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Abstract

Chronic musculoskeletal pain is a major cause of disability and health service
burden, yet current treatments are largely ineffective or inaccessible. Immersive
virtual reality (VR) has shown potential as a tool for pain management but is typically
delivered as an open-loop, non-personalised intervention. Adaptive closed-loop VR
therapeutics could deliver accessible, personalised digital pain interventions, but
development requires mechanistically relevant biomarkers, embedded physiological
sensing, and predictive models to enable state-responsive adaptation.

This work investigated whether sensor-derived measures, analysed using statistical
and machine learning approaches, can inform future closed-loop VR therapeutics for
chronic musculoskeletal pain. Three empirical studies were undertaken. PainWaves
applied resting-state electroencephalography (rsEEG) within a discordant co-twin
design, identifying reduced frontocentral beta band power as the most consistent
rsEEG feature of chronic widespread pain after partial control for shared genetic and
environmental background, with weaker alpha-related findings. VIPA-EEG examined
within-session rsEEG change around attention-based VR exposure in fibromyalgia,
showing short-term increases in alpha and beta band power, with alpha providing the
clearest residual oscillatory effect after adjustment for the aperiodic component. VR-
FOCUS evaluated headset-derived eye tracking during a graded VR N-back task in
healthy controls and adults with chronic musculoskeletal pain. Time-series machine
learning classifiers outperformed summary-feature baselines and supported subject-
independent inference of task-defined cognitive load, although performance was

lower and more variable in chronic pain.

Findings from this work support beta band power as a candidate mechanistic rsEEG
feature, alpha as a more state-responsive rhythm around VR exposure, and
embedded eye tracking as a tractable signal for cognitive load inference. They also
highlight that predictive models may not generalise as reliably to clinically
heterogeneous chronic pain cohorts. Overall, this work provides methodological and
conceptual foundations for future personalised closed-loop VR therapeutics in
chronic pain, while clarifying that rsEEG, eye tracking and machine learning serve

distinct roles within that pathway.
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Thesis Statement:

This thesis examines chronic musculoskeletal pain through a translational framework
spanning biomarker identification, experimental modulation, and sensor-based
cognitive state prediction. It shows that pain-relevant oscillatory abnormalities can be
characterised beyond shared genetic and environmental influences, that immersive
interventions may influence these signals, and that sensor-enabled immersive

systems offer a plausible route toward personalised closed-loop therapeutics.
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1. Introduction

1.1 The clinical and translational problem

Chronic musculoskeletal pain affects a substantial proportion of the adult population
and remains a leading cause of disability worldwide!-*. Despite the availability of
pharmacological and non-pharmacological treatment options, outcomes remain
variable, and no current treatment pathway offers durable and scalable benefit
across diverse patient populations*. Recommended non-pharmacological
approaches such as graded exercise and cognitive behavioural therapy have
additional challenges, notably limited access and the need for sustained compliance.
The result is a long-term condition characterised by high prevalence, substantial
disability and recurrent healthcare demand, for which current treatment models are
poorly aligned with the clinical reality of the patients’ experience.

Virtual reality (VR) has emerged as a promising technology with therapeutic potential
within healthcare> 6. Immersive systems can deliver controlled, multimodal
experiences that influence attention, sensory context, affective state, embodiment
and behavioural engagement, and can support delivery outside specialist clinical
environments. Existing evidence in chronic pain demonstrates feasibility with
encouraging signals of efficacy across paradigms’ %. The clinical and conceptual
context for this evidence, and the limitations that constrain its translation, are
developed in Chapter 2.

A consistent limitation across the existing literature is that current VR systems for
chronic pain operate as essentially static interventions. Therapeutic content is
selected in advance, delivered through pre-specified sessions, and evaluated
through outcomes measured before and after exposure®. This model is poorly
matched to chronic musculoskeletal pain, which is characterised by heterogeneous
symptom expression between individuals and substantial fluctuation in pain, fatigue,
attention, affect and cognitive capacity within individuals over time®-!!. A static

intervention is unlikely to remain optimally calibrated across this variation.

1.2 Thesis position and framework

This thesis argues that immersive therapeutics for chronic musculoskeletal pain are
constrained by current static delivery models, and that further progress requires a
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deliberate transition toward closed-loop adaptive systems informed by sensor-
derived biomarkers.

Credible adaptive immersive therapeutics require three separable competencies.
Each can be developed independently, although their eventual integration remains
the translational goal. The first is mechanistic characterisation, which identifies what
may be biologically altered in chronic pain and is therefore worth targeting. The
second is state-sensitive measurement, which captures the user's current functional
or cognitive state during intervention delivery in a way that can inform adaptation.
The third is predictive inference, which converts rich, temporally structured sensor
data into decision-relevant estimates of user state. The three competencies are
governed by different selection criteria, served by different signal types, and
developed through different methodological strategies. They have often been
conflated in the digital therapeutics literature, where a single signal is sometimes
expected to perform all three roles at once!?>!>. The framework advanced here treats

them as distinct translational tasks.

The framework therefore implies that adaptive immersive therapeutics will require
several sensing or analytical modalities, each chosen for a specific translational role,
and that expecting one modality to serve all three roles will continue to produce
evidence that is neither mechanistically interpretable nor practically deployable. The
criteria distinguishing mechanistic from embedded sensing are developed in Chapter
2.

The empirical work is structured around this framework. Because chronic
musculoskeletal pain spans regional presentations through to widespread, centrally
mediated phenotypes, the population studied is matched to the role of each study
rather than held constant. Resting-state electroencephalography (rsEEG) is used to
investigate mechanistic neurophysiology in chronic widespread pain (CWP) and
fibromyalgia, the phenotypes in which brain-based oscillatory abnormality is most
plausible. It is applied first in a co-twin control study that accounts for the genetic and
environmental factors that influence EEG, and then in a repeated-measures study
that tests whether candidate features change around immersive VR exposure.
Headset-derived eye tracking is used to test whether dynamic ocular signals
acquired during a controlled VR cognitive task support subject-independent
inference of task-defined state in healthy controls and a broader chronic
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musculoskeletal pain sample, reflecting the clinical heterogeneity any deployable
signal must tolerate. Time-series machine learning serves as the analytical tool that
takes temporal signals and provides a prediction of current user state to guide
adaptation. The work does not attempt to deliver a fully realised closed-loop VR
therapeutic; it instead establishes the foundations on which such systems can
credibly be built.

1.3 Thesis structure

The thesis comprises nine chapters organised to move from clinical and conceptual
context, through aims and methodological framework, to empirical investigation and

integrative synthesis.

Chapter 2 develops the background and theoretical context for the work. It examines
chronic pain as a heterogeneous and dynamic condition, reviews the evidence base
and limitations of current immersive therapeutics, and sets out the rationale for
closed-loop personalisation. It introduces the conceptual distinction between
mechanistic and state-sensitive biomarkers in detail and considers the design

requirements of pragmatic adaptive systems.

Chapter 3 sets out the aims of the thesis in light of the framework introduced here
and the context developed in Chapter 2. Study-specific aims are stated at the

beginning of the corresponding empirical chapters.

Chapter 4 outlines the methodological framework that links the empirical work, with
emphasis on the technologies, software platforms, analytical pipelines and statistical
approaches across the studies. This includes general details related to the EEG
preprocessing pipeline, periodic-aperiodic spectral decomposition, eye tracking
acquisition framework and the time-series machine learning approach. Study-specific

implementation is reported in the corresponding empirical chapters.

Chapter 5 (PainWaves) investigates rsEEG differences in monozygotic (MZ) and
dizygotic (DZ) twin pairs discordant for CWP. The discordant co-twin control design
partly accounts for the genetic and environmental influences on rsEEG traits and

supports clearer interpretation of neurophysiological features in CWP.

Chapter 6 (VIPA-EEG) examines whether candidate rsEEG signals in fibromyalgia
change around immersive VR exposure. The chapter is presented as a secondary

analysis of a parent feasibility study® and investigates whether relevant rsEEG
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signals identified from PainWaves and the wider literature change with an attention-
based VR intervention.

Chapter 7 (VR-FOCUS) evaluates whether headset-derived eye tracking acquired
during a graded VR N-back task supports subject-independent inference of task-
defined cognitive state in chronic pain and healthy control participants, comparing

conventional and time-series machine learning approaches.

Chapter 8 synthesises findings across studies, considers points of convergence and
uncertainty, and develops the implications for biomarker interpretation, sensor
selection, state inference, candidate adaptation targets and methodological practice.

Chapter 9 concludes the thesis, reflecting on the decisions made, progress in the
field, and the follow-on work required.

2. Background

2.1 Chronic pain as a multidimensional condition

2.1.1 Chronic pain as a major clinical and societal challenge

Chronic pain, commonly defined as pain that persists or recurs for longer than 3
months, is a highly prevalent long-term condition and a leading contributor to global
disability'® !7. In the United Kingdom (UK), chronic pain affects a substantial
proportion of the adult population. Estimates from Arthritis UK suggest that
approximately 34% of adults experience chronic pain, with around 12% reporting
high-impact pain that substantially impacts daily functioning'. Chronic
musculoskeletal pain represents the largest and most relevant subgroup, accounting
for a significant proportion of disability, healthcare utilisation, and long-term work

absence!’.

The impact of chronic pain extends beyond symptom persistence to encompass
wide-ranging effects on physical, psychological, and social functioning. Individuals
with chronic pain frequently report limitations in mobility, reduced participation in
employment and social roles, and diminished quality of life* '®. At a population level,
musculoskeletal conditions such as low back pain are consistently identified as
leading causes of years lived with disability worldwide, reflecting both their high
prevalence and chronicity?. These functional consequences are often compounded

by comorbid fatigue, mood disturbance, and poor sleep, further amplifying the
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burden experienced by individuals and contributing to complex patterns of healthcare
need.

From a health-system perspective, chronic pain places considerable and sustained
demand on services. It is one of the most common reasons for primary care
consultation, and individuals with chronic pain have higher rates of healthcare
utilisation, including increased general practitioner visits, specialist referrals, and
hospital admissions!®. Within the UK, musculoskeletal pain accounts for a substantial
proportion of general practice workload, with millions of consultations annually
attributed to conditions such as back pain, osteoarthritis, and widespread pain
syndromes. This demand contributes to pressure on already constrained services,
including specialist pain clinics, where waiting times frequently exceed

recommended standards and access to multidisciplinary care remains variable!'- 2°.

The burden of chronic pain also extends beyond the individual to affect informal
caregivers and wider social networks. Many individuals with chronic pain require
support with activities of daily living, particularly where pain is accompanied by
disability or multimorbidity. Caregivers often report adverse effects on their own
physical and mental health, including increased stress, reduced wellbeing, and
limitations in their own daily activities?!-23. These broader impacts reinforce the
understanding of chronic pain as a condition with significant societal implications,
rather than one confined to individual symptom experience.

