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Abstract

Introduction: Postural control is a complex sensorimotor function that de-
pends on the integration of visual, vestibular, somatosensory, muscular, and
cortical mechanisms. Impairments in this system are particularly relevant
in Parkinson’s disease, where postural instability may emerge even in the
early stages and contribute to reduced mobility, impaired adaptation, and
increased fall risk. This doctoral thesis investigates postural control through the
BioVRSea paradigm, an immersive virtual-reality and moving-platform protocol
designed to elicit controlled sensory conflict while simultaneously recording
neurophysiological and biomechanical responses.

Results: The BioVRSea paradigm revealed distinct postural-control profiles
across populations and experimental phases. In Parkinson’s disease, CoP results
indicated a more constrained sway pattern, particularly after perturbation,
suggesting reduced postural flexibility rather than improved stability. EMG
findings showed muscle-specific alterations, with the gastrocnemius lateralis,
tibialis anterior, and soleus contributing differently to postural regulation. EEG
analyses revealed frequency-specific reorganization of brain dynamics, with
alterations in alpha-band connectivity and distinct delta, theta, and beta
Brain Network State patterns. These changes suggest that Parkinson’s disease
affects both peripheral neuromuscular strategies and large-scale cortical network
organization during postural control. In seafarers, BioVRSea further highlighted
habituation and adaptation mechanisms related to repeated exposure to unstable
environments.

Conclusion: This thesis demonstrates that BioVRSea is a sensitive multimodal
framework for investigating postural control under controlled sensory-conflict
conditions. By integrating EEG, EMG, and CoP, the paradigm captures
complementary aspects of balance regulation, from cortical network dynamics
to muscular activation and sway behavior. The findings support the potential
of BioVRSea as an advanced assessment tool for detecting altered postural
strategies in Parkinson’s disease and for studying adaptive mechanisms in
healthy and occupationally exposed populations.

Keywords: Parkinson’s disease; postural control; BioVRSea; virtual real-
ity; electroencephalography; electromyography; center of pressure; dynamic
functional connectivity; Brain Network States; balance adaptation.
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Agrip

Inngangur: Stooustjérnun er flokio skynhreyfiferli sem byggist & samspili sjénar,
jafnveegiskerfis, likamssto0u- og hreyfiskyns, vodvavirkni og heilaberkarstarfsemi.
Truflanir 4 pessu kerfi eru sérstaklega mikilveegar i Parkinsonsveiki, par sem
6stodugleiki 1 likamsstoou getur komio fram jafnvel & fyrstu stigum sjikddémsins
og studlad ad skertri hreyfigetu, minni adlégunarheefni og aukinni fallhsettu. I
bessari doktorsritgerd er stédustjéornun rannsékud med BioVRSea-adferdinni,
sem er syndarveruleika- og hreyfipallakerfi hannad til ad framkalla styroan
skynérekstur 4 sama tima og taugalifedlisfraedileg og lifaflfreedileg svor eru meeld.

Nidurstada: BioVRSea-adferdin syndi fram & 6lik mynstur stéoustjérnunar
milli hépa og tilraunafasa. Hja einstaklingum med Parkinsonsveiki bentu
nidurstéour dr prystingsmiojumeelingum til takmarkadra likamsveiflna, sérstak-
lega eftir truflunina, sem bendir frekar til minnkads sveigjanleika i st6dustjornun
en aukins stodugleika. Nidurstéour voovarits syndu voovasértaekar breytingar,
bar sem ytri kalfavoovi, fremri skoflungsvoovi og ilvodvi hofou olikt framlag til
stodustjornunar. Heilaritsgreiningar syndu tidnisérteeka endurskipulagningu &
heilavirkni, med breytingum i alfa-tengingu og adgreindum heilanetsastandsmyn-
strum i delta-, peta- og beta-tiOnisvioum. Pessar breytingar benda til pess ad
Parkinsonsveiki hafi ahrif baedi 4 ttleegar tauga- og vodvaadferdir og & skipulag
storra heilabarkarneta vid stéoustjornun. Hja sjdéménnum syndi BioVRSea ein-
nig fram & adléogunar- og vonunarmynstur sem tengjast endurtekinni ttsetningu
fyrir 6st6dugu umhverfi.

Samantekt: Pessi ritgerd synir ad BioVRSea er nzemt f{jolpatta rannsdk-
narkerfi til ad meta stédustjéornun vid styrdar adsteedur skynareksturs. Med
sampeettingu heilarits, voovarits og prystingsmidjumeelinga fangar adferdin
Olika en samverkandi paetti jafnvaegisstjérnunar, allt fra kvikum heilavirkni-
og tengslamynstrum til voovavirkni og likamsveiflna. Nidurstédurnar styoja
moguleika BioVRSea sem hapréads matskerfis til ad greina breyttar stéoustjor-
nunaradferdir i Parkinsonsveiki og til ad rannsaka aologunarferli hja heilbrigdum
einstaklingum og hopum sem verda reglulega fyrir 6stéougu umhverfi.

Leitarord: Parkinsonsveiki; st6dustjérnun; BioVRSea; syndarveruleiki; heilar-
itun; voovaritun; prystingsmidja; kvik starfreen tenging; heilanetsastand; jafn-
vaegisadlogun.
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Chapter 1

Introduction

1.1 Physiological Postural Control Mechanisms

Postural control (PC) is a multisystem physiological process that enables the
body to maintain, achieve, or restore balance during quiet standing, voluntary
movement, and external perturbations. It depends on the continuous interac-
tion between sensory inputs, central neural integration, and musculoskeletal
responses. Information about the position and movement of the body is pri-
marily provided by the visual, vestibular, and somatosensory systems. These
sensory signals are integrated by different structures of the central nervous
system, which generate and continuously adapt the motor commands required
to maintain the body’s centre of mass within the base of support [1-3]. The
physiological organisation of this sensorimotor process is summarised in Fig. 1.1.
Visual input supplies information about body orientation and movement rela-
tive to the surrounding environment. The vestibular system detects linear and
angular acceleration of the head and contributes to the estimation of head orien-
tation relative to gravity. Somatosensory information, including proprioceptive,
cutaneous, and joint-related inputs, provides information about body-segment
position, muscle length and tension, pressure distribution, and contact with the
support surface [3, 5, 6].

These sensory signals are integrated at multiple levels of the central nervous
system. The spinal cord mediates rapid postural reflexes and coordinates basic
sensorimotor responses, while the brainstem, particularly the vestibular nuclei
and reticular formation, contributes to the regulation of muscle tone, head and
trunk orientation, and automatic postural reactions. The cerebellum integrates
sensory feedback with internal predictions of movement, contributing to tim-
ing, coordination, error correction, and adaptation to repeated perturbations.
Higher-order structures, including the basal ganglia and cortical regions involved
in motor planning, sensory processing, and spatial orientation, contribute to the
selection and modulation of postural strategies, particularly during voluntary,
complex, or attention-demanding tasks. Through descending motor pathways,
these structures regulate the activation of axial and limb muscles, producing the
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Figure 1.1: Physiological mechanisms underlying postural control.
Visual, vestibular, and proprioceptive/somatosensory information is integrated
at multiple levels of the central nervous system, including the cerebral cortex,
basal ganglia, cerebellum, brainstem, and spinal cord. The resulting motor
commands generate coordinated musculoskeletal responses that maintain the
centre of mass within the base of support. Continuous sensory feedback, sensory
reweighting, and reactive and anticipatory postural adjustments enable postural
responses to adapt to environmental and task-related demands [1, 3, 4].

coordinated musculoskeletal responses required to stabilise the body’s centre of
mass relative to the base of support [2, 4, 7].

Postural control is therefore not a purely reflexive process but includes both
reactive and anticipatory mechanisms. Reactive postural adjustments are
generated in response to unexpected disturbances, whereas anticipatory postural
adjustments occur before a voluntary movement or an expected perturbation and
reduce the destabilising effects of the upcoming event. Predictive mechanisms
are particularly important during repeated or foreseeable perturbations, as
previous sensory experience can be used to adapt postural responses to changing
environmental and task-related conditions [8, 9].

From a biomechanical perspective, postural stability is maintained through
coordinated motor strategies that control the position of the body’s centre of
mass relative to the base of support. Among these, ankle and hip strategies are
two of the principal mechanisms used to recover stability following perturbations.
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The ankle strategy is primarily involved in correcting small and relatively
slow perturbations, particularly in the anteroposterior direction, and relies on
coordinated activation of muscles around the ankle joint. The hip strategy
is generally recruited during larger or faster perturbations, when the support
surface is narrow or unstable, or when ankle-based corrections are insufficient.
These strategies are not mutually exclusive and may be combined with stepping
or grasping responses when the centre of mass approaches or exceeds the limits
of stability. Their selection and magnitude are continuously modulated by
the central nervous system according to the intensity, direction, velocity, and
predictability of the postural challenge [1, 2, 10].

The contribution of each sensory system is not fixed but is dynamically ad-
justed according to the reliability of the available information through a process
commonly referred to as sensory reweighting. Under normal conditions, the
central nervous system combines visual, vestibular, and somatosensory informa-
tion to generate an accurate estimate of body orientation. When one source
becomes absent, inaccurate, or conflicting, greater weight may be assigned to
the remaining sensory inputs [3, 11, 12]. Vision generally plays an important
role in postural regulation by providing continuous information about body
orientation relative to the surrounding environment. Accordingly, congenital
and acquired visual impairment have been associated with poorer postural
control and increased anteroposterior and mediolateral sway [13]. Nevertheless,
partial compensation may occur through increased reliance on proprioceptive
and vestibular information [3, 13].

1.2 Postural Control Under Sensory Conflict

Effective postural control depends on the construction of a coherent internal
estimate of body orientation and movement. The central nervous system
continuously combines visual, vestibular, and somatosensory information with
prior experience and predictions about the sensory consequences of movement.
When these signals are mutually consistent, appropriate postural responses can
be selected and scaled to maintain the centre of mass within the base of support.
However, environmental or task-related changes may alter the availability or
reliability of individual sensory inputs, producing a discrepancy between the
actual movement of the body, the movement perceived through the different
sensory systems, and the movement predicted by the central nervous system.

This discrepancy is commonly described as a sensory mismatch or sensory
conflict. It may arise when different sensory systems provide incompatible infor-
mation about body orientation or self-motion. For example, movement of the
visual environment may indicate self-motion while vestibular and somatosensory
inputs indicate that the body remains stationary. Conversely, during passive
movement inside a vehicle, vestibular and somatosensory receptors may detect
acceleration while the visual environment appears relatively stable. Mismatch
may also occur when the support surface moves or when visual information
becomes inaccurate. Delays between sensory detection and the production of
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corrective motor responses may further compromise postural stability.
Sensory mismatch can increase uncertainty in the estimation of body orientation.
If corrective motor commands are generated from an inaccurate or delayed
estimate, the response may be inappropriate in magnitude, direction, or timing.
Excessive corrections may displace the body beyond the desired equilibrium
position, whereas insufficient or delayed responses may fail to counteract the
perturbation. Repeated corrective errors can therefore produce increased postu-
ral sway, oscillatory behaviour, delayed balance recovery, and, under sufficiently
challenging conditions, a loss of postural stability.

In healthy individuals, sensory mismatch does not necessarily result in persistent
instability. The central nervous system can dynamically modify the relative
contribution assigned to each sensory input through sensory reweighting. When
visual information becomes unreliable, its contribution may be reduced while
vestibular or somatosensory information is given greater weight. Similarly, when
the support surface becomes unstable and proprioceptive information from the
ankles becomes less reliable, greater reliance may be placed on vestibular and
visual cues. This reweighting process allows postural control to remain effective
across different environments and experimental conditions [3, 11, 12].

Sensory reweighting is accompanied by the adaptation of internal models and
predictive postural responses. With repeated exposure to a perturbation,
healthy individuals can learn its temporal and spatial characteristics, anticipate
its destabilising effects, and modify the timing and magnitude of muscular
activation. Consequently, instability is often greatest during the initial exposure
or immediately after a change in sensory conditions. As the central nervous
system updates its predictions and identifies the most reliable sensory infor-
mation, postural responses generally become more appropriate and efficient.
Nevertheless, adaptation requires time, and transient instability may occur
when the sensory environment changes rapidly or when the conflict exceeds the
individual’s ability to reorganise postural control.

1.2.1 Sensory Mismatch, Postural Instability, and Motion
Sickness

Motion sickness represents a relevant application of sensory mismatch theory.
According to the sensory conflict framework, symptoms arise when the pattern
of visual, vestibular, and somatosensory information differs from the pattern
expected on the basis of previous experience and internal predictions [14, 15].
During sea travel, for example, vestibular and somatosensory systems detect the
movement of the vessel, while visual information obtained from the interior of
the vessel may suggest a relatively stationary environment. In visually induced
motion sickness or virtual reality, the opposite condition may occur: optic flow
indicates self-motion, while vestibular and somatosensory signals indicate that
the body is stationary.

The inability to resolve this mismatch can affect both perceptual orientation
and postural regulation. Corrective responses may be generated in relation
to visually perceived motion rather than actual body motion, producing in-
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appropriate or destabilising adjustments. Prolonged exposure may lead to
disorientation, dizziness, nausea, autonomic symptoms, and reduced postural
stability. Susceptibility varies considerably between individuals, partly because
of differences in sensory reliance, previous exposure, adaptation rate, and the
ability to reweight conflicting sensory information.

A related but distinct explanation is provided by the postural instability theory
of motion sickness. According to this framework, motion sickness develops
following a prolonged inability to maintain stable control of the body in an
unfamiliar motion environment [16]. Changes in postural sway and movement
organisation may therefore precede the conscious onset of nausea and other
symptoms. Experimental studies using moving visual environments and virtual
reality have shown that alterations in postural activity can occur before partici-
pants report motion sickness, although the relationship between instability and
symptom development is not identical across all individuals and experimental
conditions [17]. Sensory conflict and postural instability should therefore be
considered as related mechanisms: conflicting sensory information challenges
the estimation of body orientation, while the inability to adapt effectively to
this conflict may result in persistent postural instability and motion sickness.

1.2.2 Postural Instability in Neurological and
Neurodegenerative Disorders

The mechanisms used by healthy individuals to resolve sensory mismatch may
be altered by neurological, sensory, or musculoskeletal disorders. Instability can
arise from reduced sensory accuracy, abnormal central integration, impaired
prediction, inappropriate sensory weighting, delayed motor responses, or insuf-
ficient musculoskeletal output. Vestibular disorders, peripheral neuropathies,
cerebellar diseases, ageing-related sensory decline, and neurodegenerative condi-
tions can therefore affect postural control through different components of the
same sensorimotor system.

In vestibular disorders, inaccurate or asymmetric vestibular information may
conflict with visual and somatosensory inputs, particularly during head move-
ments or in environments containing moving visual stimuli. Individuals may
compensate by increasing their reliance on vision or somatosensory information,
but this strategy can become ineffective when these alternative inputs are
also unreliable. Cerebellar disorders, in contrast, primarily affect the timing,
coordination, prediction, and adaptation of postural responses. This can lead to
dysmetria, excessive sway, oscillatory corrections, and difficulty learning from
repeated perturbations [18, 19].

Postural impairment is also observed in several neurodegenerative disorders.
In Alzheimer’s disease and other dementias, balance deficits may reflect the
combined effects of cognitive decline, impaired visuospatial processing, reduced
attentional resources, and executive dysfunction. These alterations become par-
ticularly evident when postural control must be performed simultaneously with
another cognitive or motor task [20, 21]. In Huntington’s disease, progressive
basal ganglia and cortical degeneration contributes to involuntary movements,
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impaired motor coordination, increased gait variability, and reduced stability
(22, 23].

Parkinson’s disease represents a particularly relevant model for investigating
the relationship between sensory mismatch, central integration, and postural
instability. Degeneration of basal ganglia circuits affects the automatic selection
and scaling of postural responses, while alterations in proprioceptive processing
can reduce the accuracy of information concerning body position and movement
[24-26]. Increased reliance on visual information may partly compensate for
impaired proprioceptive processing, but it can also make postural control more
vulnerable when visual information is absent, inaccurate, or conflicting.
People with Parkinson’s disease may retain some capacity to modify sensory
weighting, but this adaptation may be less efficient, slower, or more dependent
on the specific experimental condition [27]. The combination of altered sensory
processing, reduced automaticity, impaired anticipatory adjustments, delayed
corrective responses, and limited flexibility in changing motor strategies may
therefore increase instability during unexpected perturbations or multisensory
conflict. Although severe postural instability is traditionally associated with
advanced Parkinson’s disease, subtle abnormalities in sway, sensory integration,
and anticipatory control may already be present during the early stages. Postu-
ral control is consequently a valuable functional domain for identifying early
alterations and investigating how neurodegeneration modifies the interaction
between sensory information, central integration, and motor output.

1.3 Quantitative Assessment of Postural Control

Postural control can be evaluated through clinical scales, observational tests,
and instrumental measurements. Clinical tests provide important information
about functional balance and fall risk; however, their results may depend on
examiner judgement and may not detect subtle alterations in postural regulation.
Instrumental assessment enables the objective and continuous quantification
of postural behaviour through biomechanical, neuromuscular, kinematic, and
neurophysiological signals.

Among the available instrumental methods, force-platform posturography is
generally considered the reference laboratory method for the quantitative as-
sessment of postural sway during standing. A force platform records the ground
reaction forces and moments generated at the interface between the feet and
the support surface, from which the position of the centre of pressure (CoP)
can be calculated. The resulting CoP signal provides a sensitive measure of the
mechanical output of the postural-control system [28-30].

Nevertheless, the force platform does not directly measure all the physiological
mechanisms involved in balance regulation. CoP analysis describes the resultant
biomechanical behaviour produced by sensory integration and motor control,
but it does not independently identify which sensory, muscular, or neural mech-
anisms generated that behaviour. For this reason, stabilometric measurements
can be combined with electromyography, kinematic measurements, inertial
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sensors, electroencephalography, and other physiological signals to obtain a
more complete characterisation of postural control.

1.3.1 Force-Platform Stabilometry

Force-platform stabilometry is a form of static posturography used for the
quantitative analysis of postural sway while an individual maintains a standing
position. In its conventional form, the participant stands as still as possible
under controlled conditions, such as with the eyes open or closed, while the
displacement of the CoP is continuously recorded. Dynamic or perturbation-
based posturography extends this approach by introducing mechanical, visual,
or multisensory perturbations to evaluate reactive responses, sensory integration,
and adaptation.

A laboratory force platform typically records three orthogonal ground reaction
forces,

F(t) = [F,(t) F,t) F.(t)]", (1.1)

and three corresponding moments,

M(t) = [M,(t) M,(t) M,(t)]". (1.2)

T Y z

The vertical component F, primarily reflects body-weight support, while the
horizontal components F, and F, reflect shear forces generated during postural
corrections. Assuming that the measurement origin is located a vertical distance
h below the platform surface, the CoP coordinates can be estimated as

hF - M

repplt) = M2 S0 13)
M, hF,

veor(t) = T E0D (1)

When the coordinate origin is defined at the platform surface, h = 0, the
equations reduce to

xCoP(ﬂ = -
(1.5)

yCoP<t) = ja (t) .

The exact signs and correspondence between the x—y axes and the mediolateral
and anteroposterior directions depend on the coordinate convention adopted by
the force-platform manufacturer.

The CoP represents the point of application of the resultant ground reaction
force on the support surface. It should not be confused with the centre of mass
(CoM). The CoM describes the weighted average position of the body’s mass,
whereas the CoP reflects the resultant interaction between body mechanics
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and the neuromuscular actions transmitted to the support surface to regulate
CoM motion. During quiet standing, the CoP generally moves around the CoM
projection and produces the corrective forces required to prevent the body from
falling.

The temporal evolution of the CoP in the mediolateral and anteroposterior
directions is commonly referred to as the stabilogram. The corresponding
two-dimensional representation of the CoP trajectory on the horizontal plane
is also frequently called the statokinesigram. Although these terms are not
used consistently throughout the literature, both representations describe the
continuous corrective activity occurring during standing [28, 30].

Reliable stabilometric assessment requires the experimental conditions to be
carefully standardised. Relevant factors include trial duration, sampling fre-
quency, filtering procedures, foot position, visual target, distance from the
target, footwear, arm position, number of repetitions, and the characteristics
of the support surface. International recommendations indicate that static
stabilometric recordings should last at least 25 seconds and should be acquired
at a sampling frequency of at least 50 Hz, although longer trials or higher
sampling frequencies may be necessary for specific time- or frequency-domain
analyses [31].

1.3.2 Quantitative Parameters Derived from the Stabilogram
Let the sampled CoP trajectory be represented by
T ,
p; =z ul, 1=1,..,N, (1.6)
where z; and y; represent the mediolateral and anteroposterior CoP coordinates,
respectively.
One of the most common measures is the total CoP path length, calculated as

the cumulative Euclidean distance between consecutive samples:

N
L= Z \/(xz —z )+ (g — i) (1.7)

The mean CoP velocity is obtained by dividing the total path length by the
recording duration T}

L
==, 1.
vmcan T ( 8)

Mean velocity reflects the overall amount and rate of corrective postural activity
and is considered one of the most reliable and sensitive conventional stabilometric
measures [30, 32].

Directional variability can be quantified using the root mean square displacement.
For the mediolateral direction,

N
RMS, = > (z,— ) (1.9)

2=
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where

1 N
F=—= (1.10)
S

Similarly, for the anteroposterior direction,

1 o
RMS, = NZ(yﬁy) (1.11)
The displacement range can be calculated separately for each direction:

R, = max(z;) — min(z;), (1.12)

R, = max(y;) — min(y,). (1.13)

These measures describe the maximum spatial excursion of the CoP along the
mediolateral and anteroposterior axes.

The spatial dispersion of the two-dimensional trajectory is frequently represented
by a confidence ellipse. If A; and A, are the eigenvalues of the covariance matrix
of the CoP coordinates, the area of a 95% confidence ellipse can be estimated as

Ags = 7TX%,o.%\/ A1 g (1.14)

where X3 ( o5 is the 95th percentile of a chi-squared distribution with two degrees
of freedom. Different ellipse algorithms and definitions have been adopted in
posturographic studies; therefore, the calculation method should always be
explicitly reported [30, 33].

Additional analyses may include directional sway, mean radial displacement,
sway density, frequency-domain power, mean or median frequency, entropy,
stabilogram-diffusion analysis, and other nonlinear measures. These parameters
provide complementary information about the magnitude, velocity, spatial
organisation, frequency content, and temporal complexity of postural sway.
Although increased path length, velocity, RMS displacement, or ellipse area is
often associated with poorer postural steadiness, CoP magnitude should not
be interpreted as a direct and universal measure of instability. A larger CoP
trajectory may reflect reduced balance control, but it may also indicate an
active exploratory or compensatory strategy. Conversely, reduced sway may
result from increased muscular stiffness or co-contraction rather than more
efficient postural control. The interpretation of stabilometric parameters must
therefore consider the experimental task, sensory conditions, population, and
accompanying physiological measurements.

1.3.3 Complementary Quantitative Measurements

Complementary measurements can be integrated with force-platform stabilome-
try to identify the mechanisms underlying the observed CoP trajectory.
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Electromyography provides information about the timing, amplitude, frequency
content, and coordination of muscle activation. In postural-control experiments,
EMG can identify ankle, hip, and trunk strategies; quantify muscle-response
latency following perturbations; and detect changes in co-contraction or neu-
romuscular recruitment. The simultaneous analysis of CoP and EMG makes
it possible to relate the resulting mechanical sway to the muscular commands
responsible for postural correction.

Motion-capture systems and inertial measurement units provide kinematic
information about body-segment displacement, joint angles, trunk motion, and
approximate CoM behaviour. These measurements are particularly relevant
because similar CoP trajectories may be generated by different combinations of
ankle, hip, trunk, or stepping strategies.

Electroencephalography provides complementary information about cortical
processes associated with sensory integration, attention, error detection, adap-
tation, and motor planning. EEG is especially useful during unpredictable
perturbations, sensory conflict, virtual-reality exposure, and cognitively de-
manding balance tasks. However, because movement-related and muscular
artefacts can strongly affect EEG recordings, its interpretation requires careful
acquisition, preprocessing, and integration with biomechanical measurements.
Consequently, force-platform stabilometry should be considered the primary
quantitative method for characterising postural sway, whereas EMG, kinematic
measurements, inertial sensors, and EEG provide complementary information
about the neuromuscular and neural mechanisms underlying the measured
postural response.

1.4 Aim and Thesis Structure

The primary aim of this thesis is to investigate how postural control is maintained
and adapted under challenging sensory and mechanical conditions, and to
determine whether these mechanisms are altered in individuals with early-stage
Parkinson’s disease. Particular attention is given to the ability to integrate
changing sensory information, generate appropriate postural responses, adapt
to repeated perturbations, and recover once the destabilising condition has
ended.

By integrating complementary measurements, the thesis investigates whether
early-stage Parkinson’s disease is associated with altered postural sway, modified
muscular recruitment, reduced adaptability to changing sensory conditions, or
abnormal cortical organisation during postural challenge. The analysis also
considers how these responses evolve before, during, and after perturbation,
since postural-control impairment may be reflected not only in the magnitude
of instability, but also in the ability to anticipate, adapt to, and recover from
destabilising conditions.

Overall, this thesis aims to characterise postural instability as a multidimensional
alteration arising from the interaction between sensory integration, motor
coordination, and cortical dynamics. The combined analysis of centre-of-pressure
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behaviour, muscle activation, and brain activity is intended to identify subtle
alterations in postural control that may not be detectable through clinical
observation or through a single measurement modality.

Following this introductory chapter, Chapter 2 provides an overview of Parkin-
son’s disease, including its pathophysiology, clinical manifestations, diagnostic
approaches, biomarkers, therapeutic strategies, and the relevance of postural-
control impairment. Chapter 3 describes the experimental procedures, data-
acquisition systems, signal-processing methods, statistical analyses, and ethical
considerations. The subsequent chapters present the experimental studies in-
cluded in the thesis, focusing on biomechanical, neuromuscular, and cortical
responses to postural challenge. The general discussion integrates the findings
across the different measurement modalities, while the final chapters summarise
the principal contributions, limitations, and future perspectives of the work.






Chapter 2

Parkinson’s Disease

Parkinson’s disease (PD) is a progressive neurological syndrome characterized
by both motor and non-motor manifestations. Its typical motor signs include
tremor, rigidity, bradykinesia, stooped posture, slow voluntary movements, and
reduced facial expression. Diagnosis may require time, since early manifestations
can be subtle and may be mistakenly attributed to aging [34]. Globally, PD
represents an increasing clinical burden: disability and mortality associated
with the disease are rising faster than for any other neurological disorder,
and its prevalence has doubled over the past 25 years, with more than 8.5
million people estimated to be living with PD worldwide in 2019 [35]. Although
updated diagnostic criteria have improved clinical accuracy, the identification of
objective parameters for diagnosis, follow-up, and treatment monitoring remains
an important challenge.

PD is a chronic, slowly progressive, and heterogeneous disease affecting motor,
autonomic, behavioral, and cognitive functions. Although it is classically
recognized as a movement disorder, non-motor manifestations may appear
years before motor symptoms and can strongly affect quality of life. For this
reason, PD is now considered a multisystem disorder rather than a purely motor
disease. Clinical progression varies across patients in terms of age at onset,
dominant symptoms, rate of progression, response to dopaminergic therapy,
and development of motor and non-motor complications, supporting the need
for multimodal assessment approaches.

The pathophysiology of PD is mainly associated with progressive dysfunction
of neural circuits involved in motor control. The basal ganglia, including
the caudate nucleus, putamen, and globus pallidus, play a central role in the
planning, initiation, and execution of voluntary movement [36]. In PD, motor
impairment is primarily related to a progressive and permanent reduction in
dopamine production [37]. Dopamine loss, mainly caused by degeneration
of dopaminergic neurons in the substantia nigra pars compacta, disrupts the
balance between direct and indirect basal ganglia pathways and contributes to
bradykinesia, rigidity, tremor, and postural instability.

Another major pathological feature is the abnormal accumulation of alpha-
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synuclein (aSyn). Altered expression, aggregation, or impaired clearance of
aSyn can affect intracellular processes and promote neurodegeneration [38].
For this reason, aSyn has also been investigated as a potential biomarker for
PD [39]. Aggregated aSyn is closely associated with Lewy bodies and Lewy
neurites, which are distinctive neuropathological hallmarks of idiopathic PD
[40].

2.1 Risk Factors and Disease Etiology

The causes of PD are not fully understood and are thought to involve a complex
interaction among genetic susceptibility, aging, sex-related biological factors,
environmental exposures, and lifestyle determinants. Genetic research in PD
began with the identification of mutations in the a-synuclein gene [41]. Later,
rare familial and early-onset forms were associated with mutations in Parkin
(PARK-2), PINK1 (PARK-6), DJ-1 (PARK-7), LRRK2 (PARK-8), and GBA,
which encodes glucocerebrosidase [42-44]. However, most cases are sporadic,
although approximately 20% of patients report a family history of PD.

Aging is the strongest known risk factor. PD prevalence varies according to
age, sex, ethnicity, genetic background, and environmental context [45]. The
disease affects approximately 1-3% of individuals over 60 years of age, and its
global burden is expected to increase substantially with population aging [35].
PD is also considered one of the fastest-growing neurological disorders and a
major cause of disability worldwide [46]. Men are affected more frequently than
women [47, 48], although women may show distinct symptom profiles, mortality
rates, progression patterns, and responses to pharmacological treatment or
deep-brain stimulation [49-51].

Environmental and lifestyle factors may also influence PD risk. Traffic-related
pollution and other environmental pollutants have been associated with in-
creased PD prevalence [52]. Other proposed risk factors include oxidative stress,
traumatic brain injury, dairy product consumption, and higher intake of red
meat, seafood, alcohol, or beverages containing high-fructose corn syrup [53].
Conversely, tobacco smoking and caffeine consumption have shown an inverse
association with PD risk, possibly through monoamine oxidase inhibition and
adenosine receptor antagonism [54]. Physical activity, ibuprofen use, and cal-
cium channel blockers have also been investigated, although their associations
appear less consistent [55]. Overall, PD etiology is multifactorial, and further re-
search is needed to clarify causal mechanisms and improve prevention, diagnosis,
and treatment strategies [56].

