaptive control. As a result, the typical anti-correlation
seen in healthy individuals may have become a positive or
less negative correlation in PD patients. This altered cou-
pling between SAN and DMN in PD was linked to cogni-
tive deficits commonly observed in the disease (Putcha et al.
2016, 2014). The increased presence of BNS5 in the PD
group likely reflected a compensatory mechanism, wherein
PD participants relied more on SAN and DAN activation to
maintain attentiveness and actively process stimuli during
the VR task. In contrast, the prevalence of BNS6 in the CTR
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group, also involving SAN and DAN but without the same
dysfunctional SAN-DMN interaction, might have supported
more fluid cognitive control and attention shifts, aligning
with the natural neural dynamics of healthy participants
during the task. The primary role of DMN involved inward-
focused cognitive processes at rest rather than engagement
in task-related activities, explaining why it was not identi-
fied as primary during the BioVRSea task (Buckner et al.
2008; Andrews-Hanna et al. 2010). Since the experiment
required sustained attention and responsiveness to exter-
nal stimuli, the DMN did not play a central role. However,
PD patients’ disrupted SAN-DMN interaction could have
affected how effectively they suppressed inward-focused
thoughts, impacting their cognitive control and task perfor-
mance in the BioVRSea challenging VR setup.

In summary, the shifts and interactions of the different
brain network dynamics highlighted the impact of the dis-
ease on cognitive function. The coverage parameter indi-
cated that BNS2 was significantly lower in PD compared to
CTR in the two phases of visual and visuomotor tasks (PRE
and MOV, respectively), as shown in Fig. 4.

Neurophysiological Differences in BNSs

The correlation analysis provided valuable insights into
the neurophysiological effects of PD related to the spe-
cific BNS3. This network was associated with the AUD
and the DAN. The analysis showed that occurrence is sig-
nificantly linked to the neurological index (NEURO) from
the BioVRSea questionnaire only in the CTR group. How-
ever, both groups demonstrated meaningful relationships
between duration and coverage with NEURO. This sug-
gests that individuals with PD may exhibit unusual brain
activity patterns as they try to manage cognitive challenges.
Increased activity in these brain networks might reflect how
PD patients perceive their neurophysiological state, poten-
tially indicating higher levels of stress or fatigue, which can
negatively impact their quality of life. Overall, the relation-
ships between BNS3 and the activity in AUD and DAN
highlighted the neurophysiological changes observed in
PD patients, as well as the brain compensatory responses
in attention and cognition. The information extracted from
the questionnaire can provide valuable insights, particularly
regarding neurodegenerative diseases that affect balance
and PC. Understanding these symptoms and their correla-
tion with brain networks may assist in developing targeted
interventions aimed at improving the overall well-being of
patients.

Implications of BNSs in PC Task and in PD

These findings highlighted altered BNS dynamics in PD
patients, particularly decreased BNS2 coverage (Fig. 4) and
modified transition patterns between BNSs (Fig. 5). These
alterations reflected deficits in attention, sensory integra-
tion, and network flexibility, all of which were essential
for successful balance during dynamic tasks. The reduced
BNS2 activity in PD patients during visuomotor phases sug-
gested impaired attention and motor integration, while the
increased reliance on visual processing networks (BNS4)
underscored compensatory strategies in response to these
deficits. The transition probability analysis further revealed
PD-specific challenges in switching between states, particu-
larly in moving between attentional (BNS1 and BNS4) and
sensory-integration states, which may have contributed to
PC deficits (Fig. 5).

Clinical Relevance

The BioVRSea paradigm researched quantitative metrics to
evaluate the early onset of PD. The ultimate goal was to
identify the most significant features that could be imple-
mented using simple paradigms suitable for clinical set-
tings. In neurological diseases like PD, the EEG framework
used in this study helped identify key brain dysfunctions
during balance tasks, especially in sensorimotor and cogni-
tive networks. The EEG analysis could also detect neural
changes linked to PD that might not yet have shown up in
motor behavior. By examining BNSs from EEG data, clini-
cians were able to track changes in brain connectivity that
reflected problems with PC, providing early signs of PD
and allowing for diagnosis and intervention. The BioVRSea
paradigm, combined with brain network analysis, helped
develop more tailored treatment plans for PD patients.

