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Abstract

Current diagnosis and longitudinal evaluation of many neurological disorders rely on
subjective, questionnaire-based approaches rather than measured biomarkers of the
disease. Deficits of postural control are frequently seen in such diseases and provide
a route for more objective assessment. This thesis reports the work completed using
the unique BioVRSea setup to assess those with a history of concussion and those
with early-stage Parkinson’s Disease and using a combination of neurophysiological
(electromyography - EMG, electroencephalography - EEG, heart rate) and centre of
pressure (CoP) measurements. The BioVRSea experiment is a challenging postural
control task triggered by a moving platform and a virtual reality environment, during
which the neurophysiological measurements are taken. In the first paper, measure-
ments were performed on 54 professional athletes who self-reported their history of
concussion or non-concussion. Biosignals and CoP parameters were analyzed before
and after the platform movements, to compare the net response of individual postu-
ral control. The results showed that BioVRSea discriminated between the concussion
and non-concussion groups. Particularly, EEG power spectral density in delta and
theta bands showed significant changes in the concussion group and right soleus me-
dian frequency from the EMG signal di Lerkntiated concussed individuals with balance
problems from the other groups. Anterior—posterior CoP frequency-based parameters
discriminated concussed individuals with balance problems. In the second study on
Parkinson’s Disease, 11 early-stage Parkinson’s subjects and 46 healthy over-50s took
part in the experiment. Significant di [erknces were found between the two groups in
electromyographic and centre of pressure measurements. Correlation analysis of the
EMG signal indicated opposite correlations in skewness in the right soleus muscle. In
the second Parkinson’s Disease study, 29 healthy and 9 early-stage Parkinson’s Dis-
ease subjects were assessed. The results of our work show significant di[erknces in
several biosignal features, particularly in the right tibialis anterior, the ellipse area
associated with the centre of pressure changes and the power spectral density changes
in the alpha and theta bands of the EEG. This thesis shows the potential of BioVRSea
as a quantitative means of developing a multi-metric signature capable of quantifying
postural control and distinguishing healthy from pathological response.



Mat a taugalifedlisfraedilegum adsteedum med notkun marga
melikvarda nalgun (BioVRSea).
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Utdrattur

Nuverandi greining og langtima mat & mérgum taugasjukdémum byggir a huglaegri
spurningalistamidadri nalgun frekar en melingu & sjukdémseinkennum. Skortur & lik-
amsstodustjornun er algengur i slikum sjukdomum og gefur pa teekifeeri til hlutleegara
mats. Pessi ritgerd greinir fra verkum sem framkveemd voru med einstoku BioVRSea
uppsetningunni til ad meta pa sem hafa sogu um heilahristing og pa sem eru & byrj-
unarstigi Parkinsonsveiki med samblandi af taugasalfraedilegum (védvarafrit - EMG,
heilarafrit - EEG, hjartslattur) og pungamidju (CoP) malingum. BioVRSea tilraunin
er krefjandi stodustyringarverkefni sem framkvaemd er & hreyfanlegum vettvangi og
syndarveruleikaumhverfi, par sem taugalifedlisfraedilegar meelingar eru teknar. I fyrstu
greininni voru melingar gerdar a 54 atvinnuipréottaménnum sem sogdoust hafa sdgu
um heilahristing og peim sem ekki héfdu sdgu um heilahristing. Lifedlisfreedileg merki
og CoP breytur voru greindar fyrir og eftir hreyfingar til ad bera saman heildarvid-
brogd einstakra likamsstodustjornunar. Nidurstodurnar syndu ad BioVRSea greindi &
milli heilahristinghopsins og samanburdarhopsins. Sérstaklega syndi EEG aflpéttleiki
i delta og theta bondum markteekar breytingar i heilahristingshépnum og midtioni i
haegri soleus frdA EMG merkinu greindi pa med jafnveegisvandamal fra 6drum hopum.
Fremri-aftari CoP tidnibundnar breytur greindu pa med jafnvegisvandamal. [ ann-
arri rannsokn & Parkinsonsveiki toku 11 einstaklingar a byrjunarstigi Parkinsons og 46
heilbrigdir yfir 50 ara aldur patt i tilrauninni. Marktekur munur fannst a milli hop-
anna tveggja i vodvarafrits- og pungamidju maelingum. Fylgnigreining &8 EMG merkinu
syndi andstada fylgni i skekkju i heaegri soleus vodva. I annarri rannsokn voru 29 heil-
brigdir og 9 einstaklingar & byrjunarstigi Parkinsons metnir. Nidurstdédur okkar syna
marktekan mun & nokkrum lifedlisfreedilegum eiginleikum, sérstaklega i heegri tibial-
is anterior, ellipse svaedi tengt breytingum a pungamidju og aflpéttleikabreytingum i
alpha og theta béndum EEG. Pessi ritgerd synir moguleika BioVRSea sem megindlegt
teeki til ad préa margpaett merki sem getur meelt likamsstodustjornun og greint & milli
heilbrigdra fra meinafradilegri svorun.
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Chapter 1

Introduction

1.1 Background

1.1.1 Postural Control

Postural control (PC) denotes a feedback mechanism of the central nervous system that
governs human upright stance, serving as a foundation for locomotion, task-oriented
behaviors, and autonomic responses. The central nervous system processes this in-
formation, generating e erent signals both somatic (muscular) and autonomic (e.g.,
blood pressure) to bring about appropriate responses. The PC system is susceptible
to dysfunction, stemming from either pathological conditions (resulting in diminished
function) or physiological hyperstimulation (manifesting as increased function). In
either scenario, the central nervous system promptly triggers adaptation and habit-
uation mechanisms to ensure survival within the context of compromised (diseased)
or heightened (physiological) dynamic environments. The perturbation of PC entails
a dichotomous manifestation: either a decline, leading to vertigo and dizziness disor-
ders, or an elevation, culminating in musculoskeletal ailments. These states invariably
impede the quality of life for a icted individuals.

Numerous investigations have demonstrated the susceptibility of PC to various in-
uences. Both generalized and localized muscular fatigue elicit disturbances in PC,
prompting compensatory responses to counteract fatigue-induced disruptions [4]. Cog-
nitive processes play a vital role in maintaining equilibrium and robust PC, with the
extent of involvement contingent upon task demands [5]. Any impairment a ecting the
systems (muscular, neural, or neurophysiological) essential for PC maintenance be
it due to pathological conditions, fatigue, or other aictions consequently disrupts
PC, precipitating balance issues. Hence, advanced age precipitates a higher incidence
of PC disturbances owing to age-related modi cations in neural, sensory, and muscu-
loskeletal domains [6]. Notably, age-related PC investigations highlight the escalating
postural instability in the elderly [7], correlating with an increased propensity for falls.

Improvement of PC is attainable through targeted physical training strategies, as
evidenced by the positive impact of specialized training on both dynamic and static
balance tasks [8]. Numerous diseases and pathologies exert in uence on neural and
muscular systems, thereby perturbing PC. Parkinson's Disease (PD), a progressive
neurodegenerative ailment, exempli es this phenomenon. PD's cardinal symptoms
encompass resting tremors, bradykinesia, rigidity, and/or postural instability. Clinical
diagnosis requires the presence of at least two of these features, with histopathological
con rmation remaining the de nitive diagnostic criterion [9]. PC inadequacy emerges
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as a notable consequence of the disease, compelling the need for quantitative measures
to augment clinical assessments.