Chronic pain should therefore be understood as a prevalent, disabling long-term
condition that generates sustained demand on healthcare services, particularly in
musculoskeletal populations. This burden highlights the need for interventions that
are scalable and accessible beyond specialist clinical settings, with meaningful
therapeutic impact across multiple domains important to people living with pain.

2.1.2 Limitations of current management approaches

Management of chronic musculoskeletal pain remains challenging, with most
available treatments commonly providing modest or variable positive effects. Clinical
guidance recommends a multimodal approach that may include pharmacological and
non-pharmacological strategies, yet across major intervention classes, effect sizes
are often small and no single treatment has demonstrated consistently strong and
durable benefit across diverse patient populations* 2426, As a result, treatment
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pathways are frequently characterised by partial symptom relief, ongoing functional
impairment, and repeated healthcare utilisation.

Pharmacological therapies are widely used but are associated with important
limitations. Analgesics such as paracetamol and non-steroidal anti-inflammatory
drugs (NSAIDs) may offer short-term symptomatic relief in certain musculoskeletal
pain conditions, but evidence of benefit in chronic pain is poor. In these populations,
long-term efficacy has not been established and potential benefit must be weighed
against recognised harms, particularly the gastrointestinal, renal, and cardiovascular
risks associated with NSAIDs?”- 2%, Opioids, despite historically widespread use in
chronic non-cancer pain, have been shown to confer only small improvements in
pain and function, with increasing evidence of dose-dependent harms including
dependence, tolerance, and increased risk of overdose?:3°. These concerns have
led to a shift in guideline recommendations away from routine opioid use in chronic

pain* 28,

Non-pharmacological interventions, including structured exercise programmes and
psychological therapies such as cognitive behavioural therapy (CBT), are
recommended as first-line management options for chronic pain* 2%, These
approaches address biopsychosocial dimensions of pain-related disability, including
physical deconditioning, fear of movement and activity avoidance, maladaptive pain-
related psychology, and reduced self-efficacy. Despite demonstrating small-to-
moderate improvements in pain and function in clinical trials?> 2%, their
implementation at scale is limited by practical and service-related constraints. Many
interventions require sustained engagement with healthcare professionals, repeated
in-person sessions, and individual tailoring, all of which contribute to variability in
access, adherence, and effectiveness in real-world settings?!:*2. In practice, this
leads to continued reliance on pharmacological management, with UK observational
data demonstrating substantial ongoing opioid prescribing across long-term
musculoskeletal conditions despite increasing recognition of the limited efficacy and
potential harms of these treatments3* 34,

A further challenge lies in the heterogeneity of treatment response. Chronic
musculoskeletal pain encompasses a broad spectrum of conditions and
presentations, with substantial variability in symptom profile, comorbidity, and
psychosocial context. More broadly, pain itself is characterised by marked inter-
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individual differences in susceptibility, severity, and response to treatment’. Evidence
from musculoskeletal pain trials indicates that average treatment effects can obscure
clinically meaningful inter-individual variation, with some patients deriving substantial
benefit and others little or no improvement?>. This variability is further compounded
by within-person symptom fluctuation over time. Longitudinal studies in
musculoskeletal pain populations have shown that pain varies meaningfully from
week-to-week and that these fluctuations are associated with changes in fatigue,
mood, sleep, stiffness, daily functioning, and healthcare use!’. Similar patterns of
intra-individual variability have also been demonstrated in fibromyalgia, including
fluctuations in cognitive function alongside pain, fatigue, and affective symptoms!!:3¢.

These limitations highlight a fundamental mismatch between current treatment
models and the clinical reality of chronic musculoskeletal pain. Existing approaches
are often insufficiently effective, difficult to deliver at scale, and poorly adapted to
individual variability and temporal fluctuation. These constraints support the
exploration of alternative therapeutic strategies that are both scalable and capable of

responding to the dynamic and multidimensional nature of chronic pain.
2.1.3 Mechanistic and biopsychosocial models of chronic pain

Chronic musculoskeletal pain cannot be explained solely by peripheral nociceptive
input or structural pathology. Contemporary models emphasise the interaction
between sensory, cognitive, affective, and social processes in shaping the
experience of pain, with considerable variability both between individuals and within
individuals over time'® 37, This perspective reflects a shift away from reductionist
biomedical frameworks toward integrative models that better account for the

complexity and persistence of chronic pain.

The biopsychosocial model provides a widely adopted conceptual framework for
understanding this complexity3®. Within this model, biological factors such as tissue
pathology and neurophysiological processes interact with psychological factors
including attention, beliefs, and affect, and with social and environmental factors
such as relationships, work demands, healthcare access, and cultural expectations
(Figure 2.1). These domains interact dynamically rather than being independent,
influencing both the intensity of pain and its impact on function and quality of life®- 2.
Pain-related fear and maladaptive beliefs can amplify perceived threat and promote
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avoidance behaviours, while social context and prior experience may shape
expectations and coping strategies™.

OLOGICAL Fa
oYCHOLEZ A FACTo,
psY Tops

® % o

strophising

Beliefs Mood @

Attention Fear
o f o*
[ & p s/

=

L : S
~_ Coping Self-efficacy -
\ -
\\\ /'/ g
N =
- \ >
el ) | (I
@Rn / M\
Family and | l |- Nociception
support [ ] Xl
/ \ | @3
@ // Pain \ \ Inflammation
o /[)y experience \ Q z
\V U S
@ N \ % Tissuehealth |
w d
o) Culture R X
s) 008 [| S o
z\ Al ” S S
- Socioeconomic ( Genetics ~
b4 context 2 _Q
5\ o e /2
% ﬂ&%\ \ Sleep X
S Healthcare | = /Q
interactions | E Fatigue /Q
2 &
@ |

! V(] Sz Newous system
) e sensitisation
Environment L X /
)

Figure 2.1. The biopsychosocial model of pain

Pain is represented as a multidimensional experience arising from interacting biological, psychological and social

influences. The model emphasises that pain perception, persistence and impact are shaped by dynamic interactions
across these domains rather than by peripheral tissue pathology alone.

Advances in pain classification have led to the recognition of ‘nociplastic pain’ as a
distinct mechanistic descriptor. Nociplastic pain refers to pain arising from altered
nociceptive processing despite no clear evidence of ongoing tissue damage or
disease sufficient to explain symptom severity, and in the absence of defining
features of neuropathic pain*’. Within this framework, altered nociceptive processing
may involve peripheral or central sensitisation. Peripheral sensitisation refers to
increased responsiveness of nociceptive afferents, whereas central sensitisation
refers to amplification of signalling within the central nervous system. In fibromyalgia
and chronic widespread pain (CWP), symptom expression is often understood to be
dominated by alterations in central pain processing, including enhanced facilitation
and impaired descending inhibitory control within pain-modulatory systems, while

recognising that peripheral sensitisation may also contribute and interact with central
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mechanisms*!. Population-level neuroimaging work has linked Fibromyalgia Index
scores to altered functional and structural connectivity within the descending pain
modulatory system, supporting the neurobiological relevance of nociplastic symptom
burden in a large UK cohort*?. More broadly, neuroimaging findings reinforce the role
of distributed brain and brainstem networks that integrate nociceptive, cognitive, and
affective influences in shaping the pain experience*’. Complementary
neurophysiological approaches, including electroencephalography (EEG), have been
used to characterise altered resting-state neural activity in chronic pain, supporting
the view that persistent pain is associated with measurable changes in central
nervous system function beyond structural pathology alone**. Nociplastic pain
therefore draws attention to the limitations of purely peripheral or structural
explanations and emphasises the importance of central and systemic contributors to

chronic pain.

These mechanistic insights support the view that pain is not simply transmitted, but
actively evaluated, inferred, and behaviourally regulated. Neurocomputational
perspectives conceptualise pain as an active inferential and learning process rather
than a passive reflection of nociception. Pain is embedded within broader
reinforcement learning systems that encode prediction, uncertainty, and value, with
aversive prediction errors guiding behavioural adaptation*. Within this framework,
chronic pain may reflect persistent or maladaptive updating of threat-related
predictions, resulting in sustained pain experience even in the absence of ongoing
tissue damage*. This perspective offers a link between sensory, cognitive, and
behavioural domains, and an explanation for why pain is both highly individual and
dynamically modulated over time.

Cognitive and affective processes are central to multidimensional frameworks of
chronic pain. Pain-related psychology, including catastrophising, threat appraisal,
and expectations about pain, influences pain intensity and disability*’. Affective
states such as anxiety, depression, and distress are closely linked to pain outcomes
within a bidirectional relationship**:*°. These processes are supported by overlapping
neural systems involving regions such as the anterior cingulate cortex, insula, and
prefrontal cortex, which are implicated in pain processing and broader cognitive-

affective regulation®.
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Chronic musculoskeletal pain is therefore best conceptualised as a multidimensional
and dynamic condition in which biological, psychological, and social processes
interact to shape symptom experience and functional outcomes. Treatments that
target a single domain, or assume a stable and uniform patient state, are unlikely to
capture the complexity of chronic pain or its variability across individuals and over
time. Domain-specific measures remain essential for identifying underlying
mechanisms, but effective therapeutic strategies may require integration with
approaches capable of capturing and responding to dynamic, state-dependent
aspects of the pain experience.

2.1.4 Attention, cognition, and pain modulation

Attention and broader cognitive processes shape the perception and impact of pain.

Rather than reflecting a fixed output of nociception, pain is dynamically modulated by
the allocation of cognitive resources, expectations, and ongoing task demands**>!- 2,
This modulation is relevant in chronic musculoskeletal pain, where central processes

are a major contributor to the experience of pain and its associated disability.

Early theoretical models, most notably the gate control theory of pain, proposed that
cognitive and affective factors could influence the transmission of nociceptive signals
at the spinal level’*. Subsequent work has refined this framework, but the core
insight that pain is modifiable by higher-order processes has remained fundamental.
Contemporary models emphasise distributed brain networks that integrate
nociceptive input with contextual, emotional, and cognitive information to shape the

pain experience* 4,

Empirical evidence shows that attentional allocation has a measurable impact on
pain perception. Directing attention toward pain can amplify its perceived intensity,
whereas engaging in cognitively demanding tasks can attenuate pain perception, a
phenomenon commonly described as attentional analgesia®->’. Experimental
paradigms have shown that increasing cognitive demand can reduce pain ratings
under conditions where task engagement is sufficient, while also altering neural
responses within pain-related regions including the anterior cingulate cortex, insula,
and prefrontal cortex®. Neuroimaging evidence also indicates that pain-related and
cognition-related networks can remain concurrently active, with the degree of

interaction dependent on the relative demands imposed by pain intensity and
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cognitive task load>* %°. This is consistent with broader evidence that pain interferes
with cognitive function across attention, working memory, and executive control,

while cognitive engagement modulates the salience and processing of pain®!.