Conclusion

This study aimed to use brain dynamics as a tool to iden-
tify new biomarkers for detecting neural dysfunction in
early-stage PD, especially during our complex PC task. The
proposed approach was a robust methodology that utilized
functional connectivity to identify specific BNSs that alter-
nated during the required tasks. By analyzing the differences
with healthy individuals, this study intended to uncover
neural changes associated with PD that might not have been
visible using traditional methods. The study confirmed the
effectiveness of the BioVRSea paradigm in exploring the
mechanisms of PC. The visual-motor stimuli required the
brain to adjust its physiological responses to regulate body
position, and the rapid changes in brain activity evidenced
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this adjustment. The advanced EEG analysis and clustering
algorithms identified six distinct BNSs, with the DAN most
active in five states, highlighting its role in behavioral per-
formance and adaptation during attention-demanding tasks.
The BNSs distribution on the subject level showed some
differences in the BioVRSea phases. Notably, BNS2 cover-
age was significantly lower in PD patients during the visual
and visuomotor phases, suggesting specific deficits in the
neural mechanisms underlying PC at this particular stage
of the disease, particularly in the brain regions associated
with attention and sensory-motor integration. The focused
analysis of alpha band activity revealed significant corre-
lations with PC strategies associated with balance main-
tenance and postural adjustments. PD patients exhibited
altered alpha band dynamics, highlighting potential bio-
markers for early diagnosis and intervention. Furthermore,
by prioritizing connectivity metrics over conventional
channel-based approaches, this study provided a more com-
prehensive understanding of the neural processes involved
in PC. The integration of graph theory allowed a detailed
exploration of functional connectivity and its impact on PC.
These findings underscore the potential of BNS dynamics
as a diagnostic tool for identifying neural deficits in PD and
other neurological disorders. The BioVRSea paradigm and
advanced EEG analysis offered a promising approach for
developing targeted interventions to improve postural sta-
bility in affected individuals. Overall, this study advanced
our understanding of brain connectivity dynamics in PC
tasks and highlighted the importance of alpha band activ-
ity in maintaining balance. The innovative methodologies
and findings paved the way for future research and clinical
applications to enhance the quality of life for individuals
with neural-motor impairments.

Limitations

In the present manuscript, we focused on the alpha band,
conducting a deeper analysis based on previous findings
obtained using the BioVRSea setup in Parkinson’s disease
patients (Jacob et al. 2022a), which demonstrated signifi-
cant alterations in this frequency range and highlighted its
strong involvement in postural control and visuomotor
integration. The alpha band, therefore, represents a robust
starting point for exploring functional connectivity in this
population, being closely linked to cortical idling and inhib-
itory control-two mechanisms particularly relevant to our
experimental paradigm. Importantly, the present work con-
stitutes a preliminary investigation and the first application
of the BioVRSea paradigm to a neurodegenerative cohort
using EEG-based connectivity analysis, aiming to charac-
terize the dynamic reorganization of brain networks during

@ Springer

a realistic postural control task. However, we recognize
that by focusing exclusively on the alpha band, potential
insights from other frequency ranges may not have been
captured. In particular, beta oscillations, which are strongly
implicated in motor control, could reveal abnormal syn-
chronization patterns in PD during movement anticipation
or stabilization, providing a closer link between network
rigidity and clinical motor symptoms such as bradykinesia
or postural stiffness (Heinrichs-Graham and Wilson 2013;
Gulberti and colleagues 2024). Theta activity, on the other
hand, is associated with cognitive control, error monitoring,
and sensorimotor integration, and might shed light on the
interplay between attention and balance maintenance, espe-
cially under challenging sensory conditions (Miladinovi¢
and colleagues 2021; Anjum and colleagues 2024). Finally,
delta oscillations could reflect large-scale coordination and
compensatory processes supporting postural stability when
cortical demand increases due to sensory conflict or fatigue
(Singh and colleagues 2023).

Integrating these frequency-specific dynamics would
thus help to clarify the contributions of motor, cognitive,
and compensatory mechanisms to postural control deficits
in PD. Future work will extend the present framework to
these bands, combining them with the dynamic network
analysis implemented here to obtain a more comprehensive,
multi-frequency characterization of cortical network reorga-
nization in Parkinson’s disease.

It is important to note that several methodological
alternatives exist for both source reconstruction and the
computation of connectivity matrices. These steps can be
implemented using different approaches, and no universally
accepted gold standard currently exists. The combination
of wMNE and PLV has demonstrated superior performance
during cognitive tasks (Hassan et al. 2014). Specifically,
Hassan et al. conducted a systematic comparison of multiple
inverse and connectivity method combinations and showed
that wMNE combined with PLV provided the best perfor-
mance in identifying networks topologically consistent with
known functional brain architectures. Dynamic connectiv-
ity within the BioVRSea paradigm was also analyzed in a
cohort of healthy participants and published by Aubonnet et
al. (Aubonnet et al. 2023), where the wWMNE-PLV approach
successfully captured meaningful brain network dynamics
in the alpha band during complex postural control tasks.