Similar observations are seen in individuals with a history of concussion. A con-
cussion, or mild traumatic brain injury, arises from transient neurological impairment
consequent to head trauma or transmitted force [10]. Acute concussion symptoms
may encompass headaches, emotional volatility, loss of consciousness, amnesia, balance
issues, and sleep disturbances [11]. While most concussion instances resolve sponta-
neously, some entail prolonged psychological, physical, and cognitive rami cations,
elongating recovery periods. The absence of objective diagnostic tools necessitates a
reliance on clinical assessments, which can be complex due to nonspeci ¢ symptoms.
Research-wise, concussion evaluations commonly hinge on questionnaires adhering to
the latest consensus on concussion de nition [11].

PD and concussion both have an impact on the neuromuscular framework, conse-
guently disrupting PC and heightening fall-related risks. Anxiety, a frequent comor-
bidity in balance disorders and motion sickness, has been linked to inferior balance
scores [12][14]. Animal models suggest a potential vestibular link to anxiety, with
balance training emerging as a prospective intervention [15]. Clinical diagnoses of
these conditions remain qualitative, lacking quantitative assessments during PC tasks.

Given that PC encompasses a con uence of multifaceted mechanisms, a range of
tools is at one's disposal for the investigation, analysis, and assessment of neurophysio-
logical parameters during experiments designed to induce PC disturbances. Primarily,
it is imperative to recognize that PC is an intricate central nervous system system
intertwined with cognitive processing. Our laboratory's antecedent studies underscore
the signi cance and role of cortical engagement in conjunction with PC tasks [16],
[17]. Electroencephalography enables the capture of cerebral signals throughout PC
tasks, o ering an avenue to dissect these signals temporally, spectrally, and in terms
of network dynamics. Such analyses serve to pinpoint neurological markers indicative
of PC engagement.

Furthermore, PC is intrinsically linked with muscle activation, particularly within
the lower extremities, to sustain the upright stance. Electromyographic sensors are har-
nessed to gauge muscular activity and derive parameters correlated with PC. Often,
this coincides with the assessment of the center of pressure via force plates. Track-
ing center of pressure trajectories and concurrent electromyographic pro les over time
is routine within gait and balance analysis. The electromyographic signals yield a
plethora of metrics, encompassing spectral density, kurtosis, and skewness. Meanwhile,
scrutinizing the stabilogram output of center of pressure exposes a gamut of geomet-
ric, temporal, and frequency-related parameters. The synthesis of these measurement
modalities furnishes an intricate framework for quantifying the neurophysiological di-
mensions underpinning PC tasks.

By assembling a diverse cohort spanning various age brackets, encompassing both
healthy individuals and those grappling with conditions such as PD, concussion, or
anxiety, an enriched comprehension of these states can be attained. The comparative
analysis of responses between healthy subjects and those aicted by pathologies is
poised to yield distinct neurophysiological patterns, which could potentially underpin
the diagnosis and assessment of PC behaviors and anomalies.

1.1.2 Concussion
Adapted from [1]
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A concussion, sometimes referred to as a mild traumatic brain injury (mTBI),
is a short-lived functional neurological impairment caused by a blow to the head or
by a force transmitted to the head [11]. Participation in sports is a risk factor for
sustaining multiple concussions [18], with some sports presenting a greater risk than
others[19], [20]. The possible acute symptoms of concussion can include headaches,
emotionality, loss of consciousness, amnesia, problems with balance, and sleep/wake
disturbance[21], [22]. Although most cases of concussions resolve spontaneously, they
can have persistent psychological, physical, and cognitive complications and protracted
recovery times[11], [19], [21] [27].

1.1.2.1 Diagnosis and Management of Concussion

A de nitive method for diagnosing a concussion remains elusive[11], and a universally
precise de nition of concussion is still lacking[28]. In the realm of concussion diagnosis,
reliance on clinical assessment by medical professionals persists, albeit with inherent
challenges due to the non-speci c nature of symptoms[10] that could potentially be
attributed to other mental or physical conditions. Within research contexts, concus-
sion evaluations typically revolve around questionnaires constructed in line with the
latest consensus on the concussion de nition[10]. The Concussion Assessment Tool,
fth edition (SCAT5), has proven bene cial in assessing symptoms post-incident and
monitoring recovery progress[10]. However, it is noteworthy that its exclusive use
for diagnosis, much like other similar concussion assessment is cautioned against[29]
[32]. While medical records and clinical interviews are often considered the gold stan-
dard in concussion research [33], their reliance can lead to compromised accuracy as
a signi cant number of concussion su erers do not seek medical intervention[33]. The
enigma of concussion pathology persists, and the exact manner in which alterations
in neuronal function in uence the emergence of concussion symptoms remains un-
clear[24]. Despite being diagnosable without evident structural damage, instances of
structural damage post-concussion have been documented[10], potentially contributing
to prolonged symptomatology[34]. While not a standard clinical practice, neuroimag-
ing could potentially shed light on concussion symptoms and their relationship to
functional brain changes (for a comprehensive review of functional MRI techniques
in concussion studies, refer to[35]). Electrophysiological evaluations of concussions
also hold promise. Electroencephalography (EEG), a non-invasive means of mea-
suring electrical brain activity, provides insights into brain function associated with
concussion pathology[24] and has been employed to discern functional changes post-
concussion[35] [40]. In comparison to many other brain imaging techniques, EEG is
more feasible and cost-e ective[39]. Although specialized training is still required, its
accessibility for researchers and clinicians is notably higher compared to other modal-
ities such as MRI and CT. A study examining steady-state visual-evoked potentials
(SSVEP) in concussed athletes unveiled disparities in SSVEP responses compared to
healthy counterparts[41], despite utilizing solely visual stimuli. Additionally, reduced
brain network activation, gauged through EEG, has been linked to post-traumatic
migraines in concussion patients, potentially re ecting symptom severity or persis-
tence, given the correlation of post traumatic migraine with heightened severity and
prolonged recovery[42]. Alterations in theta and alpha activity have also been cor-
related with concussion history[43] [47]. However, due to methodological variances
across studies, establishing EEG markers as return-to-play guidelines remains chal-
lenging[38], [48], [49]. Further exploration into the relationship between EEG and
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subjective concussion symptoms is warranted. For EEG to substantiate return-to-play
protocols, it is pivotal to encompass assessments beyond visual stimuli. Incorporating
more demanding actions, such as physical movement, alongside EEG evaluation would
better replicate real-world scenarios likely to induce concussion symptoms. Supported
by evidence demonstrating a connection between concussion and modi ed PC[50], [51]
EEG signals during postural tasks have indicated that concussion sequelae could per-
sist for months following the injury[43], and in a singular instance, EEG alterations
were detected even three decades post-concussion[52]. Additionally, EEG measures
have shown reasonable predictive accuracy for concussions through machine learning
techniques[53], suggesting the potential of EEG parameters as concussion biomarkers.

Among the most prevalent post-concussive symptoms are dizziness and balance
issues[54]. Consequently, the objective assessment of PC becomes a logical avenue of
exploration for those who have encountered a concussion, as PC[45], [46] hinges on
inputs from visual and vestibular systems, along with the somatosensory system23,
commonly a ected by concussions. Notably, the center of pressure (CoP) has been
investigated in the context of maintaining an upright stance, serving as a vital metric
for postural stability[47] and potentially as an indicator of concussion[46]. Although
evaluating PC and its correlation with concussion typically involves participants stand-
ing on a pressure plate, there is room for more advanced measures and analyses[55].
In a study by Degani et al.[56], individuals with a history of mTBI exhibited more
signi cant, slower, and less predictable body oscillations compared to controls when
assessing body CoP displacement through participants standing on a force plate while
performing simple tasks. CoP displacement has also demonstrated correlation with
EEG measurements in mTBI cases, even up to a year after injury[57]. PC assessments
utilizing the sensory organization test (SOT) subsequent to mTBI[58] revealed dis-
cernible di erences in PC dynamics for individuals with concussion history in compar-
ison to control groups, extending from months to years post-injury. The link between
concussion impacts and balance issues has been substantiated across numerous studies,
with targeted quantitative methods focusing on sensorimotor and neural components
proposed as the next phase in advancing understanding[59]. Given the connection
between concussions and PC, electromyographic (EMG) recordings, though not com-
monly utilized in post-concussion symptom assessment[60], could potentially furnish
biomarkers for concussions. EMG recordings can capture muscular activity essential
for maintaining postural stability [61]. Anomalies have been identi ed in EMG signals,
such as a pause post-motor evoked potential positively correlated with injury severity
among athletes with concussions[62]. The tibialis anterior (TA) muscle, pivotal for
stability control51, has been a focus of EMG recordings in PC studies[34], [63].