2.2 Clinical Manifestations

PD is clinically characterized by heterogeneous motor and non-motor symptoms.
The cardinal motor manifestations include bradykinesia, resting tremor, rigidity,
and, in more advanced stages, postural instability [57]. Symptoms are often
asymmetric at onset, with one side of the body more affected than the other
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[58]. Bradykinesia, defined as slowness in voluntary movement execution, is
one of the most disabling symptoms of PD [59, 60], whereas akinesia refers to
difficulty initiating spontaneous movements [61, 62]. Resting tremor is common
but not universal, may be asymmetric, and can vary during disease progression
[63—-66]. Rigidity consists of involuntary increased muscle tone and may affect
the limbs, neck, or trunk [63-66].

Postural instability typically emerges later and primarily affects axial control [67-
69]. It is associated with impaired postural reflexes, reduced balance recovery,
and increased fall risk. Gait disturbances include reduced arm swing, flexed
posture, shortened stride length, impaired turning, and freezing of gait [69-71].
Freezing is a major contributor to falls [72]. In advanced disease, patients
may also develop motor fluctuations, such as wearing-off, nocturnal akinesia,
unpredictable off phases, and motor blocks [73]. Dyskinesias are involuntary
movements commonly related to long-term levodopa therapy [74, 75].
Non-motor symptoms are also central to PD and may precede motor signs by
several years. They include autonomic dysfunction, olfactory impairment, sleep
disorders, mood and anxiety disturbances, cognitive impairment, fatigue, pain,
and speech or swallowing problems [76-79]. Speech impairment may include
hypophonia, reduced modulation, monotone speech, or altered speech rhythm
[76-79], while dysphagia usually occurs later and may increase aspiration
and pneumonia risk [80]. Autonomic dysfunction may include orthostatic
hypotension [81, 82], and olfactory dysfunction often precedes motor symptoms
[76-79]. Sleep disorders, including insomnia, excessive daytime sleepiness, and
REM sleep behavior disorder, are frequent [76-79]; insomnia may be related to
nocturnal rigidity and bradykinesia [83], while excessive daytime sleepiness can
strongly affect daily functioning [84]. Depression and anxiety are also common
[85-87]. Cognitive impairment can involve attention, visuospatial abilities, and
executive functions [86, 87]; when it appears within one year of motor onset,
Lewy body disease should be considered [88, 89]. Fatigue and pain further
contribute to disease burden [74].

2.3 Diagnosis, Staging, and Clinical Assessment

2.3.1 Clinical Diagnosis and Disease Staging

PD was first described by James Parkinson in 1817 as “shaking palsy”, and
the term Parkinson’s disease later entered clinical use through Jean-Martin
Charcot and the Salpétriere school [90, 91]. Although the main clinical signs
had long been recognized, formal diagnostic criteria were introduced only in
the late twentieth century, before which diagnostic accuracy was limited [92].
The first widely used criteria were the United Kingdom Parkinson’s Disease
Society Brain Bank criteria [93], followed by criteria proposed by Gelb and
colleagues based on clinically possible and clinically probable PD [94]. In
2015, the Movement Disorder Society introduced updated criteria defining
Parkinsonism as bradykinesia combined with rest tremor, rigidity, or both,
with diagnosis based on supportive criteria, absolute exclusion criteria, and red
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flags [95]. These criteria define clinically established and clinically probable
PD and improve diagnostic assessment by integrating motor and non-motor
manifestations [96].

PD staging is commonly based on clinical observation, with the Hoehn-Yahr
system primarily describing disease severity according to motor manifestations
[97, 98]. Disease progression can be broadly divided into pre-clinical, prodromal,
early, middle, and advanced stages. The early stage may include mild tremor,
slight gait difficulty, unilateral symptoms, and reduced facial expression, usually
without major interference with daily life [98]. The middle stage is associated
with greater balance and coordination impairment, while the advanced stage is
characterized by severe disability and major difficulties in standing and walking
[98].

2.3.2 Clinical and Functional Assessment

Clinical and functional tests are used to evaluate mobility, balance, endurance,
resistance, and flexibility in PD [99]. These include balance scales, gait tests,
endurance tests, strength assessments, and flexibility measures. Overall, these
tools support a multidimensional characterization of gait, balance, and physical
function, but may not fully capture subtle postural-control alterations.

2.3.3 Biomarkersand and Instrumental Assessment

Biomarkers are useful for investigating predisposition to PD, supporting diag-
nosis, evaluating prognosis, and monitoring disease progression [100]. Biological
samples such as blood, urine, and skin are potential sources of biochemical
biomarkers [101]. Biomarkers are objectively measured indicators of biological
or pathological processes and may be classified as trait, state, or rate biomarkers
(100, 102]. Biomarker development may follow candidate-based or unbiased
discovery approaches [100]. Among the most studied biomarkers in PD is
a-synuclein [103, 104], whose relevance is supported by its role in PD genetics
and neuropathology [41].

Non-invasive neuroimaging techniques provide information about brain structure
and function [105]. In PD, PET, SPECT, MRI, and EEG are commonly
used to investigate structural, functional, and neurophysiological alterations
[106]. PET can support diagnosis and estimate disease progression using
radioactive tracers, while SPECT and DaTscan can assess dopamine transporter
availability and dopaminergic integrity [106, 107]. Although DaTscan is not
required in all patients, it may be useful when symptoms overlap with other
neurological disorders or treatment response is unclear [107]. MRI may detect
structural changes suggestive of Parkinsonian pathology [106]. EEG can detect
neurophysiological alterations, and Waninger et al. reported differences between
PD patients and controls in the anterior cingulate and temporal lobe, with beta-
coherence alterations correlated with UPDRS scores and dopamine transporter
activity [108].
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2.3.4 Assessment Across Disease Progression

Because the clinical manifestations and assessment priorities of PD evolve
throughout the disease course, no single examination can adequately charac-
terize all phases of the disorder. Clinical evaluation and standardized rating
scales remain central, but additional assessments may be required according
to the presence of prodromal manifestations, diagnostic uncertainty, postural
instability, motor complications, cognitive decline, autonomic dysfunction, or
swallowing impairment. Table 2.1 summarizes the main clinical and instru-
mental assessments used across the progression of PD, distinguishing routinely
performed evaluations from symptom-driven examinations and methods that are
currently used mainly in research. The reported disease phases and Hoehn—Yahr
stages should be regarded as approximate clinical categories, since progression
is heterogeneous and individual assessments are not restricted to a single stage.

Table 2.1: Clinical and instrumental assessments across Parkinson’s
disease progression. The table summarizes the clinical manifestations and
the main assessments used throughout the progression of Parkinson’s disease.
Hoehn—Yahr stages are approximate indicators of motor disability and do not
represent rigid boundaries between disease phases.

Disease Typical clini- Main clinical assess- Additional, instru-
phase and cal presenta- ments mental, or research
approxi- tion assessments

mate stage

At-risk or  No clinically de- Medical and family Longitudinal neurologi-
preclinical  tectable parkin- history, neurological cal monitoring, molecu-
H&Y not sonism. In- examination, genetic lar imaging, advanced
applicable creased risk may counselling, and tar- MRI, and a-synuclein

be associated
with pathogenic
genetic variants,
family history,
environmental
exposure, or bio-
logical markers.

geted genetic testing
in selected familial or
early-onset cases.

seed-amplification as-
says in cerebrospinal
fluid or peripheral tis-
sues. Biological staging
systems are currently
intended primarily for
research rather than
routine population
screening {109, 110].

Continued on the next page
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Table 2.1 continued from the previous page

Disease Typical clini- Main clinical assess- Additional, instru-
phase and cal presenta- ments mental, or research
approxi- tion assessments

mate stage

Prodromal Possible REM Targeted clinical his-  Video-

H&Y not sleep behaviour tory, neurological polysomnography for

applicable disorder, hypos- examination, non- suspected REM sleep

mia, constipa-
tion, autonomic
dysfunction,
mood distur-
bances, or subtle
motor abnor-
malities with-
out established
parkinsonism.

motor symptom ques-
tionnaires, olfactory
testing, REM sleep
behaviour disorder
screening, orthostatic
blood pressure mea-
surement and brief
cognitive assessment.

behaviour disorder,
formal autonomic test-
ing, and DAT-SPECT
in selected diagnosti-
cally uncertain cases.
Research approaches
include the MDS pro-
dromal probability
criteria, digital assess-
ment of gait, voice,
sleep, and movement,
and a-synuclein assays
[109, 111, 112].

Early clini-
cally mani-
fest PD
Approxi-
mately H&Y
1-2

Unilateral or
bilateral bradyki-
nesia, rigidity,
and/or resting
tremor without
clinically evident
postural insta-
bility. Activities
of daily living
are generally
preserved.

Clinical evaluation ac-
cording to the MDS
diagnostic criteria,
MDS-UPDRS, Hoehn—
Yahr staging, assess-
ment of treatment
response, non-motor
symptoms, activities of
daily living, and cog-
nitive screening such
as the MoCA [95, 113,
114].

Structural MRI for dif-
ferential diagnosis and
DAT-SPECT when the
diagnosis remains un-
certain. Functional as-
sessments may include
the Timed Up and Go,
10-Metre Walk Test,
and Mini-BESTest.
Research approaches
include force-platform
posturography, centre-
of-pressure analysis,
instrumented gait,
wearable sensors, sur-
face EMG, and EEG
during motor or postu-
ral tasks [112, 115].

Continued on the next page
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Table 2.1 continued from the previous page

Disease
phase and
approxi-
mate stage

Typical clini-
cal presenta-
tion

Main clinical assess-
ments

Additional, instru-
mental, or research
assessments

Middle or  Bilateral mo- Repeated MDS— ON/OFF and dyskine-
moderate tor involvement UPDRS and Hoehn—  sia diaries, orthostatic
PD with emerging Yahr assessment, eval- blood-pressure assess-
Approxi- postural insta- uation in defined med- ment, neuropsycholog-
mately H&Y  Dbility, impaired  ication states, fall ical evaluation, and
2.5-3 balance, falls, history, Timed Up and speech and swallow-
freezing of gait, Go, Mini-BESTest or  ing screening. FEES
increasing activ- Berg Balance Scale, or VFSS may be per-
ity limitations,  Freezing of Gait Ques- formed when dyspha-
and possible mo- tionnaire, activities-of- gia is suspected. In-
tor fluctuations daily-living scales, and strumental approaches
or dyskinesias. quality-of-life question- include continuous
naires [113, 114]. wearable monitoring,
posturography, gait
analysis, stride variabil-
ity, trunk stability, and
quantitative muscle-
activation assessment
[112, 115, 116].
Advanced Severe mobil- MDS-UPDRS, includ- Screening for advanced

or complex
PD
Frequently
H&Y 4-5

ity impairment,
recurrent falls,
freezing, pro-
longed OFF
periods, trouble-
some dyskine-
sias, cognitive
or psychiatric
complications,
autonomic dys-
function, dyspha-
gia, and increas-
ing caregiver
dependence.

ing Part IV, Hoehn—
Yahr stage, Schwab
and England Activ-
ities of Daily Living
Scale, PDQ-39, motor-
fluctuation diaries,
medication review, and
cognitive, psychiatric,
nutritional, falls, and
caregiver assessments

[113, 114].

therapies using indica-
tors such as the 5-2-1
criteria, levodopa chal-
lenge, multidisciplinary
neurological, neuropsy-
chological, and neu-
rosurgical assessment,
and MRI for deep-
brain-stimulation plan-
ning. FEES or VFSS
may be used for dys-
phagia, whereas home-
based technologies

can monitor ON/OFF
periods, dyskinesias,
freezing, falls, sleep,
and daily mobility
[112, 116, 117].
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Abbreviations: DAT-SPECT, dopamine-transporter single-photon emission computed tomog-
raphy; EEG, electroencephalography; EMG, electromyography; FEES, fibreoptic endoscopic
evaluation of swallowing; H&Y, Hoehn—Yahr; MDS-UPDRS, Movement Disorder Society—
Unified Parkinson’s Disease Rating Scale; MoCA, Montreal Cognitive Assessment; MRI,
magnetic resonance imaging; PDQ-39, 39-item Parkinson’s Disease Questionnaire; VEFSS,
videofluoroscopic swallowing study.

Note: Assessments are not exclusive to a single disease phase and should be selected according
to the patient’s clinical presentation. Clinical examination and longitudinal reassessment re-
main central throughout the disease course. Imaging, biological biomarkers, neurophysiological
recordings, and digital measures are generally used for differential diagnosis, symptom-specific
evaluation, treatment selection, or research purposes.

As summarized in Table 2.1, clinical examination and standardized scales provide
the foundation for diagnosis and longitudinal monitoring, whereas neuroimaging,
biological biomarkers, neurophysiological recordings, and digital technologies
generally provide complementary information to support diagnosis, character-
ize disease progression, and quantify treatment-related or functional changes.
Overall, the assessment of PD becomes progressively more multidimensional as
motor, cognitive, autonomic, and functional complications emerge.

2.3.5 Therapeutic Approaches

Current PD treatments include supportive care, physical and occupational ther-
apy, pharmacological treatment, and surgery. Levodopa®, or L-dopa, remains
the main pharmacological treatment and aims to compensate for dopamine defi-
ciency in the striatum. Most patients respond well to treatment [118], although
treatment may become less effective over time, with increasing disability and
reduced independence [119]. Nevertheless, newer therapeutic protocols have
improved the quality of life for many patients with PD [118].

2.4 Postural Control Impairment in Early-Stage
Parkinson’s Disease

Although postural instability is traditionally associated with more advanced
stages of PD, subtle alterations in balance regulation may already be present
in early-stage disease. Patients in the first years of the disease may show
inefficient motor coordination, reduced ability to adapt postural strategies,
and difficulties maintaining the base of support under destabilizing conditions.
These impairments may contribute to balance loss and falls even before the
development of severe postural instability or before reaching Hoehn-Yahr stage
III [120].

Early postural impairment may also involve inefficient ankle and hip strategies,
suggesting compromised vestibular, proprioceptive, and sensorimotor integra-
tion mechanisms. Sensitive multimodal assessment protocols may therefore
help identify subtle postural-control deficits and support targeted rehabili-
tation strategies. Interventions addressing postural weakness and impaired
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sensory integration may contribute to compensating for altered vestibular and
sensorimotor control mechanisms in PD [121].

Taken together, these findings indicate that postural-control alterations are
clinically relevant even in early-stage PD, before severe balance disability
becomes evident. Since conventional clinical scales may not fully capture
subtle changes in balance regulation, instrumental assessment can provide
complementary information on motor strategies, neuromuscular activation, and
cortical involvement during postural tasks. For this reason, the following chapter
introduces the main instrumental approaches used for early-PC assessment,
including center of pressure, electromyography, and electroencephalography.






Chapter 3

BioVRSea: A Multimodal
Paradigm for Quantitative
Postural-Control Assessment

3.1 The BioVRSea Paradigm

The methodological foundations of the BioVRSea system originate from earlier
investigations of postural control in which balance perturbations were induced
through vibratory proprioceptive stimulation of the calf muscles while postural
sway and cortical activity were recorded synchronously [122, 123]. In these stud-
ies, participants stood on a force platform while repeated mechanical vibrations
challenged the proprioceptive contribution to upright stance. This experimental
framework made it possible to characterise postural adaptation, defined as
the initial modification of the motor response following the introduction of a
perturbation, and habituation, reflected by the progressive adjustment of the
response during repeated stimulation. Changes in postural performance were
quantified through force-platform measurements, while electroencephalography
was used to investigate the corresponding variations in cortical activity.

The first investigation combined posturographic measurements with high-density
EEG spectral analysis, demonstrating that adaptation and habituation to re-
peated proprioceptive perturbations were accompanied by changes in cortical
spectral power. The results also showed that visual information substan-
tially influenced cortical recruitment: the eyes-open condition produced more
widespread changes in EEG spectral power than the eyes-closed condition during
both adaptation and habituation [122]. A subsequent EEG source-connectivity
investigation extended these findings by examining the functional organisa-
tion and dynamic reconfiguration of the cortical networks involved in postural
control. In the alpha band, the eyes-open condition was characterised predomi-
nantly by stronger frontal connectivity, whereas the absence of visual cues was
associated with greater recruitment of right temporo-parietal and sensorimotor
regions. Furthermore, the flexibility of cortical regions surrounding the right



CHAPTER 3. BIOVRSEA: A MULTIMODAL PARADIGM FOR
24 QUANTITATIVE POSTURAL-CONTROL ASSESSMENT

temporo-parietal junction was associated with the complexity of postural sway,
highlighting the importance of dynamic cortical reconfiguration in balance
regulation [123].

Building on the methodological and physiological findings of both investigations
[122, 123], the novel BioVRSea setup extends the study of postural adapta-
tion from an isolated proprioceptive perturbation to a controlled multisensory
environment. The system combines immersive virtual reality (VR) with a
moving platform to reproduce controlled sea-motion conditions and evaluate
postural-control responses during the simultaneous manipulation of visual,
vestibular, and somatosensory information, as shown in Fig. 3.1. The moving
platform generates controlled mechanical perturbations, while the immersive
visual environment reproduces the perception of being on a small boat, creating
a sensory-conflict condition that resembles exposure to maritime motion.
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Figure 3.1: Schematic representation of the BioVRSea experimental
setup and protocol. Participants stood on the instrumented moving platform
while wearing a virtual-reality headset and multimodal acquisition equipment.
The protocol included a 105-s baseline with a static mountain scene, a 15-s
white-screen transition, and a 40-s pre-motion phase with sea visualization and
no platform movement. This was followed by three 40-s motion phases at 25%,
50%, and 75% intensity and a final 40-s post-motion phase with the platform
stationary. EEG, heart-rate, and EMG recordings began at baseline, while
force-platform acquisition started during the pre-motion phase.

One of the first functional applications of BioVRSea involved North Atlantic
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sailors. In this context, the system was not employed as a training platform,
but as an experimental paradigm to investigate postural-control adaptation
in individuals routinely exposed to demanding maritime conditions. Owing
to their professional experience and repeated exposure to sea motion, sailors
represented a highly adapted reference population for evaluating the postural
responses elicited by the simulated maritime environment. This application
therefore provided an initial demonstration of the ability of BioVRSea to char-
acterise postural adaptation strategies under ecologically relevant multisensory
perturbations.

3.1.1 Motion Sickness and Sensory-Conflict Framework

Following the initial maritime application, BioVRSea was further adapted as
an experimental paradigm for the evaluation of motion sickness and postural
control in the general population. Motion sickness is a common condition
experienced during passive transportation and is generally described as a
sensation of sickness or discomfort, with symptoms such as nausea, vomiting,
sweating, facial pallor, and dizziness. According to the sensory-conflict theory,
motion sickness can arise from a mismatch between visual, vestibular, and
somatosensory inputs [124, 125]. This mismatch may occur during passive
locomotion, such as travelling by car or boat, when vestibular information
does not correspond to the expected visual input. A similar conflict can also
be induced in VR environments, where visual motion is perceived while the
vestibular system does not provide a corresponding motion signal.

Within the BioVRSea paradigm, sensory conflict is experimentally reproduced
by combining sea-wave visual stimulation with controlled platform motion. The
virtual environment and moving platform can be configured by the operator
according to the experimental protocol. Simulated sea-wave frequencies can be
adjusted between 0.5 and 3 Hz, while the wave-amplitude setting can be varied
from 0 to 2. The intensity of the corresponding physical platform movement can
be scaled up to 75% or 100% of the maximum available motion. Physiological
responses are acquired through a synchronized multimodal recording system
comprising a 64-channel EEG system for cortical activity, six wireless surface
EMG sensors for bilateral lower-limb muscle activity, and a force platform
for the measurement of CoP displacement. The EMG sensors are distributed
bilaterally over the tibialis anterior, lateral gastrocnemius, and soleus muscles,
allowing the muscular responses of both legs to be monitored throughout the
experimental conditions. This integrated acquisition system enables the simul-
taneous evaluation of the temporal evolution of cortical, neuromuscular, and
postural responses. The configuration of the EEG, EMG, and CoP acquisition
systems and the corresponding sensor placement are illustrated in Fig. 3.2.
Previous studies have also reported associations between motion-sickness severity
and physiological biosignals, including EEG, skin conductance, heart rate,
blood pressure, and body temperature [126]. Therefore, BioVRSea allows
motion-sickness symptoms to be evaluated alongside postural-control responses
and biosignal dynamics, supporting the construction of individualized multi-
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Figure 3.2: BioVRSea multimodal acquisition system and sensor place-
ment. Anterior and posterior views illustrate the 64-channel EEG cap worn
together with the virtual-reality headset, the bilateral placement of six wire-
less surface EMG sensors over the tibialis anterior, lateral gastrocnemius, and
soleus muscles, and the force-platform measurement of centre-of-pressure (CoP)
displacement. The EEG amplifier and wireless EMG acquisition unit are also
shown.

metric profiles that integrate lifestyle information, symptom reports, participant
characteristics, and objective physiological features.

The experimental protocol, schematically represented in Fig. 3.3, was divided
into six consecutive segments: baseline (BL), pre-phase (PRE), three moving-
platform phases corresponding to 25%, 50%, and 75% of the maximal wave
amplitude, and post-phase (POST). During BL, participants stood quietly on
the platform, with their arms relaxed at their sides, while observing a static
mountain-view scene, with the platform still. This phase was followed by PRE,
during which participants continued standing without holding the support bars
while observing the sea-wave visual simulation. During this phase, the platform
remained still, and only visual stimulation was provided.

After the initial visual-stimulation phase, participants were instructed to hold
onto the bars positioned in front of them. The platform then started to move
in synchrony with the sea-wave scene displayed in the VR goggles, producing
combined visual and motor stimulation. Platform movement was progressively
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Figure 3.3: Schematic representation of the BioVRSea experimental
protocol. The protocol consists of baseline (BL), pre-phase (PRE), three
moving-platform phases corresponding to 25%, 50%, and 75% of the maximal
wave amplitude, and post-phase (POST). The three moving-platform stimulation
phases are collectively referred to as the MOV phase.

increased across three consecutive stimulation phases corresponding to 25%, 50%,
and 75% of the maximal wave amplitude, each lasting 40 seconds. These three
moving-platform phases are collectively referred to as the MOV phase. During
this central part of the protocol, participants held the bars while continuing to
observe the sea simulation.

At the end of the 75% phase, the platform motion ceased, and the POST
phase began. Participants were asked to release the bars, relax their arms
along their bodies, and remain standing as still as possible for the final 40
seconds of the experiment. During this phase, the sea-wave visual stimulus
continued while the platform remained still, allowing the assessment of postural
readaptation immediately after motor stimulation. The PRE and POST phases
were particularly relevant for evaluating how different populations maintained
unassisted standing under sensory-conflict conditions before and after exposure
to the complex postural-control task generated by the combined moving platform
and VR scene [127].

Throughout the protocol, multiple biosignals were recorded, including EEG,
EMG, CoP, and cardiac activity. This design allows the assessment of postural
responses during static visual exposure, visual sensory conflict, combined visual-
motor stimulation, and postural readaptation after platform motion. Several
recent studies have highlighted the relevance of the BioVRSea setup for cohort
differentiation and pathological assessment [128, 129].

Questionnaire Before the experimental session, each participant completed
a structured questionnaire designed to collect demographic, clinical, lifestyle,
neurological, motion-sickness-related, and family-history information. The ques-
tionnaire included general background variables such as age, gender, height,
weight, handedness, physical activity, nicotine use, caffeine intake, alcohol
consumption, self-perceived health status, visual impairments, restricted mobil-
ity, vestibular or dizziness-related disorders, migraine, hypertension, previous
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motion sickness, family history of migraine or motion sickness, and current
medication use. Participants also answered questions adapted from Golding’s
Motion Sickness Susceptibility Questionnaire (MSSQ) [130], which assessed pre-
vious experiences of motion sickness across different transport and recreational
conditions, including cars, buses, trains, aircraft, small boats, ships, playground
swings, roundabouts, and funfair rides.

Based on the questionnaire responses, several descriptive indices previously
applied in studies using the BioVRSea system can be derived [129]. The
Lifestyle Index summarizes general lifestyle and health-related factors, including
Body Mass Index (BMI), physical activity, and nicotine, caffeine, and alcohol
consumption, all of which may influence overall physiological condition. The
Proneness Index quantifies individual susceptibility to motion sickness by consid-
ering how frequently participants reported feeling sick or nauseated in different
transport and recreational situations. In addition, symptom changes induced
by the VR exposure can be summarized using indices calculated from the differ-
ence between symptom ratings collected before and after the experiment. The
Physiological/ Vegetative (PHY) index is based on symptoms mainly related to
autonomic responses, including general discomfort, increased salivation, sweat-
ing, and nausea. The Neurological/Muscle Strain (NEURO) index includes
symptoms more closely related to neurological or strain-related responses, such
as general discomfort, fatigue, headache, blurred vision, and dizziness.
Immediately before and after exposure to the BioVRSea virtual-reality environ-
ment, participants rated their current symptoms using a four-point severity scale
ranging from 0 to 3, corresponding to no symptoms, mild symptoms, moderate
symptoms, and severe symptoms. The assessed symptoms included general
discomfort, fatigue, headache, eye strain, difficulty concentrating, increased
salivation, sweating, nausea, blurred vision, and dizziness. These pre—post
ratings can also be used to calculate the BioVRSea Effect Index (BVSEI), which
quantifies whether participants experienced one or more symptom changes
following the VR simulation. This index allows participants to be classified
according to the presence or absence of a measurable subjective response to the
BioVRSea stimulation.

Although motion-sickness-related indices are not the primary focus of the present
thesis, they provide relevant contextual information for the interpretation of
individual responses to the BioVRSea paradigm and have been used in previous
studies involving this system. This information is particularly relevant when
studying populations with neurological or neurodegenerative conditions, in
which altered sensory integration and impaired postural stability may influence
both balance control and subjective symptom responses during visually and
mechanically demanding tasks.

3.1.2 Initial Application in Seafarers

The first application of the BioVRSea paradigm was conducted in seafarers,
a population repeatedly exposed to unstable support surfaces and complex
visual, vestibular, and somatosensory demands. This study was first presented
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at the CMBBE 2024 Symposium and subsequently expanded in the IEEE
MetroXRAINE 2025 proceedings. In this thesis, the study serves as the ini-
tial functional application of BioVRSea, demonstrating that the paradigm
can detect postural control adaptation in individuals exposed to challenging
real-world environments. Since the experiment reproduced boat-like motion
through the combined use of virtual reality and a moving platform, professional
sailors provided an ecologically relevant reference population. Their extensive
experience and training in unstable maritime environments allowed them to
serve as a high-performance benchmark for postural adaptation, offering a more
informative comparison than healthy controls without specific exposure to such
conditions.

The study compared 21 male sailors with a matched group of 21 healthy male
controls. The sailors had spent three weeks at sea and were tested immediately
upon returning to shore, allowing assessment of postural responses following
recent and prolonged maritime exposure. The control subgroup was selected
from a larger cohort of healthy participants using Mahalanobis distance matching
based on height, weight, and body mass index to reduce potential anthropometric
bias between groups. All participants had no history of neurological conditions
or balance disorders.

Center-of-pressure analysis showed that seafarers exhibited a more dynamic
postural control profile than healthy controls. As illustrated in Fig. 3.4, the
mean CoP ellipses differed between groups during both the adaptation and
habituation phases, with the major axis reflecting anteroposterior sway and the
minor axis reflecting mediolateral sway.
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Figure 3.4: Center-of-pressure ellipses in the initial seafarer application
of BioVRSea. Mean CoP ellipses are shown for healthy controls and sailors
during the adaptation and habituation phases. The major axis represents
anteroposterior sway, whereas the minor axis represents mediolateral sway.
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During the adaptation phase, sailors showed higher total excursion and mean
velocity in the anteroposterior direction, together with increased entropy and
complexity measures. These findings suggest that the greater sway observed in
sailors should not be interpreted simply as impaired stability, but rather as a
flexible postural strategy shaped by repeated exposure to unstable maritime
environments. Electromyographic analysis provided complementary evidence
of neuromuscular adaptation. Although several EMG features showed trends
toward significance before correction, only the skewness of the right soleus
during the adaptation phase remained statistically significant after Bonferroni
correction. As shown in Fig. 3.5, sailors displayed more positive skewness
values than healthy controls. Since positive skewness indicates predominantly
low-intensity activity interrupted by occasional high-intensity bursts, this result
suggests a selective, ankle-based strategy rather than generalized lower-limb
overactivation. Overall, the seafarer study provided an initial demonstration
that BioVRSea is sensitive to experience-dependent postural-control strategies.
Importantly, the findings indicate that increased sway is not necessarily patho-
logical, but may reflect adaptive flexibility when it occurs in individuals trained
by repeated exposure to unstable environments. This observation was impor-
tant for the subsequent clinical application of BioVRSea because it established
the paradigm as a multimodal framework capable of distinguishing adaptive
postural strategies from altered or constrained postural responses, such as those
investigated later in Parkinson’s disease.
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Figure 3.5: Right soleus skewness during the adaptation phase. Box-
plots show the distribution of right soleus EMG skewness in healthy controls
and sailors. Sailors showed higher skewness values, suggesting a pattern of
low-intensity background activity combined with intermittent high-intensity
corrective bursts during BioVRSea stimulation.
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3.1.3 Data Acquisition
3.1.3.1 Virtual Reality System

The virtual environment was generated using software from Virtualis (Clapiers,
France) and displayed through VIVE Focus VR goggles (HTC, New Taipei,
Taiwan). The VR scenarios were designed to provide controlled visual stimu-
lation during the different phases of the BioVRSea protocol. The VR goggles
allowed participants to experience the visual scene immersively while maintain-
ing a standing posture on the platform. Head motion was tracked through
the headset’s integrated sensors, enabling real-time interaction with the virtual
environment and preserving the natural relationship between head movements
and visual perspective.

3.1.3.2 Electroencephalography

EEG data were recorded using a 64-channel WaveGuard EEG cap (CA-201;
ANT Neuro, Hengelo, The Netherlands) connected to the ANT Neuro eego
amplifier (EE-2XX; ANT Neuro, Hengelo, The Netherlands), as shown in
Fig 3.6a. Signals were acquired with a sampling frequency of F, = 4096 Hz.
Electrode placement followed the international 10-10 system (Fig. 3.6b).