Appendix A: ROI-Node-RSN Mapping

see Table 6.
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Table 6 Regions of Interest (ROIs) and their Functional Network Associations

ROI Label Acronym RSN ROI Label Acronym RSN

1 l.bankssts L.BSTS Other 29 l.middletemporal LMTG DAN
2 r.bankssts r.BSTS Other 30 r.middletemporal rMTG DAN
3 L.cACC L.cACC SAN 31 L.paracentral l.paraC MOT
4 r.cACC r.cACC SAN 32 r.paracentral r.paraC MOT
5 L.cMFG L.cMFG SAN 33 Lpericalcarine L.periCAL Other
6 r.cMFG r.cMFG SAN 34 r.pericalcarine r.periCAL Other
7 l.cuneus L.CUN VIS 35 l.postcentral LpostC MOT
8 r.cuneus r.CUN VIS 36 r.postcentral r.postC MOT
9 L.entorhinal LENT Other 37 Lposteriorcingulate L.PCC DMN
10 r.entorhinal r.ENT Other 38 r.posteriorcingulate r.PCC DMN
11 L.superiorfrontal L.sFG Other 39 l.precentral LpreC MOT
12 r.superiorfrontal r.sFG Other 40 r.precentral r.preC MOT
13 Lfusiform LFUS VIS 41 l.precuneus LPCUN DMN
14 r.fusiform r.FUS VIS 42 r.precuneus r.PCUN DMN
15 Linferiorparietal LIPL Other 43 LrACC LrACC DMN
16 r.inferiorparietal r.IPL Other 44 r.rACC r.rACC DMN
17 LITG LITG DAN 45 L.'tMFG LtMFG SAN

18 rITG rITG DAN 46 r.y"MFG r.*MFG SAN

19 L.pOPER L.pOPER DAN 47 1.SPL 1.SPL Other
20 r.pOPER r.OPER DAN 48 r.SPL r.SPL Other
21 Listhmuscingulate LiCC DMN 49 LSTG LSTG AUD
22 r.isthmuscingulate riCC DMN 50 r.STG r.STG AUD
23 L.lateraloccipital LLOG VIS 51 L.SMAR L.SMAR SAN

24 r.lateraloccipital r.LOG VIS 52 r.SMAR r.SMAR SAN

25 L.LOF L.LOF DMN 53 LTP L. TP Other
26 r.LOF r.LOF DMN 54 r.TP r.TP Other
27 LLING LLING VIS 55 LTT LTT Other
28 r.LING r.LING VIS 56 r.TT r.TT Other

Appendix B: Phase-Locking Value (PLV)
Calculation

The dynamic Phase-Locking Value (PLV) dynamic connec-
tivity matrices are computed using the function:

where:

N NumberofSamples — OverlapWindow
N TotalWindow — OverlapWindow

NumberofSamples = EpochDuration x SamplingRate

(fmax — fmi
Jinterest = fwin+ w
Total Window = 3 x SamplingRate
8lxterlest P A
rerl: t ;
OverlapWindow verlaprereentage X SampliugRuth

100 Sinterest

This function takes as input:

EpochDuration: EEG time series with dimensions
[nchannelm nsamples]-

SamplingRate: The EEG sampling frequency.

fmin, fmax: The lower and upper-frequency limits of the
band of interest.

OverlapPercentage: The percentage of overlap be-
tween time windows.The number of dynamic matrices

(N) generated for each frequency band depends on the
length of each analysis window and on the overlap be-
tween consecutive windows. Following (Lachaux et al.
2000), each window spans six cycles of the band’s cen-
ter frequency to ensure reliable phase estimation.

In our implementation, the Epoch Duration was 273 s, the
Sampling Rate was 1024 Hz, and the Overlap Percentage
between consecutive windows was set to 50%, providing a
balance between temporal resolution and the stability of the
phase-locking estimates.

Band Frequency Window parameters (samples)
parameters
(Hz)
Sminfmayfnterds@tal- OverlapWindow(samples N
Window shared) (PLV
(samples matri-
per ces)
segment)
Delta 1 4 2.50 2457 1228 226
Theta 4 8 6.00 1024 512 545
Alpha 8 13 10.5 585 292 953
Beta 13 30 21.5 285 142 1953
Gamma 30 45 37.5 163 81 3408

Example calculation for the alpha band:

@ Springer
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Epoch Duration = 273 s; Sampling Rate = 1024 Hz; Appendix C: Computational Methods for

Overlap = 50%. BNSs Metrics
Number of Samples = 273 x 1024 =279552 samples.

fmin = 8 Hz; fmax =13 Hz = fInterest = 10.5 Hz.
Total Window = [6/10.5 x 1024] = |585.14] = 585
samples

See Table 7.

Table 7 Description of parameters used in the analysis of brain network states (BNSs), including their formulas and interpretations
Parameter  Formula Description

Coverage Coverage; =% where T; is the total time state was active, and Tiota) 1S Coverage represents the proportion of time a
ota.