Blood ow and heart rate (HR) present other objective measures and have been
found helpful in clinical settings when assessing individual di erences in outcome after
a concussion[64], [65]. Changes in HR variability in concussed athletes have been
shown weeks or months after an incident[52], showing the potential of the autonomic
nervous system (ANS) to function as a marker of concussion[65], [66]. However, results
from HR studies are mixed, and it is recommended to use measures of HR variability
only as a part of a multi-faceted approach46, considering sex and age[67]. A better
understanding of how HR measures relate to concussions is needed as they could o er
a cost-e ective and non-invasive way to track concussion recovery[65].

Due to the complex etiology of concussive symptoms, a multi-faceted approach
to concussion assessment and treatment is essential[29], including multiple concussion
measures and techniques. As a part of a multi-faceted approach, virtual reality (VR)
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o ers a novel way to evaluate and manipulate PC and cortical activity[57]. VR gives
an option to assess responses in a secure setting while exposing participants to a
visually and physically demanding task. In recent years, VR has been recognized as
a valuable tool, both as a stimulus and as a measurement tool o ering new ways to
study psychological and behavioral factors related to health[68], even showing promise
in detecting and treating Alzheimef s dementia[69]. In one study, EMG measures
were acquired in a VR environment among high-risk concussion participants[70]. The
experiment was a preliminary study to verify data in a VR environment. Results
showed promise, although more research is needed. A 2020 study by Rao etal. [71] used
VR, a moving platform, lower limb accelerometry, and EMG to detect subtle di erences

in balance between an mTBI group and a normal control group. Using these biometric
measurements, walking and standing perturbation tests discriminated between the
two groups. Results indicated that clinical assessment of concussion could be missing
an important component, in this case, gait. By including movement, the assessment
could be improved and with the addition of VR, the possibilities in manipulating and
changing research settings in real-time greatly re ned. The study also shows that
a highly instrumented, multi-modal VR environment used in the performance of a
demanding task can add important information that is not available in the clinical
environment when assessing a concussion.

1.1.3 Parkinson's Disease

Parkinson's Disease (PD) is a progressive disorder of the nervous system character-
ized by muscle tremors, muscle rigidity, decreased mobility (bradykinesia), stooped
posture, slow voluntary movements, and a mask-like facial expression. It may take
time to diagnose because some of its symptoms are associated with the natural pro-
cess of aging [72]. Globally, disability and death in PD are increasing faster than any
other neurological disorder. The World Health Organization (WHO) reports that the
prevalence of PD has doubled in the past 25 years and world estimates count over 8.5
million individuals with PD in 2019.

PC issues are often seen as the disease progresses, contributing to serious problems
maintaining balance and upright stance, which greatly increases the risk of serious in-
jury through falls. The mechanism of this loss of adequate posture is due to the complex
interplay of Parkinson's symptoms including reduced automatic postural adjustments,
impaired sensory feedback integration, and altered muscle tone regulation.[73]

Objective diagnosis and management PD remains a challenge in the eld of neurol-
ogy, due to its complex clinical presentation and progressive course that signi cantly
impacts the quality of life of a ected individuals. However, in recent years e orts to
improve diagnosis, evaluation, and longitudinal monitoring of PD are bearing fruit,
aided by the convergence of multidisciplinary e orts, technological advancements, and
a deeper understanding of the neurophysiological underpinnings of the disease. This
progress is critical, given the increasing prevalence of PD in an aging global population
and the urgent need for more accurate, accessible, and personalized approaches to its
management.

1.1.3.1 Diagnosis and Management of PD

The diagnosis of PD has historically relied on clinical assessment, primarily assessing
cardinal motor symptoms such as bradykinesia, resting tremor, rigidity, and postural



8 CHAPTER 1. INTRODUCTION

instability. While these clinical criteria remain fundamental, there has been a growing
recognition of the need for more precise and early diagnostic tools. Recent devel-
opments in neuroimaging, including magnetic resonance imaging (MRI) techniques
such as di usion tensor imaging (dMRI), di usion kurtosis imaging, functional MR,
and susceptibility weighted imaging (SWI) have enabled a more detailed assessment
of the underlying neuroanatomy. The use of DTI and DKI in particular has shown
promise in identifying changes in the brain's microstructure, which may aid in diag-
nosing early-stage PD. [74].Positron emission tomography (PET), and single-photon
emission computed tomography (SPECT) are also used for imaging dopaminergic dys-
function. Furthermore, the identi cation of potential biomarkers in cerebrospinal uid
and blood samples has o ered promising avenues for more objective and less invasive
diagnostic procedures. For a recent overview of imaging techniques in PD, see [74]

Categorization of PD stages is predicated upon clinical observations, with clinical
rating scales serving as the primary framework for quantifying symptoms and severity
of the disease. The Hoehn and Yahr (HY), Unied PD Rating Scale (UPDRS) and
its updated version by the Movement disorder society (MDS-UPDRS) are widely used
clinical scales to assess, monitor and quantify the disease[75]. Clinical personnel as-
sign a a numerical score depending on the patient's performance of various postures,
meaning the score depends heavily on the assessor skills and knowledge. Studies have
shown that there is inter- and intra-observer variability present when using the MDS-
UPDRS [76], [77]. In addition, the MDS-UPDRS relies on patient self-assessment in
the rst part of the exam, and subsequent assessment by the clinician. The process
is lengthy, upwards of 30 minutes, with specialist o cial training required to keep
variations in acquisition and interpretation to a minimum. [78] Motor symptoms play
a crucial role in the diagnosis of PD, as they are considered the hallmark features of
the condition and they feature heavily in the scales mentioned above. However, it is
important to note that PD can also present with non-motor symptoms or sub-clinically
noticeable motor symptoms. While motor symptoms are typically the rst observable
and most prominent features, there are cases where non-motor symptoms or cognitive
changes may precede or accompany the motor symptoms. Therefore, the development
of sensitive, early, and objective tests to both aid in diagnosis, treatment and ongoing
assessment of the disease are crucial.

The pre-clinical phase denotes an absence of observable signs or symptoms, with
genetic testing and counseling providing avenues for the identi cation of risk factors.
The prodromal phase corresponds to a stage characterized by the nascent emergence of
neurodegenerative alterations. Although symptoms in this phase are of a non-speci c
nature, the early detection of underlying changes facilitates timely intervention through
nascent therapeutic modalities. Symptoms apparent in the early stages encompass
mild tremors and mild ambulatory challenges, occasionally unilateral in nature, often
accompanied by diminished facial expressivity. These manifestations generally exert
limited impact on daily functioning and may not invariably manifest conspicuously[75].