(a) EEG setup (b) Channels location

Figure 3.6: EEG acquisition system and electrode montage. (a) EEG
recording setup including the electrode cap, acquisition unit, and computer
interface used for real-time monitoring of the recorded signals. (b) Spatial
distribution of the EEG electrodes according to the extended 10-10 system,
showing the left and right hemispheric positions and the mastoid electrodes M1
and M2.

The EEG cap was connected to the amplifier, which interfaced with a tablet
for data acquisition. The amplifier design supports reliable coupling between
the cap and the recording system through very high input impedance (> 1 GQ)
and active shielding technology. These features allow stable EEG recording
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even when electrode—scalp impedance values are relatively high. Electrode
contact was ensured by applying conductive gel to each electrode using a
blunt-needle syringe, in order to reduce impedance between the scalp and the
electrodes. Electrode impedances below 40 k2 were considered acceptable for
data acquisition. This threshold is consistent with the specifications of the ANT
Neuro eego amplifier used in the BioVRSea setup, for which high-quality EEG
signals can be maintained even at relatively high impedance levels [131]. In
addition, the preprocessing pipeline was designed to attenuate noise related to
electrode-contact variability, ensuring that data quality remained adequate for
subsequent analyses, including source reconstruction.

Processing A standardized preprocessing pipeline was applied across all EEG
studies to improve signal quality while preserving physiologically relevant neural
activity. EEG preprocessing was performed using the EEGLAB MATLAB
toolbox. The pipeline aimed to reduce non-neural contributions, including ocular
artifacts, movement-related noise, and power-line interference. Each recording
was visually inspected to ensure signal quality and to adapt preprocessing
steps when required. EEG recordings were downsampled from the original
acquisition frequency to 1024 Hz. Signals were then band-pass filtered between
1 and 45 Hz to retain the frequency components of interest while removing
slow signal drifts and high-frequency noise. Channels exhibiting abnormal
activity, including flat signals or low correlation (< 60%) with neighboring
channels, were identified and removed. Initial artifact attenuation was performed
using the Artifact Subspace Reconstruction (ASR) algorithm [132]. Following
artifact reduction, Independent Component Analysis (ICA) was performed
using the PICARD algorithm [133]. This approach was selected because of
its robustness and computational efficiency when processing high-density EEG
recordings acquired during dynamic experimental conditions. Independent
components associated with non-neural sources, including ocular and muscular
artifacts, were identified and rejected. Previously removed noisy channels were
subsequently reconstructed through interpolation. Mastoid electrodes (M1 and
M2), together with PO5 and POG6 electrodes, which were more susceptible
to neck-related muscular activity during postural tasks, were excluded from
further analyses. Finally, EEG data were interpolated to a common 61-channel
configuration and re-referenced using the average reference method. After
preprocessing, EEG signals were analyzed using complementary approaches in
both the temporal and spectral domains. Time-domain analyses were performed
to investigate variations in signal amplitude, temporal dynamics, and EEG
microstate characteristics, whereas frequency-domain analyses were conducted
to characterize oscillatory activity within conventional EEG frequency bands,
including delta, theta, alpha, beta, and gamma ranges. Analyses were performed
both at the single-electrode level and by grouping electrodes according to their
corresponding cortical regions, allowing the investigation of localized and region-
specific patterns of neural activity. Table 3.1 summarizes the EEG frequency
bands and cortical regions considered in this thesis.
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Table 3.1: EEG frequency bands and cortical regions. Summary of the
functional relevance of the EEG frequency bands and cortical regions considered
in the analyses.

Name Significance

FREQUENCY BANDS

DELTA The slowest EEG activity, predominantly associated with deep sleep and
large-scale cortical synchronization. During wakefulness, delta activity may
reflect slow regulatory processes, attentional engagement, and the integration
of internal and external information. Interpretation during postural tasks
requires caution because this frequency range can also be influenced by eye
movements, body movement, and signal drift.

THETA Associated with working memory, cognitive control, error monitoring, emo-
tional processing, and spatial orientation. Increased theta activity may
indicate greater cognitive effort and attentional demand during challenging
balance conditions or during the adaptation to unfamiliar sensory environ-
ments.

ALPHA Prominent during relaxed wakefulness, particularly with the eyes closed.
Alpha activity is involved in cortical inhibition, sensory gating, and the
regulation of attentional resources. Alpha suppression, or desynchronization,
is commonly associated with increased visual, cognitive, and sensorimotor
engagement during postural control.

BETA Associated with active cortical processing, sustained attention, motor plan-
ning, and the maintenance of the current sensorimotor state. Changes in beta
synchronization and desynchronization are related to movement preparation,
movement execution, and the cortical regulation of postural adjustments.

LOW GAMMA Higher-frequency activity associated with local cortical processing, mul-
tisensory integration, feature binding, and the coordination of complex
sensorimotor information. Low-gamma modulation may reflect the integra-
tion of visual, vestibular, and proprioceptive inputs during dynamic postural
control, although this band is particularly sensitive to contamination from
cranial and neck-muscle activity.

CORTICAL REGIONS

FRONTAL Higher-order cognitive functions, including attention, planning, judgment,
inhibition, emotional regulation, and executive control

TEMPORAL R&L Associative functions, including memory processing, emotion, and auditory-
related processing

PARIETAL Somatosensory processing and integration of sensory information from mus-
cles and skin
OCCIPITAL Visual processing and visual association functions involved in object recogni-

tion and spatial interpretation

The investigated frequency bands represent different components of neural oscil-
latory activity associated with distinct functional processes, including slow-wave
activity (delta), cognitive and sensorimotor processing (theta and alpha), active
cortical engagement (beta), and higher-frequency integration processes (gamma).
Cortical regions were grouped into frontal, temporal, parietal, and occipital
areas to evaluate activity associated with executive processing, associative
functions, somatosensory integration, and visual processing, respectively.

3.1.3.3 Electromyographic Data Acquisition and Pre-Processing

Lower-limb muscle activity was recorded using six wireless KineLive EMG
sensors (Kiso ehf, Reykjavik, Iceland), sampled at F, = 1600 Hz, as shown in
Fig. 3.7a. Sensors were positioned bilaterally over the tibialis anterior (TA),
gastrocnemius lateralis (GL), and soleus (S) muscles, resulting in recordings
from the right and left TA, GL, and S muscles (Fig. 3.7b). These muscles were
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selected because of their role in ankle stabilization and postural control during
quiet standing and platform-induced perturbations. The sensors were placed
on the skin surface over the corresponding muscle bellies to capture activation
patterns associated with postural adjustments across the experimental protocol.
The EMG signals were divided into four experimental phases: BL, PRE, MOV,
and POST, based on predefined time intervals.
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(a) Wireless surface electromyogra- (b) Lower-leg muscles monitored during elec-
phy acquisition system tromyographic recording

Figure 3.7: EMG acquisition system and sensors placement. (a) The
image shows the Kine wireless EMG device and sensor units used for recording
lower-limb muscle activity during the experimental protocol. (b) The tibialis
anterior, gastrocnemius lateralis, and soleus are highlighted, with white markers
indicating approximate electrode placement sites.

Processing EMG data processing was performed in MATLAB. Signals were
bandpass filtered using a fourth-order Butterworth filter (20-500 Hz) to retain
the relevant neuromuscular frequency components. Power line interference and
its harmonics at 50 Hz were attenuated using a series of notch filters. Amplitude
thresholding was then applied to identify and remove extreme values, and spline
interpolation was used to reconstruct missing segments.

The processed EMG signals were rectified, and a 100-ms moving window was
used to compute the root mean square envelope. Normalization was per-
formed by scaling both the filtered and enveloped signals to the maximum
peak amplitude observed across all phases for each subject and muscle. This
approach ensured comparability between phases while preserving within-subject
variability.

Finally, time-domain and frequency-domain features were extracted from the
preprocessed signals to characterize muscular responses during static visual
stimulation, combined visual-motor stimulation, and postural readaptation
following platform motion. Spectral analysis was conducted using both Fast
Fourier Transform and Welch’s method to extract power spectral density, peak
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frequency, and median frequency. The EMG features extracted from the signals
are detailed in Table 3.2.

Table 3.2: EMG features extracted from the preprocessed signals. The
table summarizes the time-domain and frequency-domain parameters used to
characterize lower-limb muscle activity across the experimental phases.

Name Definition
TIME PARAMETERS
AAC Average Amplitude Change
AE Average Energy
ASM Absolute Value of the Summation of the Exponential Root
ASS Absolute Value of the Summation of the Square Root
cv Coefficient of Variation
DAMV Difference Absolute Mean Value
DASDV Difference Absolute Standard Deviation Value
DVARV Difference Absolute Standard Deviation Value
EMAV Enhanced Mean Absolute Value
EWL Enhanced Wavelength
FZC New Zero Crossing
KURT Kurtosis
IEMG Integrated EMG
IQR Interquartile Range
LCV Log Coefficient of Variation
LD Log Detector
LDAMV Log Difference Absolute Mean Value
LDASDV Log Difference Absolute Standard Deviation
L-mean: Mean of the sorted signal
L-scale: Scale or dispersion of the data
L-Moments

L-skewness: Asymmetry via linear combinations
L-kurtosis: Peakedness or flatness of distribution

LTKEO Log Teager Kaiser Energy Operator
MAD Mean Absolute Deviation
MAV Mean Absolute Value
MFL Maximum Fractal Length
MN Mean
MD Median
MMAV Modified Mean Absolute Value
MMAV2 Modified Mean Absolute Value 2
MSR Mean Value of the Square Root
S1: Short-term variability from Poincaré Plot
Poincaré S2: Long-term variability from Poincaré Plot
RatioSD: Ratio variability
RMS Root Mean Square
SD Standard Deviation
SKEW Skewness
SSI Single Square Integral
T™ Temporal Moment
VAR Variance
VARE Variance of EMG
VO V-Order
WL Waveform Length
FREQUENCY PARAMETERS
PT Total Power
Pmax Maximum Power
Fmax Maximum Frequency
FMD Median Frequency
FMN Mean Frequency
Fkurt Frequency Kurtosis

Fskew Frequency Skewness
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3.1.3.4 Center of Pressure Data Acquisition and Pre-Processing

Postural sway was assessed using a force platform integrated into the BioVRSea
moving platform (Virtualis, Clapiers, France). The platform consisted of
two independent foot platforms, each equipped with force sensors positioned
beneath the support surface. Four force sensors were used to record the
distribution of vertical forces under the feet at a sampling frequency of F, = 90
Hz. These measurements were used to estimate the center of pressure (CoP),
which represents the point of application of the resultant ground-reaction force
and provides an indirect measure of postural sway. During the experiment, the
moving platform was synchronized with the virtual sea scenario displayed on
the VR headset, enabling assessment of postural responses under controlled
sensory-conflict conditions.
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Figure 3.8: Force-platform configuration and representative center-of-
pressure trajectory. (a) Top view of the two independent foot platforms
integrated into the BioVRSea moving platform, with the force-sensor locations
highlighted in red. The anteroposterior (AP) and mediolateral (ML) directions
are indicated. Vertical force measurements were acquired at a sampling fre-
quency of F; = 90 Hz and used to estimate the center of pressure (CoP). (b)
Representative CoP trajectory in the AP—-ML plane, illustrating postural sway
during the experimental conditions. The platform was synchronized with the
virtual sea scenario displayed through the VR headset, enabling the assessment
of postural responses under controlled sensory-conflict conditions.

Processing CoP trajectories were computed along the anteroposterior (AP)
and mediolateral (ML) directions throughout the experimental protocol. The
resulting stabilogram represented the projection of the participant’s body sway
onto the support surface and was used to quantify postural control during
baseline, visual stimulation, combined visual-motor stimulation, and postural
readaptation.
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AP and ML CoP components were extracted, smoothed with a Savitzky-Golay
filter, and converted to centimeters using the platform dimensions. To reduce
inter-subject variability, CoP signals were preprocessed through centering and
normalization. Centering involved subtracting the mean from each ML and AP
time series, yielding zero-mean trajectories used to compute spatiotemporal
features, including total excursion, mean and root mean squared distances, mean
sway velocity, root distance, and RMS values in both directions. Additional
features included trajectory extremes, expressed as magnitude and angle in
cardinal directions, statistical measures, including standard deviations of CoP
magnitude and direction, and geometric descriptors derived from ellipse fitting
using Principal Component Analysis.

Normalization was performed by applying z-score scaling to the CoP time
series within each phase, separately for each subject. The first difference of the
normalized signals was then used to compute entropy-based features, including
Sample Entropy, Multiscale Entropy, and Complexity Indices, both univariate
and multivariate. The CoP features extracted from the signals are detailed in
Table 3.3.

Table 3.3: CoP features extracted from the preprocessed signals. The
table summarizes the time-domain, entropy-based, geometric, fractal, and
spectral parameters used to characterize postural sway across the experimental
phases.

Name Definition

TIME PARAMETERS

TOTEX Total excursion on the support plane

TOTEX-ML Total excursion on the mediolateral plane

TOTEX-AP Total excursion on the anteroposterior plane

RD Square root distance between a point and the plane origin
MDIST-ML Mean distance in the mediolateral direction

MDIST-AP Mean distance in the anteroposterior direction

MVELO Mean velocity on the support plane

MVELO-ML Mean velocity on the mediolateral plane

MVELO-AP Mean velocity on the anteroposterior plane

RDIST Root mean square distance with respect to the origin
RDIST-ML Root mean square distance in the mediolateral direction
RDIST-AP Root mean square distance in the anteroposterior direction
ML-SampEn Mediolateral Sample Entropy

AP-SampEn Anteroposterior Sample Entropy

ML-CI Mediolateral Complexity Index

AP-CI Anteroposterior Complexity Index

Ellipse Area Area of the 95% confidence ellipse

Ellipse Angle Angle between the main axis of the 95% confidence ellipse and the

mediolateral axis
Ellipse Main Axis Length Length of the main axis of the 95% confidence ellipse
Ellipse Minor Axis Length Length of the minor axis of the 95% confidence ellipse

SD AP Standard deviation in the anteroposterior direction

SD ML Standard deviation in the mediolateral direction

SD Magnitude Standard deviation of the distance of points with respect to the
origin

SD Direction Standard deviation of the angle difference between successive points
with respect to the mediolateral axis

Magnitude Entropy Sample Entropy of the distance of points with respect to the origin

Direction Entropy Sample Entropy of the angle difference between successive points

with respect to the mediolateral axis

Continued on next page



CHAPTER 3. BIOVRSEA: A MULTIMODAL PARADIGM FOR
38 QUANTITATIVE POSTURAL-CONTROL ASSESSMENT

Table 3.3: CoP features extracted from the preprocessed signals. Con-
tinued.

Name Definition

Multivariate CI Sum of Sample Entropy values computed across increasing time
scales on the multivariate ML-AP series

Antero Magnitude Magnitude of the furthest point in the anterior portion of the plane

Antero Angle Angle of the furthest point in the anterior portion of the plane

Postero Magnitude Magnitude of the furthest point in the posterior portion of the plane

Postero Angle Angle of the furthest point in the posterior portion of the plane

Left Magnitude Maximum Magnitude of the furthest point in the left portion of the plane

Left Angle Angle of the furthest point in the left portion of the plane

Right Magnitude Maxi- Magnitude of the furthest point in the right portion of the plane
mum

Right Angle Angle of the furthest point in the right portion of the plane

RMS AP Root mean square of displacement in the anteroposterior direction

RMS ML Root mean square of displacement in the mediolateral direction

Fractal Higuchi ML Fractal dimension computed using the Higuchi method on the medi-
olateral trajectory

Fractal Higuchi AP Fractal dimension computed using the Higuchi method on the an-

teroposterior trajectory

SPECTRAL FEATURES

Total Power Total power of the signal in the frequency domain, computed as the
area under the PSD curve

Mean Frequency Weighted average frequency based on the power distribution

Median Frequency Frequency dividing the spectrum into two equal-power halves

Spectral Variance Variance of the power distribution around the mean frequency

Peak Frequency Frequency at which the maximum power occurs

Total Power ML Total spectral power in the mediolateral axis

Mean Frequency ML Mean frequency in the mediolateral axis

Median Frequency ML Median frequency in the mediolateral axis

Spectral Variance ML Spectral variance in the mediolateral axis

Peak Frequency ML Peak frequency in the mediolateral axis

Total Power AP Total spectral power in the anteroposterior axis

Mean Frequency AP Mean frequency in the anteroposterior axis

Median Frequency AP Median frequency in the anteroposterior axis

Spectral Variance AP Spectral variance in the anteroposterior axis

Peak Frequency AP Peak frequency in the anteroposterior axis

3.1.4 Statistical Analysis

Electroencephalography dynamic functional connectivity The statisti-
cal analysis was conducted to investigate the effects of the BNSs and subject
group on occurrence, duration, and coverage across different phases of the exper-
imental 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 summary statistics, including co-
efficients, 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 signifi-
cant 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 specific levels of the BNSs
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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 empirical cumulative distribution
functions and pairs plots to illustrate the distributional properties of the data
and highlight significant differences between experimental conditions.

Electroencephalography and Center of Pressure Statistical analyses
of EMG and CoP features were performed to identify differences between the
subject groups (PD and CTR; Sailors and CTR) across the experimental phases.
For each feature, data normality was assessed using the Shapiro-Wilk test with a
significance level of o = 0.05. Features that satisfied the normality assumption
were analyzed using independent two-sample t-tests, whereas features that
violated normality were analyzed using the Mann—Whitney U test.

To account for multiple comparisons, Bonferroni correction was first applied
to the p-values obtained from the univariate statistical tests, adjusting the
significance threshold according to the number of comparisons performed within
each dataset. In addition, the Benjamini-Hochberg false discovery rate pro-
cedure was applied to the combined set of p-values to obtain corresponding
q-values. This procedure was used to reduce the likelihood of type I errors while
retaining sensitivity to potentially relevant group differences across EMG and
CoP features.

3.2 Ethical Approval and Consent

The studies included in this thesis were conducted using data collected from three
participant cohorts: healthy control volunteers, experienced sailors recruited
through Sambherji hf. (Akureyri, Iceland), and individuals with Parkinson’s
disease.

Prior to participation, all individuals received written information describing
the aims, procedures, and requirements of the study. Written informed con-
sent was obtained from all participants before any experimental procedures
were performed. All research activities were conducted in accordance with
the ethical principles of the Declaration of Helsinki and in compliance with
applicable Icelandic statutory requirements. The study protocol was approved
by the Icelandic National Bioethics Committee (approval No. VSN-20-101). A
subsequent amendment was approved to include the Parkinson’s disease cohort
(Amendment No. VSN-20-101-V2).

This work was supported by RANNIS, the Icelandic Research Fund through the
Grant of Excellence No. 239612-051, and by the Research Fund of Landspitali
University Hospital. Their financial support is gratefully acknowledged.






Chapter 4

Multimodal Assessment of
Postural Control Adaptation in
Early-Stage Parkinson’s Disease

The material presented in this chapter is adapted from the peer-reviewed
article “Adaptation strategies and neurophysiological response in early-stage
Parkinson’s disease: BioVRSea approach,” published in Frontiers in Human
Neuroscience in 2023. The original study was the first application of the
BioVRSea system to the investigation of postural control in early-stage PD.
The chapter focuses on assessing postural-control adaptation during a complex
sensory-conflict task. Specifically, it examines how individuals with early-stage
PD responded to visual and mechanical stimulation compared with healthy
controls through the analysis of CoP, EMG, and EEG signals. By integrat-
ing postural, muscular, and cortical responses, the original study investigated
whether BioVRSea could reveal altered adaptation strategies and neurophysio-
logical patterns associated with early-stage PD.

4.1 Introduction

The general clinical characteristics of PD, its diagnostic framework, the physio-
logical mechanisms underlying postural control, and the BioVRSea paradigm
have been described in the preceding chapters. The present chapter therefore
focuses specifically on the rationale for using a controlled multisensory challenge
to investigate postural adaptation in individuals with early-stage PD.

PD is characterized by progressive motor and non-motor alterations, with
bradykinesia, rigidity, tremor, gait impairment, and postural instability among
its principal motor manifestations [34, 99]. Its global burden has increased
markedly over recent decades [134], while the identification of early-stage disease
remains challenging because subtle manifestations may overlap with age-related
changes [135, 136]. Clinical assessment therefore integrates disease staging
and established diagnostic criteria [98, 137], together with quantitative and
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instrumental approaches intended to improve the objective characterization of
the disease.

A range of potential biological and neurophysiological markers has consequently
been explored. These include blood-based molecular profiles [138], structural,
metabolic, and dopaminergic neuroimaging [106, 139], and transcranial sonog-
raphy [140]. EEG provides complementary information on neurophysiological
activity and on alterations in cortical and cortico-subcortical organization [108].
Oscillatory activity within the delta, theta, alpha, and beta frequency bands
has been investigated as a potential marker of neurological dysfunction [141-
143], with resting-state studies in PD generally indicating a shift toward slower
activity, including increased delta and theta activity and reduced alpha and
beta activity [144-150]. However, resting-state recordings provide limited infor-
mation about how these neural dynamics change when postural regulation is
actively challenged.

This distinction is particularly relevant because postural control depends on the
continuous integration and reweighting of visual, vestibular, and somatosensory
information together with appropriate muscular and central nervous-system
responses. EEG studies performed during postural perturbations have shown
task-related changes particularly across frontal, central, and parietal regions,
involving oscillatory activity associated with attention, postural-error process-
ing, sensory integration, and corrective motor responses [122, 151-154]. The
importance of sensory reweighting is also illustrated by studies in visually
impaired individuals, who may exhibit greater postural sway and increased
dependence on vestibular and proprioceptive information in the absence of
visual feedback [13]. Together, these observations indicate that abnormalities
in postural regulation may become more apparent when the nervous system is
required to adapt to changing or conflicting sensory conditions.

Although overt postural instability is generally associated with more advanced
PD, subtle impairments in balance regulation, sensory integration, and adap-
tive motor responses may already occur during early-stage disease [98, 99].
Controlled perturbation tasks may therefore expose abnormalities that remain
difficult to identify through conventional clinical assessment.

BioVRSea provides such a challenge by combining immersive virtual-reality
stimulation with moving-platform perturbation while simultaneously recording
CoP, EMG, and EEG signals [128, 129]. This multimodal design allows biome-
chanical, muscular, and cortical responses to be examined within the same
experimental protocol, providing an integrated characterization of adaptation
to conflicting visual, vestibular, and somatosensory information. The technical
characteristics, experimental phases, and acquisition procedures of BioVRSea
are described in Chapter 3 and are therefore not repeated here.

The present study aimed to characterize the postural-adaptation strategies
adopted by individuals with early-stage PD and healthy controls during the
BioVRSea task. Specifically, we investigated changes in CoP, EMG, and EEG
responses across the experimental phases to determine whether controlled visual
and mechanical perturbations could reveal subtle group-specific alterations in
postural regulation and neurophysiological adaptation.
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4.2 Materials and Methods

4.2.1 Participants

Nine early-stage (recently diagnosed) PD participants (6 male, 3 female, between
56 and 76 years of age) and 29 healthy subjects (17 male, 12 female, between 50
and 73 years old) took part in the BioVRSea experiment. A few of them showed
physical evidence of early-stage PD, such as weak tremor or onset of postural
instability. All were taking the drug Levodopa as part of their treatment.

4.2.2 Statistical Analysis

The Shapiro-Wilk test and visual inspection of each variable’s distribution were
used to assess data normality. Statistical comparisons between the healthy
and PD groups in both the PRE and POST phases were carried out using
the t-test with Welch’s correction for the normally distributed variables and
the Mann-Whitney U-test for the non-normally distributed variables, with a
significance value of p < 0.05. Effect sizes were calculated through the non-
parametric Cliff’s delta using the R package ’effsize’ [155]. Cliff’s delta ranges
from +1 if all observations in the first group are larger than all observations in
the second group, to -1 if all observations in the first group are smaller than all
observations in the second group [156].

4.3 Results

The following results were reported for the analysis of the PRE and POST
phases of the experiment to distinguish between the PD and healthy groups
based on their biosignal responses. The analysis identified group differences
across several of the investigated domains.

The protocol simulated the visual and motor experience of being on a boat,
and some participants experienced symptoms of seasickness. Just under half of
PD subjects experienced actual discomfort with various symptoms (reported
on questionnaires), and a smaller percentage of them reported a self-assessment
of motion sickness in daily life.

EMG The right TA muscle showed several statistically significant features in
the POST phase, with a p-value (p < 0.05). The right side could be considered
the dominant leg in the group. Significant changes were also found in the left
soleus (MN - mean, p=0.003, cliff delta = -0.64) in the POST phase and the
right soleus, which had one significant feature (MD -median, p=0.007, cliff delta
= -0.586) in the PRE phase.

CoP Sway Profile Fig. 4.1 highlights the CoP evolution between PD and
healthy subjects on two of its main characteristics: area and axis length of the
sway ellipse. Sway was greater in healthy than in PD participants.
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Figure 4.1: Comparison of center of pressure ellipse areas between
Parkinson’s disease and healthy control groups. Ellipse areas are shown
for the PRE and POST phases of the experiment

Direction Entropy (Nats) was the only significant CoP feature (p < 0.05) in
the PRE phase, whereas the most relevant statistically significant POST-phase
measures of postural control included ellipse area and its main and minor axes,
radial-distance measures (RD and RDIST), antero-posterior and medio-lateral
sway variability (SD AP, SD ML, and SD magnitude), and medio-lateral entropy
and complexity measures (ML-SampEn, ML-CI, and Multivariate CI).

EEG The topological plots were computed for all frequency bands during the
phases of the acquisition. Each of them displays the difference of power spectral
density between PD and healthy cohorts, only for the statistically significant
electrodes ( p < 0.05, represented by a green point in the figure). Theta and
alpha bands presented several significant electrodes in different locations of
the brain. In the theta band, significant electrodes were found mostly in the
temporal lobe (T7, T8, C6, FT7), one in the frontal lobe (AF3), and one in
the occipital lobe (PO6). In the alpha band, significant electrodes were found
mostly in the temporal lobe (FC5, T7, T8, F'T8), one in the parietal lobe (P4),
and one in the occipital lobe (PO6). They highlight the differences in brain
activity in the two phases and underline the significant difference in the POST
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phase of the experiment between the PD and Healthy groups.

Figure 4.2: Theta and alpha absolute power spectral density compari-
son. Absolute PSD values are compared between participants with Parkinson’s
disease and healthy controls.






Chapter 5

Dynamic Alpha-Band Functional
Connectivity During Postural
Control Assessment in
Parkinson’s Disease

This chapter is based on material adapted from the peer-reviewed article
“Exploring Dynamic Alpha Band Connectivity in Parkinson’s Disease During
a Virtual Reality Postural Control Task,” published in Brain Topography in
2026. The original study extended the BioVRSea-based investigation of postural
control in PD by focusing specifically on EEG activity and dynamic alpha-band
functional connectivity during a virtual-reality postural-control task.

The chapter examines how brain connectivity patterns differed between indi-
viduals with PD and healthy controls during the BioVRSea paradigm. EEG
signals were used to extract dynamic functional connectivity states, referred to
as brain network states (BNSs), to characterize task-related changes in cortical
organization. By focusing on alpha-band connectivity, the original study inves-
tigated whether altered brain-network dynamics reflected impaired visuomotor
integration, attentional control, and postural-control regulation in PD.

5.1 Introduction

The clinical characteristics of PD, the challenges associated with its early
identification, and the role of quantitative methods in its assessment have
been discussed in the preceding chapters. Briefly, PD affects both motor and
non-motor function and progressively compromises the ability to respond to
increasingly demanding motor tasks [34, 157, 158]. Because early manifestations
may overlap with age-related or other neurological changes [159], a broad range
of complementary quantitative approaches has been investigated, including gait
analysis [160, 161], structural and functional neuroimaging [162-164], near-
infrared spectroscopy [165], and EEG [166-168]. Rather than revisiting these



48 CHAPTER 5. ALPHA CONNECTIVITY IN PARKINSON’S DISEASE

diagnostic approaches, the present chapter focuses specifically on the dynamic
cortical organization underlying postural control.

EEG is particularly suited to this objective because its temporal resolution
allows rapid neural changes associated with motor and cognitive processes to
be examined during active behaviour. Alterations in oscillatory activity and
functional organization have been investigated as potential markers of early
PD [169-171], but much of this evidence derives from resting-state recordings.
Postural-control tasks provide a different perspective by requiring the nervous
system to continuously integrate sensory information and generate appropriate
motor responses [172-175]. These processes are particularly relevant in PD, in
which impaired motor and cognitive contributions to balance are associated
with postural instability and increased fall risk [176, 177].

Among the oscillatory components involved in these processes, alpha activity is
of particular interest. Previous studies have associated alpha-band modulation
with balance maintenance and postural adjustments [178-180]. Changes in
alpha power have been related to differences in postural stability and attentional
demand [181-184], while alpha coherence between cortical regions has been
implicated in sensory processing and motor planning [153, 185]. Importantly,
PD has also been associated with disrupted synchronization and functional con-
nectivity between sensorimotor and parietal regions involved in the integration
of sensory information and motor responses [186]. These observations suggest
that examining alpha activity at the network level may provide information
that cannot be obtained from regional spectral measures alone.

The BioVRSea paradigm provides a suitable context in which to investigate
these dynamics under an active multisensory challenge. Its experimental design
and acquisition procedures have already been described in Chapter 3 and in the
preceding study and are therefore not repeated here. Previous investigations
have established its applicability to postural-control assessment [128, 187]
and to the development of physiological predictive models across different
conditions [127, 188, 189]. More specifically, its application in early-stage
PD revealed differences in theta- and alpha-band power between patients and
healthy controls during the postural-control task [190]. These findings motivated
a transition from the analysis of oscillatory activity itself to the investigation of
how distributed cortical regions dynamically interact throughout the task.
Dynamic functional-connectivity analysis enables this interaction to be charac-
terized through recurring Brain Network States (BNSs) [191]. BNSs represent
transient patterns of functional connectivity that emerge and reorganize in
response to changing behavioural and environmental demands [192, 193]. This
framework is particularly relevant to postural control, which depends on coordi-
nated activity across networks involved in sensorimotor integration, attention,
and motor planning. Alterations in such functional organization have previously
been reported in PD [194], while established large-scale networks, including
sensorimotor, salience, executive-control, and default-mode systems, have been
associated with cognitive and motor functions relevant to balance regulation
[195-198]. Dynamic analysis can therefore complement conventional connec-
tivity measures by examining not only which regions interact, but also how
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network configurations evolve throughout a postural challenge.