At a neural level, attentional modulation of pain is mediated by interactions between
cortical and brainstem systems, including descending modulatory pathways** 2. The
periaqueductal grey (PAG) and rostroventromedial medulla (RVM) form part of a
descending control system that can either inhibit or facilitate nociceptive
transmission at the spinal level’* %3, Functional neuroimaging studies suggest that
attentional engagement can influence these systems, contributing to reduced pain
perception through enhanced descending inhibition>*-37. This provides a mechanistic

link between cognitive processes and physiological modulation of pain.

Beyond attention, broader cognitive constructs such as expectation, prediction, and
cognitive control also influence pain processing. Placebo and nocebo effects
illustrate how expectations modulate pain through top-down mechanisms, altering
both subjective experience and neural activity®*. The same inferential framework
recasts attention as a mechanism for prioritising particular sensory inputs or

predictions, thereby influencing the pain that results®.

Attention and cognition are therefore key determinants of how pain is experienced
and modulated over time. Pain interacts with competing cognitive demands, is
shaped by expectations and predictions, and is influenced by descending neural
systems. For interventions that rely on attention, engagement, or cognitive task
performance, therapeutic benefit is therefore likely to depend on matching task
demands to the user’s current capacity and state.

2.2 Immersive therapeutics for pain: evidence and constraints

2.2.1 Why immersive technologies?

Virtual reality (VR) is a novel technology that uses a head-mounted display (HMD) to
provide an immersive, 360° audiovisual experience that may be passive or
interactive depending on application design. Over the last decade, VR technology
has matured rapidly through advances in computing and substantial industry
investment. Modern standalone systems combine high-fidelity audiovisual
stimulation with real-time head and body tracking (Figure 2.2). This enables

movement within and interaction with virtual environments, allowing users to
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perceive and navigate virtual spaces in ways that can approximate, augment, or
deliberately reshape real-world perception and action®: . Increasingly, VR systems
also incorporate embedded sensors, including eye tracking, allowing behavioural
and physiological signals to be captured during the same experience used for
therapeutic delivery®’. Consumer pricing and availability have grown alongside this
technical maturity, supporting interest in VR as a platform for home-based pain
therapeutics®.

1. Front shell and faceplate

N

. External tracking and
passthrough cameras

3. Internal structure frame

4. Onboard compute and
wireless module

(&

. Display assembly

o

Lens assemblies*
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Figure 2.2. Schematic architecture of an untethered VR headset

The exploded schematic illustrates major component groups commonly integrated within contemporary VR headsets,
not including interaction peripherals such as wireless controllers. *The depicted optical assemblies resemble Fresnel
lenses; other headsets may use alternative optical designs, including pancake lenses. Component placement is
illustrative and does not represent a specific manufacturer. NIR, near-infrared; IPD, interpupillary distance.
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The relevance of immersive technologies to pain lies less in hardware specifications
than in their capacity to deliver tightly controlled, multisensory, and highly immersive
experiences. Unlike conventional screen-based media, immersive VR encapsulates
the user within a contained, three-dimensional audiovisual environment, reducing the
salience of competing sensory inputs and supporting sustained attentional
engagement®. This aligns with established models of attentional modulation of pain,
in which allocation of cognitive resources influences the perception and processing
of nociceptive signals®®. Immersive environments can also be designed to
manipulate task demands, sensory context, and behavioural contingencies, enabling
systematic engagement of cognitive, affective, and behavioural processes relevant
to pain.

A further distinguishing feature of immersive technologies is their capacity to
integrate multiple therapeutic components within a single delivery platform. VR
interventions can incorporate attentional engagement, graded movement or
exposure, emotional regulation strategies and educational content, supporting
multidimensional targeting of pain-related processes® %70, This is relevant in chronic
musculoskeletal pain, where symptom experience reflects the interaction of multiple
factors rather than a single underlying mechanism. Delivery of multimodal
interventions within a controlled and repeatable environment offers advantages over
traditional approaches, which are often fragmented across different therapeutic
modalities.

Immersive systems also provide methodological advantages for intervention
development and mechanistic investigation. Virtual environments can be specified,
reproduced, and modified with precision, allowing systematic variation of stimulus
characteristics and task parameters’!. This creates opportunities for therapeutic
delivery, and for investigating the mechanisms underlying pain modulation and
intervention response. The interactive and engaging nature of VR may also support
adherence and user engagement compared with more passive or didactic

interventions.

The same features that make immersive technologies powerful also introduce
complexity. The effects of VR are likely to depend on the interaction between user
characteristics, task demands, and environmental design. Immersive interventions

should not therefore be considered as uniform or inherently effective, but as
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configurable systems whose impact depends on how they engage underlying
cognitive and affective processes. This distinction provides the basis for evaluating

the current evidence and constraints of immersive therapeutics.
2.2.2 Evidence for VR in pain: acute and chronic

The evidence base for immersive VR in pain spans both acute and chronic pain
contexts, but the maturity and interpretability of that evidence differ substantially
between them. In acute and procedural pain, the literature is relatively mature and
provides strong proof-of-principle that immersive VR can reduce pain-related
outcomes. In chronic pain, the literature is more heterogeneous, with greater
variation in patient populations, intervention content, delivery models, comparators,
and outcomes. Acute pain studies primarily establish that immersive engagement
can modulate the acute pain experience, whereas chronic pain studies must address
whether VR can support clinically meaningful and durable improvements in more

complex, multidimensional conditions.

Early experimental and clinical studies provided the initial mechanistic and
therapeutic rationale for VR analgesia. Hoffman and colleagues demonstrated that
immersive VR reduced both subjective pain ratings and pain-related brain activity
during experimentally induced thermal pain, providing early neuroimaging evidence
that immersive attentional engagement can modulate brain responses associated
with acute pain’?. Subsequent electrophysiological work showed that active VR
reduced early and late pain-related evoked potentials during painful electrical
stimulation, supporting the view that immersive engagement can influence both pre-
perceptual and later stages of pain processing’’. These studies suggested that VR
does not merely provide a novelty effect, but is a technology capable of modulating

pain-related neural responses under controlled experimental conditions.

Clinical trials in acute and procedural pain have generally reinforced this conclusion.
One influential randomised comparative effectiveness trial found that VR produced
greater immediate pain reduction than a health and wellness television control in
hospitalised patients with pain, with benefits also persisting up to 72 hours in some
analyses’™. Recent systematic reviews and meta-analyses conclude that immersive
VR is effective for acute and procedural pain management across a range of
settings, although heterogeneity in study design, comparator conditions, and
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intervention format remains substantial’ 7¢. The acute pain literature therefore
provides reasonably consistent proof-of-principle that immersive VR can reduce pain
in time-limited painful states, particularly where attentional capture, emotional

modulation and perceptual immersion are plausible mechanisms.

Translation into chronic pain has been more complex. Chronic pain is not simply
repeated acute pain, and its persistence is shaped by interacting sensory, cognitive,
affective, behavioural, and social processes. Attentional modulation may remain a
relevant therapeutic mechanism, particularly for short-term symptom relief and
engagement, but chronic pain interventions must also address whether benefits can
be sustained, repeated, or integrated with broader behavioural and self-management

strategies.

Early chronic pain studies suggested that immersive VR could meaningfully reduce
pain in some patients. A study in a mixed chronic pain cohort reported substantial
short-term pain reduction during an interactive VR session, with some patients also
reporting continued benefit after headset removal’’. Subsequent work evaluating a
self-administered, skills-based VR intervention incorporating behavioural pain
management content showed improvements in pain related outcomes compared
with an audio-only comparator, indicating that VR could act as a platform for
delivering structured therapeutic content®.

The strongest chronic musculoskeletal evidence currently comes from chronic low
back pain (cLBP). An 8-week self-administered, at-home behavioural skills-based VR
programme delivered through the EaseVRx system demonstrated improvements in
pain intensity and interference relative to sham VR in a double-blind randomised
placebo-controlled trial’8. Follow-up durability analyses from this programme and
related effectiveness trials have suggested that benefits may be sustained at 12
months and 24 months in some cohorts, with sub-group analyses indicating larger
effects in those with high-impact pain”-%!. These studies move the field beyond
single-session paradigms and suggest that home-based VR can act as a scalable
delivery platform for behavioural pain management strategies with longer-term

clinical relevance.

Other cLBP studies support the view that VR’s therapeutic potential is not restricted

to one mechanism or intervention model. Improvements in disability, pain
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interference and fear of movement have been demonstrated with a 6-8 week
embodied psychological and behavioural VR intervention designed for adults with
high disability®®. Broader chronic pain syntheses similarly show that VR interventions
have been used to target pain, functioning, mobility, psychological outcomes, quality
of life, and body-related perceptions through a wide variety of approaches, including
skills-based programmes, embodiment, exergaming, graded exposure, meditation,

and pain neuroscience education®? 83,

Evidence in wider musculoskeletal pain populations is expanding but variable in
depth and quality. A narrative review of therapeutic VR in rheumatology identified 56
studies across cLBP, chronic neck pain, complex regional pain syndrome,
fibromyalgia syndrome, rheumatoid arthritis, osteoarthritis, and other rheumatology-
relevant conditions, with marked heterogeneity in study design, intervention type,
comparator selection and outcome assessment’. The review showed that cLBP and
chronic neck pain account for most of the current literature, whereas evidence in
fibromyalgia and other rheumatological conditions remains relatively sparse. Across
this broader literature, positive signals are evident across pain, function and mood-
related domains, but the intervention content used to produce those signals varies
considerably> #2. In fibromyalgia, available studies suggest feasibility and possible
benefits for pain and psychological outcomes, while highlighting variability across
systems, virtual environments and activities, as well as the need for larger and

longer-term trials?.

The most influential trials also warrant critical appraisal. The pivotal EaseVRXx trial
compared active VR with a sham condition of two-dimensional nature footage
delivered through the same headset’®. This controlled for hardware and some
expectancy but not for the degree of immersion, interactivity or perceived credibility,
and participants could plausibly infer their allocation. Outcomes were self-reported
and the 12 and 24-month durability analyses were conducted by the same group in
samples reduced by attrition’-8. Similarly, the inpatient comparative effectiveness
trial used an unblinded television comparator’#, and much of the acute pain evidence
measures pain during or immediately after a single session. The absence of
superiority over sham VR in a recent three-arm trial®* suggests that headset use,
expectancy and non-specific attention account for a meaningful share of the
improvement reported in less rigorously controlled studies, and meta-analyses pool
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small trials with heterogeneous comparators and frequent unclear or high risk of
bias®>%. These issues do not negate the evidence, but they indicate that effect sizes

from early trials are likely to overestimate the specific contribution of VR content.