In the intermediate stages, a decline in equilibrium and coordination becomes apparent,
precipitating a state of moderate-to-severe impairment with discernible rami cations
on daily life [75]. In the intermediate stages, a decline in equilibrium and coordina-
tion becomes apparent, precipitating a state of moderate-to-severe impairment with
discernible rami cations on daily life[75]. Subsequently, the advanced stages entail pro-
nounced challenges in standing and ambulation, even with external aids. Individuals
within this stage are grappling with substantial debilitation[75].
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The integration of neurophysiological tools could revolutionize PD management by
providing objective, quanti able biomarkers that are sensitive to early pathophysio-
logical changes unseen in clinical assessments. By capturing the disease's progression
at a neural level, these methods could substantially assist in the timely initiation of
neuroprotective therapies and personalized medicine approaches, enhancing patient
prognosis and quality of lifeElectroencephalography (EEG) can detect damage in
the central nervous system and alterations in neurophysiological activity associated
with PD. In recent studies, quantitative analysis of EEG data identi ed signi cant
di erences in PD patients versus healthy subjects. In particular, the anterior cingu-
late and temporal lobe are areas with an established pathology in PD. Changes in
cortico-cortical and cortico-thalamic coupling were observed as excessive EEG beta
coherence in PD patients [79].

Map structure and functions of the brain are obtained measuring the signals pro-
duced by neural activity. Each region can have a particular in uence according to the
disease and the activation of an area can be considered important in the understand-
ing of the progression of the disease. Although cortical EEG coherence can serve as
a reliable measure of disease severity, the use of EEG to study PD has not been fully
investigated. Neurophysiological signals provide instantaneous information and can
aid in improving the accuracy of the diagnosis.

EEG signals have dierent speci c frequency bands. Features in sub-bands are
particularly important to characterize di erent brain states. The standard frequency
bands of interest are -band (04 Hz), -band (48 Hz), -band (813 Hz), and -
band (13 30 Hz). Moreover, the quanti cation of EEG rhythms could provide an
important biomarker for di erent neuropsychiatric and neurological disorders, such
as schizophrenia, Alzheimer's disease, epilepsy, and Parkinson disease [80] [82]. The
combination of new analysis methods and EEG signal processing can contribute to the
detection of early-stage PD. EEG reveals more important information underlying brain
dysfunctions, which would be lost if analysis were restricted to traditional methods.
Nowadays, many novel methods are suggested for EEG signal processing.

A recent study analyzed the EEG signals from 15 early-stage PD patients and
15 age-matched healthy controls during eyes-closed resting state [83]. Most EEG
electrodes showed an increase inband relative power for PD patients, while several
other electrodes decreased, such as in the frontal and occipital cortex (Fpl, Fp2, F7,
F3, Fz, Oz). Moreover, an increase in-band relative powers were reported, and a
decrease in -band and -band relative powers for PD patients compared with healthy
patients. Other studies present higher spectral power in the low frequency domain of
EEG, compared with controls. Also in these cases, subjects were in the resting awake
condition with the eyes closed [84], [85].

Habituation and adaptation are part of a complex system to maintain or restore
balance from any position or during motor activity. The central nervous system is
fundamental in PC strategies and electroencephalography can underline the di erent
cortical brain activities under di erent postural perturbations [16], [86]. PD usually
interferes in this regulatory system, as can be clearly demonstrated by most motor
symptoms, but to date, no study has yet been conducted on the analysis of postural
kinematics in movement disorders. In a recent study from our lab, postural kinematics
from HD-EEG have been measured during a postural perturbation applied to calf
muscles.[16]The main changes in cortical activity were found in Absolute Spectral
Power (ASP) over four frequency bands. For postural adaptation, increases in the
band in the frontal-central region for closed-eyes trials, and in the and bands in
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the parietal region for open-eyes trials were reported. In habituation of the stance,
no signi cant variations in ASP were observed during closed-eyes trials, whereas an
increase in the , , and bands were observed with open eyes [87]. Furthermore,
open-eyed trials generally yielded a greater number of signi cant di erences across
all bands during both adaptation and habituation, suggesting that cortical activity
during postural perturbation may be regulated with visual feedback. This clearly
shows a correspondence in cortical activity and postural kinematics during postural
perturbation, and could also be developed for pathological PC.

The utilization of SEMG in PD is instrumental in assessing muscle activity patterns
that re ect the rigidity and bradykinesia characteristics of the disorder [88]. Through
the evaluation of electrical activity produced by skeletal muscles, SEMG has proven
e cacious in identifying abnormalities in motor unit recruitment and ring patterns,
often disrupted in PD patients [89]. The modality's non-invasive nature coupled with
its high temporal resolution makes it suitable for assessing the phasic muscle activities
that are critical for maintaining postural stability, particularly during dynamic tasks.
Investigations employing SEMG have revealed a reduced and delayed muscle response
in PD patients, signifying impaired re exive control [90].

While predominantly employed for cardiac assessments, ECG has relevance in PD
research linked to autonomic dysfunction commonly seen in PD. The neurodegenera-
tive processes in PD a ect the autonomic nervous system, leading to various non-motor
symptoms [91]. Anomalies in ECG, such as those related to heart rate variability, have
been extrapolated to implicate the involvement of sympathetic and parasympathetic
nervous systems in PD's pathogenesis [92]. Although not a direct measure of PC,
ECG's insights into autonomic dysregulation can indirectly associate with the pa-
tients' ability to maintain postural stability, given the interplay between autonomic
function and balance [93].

CoP measurements are integral to assessing postural sway, which encompasses the
oscillations of the human body in various postures, especially in standing. In individ-
uals with PD, there is typically an increase in sway path length and area, indicative
of a diminished ability to maintain a stable upright position [94]. The analysis of CoP
oscillations in both time and frequency domains allows for the identi cation of specic
postural de cits in PD, such as reduced stability limits and increased reliance on hip
strategies over ankle strategies for postural corrections, which is contrary to healthy
adults who primarily use ankle strategies [95]. Anticipatory Postural Adjustments
(APAs) are proactive mechanisms that facilitate balance maintenance in anticipation
of self-initiated movements. In PD, the ability to generate adequate APAs is often
impaired, leading to increased postural instability [96]. CoP-based analyses, particu-
larly during task transitions (like sitting-to-standing or gait initiation), have revealed
both temporal and spatial abnormalities in the anticipatory shift of CoP in PD pa-
tients. These ndings suggest a compromised ability to prepare the postural system
for movement, necessitating compensatory strategies that unfortunately still fall short
of maintaining stability [97].
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Methods

2.1 BioVRSea Paradigm

BioVRSea is a PC paradigm based on virtual reality (VR) and a synchronised moving
platform (Virtualis, Clapiers, France) which challenges the visual and motor systems
of the participants. In the VR goggles is a simulation of a small boat at sea, while
the platform moves in concert with the waves in the visual VR scene. The operator
can set the frequency of the waves between 0.5 Hz and 3 Hz and the amplitude of the
waves between 0 and 2 (these units are particular to the platform with 2 corresponding
to around 45cm vertical displacement). During the simulation, the amplitude of the
platform movements vary from 0% up to 75% of the platform's maximal displacement
capacity. Two di erent protocols are used at random. The “soft' protocol was de ned
as a wave frequency of 1 Hz with an amplitude of 0.6 while the "hard' frequency was
de ned as a wave frequency of 3 Hz with an amplitude of 0.5. Participants wear a
number of measurement devices to asses the quantitative neurophysiology associated
with the experiment. This involves the placement of six wireless EMG sensors on the
tibialis anterior (TA), gastrocnemius lateral (GL), and soleus (S) muscles of each leg
and a heart rate sensor strapped around the chest. The participant is instructed to
step onto the force plates on the platform after removing his/her shoes. The position
of the feet is in bipedal stance with feet hip width apart, while standing on the force
sensors. Finally, the participant dons the VR goggles. The participant stands quietly
on the platform with their hands by their side observing a mountain view for the rst