Building on these observations, the present study applied source-level dynamic
EEG analysis to characterize alpha-band BNSs during the BioVRSea task.
Methodological procedures previously shown to provide reliable reconstruction
of EEG functional networks were adopted [199]. By comparing the tempo-
ral organization of these states between individuals with early-stage PD and
healthy controls, we aimed to determine whether altered alpha-band network
dynamics reflected impairments in visuomotor integration, attentional control,
and postural regulation that were not captured by conventional measures alone.

5.2 Materials and methods

5.2.1 Participants

Participants were recruited between 18/01/2022 and 03/10/2023. Informed
consent was obtained from all participants 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 amendment VSN-20-101-V2. The study involved 42
participants: 20 PD patients (54-82 years old, mean age=65.35) and 22 age-
matched healthy control (CTR) individuals (55-72 years old, mean age=62.78).
Table 5.1 shows that neither the t-test for age nor the chi-squared test for gender
revealed any significant differences, indicating homogeneity in the population
characteristics between the two groups.

Table 5.1: Age and gender distribution in PD and CTR groups. No
significant 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%)

Participants in the PD group had a diagnosis of early-stage PD, and they
were on levodopa medication. All patients were tested while on their ON
medication, as confirmed by the absence of visible motor symptoms during
the experimental 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 [200] 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
participants were classified as having mild cognitive impairment (MCI). None
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were diagnosed with Parkinson’s dementia. 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- and
post-experiment questionnaires. From these responses, we observed no cognitive
issues or impairments.

5.2.2 Data processing: Connectivity analysis to dynamic
network computation

Several preliminary steps were required before computing the dynamic brain

networks, as described in Fig. 5.1. EEG source connectivity is a valuable

method for identifying brain networks linked to specific cognitive functions, as
demonstrated by Hassan et al. [199].
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Figure 5.1: Workflow description. EEGs were recorded using 64 electrodes
during the BioVRSea experiment. The cortical sources were reconstructed by
solving the inverse problem using the wMNE method. After source reconstruc-
tion, 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 performed 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 ROIs accord-
ing to their assignment to the seven canonical Resting-State Networks (RSNs).
Functional connectivity matrices were computed between the 56 regional time
series using the PLV method across five frequency bands (Delta, Theta, Alpha,
Beta, Gamma). Connectivity 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.

The first step was the reconstruction of brain sources from the signals recorded on
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the scalp. In fact, estimating connectivity directly from the sensor level is limited
by low spatial resolution and the effects of volume conduction. These issues can
cause false correlations in connectivity 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 inverse
problem. The neural sources for artifact-free EEG data were estimated using
the following equation.

S=GD+N (5.1)

where S(t) represents the EEG signals recorded at M electrodes, 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 (wMNE), given by the formula:

Dyune = (GTWG + \I)*GTWS (5.2)

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

We used the ICBM MRI template with three-layer segmentation (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 [123, 201, 202]. The initial
45 seconds of the EEG were used to 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 [203], which originally contains 68 ROIs, aiming
for a lower number of ROIs, to address the low spatial resolution issue of EEG
and the effect on the accuracy of source estimation [204-206]. Moreover, to
ensure consistency with the network analysis performed in this study, those
ROIs were selected based on their assignment to the seven canonical RSN,
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: 30-45 Hz) using the Phase-Locking
Value (PLV) algorithm with a sliding window approach (50% overlap and window
size of six cycles) [207]. The combination of wMNE and PLV has demonstrated
strong performance in capturing meaningful brain-network dynamics in the
alpha band during complex postural-control tasks [191, 199].

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. Specifically, for
the alpha band, 953 matrices were created. Each matrix element A; ; represents
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the strength of the connections from node 4 to node j, referred to as an edge in
graph theory-based analysis (Table 5.2).

Table 5.2: Dynamic Connectivity Variables. A list of the number of
matrices (N) calculated for each frequency band. The dimension (n) of each
matrix is based on the number of ROIs, with each element (4, ;) representing
the connectivity between the respective regions

Variable Description Band Value

N Number of dynamic connectivity matrices Alpha 953
Beta 1953

Delta 226

Gamma 3407

Theta 544

n Dimension of dynamic connectivity matrices 56 x56
A, Element of one connectivity matrix -

v,

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 [208]. The optimal number
of classes was determined based on goodness-of-fit metrics, including Global
Explained Variance (GEV) criterion [208, 209].

For the clustering process, we transformed the symmetric connectivity matrices
into vectors of size (n x (n —1)/2) = 1540 by extracting the upper triangular
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 column 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 [210], which has been successfully used in other previous
studies on the dynamic functional connectivity of EEG and fMRI [211, 212].
Clustering was performed with the following parameters: the number of clusters
varied from 2 to 10 (K, ), 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 number of clusters [211,
213, 214], which was determined to be six. Specifically, the meta-criterion
was implemented using the CVIK Toolbox [215], a MATLAB framework that
integrates 28 Cluster Validity Indices (e.g., Silhouette, Davies-Bouldin, Dunn,
PBM, Sp,,) and multiple proximity measures to automatically determine the
optimal number of clusters based on index consensus.

Each identified cluster was defined as a BNS, representing the temporal evolution
of brain connectivity. K-means++ was run multiple times with different pa-
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rameters 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 correla-
tion indicated high similarity between BNSs across different clustering runs,
validating the reliability of the extracted states (Table 5.3).

Table 5.3: Pearson correlation of the six Brain Network States across
different clustering runs. The optimal number of clusters (K = 6) was
determined 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
K, pnge = 2:10, rep = 100, ite = 1000, was used as the reference 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

BNS1 BNS2 BNS3 BNS4 BNS5 BNS6

. K onge=2:10;
Cluster #2 rep=100: ite=1000 1 1 1 1 1 1
K., 0e=3:7; rep=100;
range ) ) o
Cluster #3 ite—1000 1 1 0.99 0.99 0.99 1
K =3:7; rep=200;
. range ) )
Cluster #4 ite—1000 1 1 1 0.99 0.99 1

The topological visualization of the six BNSs was conducted, and they were
labeled based on the most prevalent RSNs, as detailed in Subsection Data
processing: Association 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 interpre-
tation 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 subject level using Global
Map Dissimilarity (GMD) to identify the best-fitting BNSs throughout the
experiment. The smoothing process involved rejection based on small-segment
criteria of five matrices [191, 208, 209]. 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),
percentage of time occupied (coverage), global explained variance (GEV), and
the transition probabilities (TP). These metrics were subjected to statistical
analysis between the two groups. A comprehensive description of these metrics
is provided in Appendix Computational Methods for BNSs metrics.
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5.2.3 Data processing: Association of BNSs with RSNs

Each BNS vector was reshaped into a 56 x 56 symmetric matrix representing
the corresponding functional network. Based on some studies [196, 216], each
of the 56 nodes was assigned to one of seven RSNs: Default Mode Network
(DMN), Dorsal 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 [217], the strength of each node was
calculated, representing the sum of the weights of all links connected to that
node. Subsequently, we determined the strength of each RSN by summing 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 [218] 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.

5.3 Results

5.3.1 BNSs presence

Following the back-fitting process, we initially identified distinct patterns in
the presence of BNSs between individuals with PD and CTR subjects across
the experimental phases (Fig. 5.2).
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Figure 5.2: Percentage representation of Brain Network States. Dis-
tribution of Brain Network States (BNSs) across different experimental time
phases for (a) PD patients and (b) the CTR group. Each bar represents the
frequency of a specific BNS during the respective phase, illustrating how often
each state was engaged throughout the experiment. (c) Lists the identified
BNSs.
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All BNSs appeared in each phase for both cohorts, but their relative frequencies
varied. Specifically, BNS1 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 consistent 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 BNS5 were consistently more prominent 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.

5.3.2 Correlations between questionnaire scores and brain
state metrics

The correlation analysis between questionnaire indices and BNS metrics uncov-
ered several significant relationships specific to BNS3. For the CTR group, a
notable Spearman correlation was found between the occurrence metric and
the NEURO index (p = 0.27, p < 0.01). Both groups showed significant cor-
relations between NEURO scores and 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 correlation was p = 0.21 (p < 0.05), and the
coverage-NEURO correlation was p = 0.22 (p < 0.05). These findings indicated
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.

5.3.3 Statistical analysis of BNSs

We investigated the following parameters of the BNSs: occurrence, duration,
coverage, and TP. Statistical analysis revealed significant variations in BNS2
coverage during the PRE (adjusted p-value = 0.019) and MOV (adjusted p-value
= 0.036) phases following FDR correction with a < 0.05 (Fig. 5.3), 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 CTR group. Conversely,
transitions from BNS4 to BNS1 and BNS3 to BNS4 in CTR subjects displayed
higher probabilities than those in the PD group starting from the PRE phase.
In PD, activation within the same BNSs occurred later during the POST phase
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Figure 5.3: 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 relative to the others during
each phase. Significant differences between groups, corrected using the False
Discovery Rate (FDR) method, are highlighted: * p < 0.05.

(Fig. 5.4, Appendix Statistical Result of Duration).

The statistical findings are summarized in Table 5.4, which provides an
overview of the main statistical outcomes for each BNS metric and experimental
phase.

5.3.4 Association between BNSs and RSNs

Fig. 5.5 displays the network nodes, with the size of each node represent-
ing its strength, corresponding to the overall connectivity of that node. For
visualization purposes, a sparsity threshold of 0.01 was applied, displaying
only the strongest connections. This approach highlighted the most significant
interactions, using color-coding to distinguish different RSNs. In BNS1, the
VIS predominated, with nodes concentrated in the left hemisphere, particularly
in the parietal and occipital lobes. The SAN was also prominent, with nodes
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Figure 5.4: 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 (BNSs) within each phase,
with lighter colors indicating higher transition probabilities. These matrices
highlight the patterns of state transitions and the differences between groups in
terms of network dynamics.
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distributed across the frontal and right parietal lobes. In the remaining five
BNSs, the DAN was the dominant RSN. BNS2 featured the DAN primarily 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 frontal 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

Table 5.4: Summary of main statistical outcomes for each Brain Net-
work States metric and experimental phase. Linear Mixed Model (LMM)
analysis with False Discovery Rate (FDR) correction (a < 0.05). Significant
results are highlighted in bold, while non-significant trends are also indicated
for clarity

Metric Phase BNS  Group difference (PD vs. CTR) adjusted p-value
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 BNS5 PD > CTR n.s.

Duration POST BNS4 CTR > PD n.s.
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lobe, while being exclusively present in the right hemisphere in the frontal lobe.
Additionally, the VIS network was mainly localized 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 interhemispheric 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.
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Figure 5.5: Prevalence of Resting Network States in each Brain Net-
work 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 sparsity threshold of 0.01 applied to filter
weak connections. Different colors represent distinct RSNs, 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.



Chapter 6

Frequency-Specific Brain
Network Dynamics During
Postural Control Assessment in
Parkinson’s Disease

The material presented in this chapter is adapted from the manuscript “Dynamic
connectivity patterns in Parkinson’s disease: A new framework for postural
control assessment with BioVRSea,” currently under review in the Brain Topog-
raphy Journal. The study extended previous BioVRSea-based investigations of
postural control in Parkinson’s disease by characterizing Brain Network State
dynamics across the delta, theta, and beta frequency bands, providing fur-
ther insight into large-scale cortical-network reorganization during visuomotor
postural control.

6.1 Introduction

The preceding chapters established the relevance of postural-control dysfunction
in PD, including its potential emergence before severe clinical instability becomes
evident [34, 157-159]. They also introduced EEG as a means of investigating the
rapid neural dynamics underlying motor regulation and sensorimotor integration
[166-168], and demonstrated the utility of the BioVRSea paradigm for studying
these processes during controlled multisensory postural challenges [128, 187].
The present chapter therefore does not revisit these general principles, but
addresses a more specific question arising from the previous connectivity analysis:
whether alterations in dynamic cortical organization in early-stage PD are
specific to the alpha band or extend across other oscillatory regimes.

This question is relevant because different frequency bands contribute comple-
mentary information about the neural processes supporting postural and motor
control. Delta oscillations (1-4 Hz) have been associated with large-scale coordi-
nation and integrative mechanisms during demanding sensorimotor conditions.
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Theta activity (4-8 Hz) is linked to attentional engagement, cognitive control,
and error monitoring, whereas beta oscillations (13-30 Hz) are closely related
to motor planning, execution, and the maintenance of sensorimotor states. In
PD, abnormalities across these oscillatory regimes have been associated with
impaired motor regulation and reduced neural flexibility [169-171]. Considering
these frequency bands separately may therefore reveal whether postural dys-
function is associated with a common disruption of network organization or
with distinct frequency-dependent mechanisms.

The previous chapter approached cortical organization through Brain Network
States (BNSs), recurring configurations of functional connectivity that capture
the temporal reorganization of large-scale networks during changing task de-
mands [191]. The conceptual basis of this framework has already been described
and is not repeated here. Importantly, dynamic network organization reflects
interactions among systems involved in attention, sensorimotor integration,
executive processing, and motor regulation [192-198]. Examining the temporal
expression of these configurations across distinct frequency bands therefore pro-
vides a means of assessing whether the neural flexibility required for adaptation
to postural perturbation is altered in a frequency-dependent manner in PD.
This analysis directly extends our previous investigation of alpha-band connec-
tivity during the same BioVRSea task, which identified PD-related differences
in the organization and temporal expression of cortical network states [219].
While those findings demonstrated the sensitivity of dynamic alpha-band con-
nectivity to early-stage PD, they could not determine whether the observed
alterations represented an alpha-specific phenomenon or one component of a
broader reorganization of oscillatory network dynamics.

Accordingly, the present study extended the BNS analysis to the delta, theta,
and beta frequency bands in individuals with early-stage PD and CTR. By
comparing the coverage, duration, and occurrence of the identified states across
the BioVRSea experimental phases, we aimed to characterize complementary
and frequency-specific alterations in large-scale cortical-network dynamics dur-
ing postural regulation. The technical characteristics, experimental phases,
acquisition procedures, and general BNS framework have been described in the
preceding chapters and are therefore not repeated here.

6.2 Materials and Methods

6.2.1 Participants

Participants were enrolled between 18/01/2022 and 03/10/2023 after providing
written informed consent. The study was approved by the Icelandic National
Bioethics Committee (healthy cohort: VSN-20-101; Parkinson’s cohort: amend-
ment VSN-20-101-V2). A total of 42 individuals took part in the experiment:
20 people with PD (54-82 years, mean age = 65.35) and 22 age-matched CTR
(55-72 years, mean age = 62.78). Neither age nor gender differed significantly
between the groups, confirming comparable demographic characteristics. Pa-
tients were in the early stages of PD and were receiving levodopa. All were
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assessed in the ON medication state, with no observable motor symptoms during
testing. Disease duration at the time of participation was short (approximately
1-2 months post-diagnosis). Disease staging based on the Hoehn and Yahr
scale [200] ranged from 1 to 3. Clinical evaluation indicated that 11 patients
had no cognitive deficits, while the others exhibited mild cognitive impairment;
none met criteria for Parkinson’s dementia. No tremor, dyskinesia, or other
involuntary movements were observed during the BioVRSea session. All par-
ticipants completed the full protocol as well as the pre- and post-experiment
questionnaires, which did not indicate any cognitive difficulties.

6.2.2 Data processing: Connectivity analysis and dynamic
network computation

The overall methodological pipeline adopted in the present study followed the
framework previously validated in [219], where detailed descriptions of pre-
processing, source reconstruction, dynamic connectivity estimation, clustering
procedures, and robustness analyses are provided. The workflow of the present
implementation, schematically illustrated in Fig. 6.1, adhered to the same
validated analytical strategy.

EEG sensor data were projected into source space using the wMNE solution [199]
implemented on a three-layer BEM head model (ICBM template; Open MEEG).
Noise covariance was computed from the first 45 seconds of recording, and source
activity from the remaining signal was then parcellated into 56 regions. These
ROIs were derived by functionally grouping parcels from the Desikan—Killiany
atlas [203] to reduce redundancy, improve source estimation reliability [204-206],
and ensure consistency with the seven canonical Resting State Networks (RSNs)
described in previous work [196, 216].

Functional connectivity was estimated between the 56 regional signals using the
Phase Locking Value (PLV) [207] in Beta, Delta, and Theta bands, adopting a
sliding-window approach (six-cycle window, 50% overlap). The mathematical
formulation is provided in the Supplementary Material 11.1.2. The combination
of wMNE and PLV has shown strong performance in capturing meaningful
network dynamics during PC and cognitive tasks [191, 199]. This procedure
produced a time series of 56 x56 PLV matrices for each subject.

For clustering, each connectivity matrix was vectorized by extracting its upper-
triangular values, and these vectors were concatenated across all time windows
and all individuals. Dynamic BNSs were extracted using the modified k-means
(k-means++) algorithm [210], which is widely applied in EEG and fMRI dynamic
connectivity studies [208, 211, 212].

The number of clusters was determined through a meta-criterion integrating
multiple internal validity indices [211, 213, 214]. This meta-analysis was
performed using the CVIK toolbox [215], which aggregates 28 Cluster Validity
Indices (e.g., Silhouette, Dunn, Davies-Bouldin, PBM, Sp,;,,) and several
distance measures. The consensus consistently identified optimal clusters. To
ensure stability, clustering was repeated with different initialization parameters,
and the resulting centroids were compared across runs using Pearson correlation.
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Figure 6.1: BioVRSea EEG-processing workflow. EEG was recorded
using 64 electrodes, and cortical sources were reconstructed with wMNE and
mapped to 68 Desikan—Killiany regions, subsequently aggregated into 56 ROIs.
PLV-based functional connectivity matrices were computed across the delta,
theta, and beta bands for PD and CTR groups, concatenated, and clustered

using k-means++ to identify BNSs. Subject-level network metrics were then
extracted for between-group comparisons.

Backfitting

Connectivity Dynamic Brain
Matrices Network States

Each cluster centroid was then reshaped into a 56 x56 connectivity pattern and
labelled according to the RSNs contributing most strongly to its topology. The
temporal activation of each BNS at the subject level was obtained through
back-fitting using Global Map Dissimilarity [208, 209], followed by temporal
smoothing to remove segments shorter than five windows [191].

Following back-fitting, BNS temporal sequences were segmented into the four
experimental phases. Within each phase, the presence of each BNS was com-
puted as the proportion of time points assigned to that state relative to the
total number of samples in that phase. Subject-level values were then averaged
within each group and expressed as percentages for visualization. In addition to
this phase-specific characterization, we extracted global BNS-inspired metrics
computed over the entire recording, namely coverage, duration, and occurrence
rate. These complementary metrics were used for statistical comparisons be-
tween groups to assess differences in both temporal distribution and dynamical
stability of brain states.



6.3. RESULTS 63

6.2.3 Data processing: Association of BNSs with RSNs

Each BNS centroid was reshaped into a 56 x 56 symmetric matrix to represent
its functional connectivity pattern. Following previous work [196, 216], every
node was assigned to one of seven large-scale RSNs: Default Mode Network
(DMN), Dorsal Attention Network (DAN), Salience Network (SAN), Motor
Network (MOT), Auditory Network (AUD), Visual Network (VIS), or Other.
The detailed ROI-to-RSN mapping is provided in Supplementary Material,
Section 11.1.1. Node strength was computed using the Brain Connectivity
Toolbox [217] as the sum of all weighted connections linked to each ROI. RSN
strength was then obtained by aggregating the strengths of nodes belonging to
that RSN and normalizing by the number of nodes in the respective network.
To determine the dominant RSN of each BNS, we identified networks whose
strength exceeded the mean plus one standard deviation across all seven RSNs.
Visualization was performed using BrainNet Viewer [218], with each ROI colored
according to its RSN affiliation and networks displayed using a sparsity threshold
of 0.04.

6.3 Results

The results are presented for the delta, theta, and beta frequency bands, focusing
on the association between BNSs and RSNs, followed by the statistical analysis
of BNS temporal metrics. Additional analyses, including time-resolved BNS
occupancy descriptive visualizations, phase-wise BNS presence across frequency
bands, and detailed spatial characterization of BNSs, are provided in the
Supplementary Material (Sections 11.3.1 and 11.3.2).

6.3.1 Delta
6.3.1.1 Association between BNSs and RSNs

BNS1 was characterized by dominant contributions from DAN and SAN, with
a distributed topology spanning anterior and posterior regions (Fig. 6.2, Tab.
6.1). BNS2 showed a DAN-dominant configuration with widespread bilateral
distribution across frontal, temporal, and occipital regions (Fig. 6.2, Tab. 6.1).
BNS3 exhibited a globally integrated profile with relatively balanced contribu-
tions across RSNs, including AUD, DAN, and DMN, reflecting a distributed
large-scale configuration (Fig. 6.2, Tab. 6.1). BNS4 was dominated by DAN
and VIS networks, displaying a posterior-centered topology anchored by midline
and occipital regions, consistent with a large-scale attentional-visual integration
state (Tab. 6.1). BNS5 showed a relatively uniform profile across RSNs, with a
slight predominance of DAN, indicating a broadly distributed integrative con-
figuration (Fig. 6.2, Tab. 6.1). BNS6 was characterized by strong contributions
from DAN, SAN, and VIS, with a distributed topology spanning frontal and
posterior regions (Fig. 6.2, Tab. 6.1).
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6.3.1.2 Statistical analysis of BNSs

To further characterize the temporal expression of these network configurations,
we investigated coverage, duration, and occurrence using LMMs with FDR
correction. In the Delta band, a significant group effect emerged for Occurrence
in BNSj during the BL phase, with PD showing higher values than CTR
(Fig. 6.3, Supplementary Material 11.3.4). Notably, BNS4 corresponds to the
posterior attentional—-visual integration state described above, suggesting that
PD patients more frequently engage this large-scale DAN—-VIS configuration at
baseline.

6.3.2 Theta
6.3.2.1 Association between BNSs and RSNs

BNS1 was dominated by DAN, SAN, and VIS, forming a continuous ante-
rior—posterior organization with strong frontal (DAN-SAN-DMN), central
(MOT-DMN-SAN), and posterior (VIS-SAN-Other) interactions, consistent
with a large-scale integrative configuration (Fig. 6.4, Tab. 6.2). BNS2 showed
a relatively uniform profile with slight DAN predominance and widespread
connectivity linking frontal, central, and posterior regions, including a promi-
nent right-hemisphere DMN-Other interaction and reduced inferior—posterior
coupling. BNS3 exhibited a DAN-dominant and asymmetric organization, with
connectivity concentrated in lateral temporal and inferior—posterior regions
and sparse superior—central interactions, particularly in the right hemisphere
(Fig. 6.4, Tab. 6.2). BNS4 reflected a globally integrated, DMN-centered con-
figuration, with major hubs in PCC, precuneus, and frontal regions, strongly
coupled with motor and attentional systems, forming a large-scale bilaterally
symmetric network (Fig. 6.4, Tab. 6.2). BNS5 was characterized by VIS-DAN
dominance and a right-lateralized anterior-to-posterior connectivity pattern
linking frontal, temporal, and posterior occipital regions, consistent with visu-
ospatial integration (Fig. 6.4, Tab. 6.2).

6.3.2.2 Statistical analysis of BNSs

In the Theta band, Duration in BNS4 during the PRE phase remained
significant after FDR correction, with higher values observed in PD compared
to CTR (Fig. 6.5, Supplementary Material 11.3.4). Given that BNS4 reflects
a DMN-centered, globally integrated configuration, this result indicates a
prolonged engagement of this large-scale default-mode—driven state during the
preparatory phase in PD.

6.3.3 Beta
6.3.3.1 Association between BNSs and RSNs

BNS1 showed a globally distributed configuration dominated by DMN and
DAN, with strong integration across posterior visual, sensorimotor, and asso-
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ciative regions, forming a largely symmetric large-scale network state (Fig. 6.6,
Tab. 6.3). BNS2 reflected a DMN-centered integrative state, with prominent
midline hubs (PCC, precuneus, ACC) strongly coupled with posterior visual and
lateral associative cortices, indicating large-scale interaction between internally
oriented and visual systems (Fig. 6.6, Tab. 6.3). BNS3 exhibited a relatively
balanced configuration with a slight DAN—-VIS predominance, characterized
by posterior and sensorimotor clustering and broadly distributed connectivity,
which was slightly reduced in the right hemisphere (Fig. 6.6, Tab. 6.3). BNS4
combined a symmetric sensorimotor core with modest DMN and DAN con-
tributions, including a mild right-lateralized attentional component (Fig. 6.6,
Tab. 6.3). BNS5 was characterized by strong DAN and AUD contributions, with
a predominantly posterior occipital organization and limited involvement of
other regions, consistent with a sensory-driven configuration (Fig. 6.6, Tab. 6.3).

6.3.3.2 Statistical analysis of BNSs

In the Beta band, significant group differences emerged during the BL phase
after FDR correction (Fig. 6.7, Supplementary Material 11.3.4). Specifically,
Coverage and Duration in BNSI were higher in controls (CTR > PD), whereas
Occurrence in BNS2 was higher in PD patients (PD > CTR).

Notably, BNS1 corresponds to the globally distributed DMN-DAN integrative
state described above, indicating a more stable and sustained engagement of this
large-scale configuration in controls. In contrast, BNS2 reflects a DMN-centered
integrative network linking internal and visual processing systems; its increased
occurrence in PD suggests a shift toward more frequent recruitment of this
alternative configuration at baseline.
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Figure 6.2: Delta: Prevalence of RSNs in each BNS. Calculated as
the sum of the node strength values for each ROI associated with each RSN.
Each BNS is displayed with nodes sized proportionally to their strength, while
edges are shown using a sparsity threshold of 0.04. Colors represent distinct

RSNs: AUD (red), DAN (
VIS (magenta), and Other (orange).

), DMN (green), MOT (cyan), SAN (blue),

BNS AUD DAN DMN MOT SAN VIS Other
BNS1 1.083 1.446 1.210 1.371 1.399 1.392 1.127
BNS2 1.258 1.472 1.257 1.364 1.328 1.372 1.217
BNS3 1.401 1.352 1.346 1.319 1.304 1.344 1.280
BNS4 1.243 1.448 1.237 1.344 1.390 1.437 1.242
BNS5 1.361 1.389 1.341 1.347 1.306 1.331 1.222
BNS6 1.289 1.439 1.222 1.324 1.367 1.376 1.168

Table 6.1: Delta mean strength values for each BNS across networks.
The highest value per BNS is highlighted in bold.

DELTA
Occurrence

BASELINE

Figure 6.3: LMM analysis. Linear mixed-model analysis revealed significant
between-group differences in BNS dynamics. In the delta band, the PD group
showed a higher occurrence of BNS4 during BL.
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Figure 6.4: Theta: Prevalence of RSNs in each BNS. Prevalence was
calculated as the sum of the node-strength values of the ROIs associated with
each RSN. Node size is proportional to strength, while edges are displayed using
a sparsity threshold of 0.04. Colors represent AUD (red), DAN (
(green), MOT (cyan), SAN (blue), VIS (magenta), and Other (orange).

BNS AUD DAN DMN MOT SAN VIS Other
BNS1 1.291 1.503 1.215 1.390 1.429 1.412 1.219
BNS2 1.345 1.401 1.332 1.354 1.373 1.391 1.287
BNS3 1.387 1.484 1.247 1.395 1.381 1.395 1.236
BNS4 1.351 1.376 1.408 1.389 1.314 1.330 1.350
BNS5 1.373 1.431 1.292 1.356 1.397 1.453 1.300

), DMN

Table 6.2: Theta mean strength values for each BNS across networks.

The highest value for each BNS is highlighted in bold.

THETA

Duration

3
BNS

Figure 6.5: LMM analysis. Linear mixed-model analysis revealed significant
between-group differences in BNS dynamics. In the theta band, PD showed
a longer duration of BNS4 during PRE. The reported effect survived FDR
correction (xp < 0.05).
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Figure 6.6: Beta: Prevalence of RSNs in each BNS. Prevalence was
calculated as the sum of the node-strength values of the ROIs associated with
each RSN. Node size is proportional to strength, while edges are displayed using
a sparsity threshold of 0.01. Colors represent AUD (red), DAN ( ), DMN
(green), MOT (cyan), SAN (blue), VIS (magenta), and Other (orange).

BNS _AUD DAN _DMN _MOT SAN VIS _ Other

BNS1 1.241 1.412 1.422 1.351 1.263 1.360 1.382

BNS2 1.303 1.355 1.420 1.286 1.304 1.384 1.391

BNS3 1.358 1.380 1.349 1.348 1.347 1.360 1.350

BNS4 1.283 1.393 1.401 1.340 1.318 1.363 1.369
BNS5 1.426 1.428 1.369 1.418 1.383 1.314 1.355

Table 6.3: Beta mean strength values for each BNS across networks.
The highest value for each BNS is highlighted in bold.
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Figure 6.7: LMM analysis. During BL in the beta band, CTR showed greater
coverage and duration of BNS1, whereas PD showed greater occurrence of BNS2.
All effects remained significant after FDR correction (xp < 0.05).



Chapter 7

Postural Control Constraints and
Muscle Activation Patterns in
Parkinson’s Disease

The material presented in this chapter is based on the study “Multimodal
Assessment of Postural Control in Parkinson’s Disease Using BioVRSea: Insights
from CoP and Muscle Activation Patterns,” submitted to MEDICON 2026,
and will be published in the IFMBE Proceedings by Springer Nature. The
chapter focuses on the application of the BioVRSea paradigm to the assessment
of postural control in PD, using CoP and EMG signals acquired during a
virtual-reality postural-control task.

The chapter focuses on the application of the BioVRSea paradigm to the
assessment of postural control in PD, using CoP and EMG signals acquired
during a virtual-reality postural-control task. It presents the comparison of
postural responses to controlled visual and mechanical perturbations between
individuals with PD and healthy controls. CoP features were used to characterize
postural sway, spatial dispersion, directional variability, and post-perturbation
readaptation, whereas EMG features were used to examine muscle-specific
activation patterns in the tibialis anterior, gastrocnemius lateralis, and soleus
muscles. By integrating posturographic and neuromuscular measures, the
study explored whether PD was associated with a constrained postural strategy,
reduced adaptability, and altered lower-limb muscle organization during balance-
challenging conditions.