The evidence therefore supports a balanced position. Immersive VR is not merely a
technological novelty, and there is credible evidence that it can reduce pain and
improve function across a range of contexts. However, in chronic musculoskeletal
pain, VR is better understood as a configurable therapeutic medium than as a
uniform intervention, with response shaped by content, mechanism, delivery and
population. The relevant question is not whether VR ‘works’, but under what

conditions, for whom and through which therapeutic configurations.
2.2.3 Mechanisms of immersive analgesia

No single mechanism fully explains why immersive VR may reduce pain or improve
pain-related outcomes. Therapeutic VR is best understood as a multicomponent
intervention platform whose effects depend on the interaction between delivered
content, user characteristics and clinical context. In acute pain, benefit may arise
predominantly through attentional modulation and reduced salience of nociceptive
input. In chronic pain, VR may additionally confer benefit by influencing emotional
regulation, body representation, fear of movement, behavioural activation and self-
management. Recent conceptual reviews therefore frame VR as a medium able to
address different processes relevant to chronic pain through immersive
biopsychosocial treatments’ 83 86,

VR may intensify attentional analgesia by combining presence, multisensory
competition and task engagement within a controlled immersive environment. By
encapsulating the user within a dynamic audiovisual environment that requires active
cognitive engagement, VR competes powerfully with pain-related attention. This
does not imply that pain processing is simply switched off. Rather, immersive
engagement appears to reduce the subjective salience of pain and alter the way
nociceptive information is processed. Experimental work has shown that VR can
reduce subjective pain ratings while modulating pain-related neural activity, including
activity in regions implicated in sensory and affective pain processing and changes in
pain-related evoked potentials’ 7386,
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Immersion alone is unlikely to be sufficient to promote analgesia. A growing body of
work suggests that analgesic benefit depends on how effectively the virtual
experience captures and sustains engagement. Experimental and clinical studies
have shown that ‘active VR’ can outperform ‘passive VR’ under certain conditions.
This effect has been observed in cold pressor paradigms, painful electrical
stimulation and burn care, with greater reductions in pain ratings, pain-related neural
responses, or increases in pain tolerance observed when users actively interact with
the VR environment’* 8720, However, more interactivity is not uniformly better. Meta-
analytic evidence supports the view that the contribution of specific design features,
including interaction level, is conditional rather than absolute, so interactivity is better
understood as a context-dependent effect modifier than as a uniform driver of
efficacy®.

A further mechanism concerns emotional regulation and the affective context of pain.
Chronic pain is shaped not only by nociceptive input, but also by anxiety, distress,
catastrophising, low mood, and reduced perceived control. VR can deliver relaxation
exercises, guided meditation, breathing or biofeedback-based tasks, nature-based
experiences, and cognitive behavioural strategies within an immersive format®. The
affective content of VR is not merely incidental to analgesia and may be one of its
active ingredients. In a within-subject study of chronic temporomandibular disorder,
affectively rewarding VR content was associated with greater pain reduction, with
improvements in mood and enjoyment mediating analgesic effects for a nature-
based ocean condition, whereas autonomic arousal did not explain these effects®".
Some benefits of VR therefore arise not only from attentional modulation, but from
altering the emotional meaning and experiential quality of pain through affectively

positive and engaging content.

Embodiment and the modulation of body representation provide another important
mechanistic pathway. Foundational work in virtual embodiment has shown that users
can experience ownership over a virtual body viewed from a first-person perspective,
with physiological responses to threat directed at the virtual body supporting the view
that virtual avatars can be incorporated into self-representation®>°3. The sense of
embodiment has been conceptualised as comprising body ownership, agency, and
self-location, providing a framework for understanding how immersive systems may

alter the relationship between perceived body state and bodily experience®. This is
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relevant to chronic pain because some conditions, particularly complex regional pain
syndrome, are associated with altered body perception, disturbed body schema and
pain linked to how the body is represented”. VR allows manipulation of first-person
perspective, body ownership, visual appearance, movement congruence and
multisensory feedback. Studies in chronic arm pain and complex regional pain
syndrome suggest that changing the appearance, size, transparency, or synchrony
of a virtual limb or body can reduce pain and alter body perception disturbance in
some patients®® 7. The relevance of this mechanism varies across conditions, but it

broadens the conceptual basis for VR therapeutics in chronic pain.

VR may also confer benefit through graded exposure, movement retraining, and
sensorimotor retraining. In chronic musculoskeletal pain, feared or painful movement
can become associated with threat, avoidance, deconditioning, and reduced
confidence, as described in fear-avoidance models*®: 8. Immersive environments
allow movement to be rehearsed in a controllable and often more engaging context
than standard exercise alone, with the ability to manipulate task difficulty, visual
feedback, and environmental context”-1°!. VR-based interventions have
demonstrated improvements in movement and functional outcomes in conditions
such as cLBP and chronic neck pain, supporting the potential for immersive systems
to recalibrate threat-related expectations and support more adaptive movement

behaviour!®0: 102,103,

Arelated mechanism is repeated learning and behavioural change. Several
promising chronic pain VR interventions incorporate structured, skills-based
programmes delivered repeatedly over days or weeks rather than relying on a single-
session> %70, These programmes typically include elements of cognitive behavioural
therapy, relaxation training and pain education, aiming to build coping skills, reinforce
behavioural strategies, and increase self-efficacy. Randomised trials in cLBP
demonstrate improvements in pain and pain-related interference following such
interventions, consistent with the delivery of behavioural pain management contents®
79.104 Therapeutic benefit may therefore arise from cumulative learning, rehearsal
and behaviour change supported by immersive delivery, with adherence, repetition,
and perceived relevance likely to determine whether engagement translates into

sustained clinical benefit when interventions are home-based.
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These candidate mechanisms are not mutually exclusive. Most immersive
interventions likely derive their effects from several overlapping processes operating
simultaneously, with their relative importance varying according to the virtual
environment, task structure, treatment goal and the individual user. For some
interventions, attentional modulation may prove the principal mechanism; for others,
embodiment, emotional regulation, sensorimotor training, or behavioural skills
acquisition may take precedence. The capacity of VR to deliver multiple mechanisms
is one of its strengths, but it also creates a challenge for interpretation and design. If
different people benefit through different pathways, and if the same person may
respond differently depending on fatigue, mood, pain severity, cognitive load, or
environmental features, then a fixed immersive intervention is unlikely to optimise

benefit reliably.
2.2.4 Limitations, variability and the case for adaptation

Response to VR is not determined by the technology alone. It depends on how the
intervention is configured and delivered, and how the user’s current clinical and
experiential state interacts with the demands of the virtual environment. The
mechanisms underpinning VR interventions are unlikely to be recruited consistently
across heterogeneous chronic musculoskeletal pain populations without careful

attention to intervention design and user state.

Systematic review evidence reflects this complexity. Across chronic pain studies,
heterogeneity in study characteristics with inclusion of diverse pain conditions,
devices, software, intervention durations, and outcome domains limits interpretation
of VR intervention efficacy®2. Variability is not only a limitation of the evidence base
itself but is a defining feature of the therapeutic design problem. Meta-analytic
evidence further indicates that response is partly modified by demographic and
clinical characteristics. In a systematic review and meta-regression including 122
randomised controlled trials and 9138 participants, immersive VR reduced pain
overall, but larger effects were associated with younger age, moderate-to-severe
baseline pain and comparator type. Software type and interaction level were not
consistently retained as independent predictors in multivariable models®. This
finding should not be interpreted to mean that design is clinically unimportant.
Instead, the impact of design choices is likely to depend on the population, symptom
profile, intervention context and comparator used. A virtual task that benefits one
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patient group may not produce the same effect under different conditions, and
optimisation cannot be reduced to generic increases in immersion, interactivity or

exposure time.

Recent cLBP trial evidence reinforces this. A large, randomised trial comparing skills-
based VR, 360-degree video attention-based VR and sham VR found modest
improvements across all three arms but no superiority of either active VR condition
over sham VR for the primary pain interference outcome. The trial reported high
variance in dose, and exploratory analyses suggested that higher baseline anxiety
predicted greater response to skills-based VR but not to attention-based or sham
VR34, This result requires cautious interpretation given its exploratory nature.
Nevertheless, it illustrates a clinically plausible principle in which effectiveness of a
VR programme depends on alignment between therapeutic content and the
participant’s dominant symptom profile. A skills-based intervention may be more
relevant to a person whose pain experience is strongly linked with anxiety, arousal,
or coping demands, whereas other users may require different content, pacing, or
task structure.

Experimental cognitive literature supports this interpretation. Attentional modulation
is not a fixed property of an external task; it depends on the balance between task
demand, motivation, and performance. The analgesic value of a demanding task is
contingent on engagement, with experimental evidence indicating that increased
cognitive demand attenuates pain only when motivation to perform is sufficient!®.
Inter-individual work also indicates that psychological traits shape this trade-off, with
pain catastrophising, trait anxiety, and trait mindfulness associated with how pain
and cognitive performance interfere with one another during a competing task!%.
These findings are directly relevant to VR because immersive interventions impose
dynamic combinations of sensory, cognitive, affective, and motor demand. A task
may be absorbing when demand is appropriately calibrated, ineffective when it is too

easy, and aversive or fatiguing when it exceeds the user’s available capacity.

This issue is salient in chronic musculoskeletal pain, where symptoms fluctuate
across and within individuals®!'. Pain intensity, fatigue, sleep disturbance, cognitive
difficulty, sensory sensitivity, mood, fear of movement, and prior confidence with
technology may all influence how a session is experienced. Feasibility work in

fibromyalgia comparing different VR systems, activities, and environments found
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reductions in pain intensity and pain-related questionnaire scores across multiple
conditions, but also substantial variation in the magnitude of response. Differences
were observed between virtual environments, with a warm, sunny environment
associated with greater pain reduction than the cold, snowy environment, alongside
more favourable subjective experience including higher engagement, enjoyment,
relaxation, and mood improvements. Responses also varied considerably between
participants, with some reporting substantial pain reduction and others reporting little
change in symptoms after VR exposure®. Despite this study’s exploratory design, the
findings illustrate that immersive analgesia depends not only on the presence of VR,
but on the sensory, affective, and experiential qualities of the virtual context, and on

how these interact with individual preference and symptom state.