2 minutes of the experiment. Then, the scene in the VR goggles changes, beginning
the sea simulation. The participants are instructed to remain standing quietly with
their hands by their side for the rst 35 seconds of the sea simulation. There is no
platform movement in this part of the experiment, and it is called the PRE phase of
the experiment. After 35 seconds of quiet standing watching the sea simulation, the
participant holds onto the bars in front of them. The platform then begins synchronized
movement with the sea scene in the VR goggles, with 25%, 50% and 75% of maximal
wave amplitude. In this central part, each segment lasts 40 seconds and the participant
holds the bars of the platform while continuing to observe the sea simulation. These
three segments are together called the MOVE portion of the experiment. Finally, the
platform stops and the participant is asked to remove their hands from the bars and
stand quietly with their hands by their side for the nal 40 seconds of the experiment.
The sea scene is still observed by the participant for the nal 40 seconds. This is called
the POST phase of the experiment; it is performed identically to the PRE phase but
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after the participant has experienced movement in the central part of the procedure.
A table of the VR experiment protocol is shown below in Table 2.1, Fig. 2.1 shows a
schematic of the experimental setup. A short video showing the experiment is available
here.

Figure 2.1: BioVRSea Experimental Setup.

Table 2.1: BioVRSea Experimental Paradigm

Time (s) || Segment || VR Scene || Position of Hands Platform
0-120 Baseline | Mountains by side Stationary
120-160 PRE Sea by side Stationary

160-280 MOVE Sea on bars Moving
280-320 POST Sea by side Stationary

The overarching experimental paradigm (PRE-MOVE-POST) is designed to com-
pare two challenging states for PC as noted below and seen in Fig 2.2:

"~ Visual stimulation of PC system while performing upright stance - no movement
of platform but VR scene is active (PRE)



2.2. NEUROPHYSIOLOGICAL MEASUREMENTS 13

A

Movement of Platform in concert with VR Scene (MOVE)

~ Visual stimulation of PC after movement (induced latent movement still present
while performing upright stance (POST)

Figure 2.2: Graphic showing the stance of participants during each phase of the ex-
periment.

2.2 Neurophysiological Measurements

2.2.1 Electroencephalography

Electroencephalographic (EEG) measurements were made using a 64-channel wet elec-
trode setup from ANTNeuro (Hengelo, the Netheherlands) sampling at 4096 Hz. The
system is shown in Fig. 2.3, with connection to ampli er and acquisition computer
(tablet). Prior to acquisition, each of the electrode contacts is lled with electrocon-
ductive gel via syringe until an impedance lower than 20is reached.

2.2.2 Electromyography

Muscle electrical activities from the lower limbs was acquired using six wireless EMG
sensors (sampling frequency of 1600 Hz) placed on the tibialis anterior (TA), gastroc-
nemius lateral (GL), and soleus (S) muscles of each leg (Kiso ehf, Reykjavik, Iceland).
Each sensor wirelessly transmits (via Radiofrequency) to the base station (Fig. 2.4,
which is itself connected via USB to the main acquisition computer. The base station
also serves as a charging port for the sensors. Each sensor is tted with single-use
electrodes prior to a small amount of electroconductive gel on each electrode. The
sensors are place on the Tibialis anterior, gastrocnemius lateral and soleus muscles of
each leg as in Fig. 2.5.
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Figure 2.3: Setup of 64 channel EEG measurements system, with cap, ampli er (pink)
and acquisition computer.

Figure 2.4: Base station for charging wireless EMG sensors

2.2.3 Heart Rate

Heart rate was measured using a chest heart sensor (Polar Electro, Kempele, Finland,
sampling frequency 1000 Hz). This sensor was used in the papers included in this
thesis and for the rst 315 participants in the BioVRSea experiment. Subsequently we
switched to an ECG sensor called BiosignalsPlux.

The BiosignalsPlux Explorer Kit consists of several components that enable the
acquisition and analysis of ECG data. These components include a wireless 4-channel
BioSignalsPlux HUB, sensors, a PLUX proven Bluetooth dongle, electrodes, and a
medical-grade charger. The wireless 4-channel BioSignalsPlux HUB serves as the cen-
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Figure 2.5: Placement of EMG electrodes on the lower leg

tral device for data collection. It wirelessly connects to the sensors and facilitates the
transmission of ECG signals to the data acquisition system. The HUB is speci cally
designed for reliable and accurate ECG measurements. In the experimental setup,
three ECG sensors are connected to the BioSignalsPlux HUB. To ensure precise ECG
measurements, electrodes are used to establish electrical contact between the subject's
body and the sensors. The electrodes are positioned on the subject from the Right
Arm (RA) to the Left Foot (LF) following a speci ¢ placement protocol. This electrode
placement scheme is designed to capture the electrical activity of the heart accurately.

2.2.4 Centre of Pressure

Force Plate measurements were made using 4 sensors located under each foot platform.
The sensors give information about the center of mass in the Antero-posterior and
Medio-Lateral axis (Virtualis, Clapiers, France, sampling frequency 90 Hz).

2.3 Analysis and Extraction of Features
2.3.1 EEG

The EEG was recorded using a 64-electrode channel system. Data pre-processing and
analysis were performed with Brainstorm ([98]) and Matlab2021b (MathWorks, Inc.,
Natick, 158 Massachusetts, USA), using the Automagic toolbox ([99]).

For each of the six tasks time segments, we removed the 5 rst and 5 last seconds,
to ensure the data quality and to avoid artefacts. The data were resampled to 1024
Hz. Automagic was used to automatically pre-process every dataset, with a manual
inspection at the end. The data were notch Itered at 50 Hz. A high pass and low pass
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Figure 2.6: Force plates embedded into platform

lter were set respectively to 1 Hz and 45 Hz. ICA MARA algorithm was used, with

a variance of 20%. Finally, bad electrodes were interpolated. Each segment needing
interpolation of more than 15% of the total amount of electrodes was rejected, and the
associated individual was excluded from the experiment. Taking into account all the
individuals comporting a complete EEG recording (208 individuals), rejected channels
were 2.4 10.1 channels. After excluding subjects from the study, keeping only the 190
individuals with good signal quality, rejected channels were 0.3..3 channels.

From this complete EEG recording, the absolute and relative PSD were computed
for each subject, using Welch's method ([100]), (1s Hamming window length, 50%
overlap), for the following frequency bands: delta (14 Hz), theta (4 8 Hz), alpha
(8 13 Hz), beta (13 30 Hz), low-gamma (30 45 Hz), known as the ve main brain
rhythms ([101], [102]). Welch's method is a PSD estimation method and is used to
calculate the average periodogram of a time segment. Equation (2.1) de nes the power
spectral density, and (2.2) Welch's power spectrum, which is the mean average of the
periodogram of each interval where it is computed.

1 X1 .
S()= ) wlnxi(ne i (2.1)
n=0
1 X
shy=¢  s) (2.2)
1=0
Then, the average power of the signal over each time segment is computed by in-
tegrating the PSD estimate, using the rectangle method. For each band, indices of
relative power (RP) were obtained by expressing the absolute power (AP) in each fre-
guency band as a percentage of the global absolute power obtained by summing the
ve frequency bands.

23.2 EMG

EMG data processing was performed using Matlab 2021b. EMG signals were Itered
with an 8th order Butterworth Iter, with a band pass ranging from 15 to 400 Hz.
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Figure 2.7: Outline of steps to rectify, Iter and envelope the EMG signal. Raw EMG
signals were Itered with an 8th order Butterworth lIter, with a band pass ranging
from 15 to 400 Hz. The signals were then recti ed and then lItered with a 4th order
Butterworth low pass lter with a cut-o frequency equal to 20 Hz. Finally, the
resulting signals were Itered by means of a Savitzky-Golay lIter.