T
f . BNS is active relative to the total time.
the total analysis time.

Duration Duration; = K, where T; is the total time state was active, and IN; is the Duration is the average time a BNS remains
number of times state was activated. active before switching to another.
GEV >, GFP(t)-co®)? ] } GEV represents the proportion of the Global
GEV; :W where GFP(t) is the Global Field Power at Field Power explained by each BNS, indicat-
t

ing how well each state represents the data.
time ¢, and CC(t) is the spatial correlation between the map at time ¢ and the
template map of state .
GFP GFP(t) :\/% Zf\;l (Vz (t) — V(t)) ? where Vi (t) is the voltage at sensor GFP quantifies the variance of the EEG
signal at a given time point, providing a
at time ¢, V (¢) is the mean voltage across all sensors, and N is the total number measure of the strength of brain activity.

of sensors.
GMD 2 GMD quantifies the dissimilarity between
two topographical voltage distributions over
GMD(t) = | £ 3N, Vi) V() where Vi(t)  time.
N N
\/ 2L VE® \/ 2L Vi
and V; (r) are the voltages at sensor at times ¢ and r, respectively, and N is the
total number of sensors.
Occurrence ~ Occurrence; = TN ‘— where NN; is the number of times state was activated, Occurrence measures how many times a

total

and Thoral is the total analysis time. specific BNS appears within a time window.

P Tij = <« where T}, is the transition probability from state to state j, N;; LT describes the probabilities of transition-
Z] Nij ing between different BNSs over time.

is the observed transitions from to j, and Zj Nj; is the total transitions from
to any state.

Overlap Window = [0.5 x 585.14] = |292.47| =292  Appendix D: Statistical Result of Coverage
samples

See Table 8.

_ {279552 — 292J_ {279260

585 — 292 293 J = [953.10] = 953.

Table 8 Coverage p-values and adjusted p-values after FDR correction for different BNSs across phases (BL, PRE, MOV, POST) in the CTR - PD
contrast

BL Phase PRE Phase MOYV Phase POST Phase

BNS p-value adjusted p-value BNS p-value adjusted p-value BNS p-value adjusted p-value BNS p-value adjusted p-value
4 0.024  0.143 2 0.003  0.019* 2 0.006  0.036* 4 0.018  0.109

1 0.178  0.337 3 0.077  0.231 5 0.100  0.300 2 0.086  0.259

6 0.201  0.337 1 0271  0.541 3 0.159 0319 1 0.459  0.854

3 0.229  0.337 5 0.504  0.673 6 0.723  0.904 3 0.570  0.854

5 0.281  0.337 6 0.561  0.673 1 0.769  0.904 5 0.859  0.944

2 0.671  0.671 4 0.815  0.815 4 0.904  0.904 6 0.944  0.944
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Appendix E: Statistical Result of Occurrence

See Table 9.

Table 9 Occurrence p-values and adjusted p-values after FDR correction for different BNSs across phases (BL, PRE, MOV, POST) in the CTR -

PD contrast

BL Phase PRE Phase MOV Phase POST Phase

BNS p-value adjusted p-value BNS p-value adjusted p-value BNS p-value adjusted p-value BNS p-value adjusted p-value
1 0.082  0.372 2 0.032  0.174 2 0.038  0.228 6 0324  0.877

6 0.124  0.372 1 0.058  0.174 1 0.566  0.793 1 0513  0.877

4 0.607  0.672 6 0450  0.678 5 0.581 0.793 2 0.553  0.877

5 0.615  0.672 5 0452  0.678 6 0.626  0.793 5 0.615  0.877

3 0.653 0.672 4 0.815 0978 4 0.661 0.793 3 0.730  0.877

2 0.672  0.672 3 1.000 1.000 3 0.885  0.885 4 0975 0975

Appendix F: Statistical Result of Duration

See Table 10.

Table 10 Duration p-values and adjusted p-values after FDR correction for different BNSs across phases (BL, PRE, MOV, POST) in the CTR - PD

contrast

BL Phase PRE Phase MOV Phase POST Phase

BNS p-value adjusted p-value BNS p-value adjusted p-value BNS p-value adjusted p-value BNS p-value adjusted p-value
5 0.042 0.253 1 0.312 0.727 5 0.096 0.231 4 0.035 0.210
3 0.111 0.261 6 0.327 0.727 6 0.134 0.231 6 0.244 0.724
4 0.130 0.261 3 0.440 0.727 4 0.165 0.231 1 0362 0.724
6 0.400 0.601 4 0.485 0.727 3 0.168 0.231 3 0.548 0.768
1 0.750 0.893 2 0.682 0.757 1 0.192 0.231 2 0.702  0.768
2 0.893 0.893 5 0.757 0.757 2 0.366 0.366 5 0.768  0.768
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