Intervention type also influences how variability should be interpreted. Therapeutic
VR interventions differ substantially in intended mechanism, content, dose, user
demands and expected timescale of benefit. A single-session attentional task, an
embodied movement intervention, a relaxation environment and a structured
behavioural skills programme should not be interpreted as interchangeable forms of
the same treatment. Combining such interventions under a single label of “VR” risks
obscuring whether non-response reflects limited therapeutic efficacy, insufficient
dose, inadequate comparator selection, poor implementation or a mismatch between
user and intended therapeutic process. VR trials therefore require detailed reporting
of intervention rationale, content, delivery, user interaction, safety, context and
implementation. The recent INVIRTUE guidance provides consensus-based
reporting items for therapeutic immersive VR interventions, complementing earlier
methodological and early-phase evaluation guidance!?’. For chronic pain trials, pain
intensity alone is therefore insufficient. Interpretation also requires evidence that the
intended therapeutic exposure was delivered, tolerated and engaged with in a

manner consistent with the proposed mechanism.

Beyond these design considerations, the existing evidence base is constrained by
several limitations. Studies are marked by small samples, short intervention periods,
limited long-term follow-up, and substantial heterogeneity in hardware, software,
therapeutic content, treatment dose, comparators, and outcome measures®> 1%,
These limitations make it difficult to determine which intervention components
account for observed effects. Comparator design is challenging because sham or
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low-intensity VR conditions may still provide a degree of immersion, attentional
modulation, and positive expectancy. Methodological guidance for VR trials therefore
emphasises staged development, human-centred design, feasibility testing,
tolerability assessment, appropriate control selection, and adverse event monitoring
before definitive efficacy trials are attempted’!- 1%,

A further constraint relates to the static nature of VR interventions. Prespecified
modules are delivered within fixed environments with predetermined session lengths.
This structure suits early clinical evaluation but is poorly aligned with chronic
musculoskeletal pain, where symptoms and cognitive capacity may fluctuate within
and between sessions. The FDA-authorised EaseVRx system illustrates that
structured home-based VR can meet a regulatory standard for adjunctive cLBP
treatment, but it also exemplifies a delivery model of preloaded behavioural content
administered through a sequence of sessions rather than continuous adaptation to
user state!!’. More broadly, current therapeutic VR interventions are under-
instrumented from a state-monitoring perspective. They can deliver highly controlled
content, but usually provide limited information about whether the user is attending to
the task, tolerating the exposure, becoming fatigued or disengaging.

Adverse effects and practical constraints also limit repeated use. Cybersickness is
one of the most commonly reported adverse effects of head-mounted VR and can
include nausea, oculomotor symptoms such as eye strain and headache, and
disorientation!'!- 12, A leading explanation is sensory conflict, in which visual signals
of self-motion are incongruent with vestibular and proprioceptive information, while
postural instability theory proposes that symptoms arise when users have difficulty
maintaining stable postural control in an unfamiliar sensory environment''?. Symptom
burden is influenced by factors including virtual content, locomotion, exposure
duration, display latency and individual susceptibility, and transient effects on
balance or visuomotor performance may persist after headset removal''*. Head-
mounted displays can also produce visual discomfort through vergence-
accommodation conflict, whereby the eyes converge on virtual objects at varying
simulated depths while accommodating to a fixed focal plane!'>. Their physical mass
may alter head and neck posture!'®, which is particularly relevant where
musculoskeletal symptoms are already present. Transient dissociative experiences
have also been reported following immersive VR exposure!!’.
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These considerations may be particularly important in chronic musculoskeletal pain,
where fatigue, pain and sensory sensitivity can already constrain sustained
engagement. In the fibromyalgia feasibility study described in this thesis, fatigue was
the adverse effect most likely to persist after headset removal, was reported more
frequently with longer exposure, and adverse-effect burden varied between VR
systems and environments®. In chronic primary pain, motion-related symptoms,
headset burden and technical difficulty have similarly been identified as barriers to
usability, engagement and retention!!®. Adverse effects are also inconsistently
reported across VR trials, supporting recent recommendations that safety and
tolerability are explicitly assessed and reported!®”-1°, Therapeutic VR should
therefore be evaluated not only according to whether its content is theoretically
effective, but also whether users can comfortably complete, engage with and
repeatedly return to the intervention. This becomes increasingly important for home-
based delivery, where sustained therapeutic exposure depends on the technology
fitting reliably into everyday life.

Implementation evidence indicates that adoption of VR depends not simply on
device availability, but on whether services can identify a clear therapeutic role,
support clinicians and users, and integrate the technology into existing care
pathways!'. In chronic pain, this challenge is amplified because treatment is usually
embedded within long-term self-management rather than delivered as a single
supervised encounter. The current evidence base provides limited reassurance
about equitable deployment. Usability studies have not consistently included older
adults, people with lower educational attainment or racially and ethnically diverse
populations, limiting confidence that current systems have been designed around the
full range of people likely to use them!?°. For home-based VR, equity concerns
extend to digital inclusion. NHS England identifies digital exclusion as a driver of
health inequalities, highlighting barriers including connectivity, affordability, device
access and digital skills'?!. Ofcom data show that home internet access remains
socially patterned in the UK, with lack of access more common among older adults
and lower socioeconomic households!??. Home-based immersive therapeutics could
therefore widen inequalities if connectivity, device access and technical support are
not considered from the outset.
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The cumulative implication is that fixed group-level content is unlikely to optimise
treatment in a condition characterised by heterogeneity and fluctuation. VR is
configurable by nature, but configurability alone does not ensure therapeutic
precision. Its value depends on whether the sensory, cognitive, affective and
behavioural demands of the virtual environment can be matched to the target
mechanism and to the user's baseline characteristics and current state. Addressing
this limitation requires a shift from pre-specified immersive content toward systems
that can measure relevant aspects of user state during use and adapt therapeutic
delivery accordingly.

2.3 Closed-loop personalisation: rationale, biomarkers, sensors and design

requirements

2.3.1 Closed-loop therapeutics: framework and rationale

The constraints of current VR interventions point toward a transition from VR as a
pre-specified delivery medium to VR as an adaptive therapeutic system. The
therapeutic processes outlined earlier, including attentional engagement, affective
regulation, movement behaviour and learning, are unlikely to remain stable
throughout use. They may shift as the user becomes fatigued, engaged, overloaded,
reassured, distressed or more confident. Therapeutic optimisation therefore requires
more than selecting the right module at baseline. It requires a system capable of

responding to the user's changing state during delivery.

A closed-loop therapeutic system can be understood as a repeated cycle in which
user-state information is measured, interpreted through decision rules or an adaptive
algorithm, used to modify the intervention, and then monitored again to determine
whether the proximal therapeutic state has changed (Figure 2.3)!2. In the context of
VR, the system first captures information about the user during immersion, uses that
information to estimate a therapeutically relevant state, modifies some aspect of the
virtual environment or task, and then observes whether the modification produces
the intended effect. This logic aligns with the broader concept of just-in-time adaptive
interventions, which aim to deliver the right type or amount of support at the right
moment by adapting to a person’s changing internal state or context!?*. It also aligns
with adaptive VR frameworks outside pain, where effective adaptation depends on

measurable user information, an adaptive decision logic, and modifiable features of
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the virtual environment!?4. For pain therapeutics, this framework shifts VR from a
standardised content-delivery tool toward a therapeutic system that can adjust to the

user’s state.

Adaptation requires information. A system cannot adapt meaningfully on the basis of
diagnosis, baseline pain score or prescribed module alone. It requires some estimate
of the user's current state, including whether they are engaged or disengaged,
challenged or overloaded, relaxed or distressed, tolerating movement or avoiding it,
maintaining performance or deteriorating. These are not purely biological states, and
they should not be treated as direct proxies for pain mechanisms. They are
functional and experiential states relevant to whether a therapeutic exposure is likely

to be useful at that moment.

The clinical purpose of adaptation must be specified carefully. A closed-loop VR
system should not aim to reduce pain intensity at every moment, because short-term
pain reduction may not always align with longer-term therapeutic goals such as
movement confidence, behavioural learning, reduced avoidance, or improved self-
management. A movement-based intervention may need to preserve tolerable
challenge rather than remove all discomfort, while an attention-based intervention
may need to maintain attention without producing cognitive overload. The adaptive
target is therefore better conceptualised as a proximal therapeutic state. This could
include maintaining engagement, preventing cognitive overload, supporting
relaxation, encouraging safe movement, optimising learning, or keeping task
difficulty within a range that is challenging but tolerable. These states are clinically
meaningful because they influence whether the intended therapeutic process is
being delivered.

This framing clarifies why closed-loop personalisation requires more than baseline
stratification. Baseline measures may help identify broad phenotypes or likely
treatment preferences, but they cannot determine whether the intervention is
appropriately calibrated at a particular moment. A patient may begin a session
motivated and attentive, but become fatigued, anxious, distracted, or overstimulated
as the task unfolds. Conversely, a task that is initially too easy may fail to recruit
sufficient attention or engagement. This temporal problem is especially relevant for
VR, because the system can vary task demand, sensory complexity, movement
requirements, feedback, and environmental context with fine control. Static VR uses
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this configurability only at the design stage, whereas closed-loop VR would use it
therapeutically during delivery. Adaptive VR therefore shifts the design question from
"which VR intervention works?" to "which therapeutic state should be supported now,

and how should the environment change to support it?"

Evaluation of an adaptive VR system also differs from the evaluation of static
interventions. Conventional trials primarily ask whether a pre-specified intervention
produces an average treatment effect over a comparator. Adaptive systems raise
additional questions about when intervention components should be delivered, for
whom they are beneficial, and which time-varying states moderate their effects.
Adaptive VR should therefore be developed through staged, theory-informed
evaluation rather than treated as an immediately superior form of treatment. VR pain
interventions are complex interventions, combining technology, therapeutic content,

user interaction, sensory design, and contextual delivery.

The updated Medical Research Council (MRC) framework for complex interventions
emphasises programme theory, feasibility, context, implementation and refinement
across the development and evaluation pathway!?°. Closed-loop VR extends this
complexity because the intervention is not only multicomponent but dynamically
contingent on measured user state, and the adaptation logic itself becomes part of

the intervention.
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Figure 2.3. Closed-loop framework for adaptive VR therapeutics

The schematic illustrates a repeated cycle of user-state data capture, state estimation, adaptive modification and
reassessment during VR delivery. The adaptive target is conceptualised as a proximal therapeutic state, such as
maintaining engagement, preventing overload, supporting relaxation or encouraging safe movement, rather than

immediate symptom reduction alone.