The signals were then recti ed and then Itered with a 4th order Butterworth low
pass lter with a cut-o frequency equal to 20 Hz. Finally, the resulting signals were
Itered by means of a Savitzky-Golay Iter. Seven features were computed in the
frequency domain and thirty-six features in the time domain for each muscle and each
phase of the experiment. These features are listed in the appendix. Fig. 2.7 gives an
overview of this process.

2.3.3 CoP

CoP measurements were made using 4 sensors located under each foot platform. The
sensors give information about the center of mass in the Antero-Posterior and Medio-
Lateral axis (Virtualis, Clapiers, France, sampling frequency 90Hz). The processing of
the CoP data was performed using Matlab 2021b. During the experiment, the force
platform records the movement of the Centre of Pressure (CoP), a projection of the
center of mass of the subject on the plane of the machine, also called stabilogram. The
CoP data was lItered with a Savitsky-Golay Iter with window size 7. Included in the
CoP analysis were a number of multi-scale entropy measurements, which have been
shown to have great importance in the analysis of CoP data in discriminating between
pathological subjects [103]. Multi-scale entropy measurements include features such as
complexity index (Cl), which indicate the complexity of the CoP signal as calculated
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using multi-scale entropy methods. We extract several parameters from the stabilo-
gram for evaluating the PC response of the subject during the experiment. The list of
features extracted from the CoP is outlined in the appendix.

2.3.4 Heart Rate/ECG

The ECG data obtained from the BioSignalsPlux sensors are processed using the
OpensSignals (r)evolution software, which is speci cally designed for ECG sensor data
analysis. This software provides real-time visualization and recording capabilities,
facilitating the extraction and computation of various HRV parameters. All the im-
plemented algorithms in the software adhere to established standards [104]. A total of
30 HRV features are obtained for each of the four phases of the experiment: baseline
(BASE), pre-phase (PRE), move-phase (MOVE), and post-phase (POST). This results
in a total of 120 features per subject, capturing the dynamics of heart rate variability
across di erent stages of the BioVRSea protocol. The extracted features can be cate-
gorized into di erent types. Time domain analyses of heart rate variability are simple
robust methods that use statistical or geometric techniques to quantify changes in
heart rate. There are many di erent types of time domain analyses and these provide
a global view of autonomic control of the heart [105]. There are many di erent types of
time domain analyses and these provide a global view of autonomic control of the heart
[104]. Frequency domain analysis of heart rate variability uses spectral analysis tech-
niques to attempt to separate the e ects of di erent components of the neuroendocrine
system on uctuations of heart rate. The renin angiotensin aldosterone system a ects
heart rate over a long period of time (seconds to minutes), the sympathetic nervous
system over a short period of time (seconds) and the parasympathetic nervous system
on a beat-to-beat basis (seconds) [104]. Frequency measurements estimate the distri-
bution of power across three frequency bands: Very Low Frequency (VLF, between
0 and 0.04 Hz), Low Frequency (LF, between 0.04 Hz and 0.15 Hz), and High Fre-
quency (HF, between 0.15 and 0.4 Hz) [105]. For each frequency band, features such
as PEAK, POWER (in ms?), POWER (normalized units), POWER (percentage), and
LF/HF ratio are extracted. These features provide information about the power dis-
tribution and balance between di erent frequency components of heart rate variability.
Additionally, nonlinear parameters are computed to quantify the unpredictability and
complexity of the ECG time series. These nonlinear parameters o er insights into the
irregularity and intricate patterns present in the heart rate dynamics. By analyzing
these 30 features across the di erent phases of the experiment, we can investigate the
changes and patterns in heart rate variability induced by the BioVRSea protocol.

2.3.5 Questionnaire

Each participant is administered a questionnaire via Google Forms during the exper-
iment. The questionnaire gathers data on their demographics (age, weight, height),
lifestyle (alcohol intake, nicotine use, frequency of exercise etc.). The questionnaire also
SCATS5 concussion questionnaire, the PHQ-9 anxiety and GAD-7 depression question-
naire, as well as a simulator sickness symptom questionnaire which is answered once
prior to performing the experiment and then repeated afterwards. A visual overview
of what is included in the questionnaire is shown in Fig 2.8. The whole questionnaire
is reproduced as part of the appendix.
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Figure 2.8: Outline of the sections included as part of the questionnaire for the
BioVRSea experiment.

2.4 Compilation of Mastersheet

Figure 2.9: Structure of Database

All features have been compiled into a mastersheet for further analysis (e.g statis-
tical and machine learning). The mastersheet has a structure as shown in Fig. 2.9.
All features are recorded per phase (PRE, MOVE, and POST) for each subject.

2.5 Neurophysiology of BioVRSea

Approximately 400 participants have been measured using BioVRSea since the incep-
tion of the project in summer of 2020. An age and sex breakdown of the participants
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is given in Figures 2.10 and 2.11. Our work strives to build a picture of a 'normative
model' of experiment performance, while also delineating di erneces in neurophysio-
logical parameters between di erent groups (i.e, sex, lifestyle, seasickness symptoms).

Figure 2.10: Age breakdown of BioVRSea participants

Figure 2.11: Sex breakdown of participants

Using electroencephalography, electromyography, electrocardiography and centre-
of-pressure as our parameters, we have published work on the healthy response using
EEG [106] and not yet published work showing EMG, ECG, and CoP as di erentiators
of neurophysiological response on the platform.

251 EEG

Electroencephalography (EEG) is a non-invasive and convenient tool for assessing brain
response to an external stimulus. EEG is portable and much less expensive compared
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to MRI, and, therefore, it is more accessible for researchers and clinicians. Both fMRI
and fNIRS measure changes in blood ow in the brain, which is a proxy of neuronal
activation. In contrast, EEG directly measures the changes of electrical signals gen-
erated from the cortex that arrive over the scalp. Balance and PC (PC) processes
in the brain cortex can be evaluated using EEG while in an unperturbed stance or
in challenging balance conditions. Event-related potentials (ERPs), which are stereo-
typed electrophysiological responses to a stimulus, have been used in many studies to
distinguish the normal from the pathological response in many di erent population
groups. The N1 response - a negative potential with a peak occurring approximately
100-150 ms after a perturbation is a prominent cortical potential related to loss of
balance ([107] and [108]) and has been investigated to demonstrate the correlation
between neurophysiological response and PC perturbation ([109]). A comprehensive
review of ERPs (also called perturbation evoked potentials or PEPS) is found in [110].
The review mostly reports work in the amplitude assessment of PEPs but also reviews
research performed in the frequency domain, where the spectral characteristics can
reveal modulations of EEG activity between baseline and task-related activity ([111]).

However little work has been carried out in exploring the spectral response from
EEG data, despite it being a common method for EEG signal analysis. ([112]). The
same paper reports frontal and parietal theta power in a cohort of 32 healthy male
participants to be correlated with continuous balance performance for balance tasks
of varying di culty. [16] used HD-EEG (256-channel) to measure cortical activity
during vibratory proprioceptive stimulation, with signi cant changes in absolute power
reported in the alpha and theta bands in adaptation to the stimulation.