7.1 Introduction

The preceding chapters have characterized postural-control alterations in PD
from multimodal and neurophysiological perspectives. Postural control depends
on the continuous integration of visual, vestibular, and somatosensory informa-
tion and on the ability to adapt motor responses to changing environmental
demands [1, 4, 11]. In PD, this adaptive process may be compromised even be-
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fore severe postural instability becomes clinically evident [95, 220, 221]. Deficits
in sensorimotor integration can alter responses to perturbation and the pro-
cessing of proprioceptive information [222], while quantitative assessment may
reveal abnormalities that remain difficult to identify through clinical observation
alone [223].

Clinical and functional assessments such as the MDS-UPDRS, Berg Balance
Scale, and Timed Up and Go test remain important for evaluating motor and
balance impairment, but may have limited sensitivity to subtle or early postural
alterations [98, 224, 225]. Objective posturographic measures provide a com-
plementary perspective by quantifying the spatial and temporal characteristics
of balance regulation [32, 226]. In particular, CoP analysis can characterize
the magnitude, dispersion, and directional organization of postural sway, while
EMG provides information about the muscular strategies underlying these re-
sponses. Their combined analysis can therefore help determine whether altered
postural behaviour in PD reflects not only greater instability, but also a more
constrained or less adaptable neuromuscular strategy.

Virtual-reality approaches provide controlled conditions in which these responses
can be examined during multisensory challenges [227, 228]. The BioVRSea
paradigm and its experimental procedures have already been described in the
preceding chapters and are therefore not repeated here. Previous BioVRSea
investigations have demonstrated its ability to reveal PD-related alterations
across cortical, postural, and physiological domains [190, 219, 229]. The present
study extends these observations by focusing specifically on how exposure to
mechanical perturbation influences subsequent biomechanical and lower-limb
muscular behaviour.

For this purpose, particular attention was given to the PRE and POST phases
of the BioVRSea protocol. These phases were performed under equivalent
external conditions, with visual stimulation present and the motion platform
stationary, but differed in their temporal relationship to the mechanical per-
turbation: PRE preceded platform movement, whereas POST immediately
followed it. Comparison of these conditions therefore provides a means of exam-
ining the persistence of perturbation-induced adaptations after the mechanical
stimulus has ceased. The present study compared individuals with PD and
healthy controls using CoP measures of postural sway, spatial dispersion, and
directional variability together with EMG features from the tibialis anterior,
gastrocnemius lateralis, and soleus muscles. By integrating these measures,
we aimed to determine whether PD was associated with constrained postural
regulation, altered muscle-activation strategies, and reduced post-perturbation
readaptation.

7.2 Material and Methods

7.2.1 Participants

This study initially included two cohorts: 54 patients with PD and 382 healthy
controls. Before analysis, some PD participants were excluded because one or
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both of the signals of interest were either missing or affected by acquisition
issues that prevented reliable feature extraction. As a result, the final PD
cohort included fewer subjects than originally recruited. To improve group
comparability, a statistical selection procedure based on the Mahalanobis dis-
tance was applied to the pool of healthy controls. Height and weight were used
as matching variables to identify the subset of controls most similar to the
PD group from an anthropometric standpoint, thereby reducing potential bias
associated with body-size differences between cohorts. Following signal quality
screening and the matching procedure, the final study population consisted of
39 patients with PD and 39 healthy controls.

7.3 Results

7.3.1 Center of Pressure

After Bonferroni correction, only a limited subset of COP features reached
statistical significance in the PRE phase, whereas a substantially larger number
of features were significant in the POST phase. In PRE, significant group
differences were observed for global displacement and velocity measures, namely
TOTEX, which reflects the total excursion of the COP trajectory on the
support plane (p = 2.47 x 1072) Fig. 7.1, TOTEX AP, which represents the
total excursion along the antero-posterior axis (p = 1.31x1072), MVELO, which
reflects the mean COP velocity on the support plane (p = 2.47 x 10~2) Fig. 7.1,
and MVELO AP, which represents the mean velocity along the antero-posterior
axis (p = 1.31 x 1072).

Significant differences were also found for directional extreme-point measures,
including Antero Magnitude, corresponding to the magnitude of the furthest
point in the anterior portion of the plane (p = 1.90 x 10~®), Postero Magnitude,
corresponding to the magnitude of the furthest point in the posterior portion of
the plane (p = 2.13 x 107%), and Right Magnitude, corresponding to the mag-
nitude of the furthest point in the right portion of the plane (p = 2.09 x 10~).
In the POST phase, significance extended to a broader set of features. These
included global measures such as TOTEX (p = 3.14x107%), TOTEX ML, which
reflects total excursion along the medio-lateral axis (p = 4.39 x 107°), TOTEX
AP (p=4.13 x 107%), MVELO (p = 3.14 x 10-5), MVELO ML, which reflects
mean velocity along the medio-lateral axis (p = 4.39 x 107°), and MVELO AP
(p = 4.13 x 1079); distance-based metrics including RD, which represents the
square-root distance between a COP point and the origin (p = 1.28 x 1079),
MDIST ML, which reflects the mean distance in the medio-lateral direction
(p = 1.73 x 10~%), MDIST AP, which reflects the mean distance in the antero-
posterior direction (p = 3.41 x 10-°), RDIST, which represents the root mean
square distance from the origin (p = 7.11 x 107%), RDIST ML, which reflects the
root mean square distance in the medio-lateral direction (p = 9.25 x 1079), and
RDIST AP, which reflects the root mean square distance in the antero-posterior
direction (p = 2.15 x 107°); variability measures such as SD AP, which reflects
the standard deviation in the antero-posterior direction (p = 2.15 x 107°),
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Figure 7.1: CoP Total Excursion and Mean Velocity a) Total CoP
Excursion (TOTEX) for the control group (CTR, blue) positioned to the left
and Parkinson’s disease group (PD, orange) positioned to the right within
each assessment phase, namely PRE and POST phases. Black horizontal lines
represent the median values. Across the two phases, the control group showed
a broader distribution and higher median values than the Parkinson group. b)
Mean CoP Velocity (MVELO) for the control group (CTR, blue) positioned to
the left and the Parkinson’s disease group (PD, orange) positioned to the right
within each assessment phase, namely PRE and POST. Black horizontal lines
represent the median values. Across the two phases, the control group showed
a broader distribution and higher median values than the Parkinson group.
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SD ML, which reflects the standard deviation in the medio-lateral direction
(p=19.25 x 107°), and SD Magnitude, which reflects the standard deviation of
the distance of COP points with respect to the origin (p = 2.52 x 107%); and
spatial descriptors including EllipseArea, which reflects the area of the 95%
confidence ellipse (p = 5.42 x 1079), EllipseMainAxisLength, which reflects the
length of the major axis of the 95% confidence ellipse (p = 7.50 x 107%), and
EllipseMinorAxisLength, which reflects the length of the minor axis of the 95%
confidence ellipse (p = 3.08 x 107%). Directional features also remained highly
significant in POST, with Antero Magnitude (p = 1.12 x 107!) and Postero
Magnitude (p = 3.38 x 10711).

A subset of features remained statistically significant across both phases, specif-
ically TOTEX, TOTEX AP, MVELO, MVELO AP, Antero Magnitude, and
Postero Magnitude. Overall, these variables describe the extent and velocity of
COP displacement, particularly along the antero-posterior axis, as well as the
most extreme anterior and posterior sway excursions. This pattern is visually
illustrated in Fig. 7.2, where CTR participants exhibit larger sway areas than
PD participants, with a clear elongation along the antero-posterior direction
and an increase from PRE to POST.

For these features, a consistent group effect was observed at the subject level,
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Figure 7.2: Mean center-of-pressure (CoP) ellipses for the control
group (CTR) and Parkinson’s disease group (PD) across the PRE,
MOV, and POST phases. Ellipses are shown in the mediolateral (ML, minor
axis) and anteroposterior (AP, main axis) directions. Across all phases, the
CTR group exhibited larger sway ellipses than the PD group, with the greatest
ellipse area observed during the POST phase

with higher values in CTR than in PD in both phases. In the PRE phase, mean
values for CTR versus PD were: TOTEX (570.82 vs 188.31 cm), TOTEX AP
(498.57 vs 173.26 cm), MVELO (19.02 vs 6.27 cm/s), and MVELO AP (16.61
vs 5.77 cm/s). Similarly, directional components showed marked differences,
with Antero Magnitude (10.84 vs 2.23) and Postero Magnitude (8.30 vs 2.07).
In the POST phase, the same pattern was preserved and amplified: TOTEX
(1100.03 vs 242.51 cm), TOTEX AP (889.68 vs 221.76 ¢cm), MVELO (36.65
vs 8.08 cm/s), and MVELO AP (29.65 vs 7.39 cm/s). Directional measures
also increased in magnitude in CTR while remaining low in PD, with Antero
Magnitude (14.40 vs 2.79) and Postero Magnitude (15.25 vs 2.75). Across both
phases, CTR participants consistently exhibited larger sway excursions and
higher velocities than PD participants, as shown in Fig. 7.2. This effect was
particularly pronounced along the anterior-posterior axis and in directional
sway components. Overall, features related to sway magnitude and velocity
were the only metrics that remained robustly significant across both phases,
whereas spatial, variability, and distance-based features became significant only
in the POST phase, suggesting increased sensitivity of these measures under
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more demanding or later-stage conditions.

7.3.2 Electromyography
7.3.2.1 Soleus

The analysis of electromyographic features of the soleus muscle revealed a limited
number of significant differences between CTR and PD, with a highly selective
and phase-specific pattern (Table 7.1). Significant effects were predominantly
observed in the left soleus (SL), while the right soleus (SR) showed only a small
number of isolated differences. Overall, the majority of features did not reach
statistical significance across phases, indicating a generally preserved activation
profile. In the Baseline phase, a small set of frequency-domain features differed
between groups, including median frequency (FMD) and Welch-based descriptors
(Fkurt Welch, Fskew Welch, FMN Welch, FMD Welch), as well as low-frequency
power (P 0-100) and signal skewness (SKEW). Notably, significant features
were observed in both the left and right soleus, although not necessarily the
same metrics on each side. During the PRFE phase, no features were statistically
significant, indicating no detectable group differences in soleus activity during
the anticipatory stage. In the POST phase, significant differences emerged in
variability-related measures, including coefficient of variation (CV), as shown
in Fig.7.3a, logarithmic coefficient of variation (LCV), standard deviation (SD),
as illustrated in Fig.7.3b, and variance (VAR), primarily in the left soleus.

7.3.2.2 Gastrocnemius Lateralis

The analysis of electromyographic features of the gastrocnemius lateralis revealed
extensive and consistent differences between CTR and PD across all experimental
phases, with a markedly higher number of significant features compared to the
soleus muscle (Table 7.2). Significant effects were observed bilaterally (GLL
and GLR) and across a wide range of feature domains, including time-domain,
frequency-domain, variability, and nonlinear descriptors, indicating a global
alteration in the activation patterns of the gastrocnemius lateralis. In the
Baseline phase, numerous features were already significantly different between
groups. These included frequency-related measures (e.g., low-frequency power
bands P 0-100 and P 100-200, Welch-based spectral features), as well as time-
domain amplitude and variability metrics such as RMS, MAV, IEMG, variance
(VAR), standard deviation (SD), waveform length (WL), and interquartile range
(IQR). In addition, several nonlinear descriptors, including approximate entropy
(AE), higher-order moments (ASM, ASS), and L-moment-based features, were
significantly different. During the PRE phase, no features reached statistical
significance, suggesting that differences in gastrocnemius lateralis activity were
not detectable during the anticipatory stage of the task. In the POST phase,
several features remained significant, although fewer than in Baseline. These
included variability-related measures (CV, LCV, VAR), as shown in Fig.7.4a,c,
distribution-based descriptors (kurtosis), and selected amplitude features such



7.3. RESULTS 75

cv sD
I CTR! I CTR!
PD PD

a - N n
3 g 8 g

Standard Deviation (SD)
°

Coefficient of Variation (CV)
@

-
+

-+

sL SL SR SR SL SL SR SR
PRE POST PRE POST PRE POST PRE POST

a) b)

Figure 7.3: EMG coefficient of variation and standard deviation a)
EMG coefficient of variation (CV) for Soleus Left (SL) and Soleus Right (SR) in
the PRE and POST phases. CTR (blue) is shown on the left and PD (orange)
on the right within each phase. Black horizontal lines indicate the median. A
significant inter-group difference was found for SL in the POST phase. b) EMG
standard deviation (SD) for SL and SR in the PRE and POST phases. CTR
(blue) is shown on the left and PD (orange) on the right within each phase.
Black horizontal lines indicate the median. A significant inter-group difference
was found for SL in the POST phase, with higher variability in CTR than in
PD.

as IEMG (Fig.7.4b) and waveform length (WL). Nonlinear features (e.g., ASS)
also remained significant.

7.3.2.3 Tibialis Anterior

The analysis of electromyographic features of the tibialis anterior revealed
a substantial number of significant differences between CTR and PD, with a
pattern that was highly phase-specific and strongly lateralized (Table 7.3). Most
of the significant effects were observed during the Baseline phase, in both the
left tibialis anterior (TAL) and right tibialis anterior (TAR), whereas the PRE
phase showed no significant differences. During MOV, significant effects were
found almost exclusively in the right tibialis anterior, while the POST phase
showed only a limited number of significant results. In the Baseline phase, both
TAL and TAR exhibited numerous significant differences across multiple feature
domains. These included frequency-related measures, such as low-frequency
band powers (P 0-100 and P 100-200), Welch-based spectral features, and mean
frequency (MN), together with time-domain and variability-related features
including SD1, SD2, AAC, DAMV, DASDV, DVARV, EMAV, IEMG, IQR,
MAD, MAV, RMS, SD, VAR, SSI, VARE, VO, and waveform length (WL).
In addition, nonlinear and distribution-based descriptors were also significant,
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Figure 7.4: EMG coefficient of variation, integrated EMG, and variance.
CTR (blue, left) and PD (orange, right) are compared in PRE and POST, with
black horizontal lines indicating medians. a) CV for GLL and GLR, showing
higher POST medians and dispersion in CTR. b) IEMG for GLL and GLR,
showing higher medians and a broader upper distribution in PD. ¢) VAR for
GLL and GLR, with higher POST median and dispersion for GLL in CTR.

including approximate entropy (AE), ASM, ASS, and L-moment scale, skewness,
and kurtosis. On the right side, further baseline differences were observed for
frequency kurtosis and skewness (Fkurt and Fskew). In the PRE phase, no
features reached statistical significance for either TAL or TAR, indicating that
no detectable group differences emerged during the anticipatory stage. In the
POST phase, only a small number of features remained significant, all confined
to the right side, including MAD, SD, and VAR, as shown in Fig.7.5. No
significant effects were observed in the left tibialis anterior during this phase.
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Figure 7.5: EMIG Standard Deviation (SD) for the Tibialis Anterior
Left (TAL) and Right (TAR). The control group (CTR, blue) is positioned
to the left and the Parkinson’s disease group (PD, orange) to the right within
each phase, namely PRE and POST. Black horizontal lines represent the median
values. In the POST phase, the CTR, group exhibited significantly higher median
SD and broader dispersion in both muscles compared to the more constrained
PD profile.
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Table 7.1: Statistical significance across phases (Bonferroni-corrected, p < 0.05)

for S muscle.

Feature

Baseline

Baseline

PRE POST

P 0 100

P 100 200
FMD

Pmax

Fmax

Fkurt
Fskew

SD1

SD2
RatioSD
AAC

Fkurt welch
Fskew welch
PT welch
Pmax welch
FMN welch
FMD welch
PT trapz welch
P 0 100 welch
P 100 200 welch
AE

ASM

ASS

cv

DAMV
DASDV
DVARV
EMAV
EWL

FZC

KURT
IEMG

IQR

LCV

LD
LDAMV
LDASDV

WL

L moments mean

L moments scale

L moments Skewness
L moments Kurtosis

4.98 x 1072

2.57 x 1073

7.04 x 1073

1.14 x 1072
6.76 x 1073

4.16 x 1072

4.81 x 1072
3.59 x 1072

2.98 x 1072
2.08 x 1073 3.64 x 1072

3.59 x 1072

2.66 x 1072

3.59 x 1072

1.07 x 1072
9.73x 1073

1.18 x 1072
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Table 7.2: Statistical significance across phases (Bonferroni-corrected, p < 0.05)
for GL muscle.

Feature GLL GLR
Baseline PRE POST Baseline PRE POST

P 0 100 2.36 x 1073 3.44 x 10°°

P 100 200 1.23 x 1072 6.47 x 1074

FMD

Pmax

Fmax 1.62 x 1072

Fkurt

Fskew

SD1 1.23 x 1072 9.33 x 107

SD2 3.78 x 1073 1.10 x 1074

RatioSD

AAC 1.44 x 1072 5.14 x 1074

Fkurt welch
Fskew welch

PT welch

Pmax welch 3.33x 1072 1.28 x 1074

FMN welch 4.47 x 1072 5.28 x 1073

FMD welch

PT trapz welch 3.33x 1073 1.28 x 1074

P 0 100 welch 2.17x 1073 4.23x107°

P 100 200 welch 1.01 x 1072 6.47 x 10~

AE 2.36 x 1073 1.64 x 1074

ASM 8.98 x 1073 1.35 x 1074

ASS 8.28 x 1073 1.41 x 1074 3.19 x 102
CcvV 3.80 x 1072 1.80 x 1072
DAMV 1.44 x 1072 5.14 x 1074

DASDV 1.23 x 1072 9.33x 104

DVARV 1.23 x 1072 9.33 x 107

EMAV 1.14 x 1072 1.35 x 1074

EWL 2.13 x 1072 4.26 x 1074 3.33x 1073
FZC

KURT 4.64 x 1072

IEMG 4.29 x 1073 2.53 x 1074 4.47 x 1072
IQR 1.69 x 1072 7.78 x 1074

LCV 7.64 x 1073 7.04 x 1073
LD 1.19 x 1072 2.92 x 1074

LDAMV 1.44 x 1072 5.14 x 10%

LDASDV 1.23 x 1072 9.33 x 107

LTKEO 1.14 x 1072 6.47 x 1074

MAD 2.47 x 1073 3.27 x 107°

MAV 9.35 x 1072 1.41 x 1074

MFL 1.19 x 1072 8.91 x 107

MN 4.86 x 1073 2.78 x 1074

MD 2.57 x 1073 3.94 x 1073

MMAV 7.33x 1073 1.48 x 1074

MMAV2 3.47 x 1073 1.16 x 1074

MSR 1.80 x 1073 4.07 x 107

RMS 2.36 x 1073 1.64 x 1074

SD 7.10 x 1074 5.91 x 1076

SKEW

SSI 2.93x 1073 1.05 x 1074

™ 6.47 x 1074 7.04 x 107°

VAR 7.10 x 1074 3.86x 1072  5.91x 1076

VARE 3.33x 1073 1.22 x 1074

VO 3.33x 1073 1.22 x 1074

WL 4.11x 1073 1.22 x 1073

L-moments mean

L-moments scale 5.75 x 107° 3.03x10°6

L-moments Skewness 6.69 x 107° 2.42 x 1076

L-moments Kurtosis 6.69 x 10°° 2.29 x 1076
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Table 7.3: Statistical significance across phases (Bonferroni-corrected, p < 0.05)
for TA muscle.

Feature TAL TAR
Baseline PRE POST Baseline PRE POST

P 0 100 1.40 x 102 3.21 x 1074

P 100 200 1.34 x 1072 4.07 x 10*

FMD

Pmax

Fmax

Fkurt 7.04 x 1073

Fskew 1.44 x 1072

SD1 1.53 x 1073 2.19 x 1074

SD2 1.53 x 1073 1.56 x 10~

RatioSD

AAC 7.78 x 107* 3.06 x 107+

Fkurt welch
Fskew welch

PT welch

Pmax welch 1.67 x 1072 1.72 x 10*
FMN welch 1.75 x 1072 1.23 x 1072
FMD welch

PT trapz welch 1.67 x 1073 1.72 x 1074
P 0 100 welch 1.34 x 1073 3.88 x 1074
P 100 200 welch 1.22 x 1073 3.88 x 1074
AE 4.68 x 1074 6.69 x 107°
ASM 6.78 x 1074 3.70 x 1074
ASS 7.78 x 1074 2.41 x 1074
cvV

DAMV 7.78 x 107* 3.06 x 1074
DASDV 1.53 x 1072 2.19 x 107*
DVARV 1.53 x 1072 2.19 x 1074
EMAV 1.02 x 1072 2.53 x 1074
EWL 1.07 x 1072 3.53 x 1074
FZC

KURT

IEMG 4.47 x 107* 8.61 x 107°
IQR 1.12x 1073 2.19 x 10~*
LCV

LD 9.76 x 1074 2.19 x 1074
LDAMV 7.78 x 1074 3.06 x 1074
LDASDV 1.53 x 1073 2.19 x 1074
LTKEO 1.40 x 1073 2.09 x 1074
MAD 2.07 x 1073 3.88 x 1074 3.54 x 1072
MAV 7.10 x 1074 2.65 x 1074
MFL 1.53 x 1073 2.19 x 1074
MN 4.07 x 1074 9.05 x 107°
MD 8.14 x 1074 1.22x 1073
MMAV 4.47 x 1074 3.53 x 1074
MMAV2 9.76 x 1073 1.07 x 1073
MSR 3.37 x 1074 7.40 x 1075
RMS 4.68 x 1074 6.69 x 107°
SD 8.62 x 1073 7.10 x 1074 1.56 x 1072
SKEW

SSI 1.67 x 1072 1.56 x 10~
™ 6.76 x 1073 2.92 x 1074
VAR 8.62 x 1073 7.10 x 107* 3.12 x 1072
VARE 1.67 x 1072 1.56 x 1074
VO 1.67 x 1072 1.56 x 107
WL 3.88 x 1074 4.69 x 1075
L-moments mean

L-moments scale 3.59 x 1072 8.91 x 10~*
L-moments Skewness 3.21 x 1072 9.76 x 1074

L-moments Kurtosis 2.98 x 1072 1.02 x 1073




Chapter 8

Discussion

8.1 BioVRSea as a Multisystem Framework for
Postural-Control Assessment

The studies included in this thesis investigated postural control through the
BioVRSea paradigm, an experimental framework designed to expose participants
to a realistic and progressively challenging visuomotor perturbation. Across the
different papers, the same task was used to study how participants maintained
balance when exposed to a virtual sea environment and, depending on the
phase of the protocol, to corresponding moving-platform stimulation. This
design allowed postural control to be assessed not only during quiet standing,
but also during visual conflict, combined visual-motor perturbation, and post-
perturbation recovery.

A central contribution of the BioVRSea paradigm is that it does not reduce
balance assessment to a single outcome. Instead, it allows postural control to
be investigated as a quantitative multisystem response involving biomechanical,
neuromuscular, and cortical mechanisms. CoP analysis describes the observable
outcome of postural regulation, providing information on sway amplitude, spatial
dispersion, temporal organization, and complexity. EMG provides insight into
the muscular strategies used to maintain stability, including muscle-specific
activation patterns and neuromuscular variability. EEG, through spectral
analysis and dynamic functional connectivity, extends the interpretation to
cortical activity and large-scale brain-network organization. Together, these
signals show that balance is not a passive mechanical process, but an active
and adaptive control mechanism.

For this reason, the results of the individual studies should not be interpreted
as isolated findings. Rather, they collectively demonstrate that postural control
is context-dependent and that the physiological meaning of a given response
depends on the population being studied. In Parkinson’s disease, altered
sway, modified lower-limb muscle activation, and changes in cortical activity
suggest a constrained and compensatory postural-control strategy. In seafarers,
increased sway variability and complexity, together with specific lower-limb
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muscle activation patterns, appear to reflect functional adaptation to prolonged
exposure to unstable environments. In healthy controls, the response to the task
provides a reference model of physiological adaptation to visual and mechanical
perturbation.

The value of the BioVRSea approach, therefore, lies in its ability to reveal
how different populations solve the same balance challenge through different
control strategies. The following discussion is organized around the main topics
investigated across the thesis: CoP, EMG, and EEG. This structure allows
the biomechanical, neuromuscular, and cortical components of the BioVRSea
response to be discussed separately, while preserving their interpretation as
complementary levels of the same multisystem postural-control process.

8.1.1 Center of Pressure as a Marker of Postural Strategy

CoP analysis was central across the studies because it provided a direct quanti-
tative description of postural behavior. The extracted CoP features described
sway excursion, velocity, variability, entropy, complexity, and spatial distribu-
tion. These parameters made it possible to move beyond a simple interpretation
of balance as either stable or unstable. Instead, CoP features allowed the
characterization of different postural strategies.

In the context of BioVRSea, CoP features were particularly informative because
the protocol progressively challenged sensory integration. The PRE phase mainly
reflected the response to visual stimulation, while the MOV and POST phases
reflected combined visuomotor perturbation and subsequent recovery. Therefore,
changes in CoP across phases provided information on how participants adapted
to the task and how their postural-control system reorganized after perturbation.

Reduced and constrained sway in Parkinson’s disease Across the
Parkinson’s disease studies included in this thesis, CoP analysis consistently
indicated that participants with PD adopted a more constrained postural
strategy than healthy controls. Taken together, these studies show that the
BioVRSea paradigm can reveal disease-related differences in postural regulation,
particularly after exposure to visual and mechanical perturbation.

In the first exploratory study, CoP analysis highlighted reduced sway in PD
participants during the task. This finding was relevant because quantitative
assessment of PD-related balance impairment has often focused on gait analysis,
including accelerometers and force sensors placed inside the shoes, rather than
on force-platform-based assessment during standing [230]. Within the BioVRSea
paradigm, the standing postural response was assessed during phases of visual
and motor stimulation, enabling the identification of altered balance strategies
that standard gait-based approaches may miss.

The reduced sway observed in PD participants should not be interpreted as
better stability. Rather, it may reflect a more rigid and less flexible postural-
control strategy. Parkinson’s disease can interfere with the ability to maintain
and adjust balance through several mechanisms, including impaired coordination
between agonist and antagonist muscles, altered automatic postural responses,
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axial rigidity, and reduced mobility [231]. These factors may lead individuals
with PD to limit their sway as a compensatory strategy, thereby reducing
movement amplitude to maintain stability. In this sense, reduced CoP excursion
may reflect pathological constraint rather than efficient balance control.

In the initial small-cohort study, the clearest differences between PD and healthy
controls emerged in the POST phase, that is, after exposure to platform-induced
movement. This phase is particularly informative because it reflects the ability
of the postural-control system to reorganize after a sensory and mechanical
perturbation. Among the extracted features, the mediolateral complexity index
showed a large effect size, with higher values in the PD group. This result was
noteworthy because it contrasted with previous studies suggesting that postural
complexity often decreases with disease and aging [232, 233]. Therefore, while
the first study supported the presence of altered postural dynamics in PD, it
also highlighted the difficulty of interpreting nonlinear CoP measures in small
cohorts. In particular, higher complexity in PD may indicate compensatory
reorganization, altered variability structure, or instability of control, but the
study could not determine the precise mechanism.

The larger matched study provided a more robust interpretation of these
preliminary findings. In this analysis, the comparison between the PRE and
POST phases was especially important because the two phases shared the same
visual condition, while POST occurred after the platform movement. CoP
analysis showed that only a limited subset of features differed between PD and
controls in PRE, whereas a broader range of global, distance-based, variability,
velocity, and spatial descriptors became significant in POST. This indicates
that the perturbation phase amplified group differences and exposed a reduced
capacity of PD participants to recover or reorganize their postural response
after stimulation.

Across both PRE and POST, the most consistent differences were related to sway
magnitude and velocity, particularly along the anteroposterior axis. Controls
showed larger total excursions and higher sway velocities than PD participants,
including higher TOTEX, TOTEX AP, MVELO, and MVELO AP values. They
also exhibited larger anterior and posterior sway magnitudes. In POST, this
separation became more evident, with controls showing larger sway ellipses
and broader spatial dispersion. These findings reinforce the interpretation that
PD participants did not display superior stability, but rather a restricted sway
pattern and reduced postural flexibility.

This distinction is important because postural stability is not simply the absence
of movement. In healthy balance control, a certain amount of sway variability
is physiological and reflects the ability of the system to explore, adjust, and
respond to changing sensory conditions. By contrast, an excessively constrained
sway pattern may indicate reduced adaptability. In PD, this may result from
impaired sensorimotor integration, abnormal automatic postural responses,
rigidity, or difficulty adapting postural strategies to changing task demands [1,
11, 222]. The stronger group separation observed in POST suggests that the
BioVRSea perturbation exposed persistent differences in how PD and control
participants regulated balance after stimulation.
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The progression from the first to the second PD study is therefore important.
The initial study demonstrated that BioVRSea could detect altered CoP be-
havior in a small early-stage PD cohort, with POST-phase differences and an
unexpected increase in mediolateral complexity. The larger matched analy-
sis confirmed the general interpretation of constrained postural control but
provided a clearer and more stable pattern: PD participants showed reduced
sway magnitude, reduced velocity, and smaller spatial dispersion, especially
after perturbation. Thus, the larger study refined the interpretation of the
preliminary findings by showing that the dominant CoP signature of PD in this
paradigm is not simply altered complexity but a broader reduction in postural
flexibility and adaptive sway.

Overall, the CoP findings support the view that Parkinson’s disease is associated
with altered postural regulation and reduced adaptability during complex
sensory-motor conditions [222, 223, 226]. The BioVRSea paradigm appears
particularly sensitive to these alterations because it challenges the postural-
control system through visual conflict and platform-induced movement. The
POST phase, in particular, may represent a useful window for identifying PD-
related impairments, as it captures the residual effects of perturbation and the
capacity of the system to return to an adaptive balance strategy. Therefore,
reduced and constrained sway in PD should be interpreted not as preserved
stability, but as evidence of a less flexible postural-control strategy that becomes
more evident after perturbation.