2.3.2 Mechanistic and state-sensitive biomarker roles

The term biomarker requires careful use in the context of closed-loop VR
therapeutics. The MRC framework for stratified medicine defines a biomarker or
marker as any measurable trait that could potentially be associated with, and used to
define, a patient stratum!26. This broad definition extends beyond biochemical assays
to include imaging, neurophysiological, clinical, psychological, and behavioural
measures. The same framework distinguishes mechanistic markers from markers
that predict treatment response, including the concept of a “mechagnostic” marker
that identifies a distinct mechanistic stratum without necessarily predicting immediate
therapeutic benefit!?®,

Two translational roles for biomarkers and sensing modalities are relevant to the
design of adaptive immersive therapeutics. The first concerns mechanistic
biomarkers, used to characterise underlying biology, identify candidate
pathophysiological processes, define mechanistically relevant heterogeneity, or test
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whether an intervention engages a plausible physiological target. Their value
depends on biological interpretability and relevance to the clinical problem, rather
than immediate suitability for real-time control. In chronic pain, this role is important
because symptom severity and treatment response are not adequately explained by
structural pathology alone. Mechanistic biomarkers may help identify altered central
processes that could inform the design of future therapeutics. EEG sits primarily
within this category. It provides temporally precise information about spontaneous
neural activity and has been used to investigate oscillatory and network-level
differences in chronic pain** 1?7, Its relevance is not that it provides an embedded
measure of cognitive state during VR, but that it may help characterise
neurophysiological differences associated with chronic musculoskeletal pain and
identify candidate domains that immersive therapeutics might seek to modulate.
Systematic reviews suggest that chronic pain is associated with altered rsEEG and
magnetoencephalography (MEG) features, although findings remain heterogeneous
and relationships with pain intensity, prognosis, and treatment response are
inconsistent* 127, Recent large-scale work supports the potential of EEG-based
chronic pain biomarkers while emphasising persistent challenges around replicability,
generalisability and interpretation across datasets!?®.

The second role concerns embedded state-sensitive sensing. These are
measurements used to estimate functional state during the intervention and to
provide the information substrate for adaptation. Their value depends less on
providing a complete physiological explanation than on being sufficiently reliable,
temporally resolved, low burden, and compatible with immersive delivery. Eye
tracking sits primarily within this category. Modern VR headsets increasingly
incorporate eye tracking, allowing gaze behaviour, fixation patterns, pupil dynamics
and blink-related metrics to be captured during the same system that delivers the
intervention®’. Eye tracking is pragmatically attractive for future adaptive VR because
it can be embedded within the headset, sampled continuously, and acquired with
minimal additional burden. It should not, however, be described as a direct or
specific biomarker of pain, cognitive load or therapeutic mechanism, because ocular
signals may be influenced by alternate factors such as task demand, visual attention,

luminance, arousal, fatigue and emotional state. Its value lies in providing task-
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embedded, state-sensitive information that may support inference about functional
state during VR use, rather than in offering a standalone physiological explanation.

These two roles are governed by different selection criteria. A signal informative for
mechanistic investigation must be physiologically plausible, interpretable in relation
to candidate processes, and amenable to controlled acquisition and analysis. A
signal useful for in-session adaptation must additionally be temporally resolved on
the timescale of intervention decisions, deployable outside laboratory conditions, low
burden across repeated sessions, and compatible with the physical and operational
constraints of head-mounted VR. A scientifically informative signal is not necessarily
a practical control signal, and a practical control signal is not necessarily
mechanistically specific. rsEEG is informative for mechanistic characterisation but
burdensome to acquire concurrently with VR. Eye tracking is well integrated into VR
but less mechanistically specific. The appropriate question is not which sensor is
best in general, but which signal is fit for the specific role it is asked to serve.

The utility of a biomarker also depends on the timescale over which it varies and the
decision it is intended to inform. For adaptive immersive therapeutics, this can be
considered across three nested timescales. At the slowest level, relatively stable
between-person characteristics may support stratification, informing selection of an
intervention, its content or its initial parameters before treatment begins. Measures
used in this way require sufficient test-retest reliability and trait-like stability, and may
fulfil susceptibility, diagnostic, prognostic or predictive roles within established
biomarker taxonomies'?®- 139, At an intermediate timescale, measures acquired
before, after or between sessions may be used to titrate dose, content or
progression over days to weeks. This resembles adaptive treatment strategies in
which tailoring variables are reassessed at predefined decision points!3!: 132,
Measures serving this function are analogous to monitoring or response biomarkers,
with sensitivity to clinically meaningful change over the interval of interest being more
important than moment-to-moment resolution. At the fastest timescale, continuously
sampled signals can potentially inform adaptation within a task, allowing task
parameters to be modified over seconds to minutes as a session unfolds. Here,
temporal resolution, latency, participant burden and robustness to artefact become
particularly important, while mechanistic specificity may be less critical. Such
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decision points are conceptually aligned with the logic of just-in-time adaptive

interventions!24.

Pain, cognitive load and fatigue map onto these timescales differently. For pain,
relatively stable neurophysiological or phenotypic characteristics, such as nociplastic
symptom burden, are potential candidates for stratification, while variation in pain
intensity and interference over days to weeks may support adaptation between
visits!® . Momentary pain is more difficult to incorporate into within-task control
because repeated self-report is intrusive and physiological correlates of ongoing
clinical pain currently lack sufficient specificity and validation for reliable moment-to-
moment inference!¥. Cognitive load is more amenable to measurement at the
fastest timescale. It changes rapidly as task demands vary and has ocular and
behavioural correlates that can be sampled continuously, whereas more stable
characteristics such as working memory capacity are better suited to stratification.
Fatigue may operate across all three levels, from persistent fatigue as a clinical
feature of fibromyalgia*!, through day-to-day fluctuation?, to time-on-task fatigue
within a session, which may be accompanied by task disengagement and
progressive attenuation of task-evoked pupil responses!?4. These timescales are
therefore nested rather than independent. Stratification markers may establish the
initial operating parameters of an adaptive system, between-visit measures may
recalibrate those parameters as the clinical picture changes, and within-task signals
may provide finer control within the range established at slower timescales. A single
signal is unlikely to fulfil all three functions, reinforcing the need to match each
measure to the decision it is intended to support.

Machine learning is not used to infer mechanism directly, but instead its role is to test
whether headset-derived temporal signals can support subject-independent
inference of task-defined state!*. Its translational value lies in determining whether
embedded signals are sufficiently informative and generalisable for state estimation
during VR use, rather than in establishing those signals as pure measures of latent
constructs such as cognitive load. This distinction preserves the separate roles of
mechanistic and state-sensitive sensing. rsEEG may indicate which
neurophysiological domains are altered in chronic musculoskeletal pain and may be
modifiable with immersive exposure. Eye tracking may help estimate whether the
user is in a cognitive state compatible with a particular therapeutic task. Machine
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learning then provides the analytical framework for testing whether embedded
signals can support generalisable state inference across individuals.

2.3.3 Resting-state EEG as a mechanistic measure

rsEEG captures spontaneous neural activity in the absence of an explicit task or
externally evoked painful stimulus. This is relevant in chronic musculoskeletal pain
because ongoing symptoms are not fully explained by peripheral pathology and
alterations in central processing, attentional regulation, affective modulation, and
sensorimotor function may all contribute to symptom persistence*!- 4+ 127, In this
context, resting-state acquisition therefore allows investigation of the background
neurophysiological context in which pain is experienced.

The rationale for rsEEG is strengthened by the wider neuroimaging literature.
Functional MRI (fMRI) studies in fibromyalgia have repeatedly implicated altered
processing and connectivity within insular, cingulate, prefrontal, default mode,
salience, and sensorimotor systems!3¢-140. Task-based fMRI work has shown altered
responses to both painful pressure and non-painful multisensory stimulation, with
augmented activity in insula, operculum, medial prefrontal and posterior cingulate
regions, alongside reduced activity in lateral frontal and primary sensory regions!.
Resting-state fMRI work has linked fibromyalgia pain to altered insula-default mode
network connectivity, changes in insular-cingulate coupling, and state-dependent
default mode network-insula connectivity!3¢!3. UK-based population-level evidence
linking Fibromyalgia Index scores to altered functional and structural connectivity
within the descending pain modulatory system supports the relevance of central
modulatory circuitry in nociplastic symptom burden*?. Nature-based immersive 360-
degree video has been shown to attenuate experimentally induced secondary
hyperalgesia, with sustained effects linked to perceived presence and insulo-
thalamic effective connectivity'#!. These fMRI findings do not map directly onto EEG
alterations, because blood-oxygen-level-dependent connectivity and scalp-recorded
oscillations measure different physiological processes. They provide important
spatial context, allowing oscillatory and connectivity abnormalities measured at the
scalp to be interpreted as candidate temporal-spectral manifestations of altered
regulation within distributed sensory, salience, sensorimotor and modulatory

systems, rather than as isolated band-power markers.
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Existing rsEEG and MEG studies indicate pain-associated alterations in oscillatory
activity and network organisation, while also highlighting that no single reproducible
biomarker has emerged for clinical application. A systematic review reported
recurring cross-sectional differences, particularly involving theta and beta activity, but
found that longitudinal associations with symptom change and simple correlations
with pain intensity were less stable*. Earlier review evidence similarly identified
abnormalities across canonical frequency bands while emphasising substantial
heterogeneity in study populations, acquisition methods, analytic approaches and
interpretation!?’. A recent mega-analysis showed limited replication of single-dataset
connectivity associations, but more robust group-level and multivariate patterns
involving theta, alpha, and beta frequencies!?®. rsEEG is therefore scientifically
valuable for mechanistic characterisation and phenotyping, but current evidence

does not support a simple single-feature diagnostic signature of chronic pain.

Chronic pain is unlikely to be represented by a single frequency-band abnormality,
and oscillatory and connectivity measures may instead capture distributed processes
through which sensory, affective, contextual, and regulatory information are
integrated. Broader oscillatory models propose that neuronal rhythms support
flexible routing of information across brain systems, with alpha and beta activity
contributing to feedback or top-down signalling, and gamma activity more closely
associated with feedforward signalling under some conditions!*?. Network-level
imbalance models extend this perspective by proposing an altered balance between
regions implicated in pain input, including somatosensory cortex and dorsal anterior
cingulate cortex, and regions implicated in pain suppression, particularly the

pregenual anterior cingulate cortex!#.