In the 2022 paper by Aubonnet et al. [106], our group reported the healthy response
to the BioVRSea experiment. This was the rst step in constructing a normative model
of neural response to the BioVRSea experiment. The initial investigation subtracted
baseline activity from each task in BioVRSea and calculated the power spectral density
in ve EEG bands; delta (1 4 Hz), theta (4 8 Hz), alpha (8 13 Hz), beta (13 30 Hz),
low-gamma (30 45 Hz). The results were the followingThe delta band shows a
power increase for every task, in the frontal and temporal aread’he theta band
is the band showing less signi cance, mostly located in the parietal scalp during the
platform movement, and has a quite small power decrease compared to Bhe alpha
band shows signi cant changes over the whole scalp for all the tasks. Moreover, the
alpha power for each task is lower than the baselindhe beta band shows signi cant
di erences in several areas. The occipital scalp area shows a power increase compared
to the baseline, except for the PRE phase, and the fronto-parietal areas of the scalp
have a global power decreasghe low-gamma band shows signi cant electrodes in
the whole parietal, occipital and temporal scalps. Remodelling can be seen over the
course of the experiment where the activity moves from the occiptal lobe to more
centro-frontal areas. The average power remains positive compared to BL throughout
the whole experiment, as seen in Fig.2.12

252 ECG

Heart rate variability (HRV) is the time interval between two successive heartbeats
and can be used clinical indicator of autonomic system dysfunction.[113] It is well
known that during movement and postural changes, cardiac output is regulated by
vestibulo-sympathetic responses [114]. PC challenges provide a route for studying
heart biosignal alterations and their relationship with parameters involved in postural
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Figure 2.12: Absolute PSD distribution of the whole population behaviour. The "Xx"
highlighted in green represents signi cant electrodes after Bonferroni correction.

Figure 2.13: Figure showing di erences in Area of Poincare plot ellipse PRE stage of
experiment for groups with a BioVRSea E ect and without BioVRSea E ect.

strategies, such as EMG and CoP [115], [116]. During such a task, some individuals
may experience a sensation of motion sickness. Heart rate and severity of motion
sickness sensation have been shown to be linked [117]. Unpublished work by our
group showed the relevance of ECG parameters to distinguish those who experienced
a motion sickness e ect during the BioVRSea experiment from those who didn't. The
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work used machine learning on a cohort of 70 participants who reported their level
of motion sickness before and after the BioVRSea experiment. Those that reported
an increase in 3 or more symptoms after the experiment were considered to have a
BioVRSea Index = 1, and those without any change in symptoms or fewer than 2
symptoms had BioVRSea Index = 1 (see Appendix for further information about the
calculation of this index). The work showed the capability of ECG parameters, in the
PRE, MOVE and POST phases, to predict the e ect of the BioVRSea experiment on
the symptoms of the subject. In particular the area of the Poincare plot to distinguish
between groups along the lines of their levels of reported motion sickness in the PRE
phase, as can be seen in Figure 2.13. The MOVE and POST phases both take the
SD2 (standard deviation along the major axis of the Poincare plot) as an important
feature to distinguish the groups, showing the overall utility of BioVRSea to detect
altered responses based on neurophysiology and contribute new avenues for possible
clinical measurement.

2.5.3 EMG

EMG is a powerful tool employed in the eld of biomedical engineering to scrutinize
the electrical activity produced by skeletal muscles. Particularly in studies related
to lower limbs, EMG provides insights into the neuromuscular dynamics underlying
human movement and PC. Lower limb muscles play a pivotal role in maintaining sta-
bility, locomotion, and overall body posture. [118] By analyzing the EMG signals of
the lower limb muscle activation patterns, inter-muscular coordination, and the neu-
romechanical adaptations that occur in response to various postural challenges can be
studied. Spectral analysis of EMG data reveals the frequency content of the signals,
providing insights into muscle fatigue and contraction levels, while time-domain anal-
ysis can help discern the onset and duration of muscle activation. This information
is instrumental for devising targeted rehabilitation strategies, improving assistive de-
vice design, and enhancing our understanding of the complex interplay between neural
control and biomechanical constraints in maintaining upright posture.

Previous work from our group suggests that EMG parameters are useful in distin-
guishing between groups based on a lifestyle index calculated via questionnaire when
taking the experiment [119]. This paper shows the potential of Machine Learning to
classify groups of participants into distinct lifestyle classes using the parameters cal-
culated during the BioVRSea experiment. EMG features improved the accuracy of
classi cation when combined with CoP features, compared to classifying groups with
CoP alone. This work clearly shows the potential for neurophysiological parameters
for use in measuring healthy PC using a paradigm such as BioVRSea.

254 CoP

Unpublished work from our lab showed the capability of CoP features to distinguish
between those with healthy or unhealthy lifestyles (as determined by the questionnaire
administered during the experiment). In a similar vein to the work in the EMG paper
mentioned above, CoP has shown promise for discriminating between groups based
on lifestyle index, see Fig. 2.14. Those with a healthy lifestyle sway signi cantly less
in both the PRE and POST phases of the experiment, compared to those with an
unhealthy lifestyle index.
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Figure 2.14: Box plot showing the signi cant di erences in CoP ellipse area in the
PRE and POST phases for unhealthy and healthy lifestyle index subjects

The work performed to date has shown that neurophysiological and centre of pres-
sure features show promise to detect di erent responses based on lifestyle or self-
reported symptoms related to our experiment. The ability of BioVRSea to quanti-
tatively detect di erences between groups of people underpins the hypothesis of this
thesis that there may be a measurable di erence using quantitaive biomarkers (EEG,
ECG, EMG and CoP) for neurophysiological disease using the PRE-MOVE-POST
paradigms rather than the self-reported symptoms that are the gold standard of clin-
ical assessment in the eld.
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Chapter 3

Papers

3.1 Towards de ning biomarkers to evaluate
concussions using virtual reality and a moving
platform (BioVRSea)

Adapted from [1].

3.1.1 Abstract

Current diagnosis of concussion relies on self-reported symptoms and medical records
rather than objective biomarkers. This work uses a novel measurement setup called
BioVRSea to quantify concussion status. The paradigm is based on brain and muscle
signals (EEG, EMG), heart rate and center of pressure (CoP) measurements during
a postural control task triggered by a moving platform and a virtual reality environ-
ment. Measurements were performed on 54 professional athletes who self-reported
their history of concussion or non-concussion. Both groups completed a concussion
symptom scale (SCATS5) before the measurement. We analyzed biosignals and CoP
parameters before and after the platform movements, to compare the net response of
individual postural control. The results showed that BioVRSea discriminated between
the concussion and non-concussion groups. Particularly, EEG power spectral density
in delta and theta bands showed signi cant changes in the concussion group and right
soleus median frequency from the EMG signal di erentiated concussed individuals with
balance problems from the other groups. Anterior posterior CoP frequency-based pa-
rameters discriminated concussed individuals with balance problems. Finally, we used
machine learning to classify concussion and non-concussion, demonstrating that com-
bining SCAT5 and BioVRSea parameters gives an accuracy up to 95.5%. This study
is a step towards quantitative assessment of concussion.

3.1.2 Introduction

A concussion, or mild traumatic brain injury (mTBI), is a temporary neurological
impairment resulting from head impact [11]. Participation in sports increases the risk

of multiple concussions, with certain sports posing higher risks [18] [20]. Symptoms
may include headaches, emotionality, amnesia, balance issues, and sleep disturbances
[21], [22]. While most concussions resolve spontaneously, some result in lingering
complications [11], [23] [27]. Diagnosing concussions is challenging due to non-speci ¢
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symptoms and the lack of a precise de nition [10], [11], [28]. Tools like the SCAT5 aid
in symptom assessment, though they shouldn't be used exclusively for diagnosis [10],
[29], [30].

The pathology of concussions and the relationship between neuronal alterations
and symptoms remain unclear [24]. Structural damage post-concussion, though di-
agnosable without evident structural damage, can contribute to prolonged symptoms
[10], [34]. Neuroimaging and electrophysiological evaluations, such as EEG, can pro-
vide insights [24], [35], [36]. EEG is cost-e ective and o ers potential markers for
concussion assessments, although more research is needed [38], [39], [41] [43], [53].