Increased sway complexity in seafarers The seafarer study provided a
complementary perspective to the Parkinson’s disease studies because it did not
compare a pathological cohort with healthy controls, but rather two healthy
cohorts with different sensorimotor histories. Specifically, the analysis compared
21 sailors recently exposed to prolonged maritime conditions with 21 healthy
controls selected to be comparable in terms of anthropometric characteristics.
Therefore, the differences observed in this study should not be interpreted
as disease-related alterations, but as the expression of expertise-dependent
adaptation to an unstable environment.

The CoP results showed that sailors adopted a more dynamic postural strategy
than healthy controls during the BioVRSea task. During the adaptation phase,
sailors exhibited significantly higher total excursion in the antero-posterior di-
rection (TOTEX AP) and higher mean velocity in the same direction (MVELO
AP). These features indicate that sailors allowed larger and faster CoP dis-
placements while maintaining an upright stance. In a pathological population,
increased sway amplitude and velocity could be interpreted as reduced stability.
However, in the present study, no balance loss or inability to complete the task
was observed in sailors. Therefore, these higher values are better interpreted as
functional postural flexibility rather than impaired balance. The increased AP
excursion and velocity likely reflect a more responsive control strategy devel-
oped through repeated exposure to moving support surfaces, where continuous
forward-backward adjustments are required to maintain equilibrium [127, 234,



8.1. BIOVRSEA AS A MULTISYSTEM FRAMEWORK FOR
POSTURAL-CONTROL ASSESSMENT 85

235].

This interpretation is further supported by the entropy- and complexity-based
CoP features. During the adaptation phase (PRE and MOV), sailors showed
significantly higher ML Sample Entropy, ML Complexity Index, Magnitude
Entropy, Direction Entropy, and Multivariate Complexity Index compared
with controls. These findings suggest that their postural sway was not simply
larger, but also more irregular, variable, and dynamically organized. Higher
magnitude entropy indicates greater variability in the amplitude of sway over
time, suggesting continuous modulation of postural corrections. Higher direction
entropy indicates a less predictable sway trajectory, compatible with the use
of multidirectional adjustments. Higher multivariate complexity suggests a
more integrated interaction between the antero-posterior and medio-lateral
components of sway.

Together, these results indicate that sailors did not maintain balance by mini-
mizing movement. Instead, they appeared to maintain balance by allowing a
richer and more flexible sway pattern. This is an important distinction because
effective postural control does not necessarily correspond to reduced sway. In
expert or adapted individuals, increased variability may represent a functional
resource that allows the system to respond efficiently to changing environmental
demands. In this sense, the seafarers’ increased sway complexity may reflect a
more adaptable postural-control system rather than poorer stability.

The fact that several significant differences emerged during the adaptation phase
(PRE and MOV) is particularly relevant. This phase exposed participants to
the combined effect of visual and mechanical perturbation, resembling the type
of sensory-motor challenge that sailors experience in maritime environments.
The higher TOTEX AP and MVELO AP values suggest that sailors responded
to the perturbation with larger and faster antero-posterior adjustments, while
the entropy and complexity measures indicate that these adjustments were or-
ganized in a more variable and multidimensional way. This pattern is consistent
with the hypothesis that repeated exposure to unstable surfaces promotes the
development of flexible postural strategies.

The habituation phase (POST) also supported this interpretation. Sailors
showed a significantly higher antero-posterior Complexity Index than controls,
indicating that their sway dynamics remained more complex even after the
main perturbation. This suggests that expertise-related adaptation was not
limited to the immediate response to movement, but also influenced the way
the postural-control system reorganized after exposure to the task. The higher
AP complexity in sailors may reflect an enhanced ability to maintain adaptive
variability during recovery or habituation.

Overall, the seafarer findings show that increased sway and increased complexity
can have a positive functional meaning when observed in a healthy expert
population. Unlike Parkinson’s disease, where altered sway was interpreted as
constrained and less adaptive postural control, the seafarer cohort showed a
pattern of increased dynamic flexibility. This comparison is important for the
thesis because it demonstrates that BioVRSea does not simply classify larger
sway as pathological or smaller sway as stable. Rather, the paradigm reveals
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how different populations use different postural strategies according to their
physiological condition and previous sensorimotor experience.

Therefore, in sailors, increased CoP excursion, velocity, entropy, and complexity
likely represent expertise-dependent adaptation to unstable environments. The
findings suggest that prolonged maritime exposure may train the postural-
control system to tolerate and exploit variability, allowing more flexible and
responsive balance regulation under dynamic conditions.

8.1.2 Electromyography as a Marker of Neuromuscular
Adaptation

EMG analysis provided complementary information to CoP by identifying the
muscular strategies associated with postural behavior. While CoP describes the
global outcome of balance control, EMG describes how the neuromuscular system
contributes to that outcome. In the BioVRSea studies, lower-limb muscles
were particularly relevant because ankle and leg musculature are essential for
maintaining upright stance and generating corrective responses to perturbation.
The analysis of tibialis anterior, gastrocnemius lateralis, and soleus activity
allowed the investigation of both anterior and posterior lower-limb control
mechanisms. These muscles contribute to ankle stabilization, anterior-posterior
sway regulation, and compensatory postural adjustments. Differences in their
activation patterns therefore, provide insight into how participants respond to
the task at the motor-execution level.

Muscle activation patterns in Parkinson’s disease The EMG findings
in Parkinson’s disease indicate that the neuromuscular component of postural
control is altered in a muscle- and phase-specific manner. Lower-limb muscles
are fundamental for postural and balance regulation, particularly during ankle-
based corrective strategies [236]. Across the Parkinson’s disease studies included
in this thesis, EMG analysis showed that group differences were not uniformly
distributed across all recorded muscles, but depended on the muscle considered,
the phase of the BioVRSea protocol, and the size and composition of the cohort.
In the first BioVRSea study on early-stage Parkinson’s disease, based on a
smaller cohort of 9 PD participants and 29 healthy controls, the most evident
EMG differences were found in the right tibialis anterior, with additional
significant activity observed in the right soleus and left tibialis anterior [190]. In
that study, only features extracted from the right tibialis anterior statistically
differentiated the two groups. This result was interpreted in relation to the
functional role of the tibialis anterior as the primary dorsiflexor of the foot,
which is involved in ankle control and is critical during gait, especially for lifting
the foot during the swing phase. The predominance of right-sided findings
was also discussed in relation to possible limb dominance, considering the high
prevalence of right-handedness in the general population [237]. However, given
the limited number of PD participants, these findings should be interpreted
as exploratory and as an initial indication that Parkinson’s disease may alter
lower-limb recruitment during the BioVRSea task.
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The subsequent analysis conducted on a larger matched cohort refined this
interpretation. In this later study, the final sample included 39 PD partici-
pants and 39 controls after exclusions and control selection, allowing a more
robust evaluation of muscle-specific EMG patterns. The results showed that
neuromuscular differences were not concentrated only in the tibialis anterior.
Instead, they appeared to involve selective reorganization across the lower limb.
The soleus displayed the fewest significant differences, with no effects in PRE
and only a limited set of variability-related measures in POST, mainly on the
left side. The tibialis anterior showed a phase-specific profile, with several
baseline differences, no significant effects in PRE, and only a small number of
POST effects confined to the right side. In contrast, the gastrocnemius lateralis
showed the most extensive pattern of differences, with several significant features
at baseline and additional effects persisting in POST, including variability-,
distribution-, and amplitude-related measures such as CV, LCV, VAR, kurtosis,
IEMG, waveform length, and ASS.

Taken together, these two studies suggest that EMG alterations in Parkinson’s
disease should not be interpreted as a uniform increase or decrease in lower-limb
activity. Rather, they point toward a selective reorganization of neuromuscular
control. The initial study highlighted the possible sensitivity of the right
tibialis anterior, whereas the larger cohort suggested that the gastrocnemius
lateralis may be particularly informative within the BioVRSea paradigm. This
progression is important because it shows how the interpretation changed with
increased sample size: what appeared initially as a mainly tibialis-anterior-
driven effect became, in the larger cohort, a broader but still muscle-specific
pattern of altered postural muscle recruitment.

A relevant aspect of the larger study is that several EMG differences were
already present at baseline, before the visually perturbed PRE phase and before
the movement phase. This suggests that Parkinson’s disease participants may
present an underlying alteration in neuromuscular control even before exposure
to the full sensory-motor challenge. In contrast, CoP differences became espe-
cially informative in POST, indicating that the BioVRSea paradigm captures
both baseline neuromuscular alterations and altered recovery or adaptation
after perturbation. This distinction is important because it suggests that EMG
and CoP provide complementary information: EMG may reveal pre-existing
abnormalities in muscle recruitment, whereas CoP may better reflect the global
postural outcome after the system has been challenged.

Overall, the EMG findings support the view that postural impairment in
Parkinson’s disease is expressed through task-dependent and muscle-specific
alterations in automatic balance regulation rather than through a homogeneous
impairment of all lower-limb muscles. This interpretation is consistent with
previous evidence that Parkinson’s disease affects postural muscle recruitment
and automatic postural responses in a context-dependent manner [69, 238].
However, these results do not directly demonstrate specific mechanisms such
as rigidity, co-contraction, or sensory reweighting. Instead, they indicate that
BioVRSea is sensitive to altered neuromuscular organization and may help
identify muscle-specific biomarkers of impaired balance control in Parkinson’s
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disease [190, 219, 221, 223].

Soleus-driven adaptation in seafarers The EMG results in the seafarer
study provided complementary evidence that the differences observed in CoP
behavior were supported by a specific neuromuscular strategy. Although several
EMG features showed trends toward significance across muscles and phases
before correction, only skewness (SKEW) of the right soleus during the adapta-
tion phase remained statistically significant after Bonferroni correction. This
result indicates that the clearest neuromuscular difference between sailors and
matched healthy controls was not a generalized alteration of lower-limb muscle
activity, but a selective change in the temporal distribution of soleus activation
during the phase of active visuomotor perturbation.

Skewness describes the asymmetry of the EMG amplitude distribution over
time and can provide information about how muscle activation is organized
in terms of intensity and frequency of recruitment [239]. A positive skewness
value indicates that the signal is characterized by frequent low-intensity activity
with occasional high-intensity bursts. Conversely, a negative skewness value
suggests a distribution with more frequent high-intensity activity or a more
sustained activation pattern. Values close to zero indicate a more symmetrical
distribution between lower and higher activation levels [240]. In the present
study, healthy controls showed a slightly negative mean SKEW value, whereas
sailors showed a positive mean SKEW value during the adaptation phase. This
suggests that the two healthy cohorts used different neuromuscular activation
strategies when exposed to the BioVRSea perturbation.

The positive skewness observed in sailors may reflect a strategy based on low-
level background activation interrupted by occasional corrective bursts. This
pattern is consistent with an adaptive postural-control strategy in which the
muscle remains ready to respond, but is not continuously recruited at high
intensity. Such organization may be advantageous in unstable environments
because it allows rapid corrective responses while avoiding unnecessary sustained
muscular effort. In contrast, the slightly negative skewness observed in healthy
controls may indicate a different distribution of activation, possibly reflecting a
less specialized response to the moving-platform condition.

The involvement of the soleus is physiologically meaningful. The soleus is one
of the main ankle muscles contributing to upright stance and antero-posterior
balance regulation. It plays an important role in maintaining the body against
gravity and in producing corrective responses during postural perturbations.
Since the BioVRSea task challenges balance through visual and platform-induced
motion, a selective difference in soleus activation during the adaptation phase
suggests that sailors rely on an ankle-based neuromuscular strategy shaped by
repeated exposure to unstable support surfaces. This interpretation is consistent
with classical models of postural control, in which ankle musculature contributes
substantially to quiet standing and to corrective postural responses [1, 175].
The fact that the significant EMG difference emerged during the adaptation
phase is also important. This phase corresponds to the condition in which
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participants were exposed to the most relevant dynamic challenge, combining
visual stimulation and platform movement. For sailors, this condition may
resemble the type of sensorimotor demand experienced during maritime activ-
ity, where the support surface is continuously moving and balance must be
maintained through rapid but efficient adjustments. The right soleus SKEW
difference therefore suggests that maritime exposure may have shaped not only
the amount of sway, but also the temporal structure of muscle recruitment used
to control that sway.

This result complements the CoP findings. Sailors showed greater antero-
posterior sway excursion and velocity, together with higher entropy and com-
plexity measures. The EMG result suggests that this more dynamic sway
behavior was not uncontrolled, but was accompanied by a specific neuromus-
cular organization. In other words, sailors did not simply sway more; they
appeared to regulate this increased sway through a burst-like soleus activation
strategy. This supports the interpretation that their postural response was
adaptive rather than unstable.

From a motor-control perspective, the pattern observed in sailors may reflect
experience-dependent neuromuscular plasticity. Repeated exposure to balance-
challenging environments can modify postural strategies and refine the timing
of muscle activation. In maritime environments, maintaining balance requires
continuous integration of visual, vestibular, and somatosensory information,
together with fast anticipatory and compensatory adjustments. The observed
right soleus skewness may therefore represent a learned strategy in which low-
level tonic activity is combined with intermittent bursts to respond efficiently
to unpredictable perturbations [241, 242].

However, the specificity of the result should also be considered. Since only
one EMG feature in one muscle and one phase survived correction for multiple
comparisons, the finding should not be overinterpreted as evidence of a global
neuromuscular difference between sailors and controls. Rather, it indicates that
the most robust EMG marker of maritime adaptation in this study was the
temporal asymmetry of right soleus activation during the adaptation phase.
This is coherent with the role of the soleus in ankle-based postural regulation
and with the CoP evidence of increased antero-posterior sway dynamics.
Overall, the EMG findings suggest that seafarers’ postural adaptation is not
only expressed through greater sway complexity, but also through a selective
reorganization of ankle-muscle activation. The positive SKEW of the right
soleus supports the idea of an efficient burst-based strategy, in which the muscle
remains active at low intensity and produces stronger corrective activations
when needed. This pattern may represent a functional adaptation to unstable
maritime environments and highlights the capacity of the neuromuscular system
to adapt to repeated balance demands over time.
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8.1.3 Electroencephalography as a Marker of Cortical
Involvement

EEG analysis provided a further level of interpretation by investigating the
cortical mechanisms associated with postural control. Balance regulation is
often considered primarily biomechanical or spinal, but the studies included in
this thesis support the role of cortical activity in responding to complex sensory
and motor perturbations. This is especially relevant in Parkinson’s disease,
where postural instability may involve not only peripheral motor impairment
but also altered central processing.

Two main EEG approaches were used across the studies: spectral analysis
and dynamic functional connectivity. Spectral analysis examined frequency-
specific power changes, while connectivity analysis investigated the organization
and temporal evolution of large-scale brain networks. These approaches are
complementary. Spectral analysis identifies where and in which frequency bands
cortical activity differs between groups, whereas dynamic connectivity describes
how brain regions interact over time during the task.

Spectral alterations in Parkinson’s disease The EEG spectral analysis
provided an additional level of interpretation by showing that the postural
alterations observed in Parkinson’s disease were accompanied by differences in
cortical activity. The involvement of the cerebral cortex in postural responses
to perturbation is well established, particularly when balance control requires
sensory integration, attentional monitoring, and adaptation to changing environ-
mental conditions [7, 243, 244]. However, the way in which cortical mechanisms
are altered in neurological conditions affecting mobility, such as Parkinson’s
disease, is still not fully understood. For this reason, the analysis of EEG
activity during the BioVRSea task was important to investigate whether the
altered CoP and EMG responses observed in PD were associated with changes
in cortical processing.

In the first BioVRSea study on early-stage Parkinson’s disease, topographical
maps of absolute power spectral density were computed across frequency bands
and experimental phases. The clearest group differences between PD partici-
pants and healthy controls emerged in the theta and alpha bands, especially
during the POST phase. This phase followed the combined visual and mechani-
cal perturbation and therefore provided information on the cortical response
after exposure to the most demanding part of the task. The presence of signifi-
cant EEG differences in POST supports the idea that PD participants differed
from controls not only in their biomechanical and neuromuscular responses, but
also in the cortical processes involved in postural recovery and adaptation.
Theta-band differences were observed mainly in temporal electrodes, including
T7, T8, C6, and FT7, with additional significant electrodes in frontal and
occipital regions, such as AF3 and PO6. This distribution suggests that the
theta response to the BioVRSea perturbation involved regions associated with
sensory processing, attentional control, and integration of visual and postural
information. Theta activity is known to be involved in attention, memory
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processes, and cognitive-motor control [245]. In postural tasks, theta oscillations
may reflect the increased cognitive demand required to monitor body orientation,
process sensory conflict, and plan corrective responses. Although the role of
alpha activity in balance control has been more extensively described, theta
activity is increasingly recognized as relevant during postural tasks, especially
when task difficulty increases or visual feedback is altered [246].

The theta findings are also consistent with previous BioVRSea work on healthy
subjects, in which theta-band changes were observed during postural pertur-
bation, particularly over parietal regions, suggesting a role in the processing
of body orientation and sensory information [128]. In the PD study, theta
responses showed different behavior depending on brain region and phase. In
healthy subjects, parietal theta activity decreased from PRE to POST, in
agreement with previous observations in healthy participants exposed to the
BioVRSea paradigm [128]. In contrast, frontal theta activity was higher in
healthy controls across task phases. Since theta rhythms are associated with
cognitive and motor functions, and irregular theta activity has been reported
in PD during lower-limb activation, these findings may reflect altered cortical
regulation of postural responses in the PD group [247].

Alpha-band differences were also evident in the POST phase, with significant
electrodes located mainly in temporal regions, including FC5, T7, T8, and
FT8, together with parietal and occipital electrodes such as P4 and PO6. The
alpha band is particularly relevant in this context because alpha oscillations are
involved in sensory processing, attentional regulation, and the control of cortical
excitability. Different studies have shown that balance tasks can modulate alpha
activity, indicating that alpha oscillations participate in postural regulation
rather than representing only an idling rhythm [248, 249]. Alpha activity
has also been associated with cognitive events, motor planning, and action
execution [250]. Therefore, alpha-band differences during BioVRSea suggest
that maintaining balance under visual and mechanical perturbation requires
active cortical engagement.

In the PD study, healthy controls generally showed greater alpha power than
PD participants in both PRE and POST phases. This finding may indicate
that PD participants experienced greater difficulty in coping with the balance
task or were less able to recruit the cortical mechanisms normally involved in
adaptive postural control. Previous studies have shown that alpha power can
decrease with increasing postural task difficulty during upright stance [246, 251,
252]. Therefore, the lower alpha activity observed in the PD group may reflect
increased postural demand, altered sensory integration, or reduced efficiency of
cortical regulation during the task.

The involvement of temporal, parietal, frontal, and occipital electrodes is
physiologically meaningful within the BioVRSea paradigm. The visual sea
environment and moving platform require continuous integration of visual,
vestibular, somatosensory, and motor information. Occipital regions may reflect
visual processing, parietal regions may contribute to body orientation and spatial
integration, frontal regions may be involved in attentional and executive control,
and temporal regions may participate in multisensory processing. Therefore,
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the distribution of theta and alpha differences supports the idea that postural
control during BioVRSea relies on a distributed cortical network rather than
on isolated motor areas.

Overall, the EEG spectral results indicate that theta and alpha activity can
discriminate between early-stage PD participants and healthy controls during
a complex postural-control task. These findings complement the CoP and
EMG results by showing that the altered postural strategy observed in PD
is associated with altered cortical processing. In particular, the POST-phase
differences suggest that PD affects the cortical mechanisms involved in recovering
from, and adapting to, sensory-motor perturbation. Thus, spectral EEG analysis
supports the broader interpretation that postural control impairment in PD is a
multisystem phenomenon involving biomechanical, neuromuscular, and cortical
components.

Dynamic connectivity and brain-network reorganization The dynamic
connectivity analyses extended the EEG investigation from regional spectral
alterations to the temporal organization of large-scale brain networks. While
spectral power analysis identified frequency-specific differences between Parkin-
son’s disease and healthy controls, BNS analysis allowed the characterization of
transient functional connectivity configurations occurring during the BioVRSea
task. This approach was particularly relevant because postural control is not
a static process, but requires continuous reconfiguration of visual, attentional,
sensory, motor, and cognitive networks in response to changing task demands.
Across the EEG connectivity studies included in this thesis, BNSs were extracted
using a methodological framework adapted from Poulsen et al. [208]. This
framework included the selection and optimization of clustering solutions,
followed by back-fitting procedures to derive temporal metrics such as coverage,
occurrence, and duration. These metrics provided complementary information:
coverage described how much time a given state occupied, occurrence described
how frequently the state was entered, and duration described how long the
state persisted once activated. Therefore, BNS analysis made it possible to
investigate not only whether a network configuration was present, but also how
stable, recurrent, or persistent it was during the BioVRSea phases.

The first dynamic connectivity study focused on the alpha band and represented
an initial application of BNS analysis to the BioVRSea paradigm in early-stage
Parkinson’s disease. This study showed that the main group differences were
not expressed as completely distinct transition pathways, but rather as subtle
alterations in the flexibility of state transitions. Across phases, both PD and
control participants showed broadly similar transition structures, but controls
tended to display more distributed transitions, whereas PD participants showed
a tendency toward more repetitive exchanges within a narrower subset of states.
In particular, transitions involving BNS1++BNS4 and BNS3++BNS4 appeared
more pronounced in PD during task-related phases, although these differences
were not stable enough to define a clear diagnostic transition pattern.

This finding is important because it suggests that early-stage PD may not
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produce a complete reorganization of alpha-band network transitions, but
rather a reduction in dynamic flexibility. In the context of BioVRSea, such
reduced flexibility may indicate difficulty in shifting efficiently between network
configurations required for visual processing, attentional control, and postural
adjustment. This interpretation is consistent with the idea that postural
impairment in PD involves not only motor dysfunction, but also altered cognitive-
motor integration and reduced adaptability of brain network dynamics.

The alpha-band BNS-specific analysis further suggested that PD and control
participants differed in the relative expression of states involving canonical
resting-state networks, including the visual network (VIS), dorsal attention
network (DAN), salience network (SAN), auditory network (AUD), and default
mode network (DMN). Although resting-state networks are typically described
during rest, their components also contributed to task-related BNSs, indicating
that these large-scale systems remain functionally relevant during active postural
control. Within the BioVRSea task, this is physiologically plausible because
participants had to process visual motion, maintain attention, respond to salient
stimuli, integrate multisensory information, and regulate posture simultaneously.
In the alpha study, BNS1 was characterized mainly by VIS and SAN compo-
nents. This state was particularly relevant during the PRE phase, when visual
stimulation began. The involvement of VIS is coherent with the visual demands
of the virtual sea environment, which required motion perception, spatial aware-
ness, and continuous processing of visual cues [253-255]. The involvement of
SAN suggests that participants also needed to maintain alertness and respond to
salient changes in the immersive environment. Previous studies have reported
altered occipital function and visual-network connectivity in PD, including
reduced activity in occipito-parietal regions and decreased occipital functional
connectivity [256-258]. Therefore, differences in visually and salience-related
BNSs may reflect altered processing of the visual cues required for postural
orientation.

BNS2, which was more prevalent in controls, was mainly associated with DAN
and SAN. These networks are essential for sustained attention, voluntary alloca-
tion of attention, cognitive control, and responsiveness to task-relevant stimuli
[253, 259-261]. Within BioVRSea, DAN and SAN engagement likely supported
the ability to focus on postural adjustments while monitoring continuous visual
stimulation. The reduced expression of this state in PD is consistent with
previous evidence of altered DAN and SAN connectivity in Parkinson’s disease
[262—-265]. Functionally, this may indicate reduced attentional efficiency during
the task, which could contribute to impaired postural regulation under dynamic
visual conditions.

BNS3 was associated with DAN and AUD, suggesting involvement of attentional
and sensory-integration mechanisms. The auditory network includes regions
such as the primary auditory cortex, insula, and superior temporal gyrus, and
contributes to processing sound stimuli and multisensory information [253,
266]. In the BioVRSea paradigm, visual and auditory inputs are part of the
immersive environment, and their integration may be especially important when
participants experience sensory conflict. The greater relevance of BNS3 in
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PD may therefore reflect increased reliance on multisensory integration as a
compensatory response to postural-control deficits [267, 268].

BNS4 showed greater expression in the PD cohort and was characterized by DAN
and VIS components. This pattern may indicate increased reliance on visual-
attentional processing in PD during the task. In the BioVRSea environment,
where visual motion cues are central to the perturbation, increased DAN-VIS
involvement may reflect an attempt to stabilize posture through continuous
visual monitoring. This interpretation is coherent with the broader view that
PD patients may rely more strongly on visual feedback when automatic postural
control and sensory integration are compromised.

BNS5 and BNS6 were both associated with DAN and SAN, but showed different
group prevalence. BNS5 was more represented in PD, whereas BNS6 was more
prevalent in controls. These findings suggest that both groups recruited attention
and salience-related systems, but possibly with different temporal organization
or efficiency. Previous work has shown that SAN and DMN interactions
are altered in PD, with disrupted anti-correlation between salience-related
and default-mode systems [269-271]. In healthy individuals, SAN activation
typically supports switching between internally oriented DMN activity and
externally oriented task-positive networks. In PD, impaired SAN-DMN coupling
may reduce the efficiency of this switching mechanism, leading to less flexible
cognitive control during complex tasks. This is relevant for BioVRSea because
the task requires sustained attention to external visual and motor demands
rather than internally oriented processing [272, 273].

Overall, the alpha-band study suggested that PD was associated with altered
BNS expression involving visual, attentional, salience, auditory, and default-
mode systems. The most robust finding was reduced BNS2 coverage in PD
during visual and visuomotor task phases, suggesting decreased engagement
of an attention- and salience-related configuration during the phases requiring
active processing of the BioVRSea environment. The transition analysis further
suggested less flexible state switching in PD, although without a fully distinct
transition signature. Together, these findings supported the interpretation that
alpha-band network dynamics in PD reflect altered attentional control, sensory
integration, and compensatory reliance on visual processing during postural
regulation.

The subsequent cross-frequency BNS study expanded this interpretation by
investigating delta-, theta-, and beta-band dynamic connectivity during the same
BioVRSea framework. This analysis showed that PD was not characterized
by a simple global increase or decrease in connectivity. Instead, PD was
associated with a frequency-specific redistribution of brain-state dynamics.
The most relevant alterations involved increased recurrence of a delta-band
attention-dominant state, prolonged engagement of a theta-band DMN-centered
state during visually induced self-motion, and reduced stability of a beta-band
integrative state that was dominant in controls.

In the delta band, PD showed increased occurrence of BNS4, particularly during
baseline. This state was primarily DAN-dominant, with strong VIS involvement
and a posterior-centered organization including midline and occipital regions
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such as the precuneus, posterior cingulate cortex, cuneus, lingual gyrus, fusiform
gyrus, and lateral occipital cortex. Delta oscillations are involved in long-range
cortical integration, attentional regulation, and large-scale coordination across
distributed brain systems [274-276]. In motor and postural contexts, delta
activity may contribute to global network organization and coordination of
sensorimotor and cognitive systems [277, 278]. Increased delta activity and cor-
tical slowing are also well-established features of PD, linked to thalamo-cortical
dysfunction and large-scale network impairment [147, 279, 280]. Therefore, the
increased recurrence of a DAN—-VIS delta state in PD may reflect repeated
recruitment of a slow visual-attentional monitoring configuration, even in the
absence of explicit platform movement.

This delta finding extends previous spectral observations by showing that PD-
related slowing is not only a matter of increased low-frequency power, but
also of altered temporal organization of low-frequency network states. The
increased occurrence of BNS4 suggests that PD participants repeatedly re-
entered this attention-dominant posterior monitoring state. This pattern is
consistent with reports of abnormal delta-band synchronization and disrupted
network integration in PD [281-283]. From a dynamical systems perspective,
frequent re-entry into the same state may indicate a less flexible attractor
landscape, in which specific slow integrative configurations become more easily
accessible and more repeatedly visited [284, 285].

In the theta band, PD showed prolonged duration of BNS4 during the PRE
phase. This is particularly important because PRE involved visual sea-motion
simulation without mechanical platform displacement. Therefore, the increased
duration of this state should be interpreted as a visually driven postural-
processing effect rather than as a response to actual mechanical perturbation.
Theta BNS4 was a DMN-centered, globally integrated configuration involving
medial DMN hubs such as the posterior cingulate cortex, precuneus, rostral
anterior cingulate cortex, and orbitofrontal cortex, together with motor, at-
tentional, and posterior visual regions. This suggests that PD participants
remained for longer periods in a large-scale integrative state during visually
induced self-motion.

Theta oscillations are associated with cognitive-motor integration, attentional
control, sensory conflict processing, and adaptive sensorimotor regulation [275,
286, 287]. In balance paradigms, theta activity has been linked to increased
cognitive monitoring and integration of visual, vestibular, and sensorimotor
information under challenging conditions [153, 288]. Within this framework,
prolonged theta BNS4 duration in PD may reflect abnormal stabilization of a
DMN-centered integrative state during visual-motion processing. Rather than
flexibly transitioning toward task-optimized configurations, PD participants
may remain engaged in a broader compensatory network involving internally
oriented, attentional, and motor systems. This interpretation is consistent with
evidence of altered DMN dynamics and impaired segregation between DMN
and task-positive networks in Parkinson’s disease [283, 289]. It is also coherent
with the role of medial frontal and cingulate theta activity in performance
monitoring and control allocation [290].
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In the beta band, the main findings were reduced coverage and duration of
BNS1 in PD compared with controls, together with increased occurrence of
BNS2 in PD. BNSI1 represented a dominant beta-band configuration in controls,
characterized by integration of DMN, DAN, posterior visual, sensorimotor,
and associative regions. Its reduced coverage and duration in PD suggest
that participants with PD were less able to maintain a stable beta-mediated
integrative state supporting visual feedback, attentional allocation, and motor
readiness. Beta oscillations are strongly associated with stabilization of the
current sensorimotor and cognitive state [291, 292]. In Parkinson’s disease,
abnormal beta synchronization is linked to motor impairment, rigidity of neural
processing, and reduced flexibility of motor networks [293, 294]. Therefore, the
reduced stability of BNS1 may indicate impaired maintenance of an efficient
sensorimotor-cognitive configuration during postural control.