Across canonical frequency bands, three findings recur with sufficient frequency to
inform candidate mechanistic targets, while none currently provides a sensitive
marker for chronic pain. Theta has been linked to cortical slowing, thalamocortical
dysrhythmia (TCD) and altered large scale connectivity in fibromyalgia and other
chronic pain populations!?’- 144146 Cortical slowing models, originally developed in
neurogenic pain, interpreted increased low-to-mid frequency power, slower dominant
rhythms and altered cross-frequency coupling as evidence for disturbed
thalamocortical regulation!#¢. The framework remains influential but is one

mechanistic perspective rather than a complete or universal explanation of chronic

54



pain. Alpha activity is plausibly relevant because of its associations with intrinsic
cortical state, sensory regulation, thalamocortical function and attentional control.
Some fibromyalgia studies have reported reduced alpha power, altered alpha
connectivity or slower peak alpha frequency, while others have found no significant
alpha differences!'#’. In chronic musculoskeletal pain more broadly, peak alpha
frequency has been linked to pain sensitivity in a model of sustained musculoskeletal
pain, suggesting that alpha features may reflect vulnerability, sensory regulation or
trait-like differences rather than only established chronic pain state!'“%. Alpha also has
translational relevance as a candidate modifiable rhythm. Alpha transcranial
alternating current stimulation increased somatosensory alpha activity in cLBP, with
alpha increases associated with pain relief'*’, while pre-sleep 10Hz sensory
entrainment increased alpha activity compared with sham stimulation under home-

use conditions in CWP and fibromyalgia with sleep disturbance!°.

Beta activity is widely implicated in sensorimotor control, maintenance of the current
motor or cognitive set and top-down regulation'>!- 152, and broader oscillatory
frameworks suggest that alpha and beta activity contribute to feedback signalling
and the integration of contextual influences with sensory evidence!*. Beta
abnormalities in chronic pain may therefore relate to altered sensorimotor regulation,
sustained pain-related predictions, pain vigilance, movement inhibition or reduced
flexibility in updating bodily state. Review-level evidence indicates that beta power is
often increased in cross-sectional chronic pain studies*, and fibromyalgia studies
have reported high-beta connectivity abnormalities in prefrontal-cingulate, insular
and sensorimotor networks!>* 134, However, beta should not be interpreted as simply
increased in chronic pain. Findings vary according to pain phenotype, symptom
burden, disease duration, recording condition and outcome metric'4’- 155, A
complementary interpretation links beta activity to inhibitory physiology, with beta
and gamma oscillations proposed as indirect indices of GABAergic signalling, and
beta typically more practical to measure with scalp EEG than gamma'>¢. Reduced
low beta power has been reported in chronic peripheral neuropathic pain compared
with controls, with preliminary associations between lower beta activity and greater
pain intensity before spectral normalisation!*¢. Beta reductions cannot be treated as
direct GABA measures, nor do they have the same meaning across neuropathic
pain, fiboromyalgia and CWP. The most defensible conclusion is that beta band
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abnormalities are recurrent and mechanistically meaningful, particularly in salience,
control and sensorimotor networks, but their direction and interpretation are context-

dependent.

A major reason for inconsistency across the literature is methodological
heterogeneity. Chronic pain studies differ in phenotype, sample size, pain duration,
medication exposure, sleep disturbance, fatigue, affective symptoms, recording
condition, reference montage, channel density, artefact handling, source localisation,
connectivity metric, and statistical correction**127- 147 Fibromyalgia studies have used
scalp-level power, source-localised current density, coherence, phase-based
connectivity, graph or topology measures, microstates, and MEG-derived network
analyses!¥’. Medication handling is also variable, with some studies withdrawing
centrally acting medication before recording, some maintaining usual medication,
and others reporting insufficient detail. These factors limit strong biomarker claims
and underscore the importance of standardised acquisition and analysis when
rsEEG is used as a research measure.

A further methodological consideration is the need to separate oscillatory from
aperiodic spectral components. Conventional band power analyses may conflate
true periodic oscillations with the 1/f-like aperiodic background of the EEG power
spectrum!®’, This aperiodic background is the broadband activity on which oscillatory
peaks are superimposed. Its power falls as frequency rises, approximating a 1/f*
function, which produces the characteristic pattern of greater power at lower
frequencies independent of any true oscillation. Because the slope and offset of this
component vary across individuals and recording states and have been linked to
aspects of underlying cortical activity, power summed within a canonical band
reflects both a genuine oscillatory peak and the aperiodic activity beneath it (Figure
2.4). This is relevant to chronic pain because earlier studies interpreted theta, alpha,
or beta power within canonical bands without decomposing periodic peaks from the
aperiodic component. Recent work investigating the aperiodic component in chronic
pain suggests that aperiodic measures may not show robust group differences in all
chronic pain datasets!*. This does not invalidate oscillatory findings, but it perhaps
changes how they should be interpreted. Band power alterations should be treated
as candidate periodic effects requiring careful decomposition and sensitivity analysis,

rather than as simple raw band power differences.
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Figure 2.4. Aperiodic separation in EEG spectral analysis

lllustrative EEG power spectrum showing the absolute power spectrum (solid black line) and the fitted aperiodic
component (grey dashed line). The shaded region highlights the alpha band (8-12Hz) as a worked example,
demonstrating that conventional band power reflects both the oscillatory alpha peak and the underlying aperiodic
background. The inset shows the periodic component after subtraction of the aperiodic fit, isolating the residual
oscillatory activity. This schematic is intended to illustrate the principle of periodic-aperiodic decomposition, using

alpha as an example, rather than to depict all canonical frequency bands.

A complementary interpretive challenge is that rsEEG features are not purely state
markers. Quantitative EEG traits, including resting power across frequency bands,
alpha peak frequency and spectral connectivity, show substantial within-individual
stability across recordings and have well-documented heritability in twin and family
studies!'**-162, Heritability estimates for resting alpha and beta band power, alpha
frequency and connectivity are typically in the moderate-to-high range, and both
adult and developmental data indicate that genetic factors contribute meaningfully to
the inter-individual EEG architecture observed at rest!>*-162, This has direct
consequences for chronic pain biomarker work. EEG differences identified through
conventional case-control designs may therefore partly reflect inherited or familial
neurophysiological variation, rather than pain-related effects. This is particularly
relevant for chronic widespread and nociplastic pain, which themselves show familial
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aggregation'®* 164, Discordant co-twin designs offer one solution. By comparing twins
discordant for chronic pain, with monozygotic pairs sharing 100% of segregating
genetic variation and dizygotic pairs sharing approximately 50% on average,
conventional case-control comparisons can be supplemented with within-pair
analyses that hold genetic background and shared environment partly or fully
constant!®>. When EEG differences persist within discordant monozygotic pairs, the
case for a pain-related contribution is strengthened relative to a trait or familial

explanation.

The translational value of rsEEG therefore lies in mechanistic characterisation rather
than direct in-session control. rsEEG can identify neurophysiological differences
associated with chronic pain, clarify which features are altered in CWP, and test
whether immersive therapeutic exposure is accompanied by measurable changes in
resting-state neural activity. These functions are directly relevant to adaptive VR
development because they indicate what neurophysiological processes might be
altered and potentially modifiable. rsEEG is less attractive as a mainstream
embedded control signal. It usually requires controlled resting conditions, dedicated
setup, artefact management, offline preprocessing and expert interpretation, and
concurrent VR and EEG add further challenges related to headset compatibility,
movement artefact, user comfort and synchronisation. rsEEG is therefore positioned
as a mechanistic tool that informs the biological rationale for future adaptive
therapeutics, while deployable in-session sensing is addressed through eye tracking

and behavioural data.
2.3.4 Eye tracking as a pragmatic embedded signal

Eye tracking provides a feasible embedded signal stream for adaptive immersive
therapeutics because it can be captured within the same HMD used to deliver the
intervention. Modern VR eye tracking captures gaze position, fixation behaviour,
pupil size, blink-related features and data-quality indices during immersion, allowing
measurement to occur during the therapeutic task rather than just before or after it®”:
166, The signal is temporally resolved, acquired continuously and does not require
additional wearable devices beyond an eye tracking-capable headset. Eye tracking
is therefore not the most mechanistically specific measure of pain or cognition, but a
sensing approach unusually compatible with deployable VR.
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Practical deployability matters because chronic pain populations often experience
fatigue, cognitive symptoms, sensory sensitivity, anxiety and variable tolerance of
technology. Additional sensors increase setup complexity and the likelihood of non-
use. Headset-integrated eye tracking allows signal acquisition without additional
electrodes, chest straps, wrist sensors or external cameras®’- 1. Integration alone is
not sufficient. VR eye tracking performance varies across devices, field of view,
headset fit, calibration quality, gaze angle and user-specific factors, so data quality
must be monitored rather than assumed!%¢: 17, The translational case for VR eye
tracking is also strengthened by its persistence across multiple hardware
ecosystems, with eye tracking incorporated into research, enterprise and consumer
systems from manufacturers including Pico, Meta, HTC, Varjo and Apple. Eye
tracking also supports gaze-based interaction!®® and foveated rendering, in which
rendering quality is prioritised around the user's point of fixation to reduce
computational demand'®:17°. These functions create technical incentives for
manufacturers to incorporate eye tracking into VR hardware independently of its
therapeutic potential, although device-specific validation remains necessary because
sampling rate, calibration, field of view, data access, headset fit and signal quality

vary between systems®7. 166167,

Pupil size is a candidate signal of central interest for adaptive VR because task-
evoked pupillary responses have been associated with mental effort, attention and
working memory demand. Classic pupillometry showed that pupil diameter increases
with memory load, providing early evidence that the pupil can index cognitive
processing demand!’!. Mechanistically, task-evoked pupil dilation is interpreted in
relation to locus coeruleus-noradrenergic and autonomic modulation of arousal and
attentional control, although this same physiology contributes to the signal's lack of
specificity!’> 173, Subsequent reviews and methodological work support the use of
pupil dilation as an index of effort in cognitive control tasks, while emphasising the
influence of multiple processes and the need for careful experimental control!7+176,
VR-specific evidence supports the feasibility of pupillometry for assessing cognitive
load during virtual training, dependent on task design, visual control and analytic
approach!”’, and has motivated work on online cognitive-state estimation from pupil
dynamics that accounts for disturbances such as illumination change and blink
activity!’®17°, Pupil size may therefore provide temporally resolved information about
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whether a task is becoming more cognitively demanding, particularly in tasks
requiring working memory updating, sustained attention, response selection or

performance monitoring.

Blink-related metrics provide a complementary signal stream. Blink rate and timing
have been linked to mental load, attentional state, fatigue and visual task
demands'®- 13! and blink behaviour has been used alongside pupil size and other
physiological variables to infer cognitive load during work-related and simulated
tasks!®2. Some studies suggest that blink rate increases with cognitive load under
particular paradigms'®. Within VR, blink data are useful because blinks are
detectable within most eye tracking systems and may provide information
complementary to pupil size. Interpretation is complex because blink behaviour is
influenced by dry eye, ocular surface factors, visual display use, fatigue, arousal and
environmental conditions!¥*+18¢_ Within a VR headset, blink patterns may be further
influenced by heat, headset fit and display characteristics. Blink metrics should
therefore be treated as context-sensitive features rather than direct measures of

cognitive load.