Post-concussive symptoms include dizziness and balance issues [54]. Assessing pos-
tural control, such as the center of pressure (CoP), can indicate concussion [45] [47],
[56] [58]. EMG recordings can also be used to assess postural stability and muscular
activity [60] [62]. Blood ow and heart rate variability have been explored as objective
markers, although ndings are mixed [64] [67].

A comprehensive approach to concussion assessment and treatment is essential [29].
Virtual reality (VR) o ers a novel method for evaluating postural control and cortical
activity in a controlled environment, showing promise in distinguishing between mTBI
and control groups [57], [68] [71].

3.1.3 Methods
3.1.3.1 Participants

Participants were all female athletes (N=54), competing at the highest level in Iceland

in basketball (16.7%), handball (35.2%), soccer (38.9%), ice hockey (5.6%), or martial
arts (3.7%). Mean age was 38.4 years (SD=7.7). Almost half of the participants had
a history of concussion, 48.1% (n=26) half had no concussion history, 51.9% (n=28).
Mean years since retirement was 4.3 years (SD=4.9). All participants had a college or
a university diploma, 48% had an MA or an MS degree. This data is summarised in
Table 3.1.

Table 3.1: Summary of Participant Information

History of Concus-

No History of Con-

sion (nN=26) cussion (n=28)
Mean Age (SD) 30.5 (6.9) 29.8 (8.2)
Retired % 69.2 (18) 57.1 (16)*
Active % 30.8 (8) 39.3 (11)

3.1.3.2 Written information and informed consent

All participants were provided written information about the study prior to signing
an informed consent document. The study protocol was approved by the Icelandic
National Bioethics Committee (no: 17 183-S1).

3.1.3.3 Concussion de nition

Participants were read a concussion de nition and were asked if they had sustained a
concussion. The de nition was based on the Berlin Consensus statement on concussion
in sport from 2016[10], [120], [121].
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3.1.3.4 SCAT5 Questionnaire

All participants completed the symptoms scale from The Sport Concussion Assessment
Tool 5 (SCATS) [27], [36], [120] before the experiment. The overall score is calculated
by the sum of each participant's responses. The SCAT5 has been recognized as a
concussion assessment tool [10].However, the SCAT5 should not be used as a diagnostic
tool but as part of an assessment battery [36]. The SCAT5 symptoms checklist has
not been validated in a Icelandic sample only the SCAT 3 [122]. The scale has 22
items, each item scoring from O to 6, indicating the severity of the symptom [36]. In
this study, it was hypothesized that the Icelandic versions of the SCAT5 symptoms
checklist, could be used to di erentiate between concussed and non-concussed athletes,
it was used to validate the self-reported concussion status and assess for each group
the changes of some physiological conditions associated with our experiment.

3.1.3.5 Virtual reality experiment

The participants were then prepared for the virtual reality and physiological measure-
ment part of the experiment. This involved the placement of a wet 64-electrode EEG
cap (Sampling frequency 4096 Hz, ANTNeuro, Hengelo, The Netherlands), six wireless
EMG sensors (Sampling frequency 1600 Hz Kiso ehf., Reykjavik, Iceland) on the tib-
ialis anterior (TA), gastrocnemius lateral (GL), and soleus (S) muscles of each leg, and
a heart rate sensor (sampling frequency 1 Hz, PolarBeat, Kempele, Finland) strapped
around the chest. The EEG ampli er (ANTNEuro, Hengelo, The Netherlands) was
connected to the cap and placed in a backpack with a tablet used for EEG signal acqui-
sition. The participant put on the backpack and was instructed to step onto the force
plates after removing their shoes. The position of the feet was in bipedal stance with
feet hip width apart, while standing on the force sensors (Sampling frequency 90 Hz,
Virtualis, Clapiers, France). The force sensors on the moveable platform (Virtualis,
Clapiers, France). Finally, the participant dons the VR goggles.

The experimental protocol was then explained to the participant. The explanation
included that they should stand quietly on the platform with their hands by their side
observing a mountain view for the rst 2 min of the experiment. Then, the scene in
the VR goggles would change, beginning the sea simulation. The participants were
instructed to remain standing quietly with their hands by their side for the rst 35 s of
the sea simulation. There was no platform movement in this part of the experiment,
and it is called the PRE phase of the experiment. After 35 s of quiet standing watching
the sea simulation, the participant was instructed to hold onto the bars in front of
them. The platform then began synchronized movement with the sea scene in the
VR goggles, with 25%, 50% and 75% of maximal wave amplitude. In this central
part, each segment lasted 40 s and the participant held the bars of the platform while
continuing to observe the sea simulation. Finally, the platform stopped moving and
the participant was asked to remove their hands from the bars and attempt to stand
quietly with their hands by their side for the nal 40 s of the experiment. The sea
scene was still observed by the participant for the nal 40 s. This is called the POST
phase of the experiment; it is performed identically to the PRE phase but after the
participant has performed movement in the central part of the procedure. A table of
the VR experiment protocol is shown below in Fig. 3.1. Each participant took part in
a single trial according to the experimental protocol.






	Acknowledgements
	Preface
	Contents
	List of Figures
	List of Tables
	Introduction to Postural Control and BioVRSea
	Introduction
	Background
	Postural Control
	Concussion
	Diagnosis and Management of Concussion

	Parkinson's Disease
	Diagnosis and Management of PD



	Methods
	BioVRSea Paradigm
	Neurophysiological Measurements
	Electroencephalography
	Electromyography
	Heart Rate
	Centre of Pressure

	Analysis and Extraction of Features
	EEG
	EMG
	CoP
	Heart Rate/ECG
	Questionnaire

	Compilation of Mastersheet
	Neurophysiology of BioVRSea
	EEG
	ECG
	EMG
	CoP



	Published Papers and Future Work
	Papers
	Towards deﬁning biomarkers to evaluate concussions using virtual reality and a moving platform (BioVRSea)
	Abstract
	Introduction
	Methods
	Participants
	Written information and informed consent
	Concussion definition
	SCAT5 Questionnaire
	Virtual reality experiment
	Data acquisition
	EEG
	EMG
	Heart rate
	CoP

	Results
	Sports Concussion Assessment Tool (SCAT) 5
	Centre of Pressure Measurements
	Electroencephalography Measurements
	Electromyography Measurements
	Heart Rate Results
	Classification Analysis

	Discussion

	Assessing Early Stage Parkinson’s Disease Using BioVRSea
	Abstract
	Introduction
	Methods
	Participants
	Written Information and Informed Consent
	Virtual Reality Experiment
	HR Analysis
	EMG Analysis
	CoP Analysis
	Correlation Analysis
	Statistical and Machine Learning Analysis

	Results
	Heart Rate Results
	EMG and CoP Results
	Machine Learning Results

	Discussion
	Limitations and Future Developments

	Adaptation Strategies and Neurophysiological Response in Parkinson's Disease: BioVRSea Approach
	Abstract
	Introduction
	Methods
	Participants
	BioVRSea Experiment
	Heart Rate
	EMG Analysis
	CoP Analysis
	EEG Analysis

	Results
	Heart Rate
	EMG
	CoP
	EEG

	Discussion
	Heart Rate
	Muscle activation
	Center of Pressure
	Neural response



	Summary and Conclusion
	Summary
	Conclusion

	Bibliography
	Detailed Description of Features Calculated During Experiment
	EEG Features
	EMG Features
	EMG Formulas:

	CoP Features
	CoP Formulas:

	MOTION SICKNESS QUESTIONNAIRE
	Lifestyle Indexes