Conversely, BNS2 in the beta band was a DMN-centered integrative configu-
ration linking midline default-mode hubs with posterior visual, parietal, and
temporal associative cortices. The increased occurrence of BNS2 in PD suggests
more frequent transitions into an alternative midline-driven state. This may
reflect temporal fragmentation of beta-band dynamics, with PD participants
shifting away from the dominant control-like visuomotor stabilization state to-
ward a more labile configuration emphasizing internally oriented and associative
processing. The contrast between BNS1 and BNS2 is therefore informative:
while BNS1 tightly coupled posterior visual and sensorimotor regions with
midline hubs, BNS2 emphasized medial integrative structures with less direct
motor dominance. This shift suggests that PD alters beta-band organization
by reducing the stability of task-relevant visuomotor integration and increasing
recurrence of alternative DMN-centered states.

Taken together, the alpha, delta, theta, and beta BNS findings converge on
the interpretation that early-stage PD alters the temporal regulation of large-
scale brain networks during postural control. In the alpha band, PD showed
reduced engagement of attention- and salience-related configurations and a
tendency toward less flexible transitions. In the delta band, PD showed repeated
recruitment of a slow attention-dominant visual-monitoring state. In the theta
band, PD showed prolonged engagement of a DMN-centered integrative state
during visually induced self-motion. In the beta band, PD showed reduced
stability of the dominant control-like integrative state and increased recurrence
of an alternative DMN-centered configuration.

The common element across frequencies was not the alteration of one single
network, but reduced dynamic flexibility of large-scale brain-state organization.
PD participants appeared less able to maintain or flexibly transition between
configurations involving visual, attentional, salience, default-mode, sensory, and
motor systems. This cross-frequency pattern suggests that postural-control
impairment in early-stage PD is associated with altered large-scale network
reconfiguration, rather than with an isolated abnormality in a single frequency
band or brain region.

These findings have important implications for the interpretation of BioVRSea
results. CoP and EMG analyses showed that PD participants adopted a more
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constrained and altered postural strategy, while EEG connectivity analysis
suggests that this behavioral pattern is accompanied by reduced flexibility of
neural network dynamics. Therefore, the BioVRSea paradigm appears capable
of linking biomechanical, neuromuscular, and cortical features of postural control.
In particular, BNS analysis may provide candidate neurophysiological markers
of early PD by identifying how the brain organizes and reorganizes task-relevant
networks during visual and visuomotor perturbation.

Clinically, this approach may be relevant because altered brain-state dynamics
could appear before severe postural instability becomes clinically evident. By
quantifying coverage, occurrence, and duration of BNSs during a controlled bal-
ance challenge, EEG connectivity analysis may help detect subtle abnormalities
in attention, sensory integration, and motor-cognitive control. Although these
findings require validation in larger cohorts and longitudinal studies, they sup-
port the potential of BioVRSea combined with dynamic brain-network analysis
as a tool for characterizing early postural-control dysfunction in Parkinson’s
disease.






Chapter 9

Conclusions

The findings of this thesis lead to four main conclusions regarding the quantita-
tive assessment of postural control using the BioVRSea paradigm.

Postural control is a multisystem and context-dependent process.
The first major conclusion is that postural control cannot be fully characterized
through a single physiological measure. Across the studies included in this thesis,
CoP, EMG, and EEG provided complementary information on biomechanical
behavior, neuromuscular organization, and cortical processing, respectively. This
is consistent with current models describing balance as the result of continuous
integration between sensory information, motor responses, and higher-level
neural processes [1, 7, 11]. Within this framework, BioVRSea provided a
common experimental perturbation through which these different levels of
postural regulation could be investigated simultaneously or in combination.

Importantly, the physiological meaning of a postural response depended on the
population being studied. The same BioVRSea challenge revealed a constrained
strategy in Parkinson’s disease and a more dynamic strategy in seafarers.
Therefore, neither greater nor smaller sway should be interpreted independently
as better or worse balance; instead, postural behavior should be interpreted
according to the adaptive capacity and physiological context of the individual.

Early-stage Parkinson’s disease is characterized by constrained and
less adaptable postural control. Across the Parkinson’s disease studies,
the most consistent biomechanical finding was a reduction in postural flexibility.
PD participants showed reduced CoP excursion, velocity, and spatial dispersion
compared with healthy controls, particularly after exposure to the visuomotor
perturbation. These findings support previous evidence that Parkinson’s disease
affects automatic postural regulation, sensorimotor integration, and the ability
to adapt balance strategies to changing environmental conditions [1, 11, 222,
223].

The POST phase emerged as particularly informative, as group differences
became more evident after the moving-platform stimulation. This suggests



100 CHAPTER 9. CONCLUSIONS

that challenging the postural-control system may expose alterations that are
less apparent during less demanding conditions. The reduced sway observed in
PD should therefore not be interpreted as improved stability, but as a more
restricted postural strategy with reduced capacity for adaptive reorganization.
The EMG findings complemented this interpretation by demonstrating that
neuromuscular alterations were muscle- and phase-specific rather than uniformly
distributed across the lower limb. This is consistent with previous evidence
showing context-dependent alterations in automatic postural muscle recruitment
in Parkinson’s disease [69, 238]. Together, the CoP and EMG results indicate
that PD-related postural dysfunction involves both altered neuromuscular
organization and reduced flexibility of the resulting postural response.

Altered postural control in Parkinson’s disease is accompanied by
reduced flexibility of cortical dynamics. The EEG findings demonstrate
that the alterations observed at the biomechanical and neuromuscular levels
were accompanied by changes in cortical activity. Spectral analysis identified
differences particularly in theta and alpha activity, supporting the involvement
of cortical mechanisms associated with attention, sensory integration, and
cognitive-motor control during challenging postural conditions [7, 246, 248].
Dynamic functional-connectivity analysis extended these findings by showing
that PD-related abnormalities were not restricted to individual brain regions
or a single frequency band. Alpha-band analysis suggested altered recruitment
of visual, attentional, salience, auditory, and default-mode systems, while the
subsequent multiband analysis identified frequency-specific alterations in delta-,
theta-, and beta-band Brain Network States.

Despite these frequency-specific differences, the common feature across the
connectivity studies was a reduction in the flexibility of large-scale brain-state
dynamics. PD participants showed altered maintenance, recurrence, and transi-
tion between cortical configurations involved in visual processing, attentional
control, sensory integration, and motor regulation. This interpretation is con-
sistent with evidence that Parkinson’s disease involves disrupted large-scale
network integration and reduced dynamical flexibility [281, 283-285, 289].
Thus, the findings of this thesis suggest that reduced adaptability in PD is
expressed across multiple organizational levels: as constrained postural behavior,
altered muscle recruitment, and reduced flexibility of cortical network dynamics.

Increased postural variability can represent functional adaptation
rather than impairment. The seafarer study provided an important coun-
terpoint to the Parkinson’s disease findings. Sailors showed greater CoP excur-
sion and velocity together with increased entropy and complexity during the
BioVRSea task. Rather than indicating poorer stability, these changes were
interpreted as an expertise-dependent strategy associated with prolonged expo-
sure to unstable maritime environments. This interpretation is consistent with
previous evidence that postural variability can represent adaptive flexibility and
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that repeated exposure to unstable environments can modify postural-control
strategies [127, 234, 235].

The EMG findings supported this interpretation by identifying a selective
difference in right soleus activation during the adaptation phase. The observed
activation distribution was compatible with low-level activity combined with
intermittent corrective bursts, consistent with the role of the soleus in ankle-
based postural regulation [175, 241, 242]. Therefore, the increased sway observed
in sailors was accompanied by a specific neuromuscular organization rather
than representing uncontrolled instability.

These findings demonstrate that postural variability cannot be interpreted inde-
pendently of context. Whereas reduced movement in PD reflected a constrained
strategy, increased movement and complexity in seafarers were compatible
with functional adaptation. BioVRSea therefore appears particularly useful
for distinguishing different strategies used to solve the same postural challenge
rather than simply classifying participants according to the magnitude of their
sway.

Overall conclusion Taken together, the five studies demonstrate that BioVRSea
provides a quantitative framework for investigating how postural control is
organized under controlled visual and mechanical perturbations. Its main contri-
bution is not the identification of a single marker of balance impairment, but the
ability to characterize different postural-control strategies across biomechanical,
neuromuscular, and cortical levels.

In early-stage Parkinson’s disease, the converging evidence indicates a more
constrained and less dynamically flexible system, expressed through altered CoP
behavior, selective neuromuscular changes, and reduced flexibility of cortical
network organization. In contrast, seafarers demonstrated a more variable and
complex postural strategy compatible with experience-dependent adaptation to
unstable environments.

In this framework, the integration of complementary physiological signals, in-
cluding EEG, EMG, and CoP, enables a quantitative characterization of postural
control across neural, muscular, and biomechanical levels. Within BioVRSea,
this multimodal approach revealed distinct postural-control patterns associated
with physiological adaptation and pathological restriction, including subtle
alterations emerging during the early stages of neurophysiological disorders.
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Limitations and Future
Perspectives

10.1 Limitations Across Studies

The limitations of this thesis can be summarized into five main areas concerning
cohort characteristics, disease classification, methodological choices, multimodal
comparability, and the generalizability of the BioVRSea framework.

Sample size and cohort composition The first limitation concerns sample
size and cohort composition. The initial BioVRSea study in early-stage Parkin-
son’s disease included a relatively small PD cohort, reducing statistical power
and limiting the generalizability of the CoP, EMG, and EEG findings [190].
Although this was partly addressed in the later CoP and EMG study with a
larger matched cohort, the first study should still be considered exploratory.
Similarly, the seafarer study included 21 sailors and 21 matched controls, all
male, limiting the extension of the findings to larger maritime populations,
female sailors, or mixed occupational groups.

Cohort heterogeneity and disease classification A second limitation
concerns cohort heterogeneity and disease classification. Early-stage PD is not
an absolute category and may vary according to clinical evaluation, disease
duration, symptom profile, medication status, and individual compensatory
strategies. Therefore, the findings should be interpreted as evidence of altered
postural-control strategies in the studied cohorts rather than as a definitive
characterization of all early-stage PD patients.

Moreover, although CoP and EMG findings suggest a more constrained and less
adaptive postural strategy in PD, the underlying mechanisms were not directly
measured. These patterns may reflect rigidity, impaired sensory reweighting,
altered automatic postural responses, co-contraction, reduced confidence, or
compensatory stabilization [1, 11, 222, 231].
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EEG acquisition and analytical choices EEG acquisition during dynamic
postural tasks presents specific methodological challenges. EEG is sensitive
to movement, muscle activity, eye movements, and headset displacement, and
results obtained during visual stimulation and mechanical platform movement
must therefore be interpreted cautiously.

In addition, connectivity analyses depend on methodological choices related
to source reconstruction, connectivity estimation, parcellation, and cluster-
ing. The wMNE-PLV pipeline was adopted for consistency with previous
source-connectivity literature and earlier BioVRSea studies [191, 199, 219];
nevertheless, the resulting Brain Network States remain dependent on the
analytical framework used.

Frequency coverage and multimodal comparability The EEG con-
nectivity studies differed in frequency content and interpretation. The first
alpha-band study provided an initial dynamic connectivity investigation of
BioVRSea in a neurodegenerative cohort, whereas the subsequent multiband
study extended the analysis to delta, theta, and beta bands. This extension was
relevant because beta oscillations are related to motor control and pathological
synchronization in PD [295, 296], theta activity is associated with cognitive
control, error monitoring, and sensorimotor integration [297, 298], and delta
activity may reflect large-scale coordination and compensatory processes under
increased cortical demand [299]. However, gamma-band connectivity was not ex-
amined because of the computational burden associated with larger connectivity
matrices.

Furthermore, not all studies used the same combination of CoP, EMG, and
EEG signals. This limits direct comparison across modalities and cohorts and
prevents a complete characterization of the relationships between biomechanical
behavior, neuromuscular activation, and cortical dynamics across all populations
investigated.

10.2 Future Perspectives

Based on these limitations and on the findings of this thesis, five main directions
for future research can be identified.

Validation in larger, more diverse, and longitudinal cohorts Future
work should expand and validate the BioVRSea framework in larger and more
diverse cohorts. This is particularly important for confirming findings obtained
in the smaller exploratory PD study and for determining whether the adaptations
observed in the male seafarer cohort generalize to female sailors and broader
maritime populations.

Longitudinal studies would provide an additional dimension that cannot be
addressed through the current cross-sectional investigations. In seafarers and
other occupational groups, repeated assessments could clarify whether postural
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adaptations develop progressively with exposure to unstable environments,
persist after return to land, or gradually disappear over time.

Clinical characterization and stratification of Parkinson’s disease In
Parkinson’s disease, larger cohorts should allow subgroup analyses according to
disease stage, motor phenotype, medication status, cognitive profile, and fall
history. This would help determine how the postural-control patterns identified
through BioVRSea vary across the heterogeneous clinical spectrum of PD and
whether specific features are associated with disease progression or fall-risk
stratification.

More detailed clinical and physiological characterization could also help clarify
the mechanisms underlying the constrained postural strategy observed in this
thesis, including the potential contribution of rigidity, altered sensory reweight-
ing, abnormal automatic postural responses, or compensatory stabilization.

Methodological validation and extension of EEG analysis Future
EEG studies should assess the robustness of the connectivity findings using
alternative analytical approaches. This should include testing different source-
reconstruction methods, connectivity measures, cortical parcellations, and
clustering strategies to determine whether the identified Brain Network States
and group differences remain stable across methodological choices.

Future work could also extend the connectivity analysis to additional frequency
ranges. In particular, gamma-band connectivity was not investigated in the
present studies because of the computational demands associated with the larger
connectivity matrices and could therefore represent an additional direction for
characterizing the cortical dynamics associated with postural control.

Direct multimodal integration Future analyses should integrate CoP,
EMG, and EEG correlation more directly rather than interpreting the signals
predominantly as separate levels of postural control. Temporal relationships
between cortical network states, muscle activation bursts, and CoP corrections
could help determine how neural activity is translated into neuromuscular
control and observable postural behavior.

Such analyses could provide a more complete representation of the multisys-
tem organization of balance and help identify combinations of features that
distinguish pathological, adaptive, and physiological postural-control strategies.
Machine-learning approaches may support the identification of compact multi-
modal feature sets, provided that resulting models are appropriately validated
and remain physiologically interpretable.

Clinical translation, new applications, and rehabilitation For clinical
translation, BioVRSea should be simplified into shorter and more accessible
protocols. The findings of this thesis suggest that CoP and EMG may be suffi-
cient for some clinical and rehabilitation applications, whereas EEG and Brain
Network State analysis may be more suitable for advanced neurophysiological
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characterization or research contexts. Future work should therefore identify a
reduced set of robust features that can be acquired with simpler equipment and
shorter protocols.

The framework could also be extended to other populations characterized by
impaired balance control, including older adults and individuals with vestibular
disorders, multiple sclerosis, stroke, traumatic brain injury, limb amputation,
or other neurodegenerative and neuromuscular conditions.

In individuals with lower-limb amputation, BioVRSea may provide a controlled
method for assessing how different prosthetic devices influence postural stability,
muscular recruitment, and adaptation to sensory and mechanical perturbations.
Ongoing work conducted in collaboration with Ossur applies the BioVRSea
protocol to individuals with lower-limb amputation while using three different
prosthetic feet. This application may help determine whether distinct pros-
thetic designs promote different postural-control strategies and may support
the objective comparison and functional validation of prosthetic components
under challenging but reproducible conditions. More broadly, this application
illustrates the potential of BioVRSea not only for characterizing patient pop-
ulations but also for evaluating assistive technologies and supporting device
selection and rehabilitation decisions.

Finally, the paradigm may have rehabilitative potential. Repeated exposure
to controlled sensory and mechanical perturbations could potentially be used
not only to assess postural control but also to train adaptive balance strategies.
Future studies should therefore investigate whether repeated BioVRSea sessions
improve balance confidence, reactive postural responses, and functional mobility,
and whether these effects transfer to daily-life situations.
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Appendices

11.1 Shared Supplementary Methods for Brain
Connectivity Analyses

11.1.1 ROI-Node—-RSN Mapping

Table 11.1: Regions of Interest (ROIs) and their Functional Network Associa-
tions.

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 r.MTG DAN
3 L.cACC 1.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 L.pericalcarine LperiCAL  Other
6 r.cMFG r.cMFG SAN 34 r.pericalcarine r.periCAL  Other
7 L.cuneus 1.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 l.posteriorcingulate 1L.PCC DMN

10 r.entorhinal r.ENT Other 38 r.posteriorcingulate r.PCC DMN
11 l.superiorfrontal LsFG Other 39 L.precentral L.preC MOT
12 r.superiorfrontal r.sFG Other 40 r.precentral r.preC MOT
13 1.fusiform LFUS VIS 41 l.precuneus 1.PCUN DMN
14 r.fusiform r.FUS VIS 42 r.precuneus r.PCUN DMN
15 Linferiorparietal LIPL Other 43 L.rACC L.rACC DMN
16 r.inferiorparietal r.IPL Other 44 r.rACC r.rACC DMN
17 LITG LITG DAN 45 L.rMFG L.erMFG SAN
18 rITG rITG DAN 46 r.tMFG r.tMFG SAN
19 L.pOPER LpOPER  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 r.iCC DMN 50 r.STG r.STG AUD
23 Llateraloccipital 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
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11.1.2 Phase-Locking Value (PLV) Calculation

The dynamic Phase-Locking Value (PLV) dynamic connectivity matrices are

computed using the function:

N — LNumberofSamples — OverlapWindowJ
TotalWindow — OverlapWindow

NumberOfSamples = EpochDuration x SamplingRate
Jinterest = fant w
where: TotalWindow = \‘ 7 X SamplingRatoJ
Interest
OverlapWindow = \‘OverlapPercentage X 6 X SamplingRateJ
100 froterest

This function takes as input:

e EpochDuration: EEG time series with dimensions [1.,annelss Psamples)-

o SamplingRate: The EEG sampling frequency.

e fmin, fmax: The lower and upper-frequency limits of the band of interest.
o QuerlapPercentage: The percentage of overlap between 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 between consecutive
windows. Following [207], each window spans six cycles of the band’s center
frequency to ensure reliable phase estimation.

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

Band Frequency parameters (Hz) Window parameters (samples)
f f f TotalWindow OverlapWindow N
Jmin - Jmax Interest (samples per segment) (samples shared) (PLV matrices)
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

Exzample calculation for the alpha band:
Epoch Duration = 273 s; Sampling Rate = 1024 Hz; Overlap = 50%.

Number of Samples = 273 x 1024 = 279552 samples.
fonin =8 Hz; frax = 13 Hz = fiterest = 10.5 Hz.
Total Window = |6/10.5 x 1024] = |585.14] = 585 samples
Overlap Window = |0.5 x 585.14| = [292.47] = 292 samples
279552 — 292 279260
- L 585 — 202 J - { 203

J — 1953.10] — 953.
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11.1.3 Computational Methods for BNSs metrics

Table 11.2: Description of parameters used in the analysis of brain network
states (BNSs), including their formulas and interpretations.

Parameter Formula Description
Coverage, = —% Coverage represents the
Coverage P Ttal proportion of time a BNS is
active relative to the total time.
where T} is the total time state i was active, and T}, is the total
analysis time.
Duration, — Duration is the average time a
Duration ! BNS remains active before
switching to another.
where Tj is the total time state 7 was active, and N; is the number of
times state ¢ was activated.
> GFP(t) - CC(t)? GEV represents the proportion
GEV,; = W of the Global Field Power
GEV [ explained by each BNS,
where GFP(t) is the Global Field Power at time ¢, and CC(t) is the indicating th?wle” ia‘Ch state
spatial correlation between the map at time ¢ and the template map of represents the data.
state i.
1 XN 5 GFP quantifies the variance of
CFP GFP(t) = NZ (Vl(T) — V(t)) the EEG signal at a given time
i=1 point, providing a measure of
—— the strength of brain activity.
where V;(t) is the voltage at sensor 7 at time ¢, V/(¢) is the mean voltage © strengthh of brain activity
across all sensors, and N is the total number of sensors.
N 2
GMD(t) = 1 Z Vi(t) Vi(r) GMD quantifies the dissimilarity
GMD TAN& \/ZN ) \/ZN V2(r) between two topographical
=1t i=1 "t voltage distributions over time.
where V;(t) and V;(r) are the voltages at sensor i at times ¢ and r,
respectively, and N is the total number of sensors.
Occurrence — i OC(?\II’I’(!I](?C measures h()W many
Occurrence " Thotal times a specific BNS appears
) within a time window.
where N; is the number of times state i was activated, and T}, is the
total analysis time.
T, =
4TSN, TP describes the probabilities of
TP (A transitioning between different

where T is the transition probability from state i to state j, N;; is the
observed transitions from i to j, and Z] N;; is the total transitions from

i to any state.

BNSs over time.
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11.2 Paper 2: Exploring dynamic alpha band connectivity
in Parkinson’s disease: A novel approach to postural
control assessment using the BioVRSea paradigm

11.2.1 Linear Mixed Model: Statistical Results in Alpha
Band

11.2.1.1 Statistical Result of Coverage.

Table 11.3: 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 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
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
[ 0.201 0.337 1 0.271 0.541 3 0.159 0.319 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

11.2.1.2 Statistical Result of Occurrence.

Table 11.4: 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 0.324 0.877
6 0.124 0.372 1 0.058 0.174 1 0.566 0.793 1 0.513 0.877
4 0.607 0.672 6 0.450 0.67: 5 0.581 0.793 2 0.553 0.877
5 0.615 0.672 5 0.452 0.678 6 0.626 0.793 5 0.615 0.877
3 0.653 0.672 4 0.815 0.978 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 0.975 0.975

11.2.1.3 Statistical Result of Duration.

Table 11.5: 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 0.362 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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11.3 Paper 3: Dynamic connectivity patterns in
Parkinson’s disease: A new framework for postural

control assessment with BioVRSea

11.3.1 Time-resolved BNS occupancy: descriptive
visualization

To provide a descriptive representation of how group differences evolved over
time, we examined the time-resolved occupancy of each BNS across the ex-
perimental timeline (Figures 11.3-11.2). Occupancy was computed at each
time point as the proportion of subjects assigned to a given BNS, based on the
temporally smoothed state-label sequence. This visualization complements the
phase-wise presence analysis by illustrating the continuous temporal evolution
of group-level state prevalence, while quantitative comparisons are reported
using phase-wise BNS metrics.

In the Delta band (Figure 11.1), CTR exhibited a relatively distributed oc-
cupancy across multiple states, with BNSI, BNS2, and BNS5 contributing
throughout the protocol. In contrast, PD showed a clear predominance of BNSS3,
BNSJ, and BNS6, which remained the most prevalent state across all phases.
This pattern was accompanied by consistently lower occupancy of lower-index
states, particularly BNSI and BNS2, and appeared stable across the entire
experimental timeline.

222222
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Figure 11.1: Time-resolved occupancy of BNSs in CTR and PD in the
Delta band. Stacked area plots show the proportion of subjects assigned to
each BNS at each time point. Vertical dashed lines indicate phase boundaries.

In the Theta band (Figure 11.2), occupancy patterns reflected a redistribution
between the two dominant configurations. CTR was primarily characterized
by higher occupancy of BNS1, whereas PD showed a reduced prevalence of
this state and increased occupancy of BNS2. In addition, PD exhibited greater
contributions from higher-index states, particularly BNS4 and BNS5, across
phases. These differences were evident throughout the experimental timeline
and were consistent with the phase-wise presence patterns.
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Figure 11.2: Time-resolved occupancy of BNSs in CTR and PD in the
Theta band. Stacked area plots show the proportion of subjects assigned to
each BNS at each time point. Vertical dashed lines indicate phase boundaries.

In the Beta band (Figure 11.3), CTR showed a consistent predominance of
BNS1 across the experimental timeline, with relatively stable occupancy and
moderate temporal fluctuations. In contrast, PD exhibited a markedly reduced
prevalence of BNSI and a corresponding increase in alternative configurations,
particularly BNS3-BNS5. These differences were sustained across phases and
were especially evident during the PRE and MOV phases, where PD showed
more pronounced temporal variability and greater contributions from higher-
index states.

BNS4
BNS3
BNS2
BNST

H

280 320

160
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Figure 11.3: Time-resolved occupancy of BNSs in CTR and PD in the
Beta band. Stacked area plots show the proportion of subjects assigned to
each BNS at each time point. Vertical dashed lines indicate phase boundaries,
and labels denote Baseline (BL), Preparation (PRE), Movement (MOV), and
Post-movement (POST) phases.
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11.3.2 Phase-wise BNS presence across frequency bands

Figure 11.4 reports the phase-wise BNS presence (percentage of samples assigned
to each BNS) for CTR and PD across BL, PRE, MOV, and POST, separately
for the Beta, Delta, and Theta bands.

Table 11.6 provides the corresponding numerical values, reporting the mean
percentage presence of each BNS for each phase and group. Overall, CTR and
PD exhibited distinct distributions of BNS presence, with group differences
that were broadly consistent across phases within each frequency band.

Table 11.6: Mean phase-wise BNS presence for CTR and PD across frequency
bands. Values are expressed as percentages and were derived from the temporally
smoothed state-label matrix (subjects x time samples), where each time sample
was assigned to a BNS. For each phase (BL, PRE, MOV, POST), BNS presence
was computed at the subject level as the proportion of samples assigned to
each state within the corresponding phase window, and then averaged across
participants within each group (x100).

Delta
CTR PD
Phase BNS1 BNS2 BNS3 BNS4BNS5 BNS6BNS1 BNS2 BNS3 BNS4 BNS5 BNS6
BL 28.42 11.54 15.36 5.35 26.77 12.55 6.76 5.18 24.42 14.21 21.05 28.38
PRE 38.04 19.37 4.32 12.27 16.93 9.07 14.57 5.50 21.77 14.63 9.25 34.28
MOV 24.17 16.80 15.63 13.41 19.65 10.34 9.20 6.63 22.19 15.80 8.72 37.46
POST 31.93 26.54 2.52 7.12 15.89 16.01 12.61 0.64 28.92 20.90 10.21 26.73

Theta
CTR PD
Phase BNS1 BNS2 BNS3BNS4 BNS5 BNS1 BNS2BNS3BNS4 BNS5
BL 33.51 30.23 18.18 10.36 7.72 28.14 35.58 13.84 10.81 11.63

PRE 32.45 20.85 24.45 8.93 13.32 24.14 32.76 10.17 13.28 19.66
MOV 33.98 21.48 25.32 11.80 7.41 18.45 34.76 11.49 18.10 17.20
POST 35.58 28.68 18.65 7.99 9.09 21.03 39.48 12.76 13.97 12.76

Beta
CTR PD
Phase BNS1 BNS2BNS3BNS4BNS5 BNS1 BNS2BNS3BNS4BNS5
BL 36.51 10.53 11.29 13.47 28.19 7.94 9.71 19.26 23.01 40.08

PRE 27.65 16.60 9.44 26.34 19.97 7.11 13.57 21.99 24.55 32.79
MOV 32.05 15.14 9.30 16.98 26.53 8.50 10.90 22.24 24.87 33.48
POST 28.63 19.65 10.07 17.77 23.88 5.92 16.10 17.86 21.90 38.22

In the Delta band, the two groups exhibited substantial differences in the
distribution of BNS presence across all states (Fig. 11.4, Table 11.6). BNS?
was consistently higher in CTR than PD in every phase (CTR: 24.17-38.04%
vs PD: 6.76-14.57%), with the largest differences in PRE (38.04% vs 14.57%,
A=23.47) and BL (28.42% vs 6.76%, A=21.66). BNS2 was also markedly higher
in CTR than PD throughout (CTR: 11.54-26.54% vs PD: 0.64-6.63%), with
the strongest contrast in POST (26.54% vs 0.64%, A=25.90). BNS3 showed
the opposite pattern, being substantially higher in PD than CTR across all
phases (PD: 21.77-28.92% vs CTR: 2.52-15.63), with the largest differences
in POST (28.92% vs 2.52%, A=26.40) and PRE (21.77% vs 4.32%, A=17.45).
BNS/ was generally higher in PD than CTR in all phases (PD: 14.21-20.90% vs



114 CHAPTER 11. APPENDICES

Beta

100

© o
S &

90

®
=3

80

~
=}

70

@
=3

60 [ BNS1
[ BNS2
[C/IBNS3
[ BNS4
[ BNSS

50

% presence
0
o

% presence

40
30
20

BL PRE MOV POST BL PRE MOV POST
Phases Phases

Delta

100 100

90 90

80 80

70 70

[ BNS1
[ BNS2
[CZ1BNS3
I BNS4
[ BNS5
[ BNSS

60 60

50 50

40 40

% presence
% presence

30 30

20 20

BL PRE MoV POST BL PRE MoV POST

Phases Theta Phases

100 CTR 100 PD

90 90

80 80

70 70

60 60 [ BNS1
[ BNS2
[C—IBNS3
I BNS4

[ BNSS

50 50

% presence
% presence

40 40

30 30

20 20

BL PRE MOV POST BL PRE MOV POST
Phases Phases

Figure 11.4: Mean phase-wise BNS presence in CTR and PD across
frequency bands. Stacked bar plots show the mean percentage presence of
each BNS within BL, PRE, MOV, and POST phases for CTR and PD. Presence
was computed as the proportion of samples assigned to each BNS within each
phase and averaged across subjects. Panels report results for Beta, Delta, and
Theta bands.

CTR: 5.35-13.41), with the largest group difference at POST (20.90% vs 7.12%,
A=13.78). BNS5 was higher in CTR than PD throughout the protocol (CTR:
15.89-26.77% vs PD: 8.72-10.21%), with the largest contrast in BL (26.77% vs
21.05%, A=5.72). Finally, BNS6 represented the dominant state in PD in all
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phases (28.38-37.46%) and was consistently higher than in CTR, (9.07-16.01),
showing the strongest differences in MOV (37.46% vs 10.34%, A=27.12) and
PRE (34.28% vs 9.07%, A=25.21). Overall, Delta-band dynamics in PD were
characterized by reduced occupancy of lower-index states (BNS1-BNS2 and
BNS5) and increased presence of higher-index states, particularly BNS3 and
BNS6, relative to CTR. Specifically, CTR was primarily characterized by higher
contributions of BNS1-BNS2 (and BNS5 at BL), whereas PD was dominated
by BNS6 across all phases, with BNS3 representing the second most prominent
component.

In the Theta band, group differences were mainly expressed as a redistribution
between the two dominant states, BNS1 and BNS2 (Fig.11.4, Table 11.6). BNS1
was consistently higher in CTR than PD across all phases (CTR: 32.45-35.58%
vs PD: 18.45-28.14%), with the largest difference in POST (35.58% vs 21.03%,
A=14.55) and MOV (33.98% vs 18.45%, A=15.53). Conversely, BNS2 was
consistently higher in PD than CTR, throughout the protocol (PD: 32.76-39.48%
vs CTR: 20.85-30.23%), with the strongest group difference in POST (39.48%
vs 28.68%, A=10.80). BNS3 contributed moderately in both groups and was
generally higher in CTR (CTR: 18.18-25.32% vs PD: 10.17-13.84), with the
largest difference in MOV (25.32% vs 11.49%, A=13.83) and PRE (24.45% vs
10.17%, A=14.28). In contrast, BNS/ showed consistently higher presence in
PD than CTR across phases (PD: 10.81-18.10% vs CTR: 7.99-11.80), with
the largest difference in MOV (18.10% vs 11.80%, A=6.30). Finally, BNS5
was also higher in PD than CTR in all phases (PD: 11.63-19.66% vs CTR:
7.41-13.32), with the largest contrast in PRE (19.66% vs 13.32%, A=6.34) and
MOV (17.20% vs 7.41%, A=9.79). Overall, Theta-band dynamics in PD were
characterized by reduced BNS1 and BNS3 and increased BNS2 together with
higher contributions of BNS4-BNS5 compared to CTR.

In the Beta band, the two groups showed a marked redistribution of BNS
presence across all states (Fig. 11.4, Table 11.6). BNS! was consistently higher
in CTR than PD across all phases (CTR: 27.65-36.51% vs PD: 5.92-8.50%),
yielding the largest group differences (e.g., BL: 36.51% vs 7.94%, A=28.57; MOV:
32.05% vs 8.50%, A=23.55). BNS2 showed comparable contributions between
groups, with slightly higher values in CTR. BNS3 was consistently higher
in PD than CTR across all phases (PD: 17.86-22.24% vs CTR: 9.30-11.29),
with the largest differences in MOV (22.24% vs 9.30%, A=12.94) and PRE
(21.99% vs 9.44%, A=12.55). BNS/4 was also higher in PD than CTR in every
phase (PD: 21.90-24.87% vs CTR: 13.47-26.34), although CTR exhibited a
pronounced increase in PRE (26.34%), resulting in a smaller or reversed group
difference specifically in this phase (CTR: 26.34% vs PD: 24.55). Finally, BNS5
represented the dominant state in PD throughout (32.79-40.08%) and was
consistently higher than in CTR, (19.97-28.19), with the largest differences at
POST (38.22% vs 23.88%, A=14.34) and PRE (32.79% vs 19.97%, A=12.82).
Overall, Beta-band dynamics in PD were characterized by reduced BNS1 and
increased occupancy of higher-index states, primarily BNS3—BNS5, relative to
CTR.
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11.3.3 Detailed discussion of individual BNSs

This study investigated dynamic brain network organization during a complex
postural control task in patients with early-stage PD using the BioVRSea
paradigm. The main methodological contribution of this work is the use of a
visuomotor stimulation protocol combining virtual reality and EEG recordings,
allowing the investigation of motor-cognitive processes involved in postural
control under ecologically relevant conditions. This approach provided a detailed
framework for assessing postural control alterations in PD.

To characterize time-varying brain network activity, we employed a method-
ological pipeline adapted from Poulsen et al. for the extraction of BNSs from
functional connectivity data [208, 219]. The procedure involved selecting the
most appropriate clustering approach, optimizing the number and structure of
BNSs, and applying back-fitting to quantify temporal properties of each state,
including coverage, occurrence, and duration [219]. By applying this framework
to EEG connectivity data acquired during the BioVRSea paradigm, we aimed
to identify dynamic neurophysiological signatures of PD that may contribute to
earlier disease characterization.

BNSs describe transient patterns of functional connectivity among distributed
brain regions. In contrast to RSNs, which represent relatively stable patterns of
connectivity commonly observed during rest, BNSs capture short-lived network
configurations that fluctuate over time and may vary according to task demands
or experimental conditions. Several regions contributing to the identified BNSs
overlapped with established RSNs, including default mode, motor, visual, and
attention-related networks. This indicates that canonical large-scale systems
continue to shape brain organization during task execution, while their temporal
expression changes dynamically across the paradigm.

Differences in BNS expression between PD patients and CTR, suggest disease-
related alterations in the dynamic organization of large-scale functional con-
nectivity. Specifically, altered BNS patterns may reflect a reduced capacity to
flexibly reconfigure brain networks in response to changing sensory, cognitive,
and postural demands. Such reduced network flexibility may represent a neuro-
physiological mechanism contributing to the motor and cognitive disturbances
observed in PD.

11.3.3.1 Delta band

BNS1: In the delta band, BNS1 showed a clear phase-dependent modulation
in CTR, peaking during PRE (38.04%), decreasing during MOV (24.17%), and
partially recovering during POST (31.93%), relative to baseline (28.42%). In
contrast, PD exhibited markedly reduced occupancy across all phases (BL:
6.76%, PRE: 14.57%, MOV: 9.20%, POST: 12.61%) (Supplementary Material
11.3.2). BNS1 was primarily characterized by strong contributions from the
DAN and SAN networks, with additional involvement of sensorimotor and
occipital regions. This configuration suggests a role in slow attentional con-
trol and salience-mediated coordination of distributed cortical systems. Delta
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oscillations have been associated with sustained attentional regulation and
long-range coordination [274, 276]. The increased expression during PRE in
CTR likely reflects recruitment of attentional and salience-control mechanisms
during sustained visual stimulation, while the reduction during MOV suggests
reconfiguration toward states supporting motor execution. The strongly attenu-
ated presence of BNS1 in PD indicates impaired engagement of slow attentional
control mechanisms and reduced salience-guided switching. Dysfunction of
attentional and salience networks has been widely reported in PD and linked to
impaired motor preparation and reduced adaptability [300, 301]. The reduced
availability of this state may therefore contribute to impaired preparation and
adaptive control during postural regulation.

BNS2: BNS2 exhibited progressive modulation in CTR, culminating in a
marked increase during POST, suggesting engagement during recovery and
reintegration phases. In contrast, PD showed consistently reduced occupancy
across all phases, with near suppression during the POST phase. This state
showed a broadly distributed integrative profile involving attentional, motor,
visual, salience, auditory, and default-mode networks, indicating a large-scale
coordination state. Slow delta oscillations have been associated with large-scale
integration and recovery-related processes [276, 277]. The increase in BNS2
during POST in CTR suggests its involvement in restoring coordinated network
organization after movement. The absence of this increase in PD indicates
impaired recovery-related network reorganization. This finding aligns with
previous reports of disrupted low-frequency connectivity and reduced network
flexibility in PD [279, 281] and suggests a specific deficit in restoring functional
balance after motor activity.

BNS3: In CTR, BNS3 showed strong modulation across phases, with suppres-
sion during PRE and POST and transient recruitment during MOV, indicating
flexible engagement depending on task demands. In contrast, PD showed per-
sistently elevated BNS3 occupancy across all phases, particularly during BL
and POST, where CTR showed minimal expression. BNS3 displayed balanced
contributions from multiple RSNs, indicating a globally synchronized integrative
configuration (Supplementary Material 11.3.2). The abnormal persistence of
this state in PD suggests impaired disengagement from globally synchronized
delta configurations. Rather than flexibly transitioning between states, the
PD brain appears to remain trapped in a low-frequency coherent state. This
interpretation is consistent with previous findings of excessive low-frequency
synchronization and reduced dynamical flexibility in PD [147, 282, 302].
BNS4: BNS4 showed significantly higher occurrence in PD compared to CTR
during BL after FDR correction, and increased percentage presence across all
phases, with particularly pronounced differences during POST. Together with
the time-resolved occupancy pattern showing stable expression of higher-index
delta states in PD, these results indicate that BNS4 is not merely elevated in
average prevalence, but is also recurrently re-entered more often in PD, consis-
tent with the fragmented temporal organization of slow network states. Beyond
its global integrative signature, the spatial topology of BNS4 provides a more
specific interpretation. In the delta band, BNS4 was dominated by DAN and
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VIS (highest mean strength in DAN;, closely followed by VIS), and displayed
a posterior-dominant organization anchored on a midline backbone. Medially,
prominent hubs included the precuneus (PCUN), posterior cingulate cortex
(PCC), and isthmus cingulate (iCC), which were densely interconnected with bi-
lateral occipital associative regions such as cuneus (CUN), lingual gyrus (LING),
fusiform gyrus (FUS), and lateral occipital cortex (LOG). Laterally, strong
nodes were evident in temporo-parietal DAN regions (MTG, ITG, pOPER) and
parietal associative cortices (IPL, SPL), forming extensive links with occipital
and midline hubs (Fig. 11.5).
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Figure 11.5: BNS4 in the delta band. Spatial representation of BNS1
connectivity pattern in the delta frequency band. Lateral and medial views of
both hemispheres are shown: the top row displays the lateral views of the left
(L) and right (R) hemispheres, while the bottom row displays the corresponding
medial views. Nodes represent cortical regions and are colored according to their
assigned resting-state network, while edges represent functional connections
between regions. For visualization purposes, only connections with an edge
weight greater than 0.04 are shown. This representation highlights the large-scale
network organization and dominant inter-regional interactions characterizing
BNS1 in the delta band.

In contrast, anterior frontal and salience-related regions (rACC, cACC; rMFG,
c¢MFG) were present but comparatively less central, suggesting that the func-
tional core of this state is a slow, posterior attentional-visual integration mode
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rather than an anterior executive configuration (Fig. 11.5). Functionally, this
anatomy is consistent with a delta-mediated state supporting externally ori-
ented visuo-spatial integration and sustained attentional monitoring at slow
timescales [274-276]. The strong coupling of occipital associative cortices with
PCUN/PCC midline hubs suggests a configuration linking visual processing
with medial integrative structures, while temporo-parietal DAN nodes indicate
top-down attentional allocation over sensory representations. In the context of
PC, such a state plausibly reflects reliance on visual-attentional monitoring to
stabilize posture and maintain task set during prolonged standing or recovery.
The increased occurrence of this posterior DAN-VIS state during baseline in PD
suggests that patients repeatedly transition into an externally oriented monitor-
ing configuration even in the absence of movement demands. This pattern is
consistent with the broader notion that PD is associated with cortical slowing
and abnormal low-frequency synchronization [147, 279, 280], and with reports
of altered large-scale integration/segregation and reduced dynamical flexibility
[281-283]. From a dynamical systems perspective, the frequent re-entry into
BNS4 is compatible with an altered attractor landscape in which specific slow
integrative states become easier to access and more repeatedly visited [284, 285].
Critically, the posterior-centric nature of BNS4 suggests that this stabilization
is not generic global slowing, but is expressed as preferential engagement of a
visuospatial attention—integration mode, potentially reflecting compensatory
reliance on sensory-attentional resources when automatic postural control mech-
anisms are degraded. Finally, the elevated presence of BNS4 during POST in
PD may indicate impaired recovery dynamics: rather than reinstating a broader
repertoire of delta configurations after movement, PD patients may remain
biased toward a posterior monitoring state, consistent with reduced ability to
restore flexible large-scale coordination following motor perturbation [279, 281,
283].

BNS5: BNS5 showed a consistently higher presence in CTR compared to PD in
all phases. This state displayed a balanced integrative profile involving attention,
motor, visual, salience, and default-mode networks. Its higher expression in
CTR suggests a role in flexible integration of distributed functional systems. The
reduced engagement of this state in PD indicates that not all delta configurations
are uniformly increased. Instead, PD is characterized by selective redistribution,
with reduced engagement of potentially adaptive integrative states. This pattern
is consistent with previous evidence of disrupted integration—segregation balance
in PD [147, 281, 283].

BNS6: BNS6 showed the most pronounced group difference, with consistently
higher presence in PD across all phases. This state was characterized by strong
involvement of DAN, SAL, and VIS, along with motor system contributions.
Its predominance in PD indicates a pathological shift toward a delta-mediated
attentional configuration. While recruitment of attentional networks is necessary
for postural control, excessive persistence of this state likely reflects inefficient
network regulation. Dysfunction of dorsal attention and salience networks has
been linked to motor and cognitive impairments in PD [300, 301]. These findings
extend previous evidence of cortical slowing in PD [279, 282] by demonstrating



120 CHAPTER 11. APPENDICES

that disease-related abnormalities are expressed as altered temporal distribution
of specific large-scale network states.

11.3.3.2 Theta band

BNS1: In CTR, BNS1 represented one of the dominant theta configurations
across phases, whereas PD showed consistently reduced occupancy. Spatially,
BNS1 was dominated by DAN contributions, with strong involvement of SAN
and VIS, and widespread anterior—posterior connectivity linking frontal con-
trol regions, central sensorimotor cortices, and posterior occipital areas. This
topology suggests that BNS1 reflects a theta-mediated attentional-sensorimotor
coordination state, integrating frontal control systems with motor and visual
processing. Fronto-parietal theta synchronization has been repeatedly linked
to adaptive cognitive control and task-set maintenance [290, 303]. The re-
duced engagement of this configuration in PD, therefore, suggests diminished
recruitment of coordinated attentional control mechanisms during postural
regulation. Importantly, the attenuation of BNSI in PD parallels the reduction
of stabilization-related configurations observed in the beta band, suggesting that
both fast (beta) and slower (theta) control-related dynamics are compromised,
albeit via distinct network topologies.

BNS2: In contrast, BNS2 was consistently higher in PD across phases and rep-
resented the dominant theta configuration in patients. Spatially, BNS2 displayed
relatively uniform strength across networks, with slightly higher DAN involve-
ment, and widespread bilateral connectivity linking anterior frontal regions,
lateral temporal cortices, central motor areas, and posterior visual regions. This
configuration appears less specialized and more diffusely integrative than BNS1.
The increased reliance on BNS2 in PD may reflect compensatory recruitment of
distributed integrative processes when more efficient attentional-sensorimotor
coordination states are under-expressed. Theta-band increases in PD have pre-
viously been associated with compensatory cognitive engagement and increased
control demands [279]. The shift toward BNS2 may therefore indicate greater
dependence on globally coordinated theta activity to sustain task performance.
BNS3: BNS3 showed higher strength in the DAN and displayed marked
hemispheric asymmetry, with larger nodes predominantly located in the left
inferior—posterior and lateral temporal regions. Although this state contributed
moderately in both groups, it was generally higher in CTR. The asymmetric
organization and strong attentional contributions suggest that BNS3 may reflect
lateralized attentional modulation of sensorimotor integration. Its relative
reduction in PD may indicate impaired hemispheric specialization or reduced
flexibility in recruiting lateralized attentional processes, consistent with altered
functional lateralization reported in PD.

BINS4: BNS4 showed a particularly important alteration: LMM analysis
revealed significantly longer duration in PD during the PRE phase. Unlike
the DAN-dominant states, BNS4 was centered on DMN hubs, with the highest
mean nodal strength in DMN;, followed by strong MOT and DAN contributions.
Medially, large hubs were observed in the PCC, precuneus, rostral ACC, and
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orbitofrontal cortex, forming a midline core extensively connected with bilateral
motor cortices (precentral, postcentral, paracentral lobule). DAN regions in
lateral temporal areas and posterior visual cortices were integrated into this
network, creating a globally distributed configuration linking self-referential,
motor, and attentional systems (Fig. 11.6). The prolonged duration of this
DMN-centered theta state in PD during PRE suggests impaired disengagement
from internally oriented integrative configurations during movement preparation.
Theta activity within medial frontal and cingulate regions has been associated
with performance monitoring and control allocation [290]. However, excessive
persistence of such states may reflect reduced flexibility in switching toward
task-optimized configurations. In the context of PD, altered DMN dynamics and
impaired segregation between DMN and task-positive networks have been widely
reported [283, 289]. The increased stability of BNS4 may therefore represent
pathological over-integration between DMN and motor systems, limiting efficient
preparatory reconfiguration.

BNS5: BNS5, characterized by strong VIS and DAN contributions, was con-
sistently higher in PD than CTR across phases. Spatially, this state displayed
prominent frontal and posterior occipital nodes with continuous anterior—poste-
rior connectivity, particularly in the right hemisphere. This pattern suggests
increased theta-mediated coupling between frontal control regions and visual
associative cortices. Given the reliance of PD patients on visual cues for postural
and motor control [304, 305], the enhanced presence of BNS5 likely reflects
compensatory visual-attentional engagement. However, its persistent elevation
across phases indicates that this configuration may become chronically engaged
rather than flexibly recruited.

11.3.3.3 Beta band

BNS1: BNSI1 represented the dominant beta configuration in CTR across
all experimental phases, whereas PD showed markedly reduced expression.
This imbalance was confirmed both in phase-wise presence and time-resolved
occupancy, indicating a persistent reduction of this state in PD. Importantly,
the spatial topology of BNS1 was not generic: it was characterized by dense
bilateral connectivity linking posterior occipital cortices (CUN, LOG, LING,
FUS), central sensorimotor regions (preC, postC, paraC), and core DMN hubs
(PCC, PCUN, rACC, LOF), with additional DAN contributions (MTG, ITG,
pOPER). The configuration therefore, combined visual integration, sensorimotor
execution areas, and midline integrative regions within a largely symmetric
large-scale network backbone (Fig. 11.7). This posterior-midline-sensorimotor
architecture strongly supports the interpretation of BNS1 as a stabilization
state: it integrates visual feedback, attentional allocation, and motor readiness
within a coherent beta-mediated configuration. Beta oscillations are widely
associated with maintenance of the current sensorimotor set and resistance to
state change [291, 292]. The strong engagement of PCC—precuneus midline
hubs together with bilateral visual-motor coupling suggests that in healthy
individuals, this state supports stable visuomotor integration during PC. The
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Figure 11.6: BNS4 in the theta band. Spatial representation of BNS1
connectivity pattern in the theta frequency band. Lateral and medial views of
both hemispheres are shown: the top row displays the lateral views of the left
(L) and right (R) hemispheres, while the bottom row displays the corresponding
medial views. Nodes represent cortical regions and are colored according to their
assigned resting-state network, while edges represent functional connections
between regions. For visualization purposes, only connections with an edge
weight greater than 0.04 are shown. This representation highlights the large-scale
network organization and dominant inter-regional interactions characterizing
BNS1 in the theta band.

significant reduction of both coverage and duration of BNS1 in PD indicates that
this integrative posterior—sensorimotor configuration is not only less prevalent
but also less temporally stable. Given that beta synchronization in PD is abnor-
mally regulated and excessively rigid at the local level [293, 294], our findings
suggest a complementary large-scale phenomenon: instead of maintaining a
coherent distributed stabilization state, PD patients fail to sustain this balanced
integrative configuration.

BNS2: Although overall presence of BNS2 was broadly comparable between
groups, PD patients showed significantly higher occurrence during baseline,
indicating more frequent transitions into BNS2. Spatially, BNS2 displayed a
distinct topology centered on midline DMN hubs (PCC, PCUN, ACC), forming
a dense medial backbone that extended bilaterally toward lateral parietal re-
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Figure 11.7: BNS1 in the beta band. Spatial representation of BNS1
connectivity pattern in the beta frequency band. Lateral and medial views of
both hemispheres are shown: the top row displays the lateral views of the left
(L) and right (R) hemispheres, while the bottom row displays the corresponding
medial views. Nodes represent cortical regions and are colored according to their
assigned resting-state network, while edges represent functional connections
between regions. For visualization purposes, only connections with an edge
weight greater than 0.04 are shown. This representation highlights the large-scale
network organization and dominant inter-regional interactions characterizing

BNSI1 in the beta band.

gions (IPL, SPL), temporal cortices (MTG, STG), and posterior visual-ventral
temporal areas (FUS, LOG, LING). Compared with BNS1, sensorimotor regions
were less dominant, and the configuration appeared more centered on midline
integrative and associative visual-temporal systems. This pattern suggests
that BNS2 represents a large-scale integrative state linking internally oriented
DMN processing with associative visual and parietal cortices, potentially re-
flecting monitoring, integration of environmental information, or transitional
cognitive—perceptual processing rather than direct motor stabilization. The
increased occurrence but unchanged coverage in PD indicates instability of this
midline-driven configuration. Rather than sustaining coherent DMN—posterior
integration, PD patients appear to enter and exit this state more frequently,
reflecting temporal fragmentation. Such instability is consistent with altered
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beta-band regulation and impaired large-scale coordination described in PD
[293, 294]. Importantly, the spatial contrast between BNS1 and BNS2 is reveal-
ing: whereas BNS1 tightly couples posterior visual and central sensorimotor
cortices with midline hubs, BNS2 emphasizes medial integrative structures with
broader associative posterior connectivity and reduced motor dominance. The
reduced stability of BNS1, together with increased fragmentation in BNS2,
suggests that PD shifts beta-band dynamics away from sustained visuomotor
stabilization toward more labile midline-integrative states.

Figure 11.8: BNS2 in the beta band. Spatial representation of BNS1
connectivity pattern in the beta frequency band. Lateral and medial views of
both hemispheres are shown: the top row displays the lateral views of the left
(L) and right (R) hemispheres, while the bottom row displays the corresponding
medial views. Nodes represent cortical regions and are colored according to their
assigned resting-state network, while edges represent functional connections
between regions. For visualization purposes, only connections with an edge
weight greater than 0.04 are shown. This representation highlights the large-scale
network organization and dominant inter-regional interactions characterizing
BNS1 in the beta band.

BNS3: BNS3 was consistently more expressed in PD than in CTR across
all phases, with PD values approximately double those of CTR. This differ-
ence was stable across the experimental timeline, as confirmed by occupancy
analysis. Spatially, BNS3 showed broadly distributed strength with slightly
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higher contributions from the DAN and VIS, suggesting an externally oriented
attentional—-visuomotor configuration. The increased presence of this state in
PD is coherent with extensive evidence showing that PD patients rely more
heavily on attentional control to maintain posture and gait when automatic
motor control is impaired [304, 306]. This increased recruitment of attentional
networks likely reflects compensatory mechanisms supporting postural regu-
lation. Importantly, the presence of this difference at baseline suggests that
it reflects intrinsic alterations in beta-band network organization rather than
purely task-induced modulation, consistent with broader connectivity findings
in PD [307].

BNS4: BNS4 also showed consistently higher presence in PD across most phases,
whereas CTR exhibited a marked transient increase during PRE. Spatially, BNS4
combined DMN and DAN contributions, suggesting an integrative configuration
supporting preparation and attentional monitoring. The transient recruitment
observed in CTR suggests flexible, phase-dependent modulation of network
states. In contrast, the persistent elevation observed in PD indicates reduced
modulation and impaired flexibility of large-scale beta-band coordination. This
finding aligns with previous work demonstrating that pathological beta activity
in PD is associated with reduced adaptability and impaired updating of motor-
network states [293, 294].

BINS5: BNS5 was the dominant configuration in PD across all phases and
consistently exceeded CTR values. Spatially, BNS5 showed strong involvement
of the DAN, suggesting externally oriented attentional and sensory processing.
This increased dominance indicates greater reliance on attentional control and
sensory monitoring in PD, consistent with evidence showing increased attentional
demands during postural and motor control in PD [304, 305]. The persistence
of this configuration during BL further suggests that this reorganization reflects
intrinsic beta-band alterations rather than purely task-driven effects, consistent
with previous studies demonstrating altered beta dynamics in PD [294].

11.3.4 Linear Mixed Model: Statistical Result in Bands

Table 11.7: Beta: Coverage

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 0.001 0.004 5 0.185 0.698 1 0.010 0.051 1 0.131 0.436
2 0.114 0.197 1 0.370 0.698 4 0.114 0.284 5 0.175 0.436
3 0.118 0.197 3 0.419 0.698 2 0.346 0.577 2 0.662 0.837
5 0.187 0.234 4 0.991 0.992 5 0.609 0.761 3 0.785 0.837
4 0.300 0.300 2 0.992 0.992 3 0.949 0.949 4 0.837 0.837

Table 11.8: Beta: Duration

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 0.002 0.012 5 0.326 0.766 1 0.591 0.840 5 0.223 0.999
3 0.260 0.650 3 0.378 0.766 3 0.740 0.840 1 0.851 0.999
5 0.391 0.652 1 0.538 0.766 4 0.751 0.840 2 0.897 0.999
4 0.609 0.758 4 0.613 0.766 5 0.758 0.840 4 0.986 0.999
2 0.758 0.758 2 0.916 0.916 2 0.840 0.840 3 0.999 0.999
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Table 11.9: Beta: Occurrence

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

2 0.006 0.032 1 0.489 0.772 1 0.030 0.150 1 0.141 0.705
1 0.092 0.229 5 0.508 0.772 4 0.140 0.349 2 0.371 0.735
5 0.373 0.622 4 0.602 0.772 2 0.477 0.660 5 0.554 0.735
3 0.517 0.646 2 0.654 0.772 3 0.645 0.660 3 0.693 0.735
4 0.663 0.663 3 0.772 0.772 5 0.660 0.660 4 0.735 0.735
Table 11.10: Delta: Coverage
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 0.184 0.897 4 0.098 0.559 6 0.092 0.353 2 0.021 0.128
4 0410 0.897 3 0.259 0.559 2 0.135 0.353 3 0.114 0.342
2 0.686 0.897 10473 0.559 1 0.185 0.353 4 0.290 0.580
3 0.815 0.897 6 0.503 0.559 5 0.235 0.353 6  0.872 0.959
5 0.878 0.897 2 0.541 0.559 3 0.383 0.460 1 0.944 0.959
6 0.897 0.897 5 0.559 0.559 4 0.576 0.576 5 0.959 0.959
Table 11.11: Delta: Duration
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 0.106 0.634 4 0.097 0.580 6 0.170 0.386 2 0.021 0.128
3 0.816 0.898 3 0.225 0.651 1 0.248 0.386 3 0.129 0.334
2 0.827 0.898 1 0.461 0.651 5 0.266 0.386 4 0.167 0.334
5 0.879 0.898 6 0.479 0.651 3 0.290 0.386 1 0.793 0.978
4 0.881 0.898 5 0.548 0.651 2 0.322 0.386 5 0.943 0.978
6 0.898 0.898 2 0.651 0.651 4 0.709 0.709 6 0.978 0.978
Table 11.12: Delta: Occurrence
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

4 0.003 0.016 2 0.291 0.999 2 0.189 0.686 4 0.021 0.125
1 0.044 0.132 5 0.546 0.999 6 0.229 0.686 6 0.255 0.764
2 0.339 0.678 6 0.940 0.999 4 0.574 0.768 1 1.000 1.000
5  0.927 0.991 4 0.968 0.999 1 0.587 0.768 3 1.000 1.000
3 0.970 0.991 3 0.982 0.999 3 0.640 0.768 5 1.000 1.000
6 0.991 0.991 1 0.999 0.999 5 1.000 1.000 2 1.000 1.000
Table 11.13: Theta: Coverage
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

2 0.042 0.117 4 0.023 0.113 1 0.011 0.055 2 0.029 0.145
1 0.047 0.117 1 0.469 0.879 2 0.069 0.161 1 0.606 0.941
4 0.263 0.438 2 0.583 0.879 4 0.097 0.161 4 0.755 0.941
3 0.446 0.558 5 0.704 0.879 5 0.189 0.236 3 0.762 0.941
5 0.583 0.583 3 0.952 0.952 3 0.286 0.286 5 0.941 0.941
Table 11.14: Theta: Duration
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 0.037 0.116 4 0.010 0.048 1 0.102 0.460 2 0.246 0.796
2 0.046 0.116 1 0.363 0.696 5 0.184 0.460 4 0.656 0.796
3 0.390 0.650 5 0.533 0.696 2 0.515 0.858 5 0.693 0.796
4 0.556 0.655 2 0.557 0.696 4 0.831 0.993 3 0.795 0.796
5 0.655 0.655 3 0.891 0.891 3 0.993 0.993 1 0.796 0.796
Table 11.15: Theta: Occurrence
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

2 0.156 0.778 2 0.156 0.778 2 0.156 0.778 2 0.156 0.778
5 0.555 1.000 5  0.555 1.000 5 0.555 1.000 5 0.555 1.000
1 0.625 1.000 1 0.625 1.000 1 0.625 1.000 1 0.625 1.000
3 0.862 1.000 3 0.862 1.000 3 0.862 1.000 3 0.862 1.000
4 1.000 1.000 4 1.000 1.000 4 1.000 1.000 4 1.000 1.000
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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
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method across five frequency bands (Delta, Theta, Alpha, Beta,
Gamma). Connectivity 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
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5.5 Prevalence of Resting Network States in each Brain Net-
work 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 visu-
alized with nodes sized proportionally to their strength (the sum
of connections at each node), and edges are shown based on their
connectivity, with a sparsity threshold of 0.01 applied to filter weak
connections. Different colors represent distinct RSNs, 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. . . . .. ... ...

6.1 BioVRSea EEG-processing workflow. EEG was recorded using
64 electrodes, and cortical sources were reconstructed with wMNE
and mapped to 68 Desikan—Killiany regions, subsequently aggregated
into 56 ROIs. PLV-based functional connectivity matrices were
computed across the delta, theta, and beta bands for PD and CTR
groups, concatenated, and clustered using k-means++ to identify
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Colors represent distinct RSNs: AUD (red), DAN ( ), DMN
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lated as the sum of the node-strength values of the ROIs associated
with each RSN. Node size is proportional to strength, while edges
are displayed using a sparsity threshold of 0.04. Colors represent
AUD (red), DAN ( ), DMN ( ), MOT (cyan), SAN (blue),
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LMM analysis. During BL in the beta band, CTR showed greater
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rence of BNS2. All effects remained significant after FDR correction
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EMG Standard Deviation (SD) for the Tibialis Anterior
Left (TAL) and Right (TAR). The control group (CTR, blue)
is positioned to the left and the Parkinson’s disease group (PD,
orange) to the right within each phase, namely PRE and POST.
Black horizontal lines represent the median values. In the POST
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Beta band. Stacked area plots show the proportion of subjects
assigned to each BNS at each time point. Vertical dashed lines indi-
cate phase boundaries, and labels denote Baseline (BL), Preparation
(PRE), Movement (MOV), and Post-movement (POST) phases. . .
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