The strength of eye tracking for adaptive VR therefore lies not in any single ocular
variable, but in the combination of temporally resolved ocular and behavioural
features acquired during a controlled task. Pupil size, blink rate, blink duration,
missing-data patterns, fixation stability, gaze dispersion, response accuracy, reaction
time and task events can be interpreted together to estimate task-defined state.
Reviews of gaze and pupil metrics in gamified and simulated sensorimotor tasks
support their relevance to mental workload while also emphasising heterogeneity
across tasks, populations and analysis methods!®’. Broader reviews of physiological
workload measurement show that multimodal and context-aware interpretation is
more robust than reliance on a single physiological index!®% 1% This supports the use
of eye tracking as a feature stream for state inference rather than as a standalone

biomarker.

Several confounds require explicit handling. The most important is luminance. Pupil
diameter is strongly affected by retinal illumination, contrast and visual stimulation,

and these effects can be larger than task-evoked cognitive changes. This is acute in
VR, where the visual environment can change rapidly and where display luminance
depends on virtual scene design, headset hardware, rendering settings and viewing
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direction. Methodological guidance in pupillometry emphasises the need to control,
model or record visual stimulation when interpreting pupil size!’* !5, and work on the
pupillary light reflex and light-adapted pupil size shows that luminance-related effects
are fundamental physiological determinants of pupil diameter!*® '°!. In dynamic
audiovisual environments, luminance effects may need to be modelled explicitly
before smaller attention-related pupil effects can be interpreted!®2. Pupil size cannot
therefore be interpreted as cognitive effort unless the visual environment is
sufficiently controlled or luminance is explicitly logged and incorporated into the
analysis. A second confound is arousal and affective state. Pupil size is influenced by
noradrenergic activity, orienting responses, emotional salience, stress and
autonomic arousal'’> 173, and these processes are directly relevant to chronic pain
because pain, anxiety, fatigue, distress and sensory threat can all alter arousal state.
A pupil response may indicate cognitive effort, but it may also reflect emotional
salience, anxiety, discomfort or heightened vigilance. This ambiguity does not make
the signal unusable, but it requires inference to be task-specific and probabilistic,
with ocular signals interpreted alongside task events, behavioural performance,
symptom context and environmental parameters. Pain itself adds further complexity.
Acute nociceptive stimulation alters pupil responses and autonomic activity, and
autonomic responses to noxious stimuli reflect subjective experience as well as
nociceptive input!®3 1°4. Reviews of autonomic arousal and pain show that
physiological responses are not specific to pain and are influenced by stress,
attention, emotion and context'*3. If pupil or blink features differ between chronic pain
and healthy control groups, the difference cannot be attributed automatically to
cognitive load and may reflect pain, fatigue, anxiety, ocular factors, task engagement

or some combination of these.

Existing eye tracking work in chronic pain indicates that attentional measures are
task and stimulus-dependent, with meta-analytic evidence of chronic pain-related
attentional biases to emotional and pain-related information that vary by paradigm
and stimulus!®>. This supports the rationale for state-sensitive measurement during
VR while highlighting the need for validation within the target population. Task
context is therefore central. The same pupil or blink pattern may have different
meanings depending on whether the user is completing a working memory task,

relaxing in a nature environment, performing a movement exercise or engaging with
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pain education. Eye tracking-based inference should be described as estimation of
task-defined state, not measurement of a pure latent cognitive construct. Validation
must therefore test whether eye tracking features support generalisable inference in
the intended population and task context, recognising that a given task level may
impose greater subjective effort in someone with chronic pain than in a healthy
control, and that reduced performance may reflect disengagement, overload, visual
discomfort, medication or misunderstanding rather than cognitive load alone.

Eye tracking should therefore be framed as a pragmatic embedded control signal
rather than a mechanistically pure biomarker. It offers a favourable balance of
deployability, temporal resolution, low user burden and compatibility with VR, and
pupil and blink metrics provide plausible links to cognitive effort, attention, arousal
and fatigue, while remaining strongly influenced by luminance, task design, pain,
affective state, ocular factors and headset-specific data quality. The empirical
question addressed in Chapter 7 is therefore not whether eye tracking measures
cognitive load directly, but whether, under controlled VR conditions, it can support
reliable inference of task-defined state across individuals with and without chronic

pain.
2.3.5 Cognitive load as an adaptive target

Cognitive load is a candidate adaptive target for immersive therapeutics because
several proposed mechanisms of VR benefit depend on maintaining an appropriate
relationship between task demand, attention and available cognitive resources.
Cognitive load is not a direct measure of pain and should not be interpreted as a
discrete physiological state. It is instead a task-dependent functional construct that
reflects the balance between what the virtual task requires and what the user can
currently tolerate, sustain and perform. The same environment or task may be
engaging for one person, insufficiently demanding for another and overwhelming for
a third, and the same task may be tolerable for one individual at one moment and
overwhelming for the same individual at another, depending on pain intensity,

fatigue, anxiety, sleep, sensory sensitivity or familiarity.

Cognitive load should be distinguished from, but linked to, cognitive effort and
attention. Cognitive load describes the demands placed on working memory by the

task and its context, cognitive effort describes the mental exertion invested in
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meeting those demands, and attention describes the allocation of processing toward
task-relevant information. These constructs overlap in practice and are difficult to
separate using self-report alone, which strengthens the rationale for task-linked
behavioural and physiological inference rather than reliance on a single subjective

rating!%6-198,

Cognitive load theory provides a theoretical starting point. It conceptualises
performance as constrained by the demands placed on working memory!®8. A task
that requires sustained attention, updating, response selection or inhibition imposes
demands that must be managed within limited processing capacity. Load is not
equivalent to task difficulty. It reflects the interaction between task structure, prior
knowledge, sensory context, motivation, affective state and available cognitive
resources. In VR, this interaction is salient because cognitive demand is embedded
within a multisensory environment, and the user is processing competing sensory
inputs while completing a task. Flow theory expresses a related principle, proposing
that sustained engagement is most likely when challenge is matched to perceived
skill and capability!®. The therapeutic implication is that absorbed engagement may
depend on preserving a tolerable balance between challenge and capability, rather

than on maximising challenge.

The relevance of cognitive load to pain modulation follows from the established
interaction between pain and attention discussed in Section 2.1.4. Pain demands
attention and can interrupt ongoing cognitive activity, while competing cognitive tasks
reduce the salience and subjective intensity of pain. Pain and cognition-related
networks can remain concurrently active, with the balance between them depending
on pain intensity and cognitive task demand. Attentional modulation is therefore not a
binary process. The degree of modulation depends on whether the task recruits
sufficient attention without exceeding the individual's current capacity, producing a
non-linear problem in which both underload and overload may be suboptimal. A task
that is too easy may fail to capture attention, generate absorption or compete
meaningfully with pain-related processing. A task that is too difficult may impair
performance, increase frustration, provoke fatigue, reduce perceived control or lead
to disengagement. Experimental evidence supports this view. Cognitively demanding
tasks reduce pain more effectively when participants are sufficiently motivated to
engage, whereas low motivation weakens the analgesic value of increased task
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demands!'?®. Conceptual work on flow-induced analgesia proposes that pain
modulation may be supported by absorbed engagement, reward, affective regulation
and a tolerable balance between challenge and capability, potentially interacting with
descending modulatory systems?%.

This balance is consequential for VR. Immersive tasks can be made more or less
demanding by altering stimulus complexity, pacing, working memory requirement,
visual salience, movement demand, feedback and response constraints. These
features are therapeutic opportunities and potential sources of burden. Experimental
work on VR attentional modulation suggests that increasing task demand does not
always produce greater analgesia. Some studies indicate that more demanding or
interactive VR may improve outcomes, while others suggest that the effect depends
on motivation, context and user capacity!'%>2°!-202, The therapeutic value of VR
therefore depends on how its design features interact with the user's state, rather

than on immersion or difficulty alone.

Chronic pain complicates the issue because pain interacts with the cognitive state of
the user. Chronic pain is associated with disruption of attention, working memory and
executive function®!. Systematic review and meta-analytic evidence indicate that
chronic pain is associated with working memory deficits, and broader reviews
support links between chronic pain and cognitive impairment across attention,
processing speed, memory and executive control?®*-20>, These associations are
consequential because many VR interventions depend on the same cognitive
functions that chronic pain may disrupt. A task designed to be moderately demanding
for a healthy user may impose excessive load on someone with persistent pain.
Fibromyalgia is highly relevant because cognitive symptoms are an important part of
the clinical phenotype*!. Fibromyalgia studies report working memory difficulties and
associations between cognitive performance, pain, fatigue and clinical variables?°,
and experimental evidence suggests that stress can specifically worsen working
memory performance in fibromyalgia and peripheral neuropathic pain, indicating that
cognitive capacity is not fixed but vulnerable to affective and physiological state?"’.
Ecological and longitudinal evidence shows that pain and cognitive function fluctuate
within individuals with fibromyalgia, reinforcing the need to consider momentary state

rather than relying on baseline assessment alone*.
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If cognitive capacity and symptom burden fluctuate, fixed task difficulty is unlikely to
remain appropriate throughout an intervention. A user may begin a session able to
tolerate a cognitively demanding task and become overloaded as fatigue develops.
Another may require greater challenge to maintain absorption. A third may need
reduced sensory complexity or slower pacing because anxiety, pain flare or sensory
sensitivity has increased the burden of the virtual environment.

Cognitive load is therefore a useful adaptive target because it is more directly linked
to the controllable properties of a VR task than broader clinical states such as pain
severity, mood or quality of life. Pain may fluctuate during VR use, but it is influenced
by multiple biological, affective, contextual and interpretive processes that cannot be
adjusted directly by changing a single task parameter. Cognitive load can be
deliberately shaped within a session through design features such as task difficulty,
stimulus rate, working memory demand, response timing, visual complexity,
feedback and environmental intensity. These features may be adjusted without
changing the overall therapeutic aim. An attentional modulation task may be made
easier when the user shows signs of overload, or more demanding when
engagement appears to decline. A relaxation environment may reduce sensory
complexity when arousal or distress is high. A behavioural learning task may
preserve challenge while preventing deterioration in performance. In each case,
adaptation aims to maintain a therapeutic operating range rather than to maximise
difficulty. Some cognitive demand is necessary for engagement, learning and
absorption. Excessive demand may undermine tolerability, performance and
adherence. Insufficient demand may lead to boredom, mind-wandering or renewed
salience of pain. The adaptive aim is therefore to keep the task within a range that
supports the intended mechanism, recognising that this range is likely to differ
across people and across sessions.

Cognitive load measurement also has clear limits. Estimating cognitive load during
VR does not explain the biological mechanisms of pain relief, and it should not be
treated as a marker of nociplastic pain, descending modulation or treatment
response. It is a pragmatic state estimate relevant to intervention delivery. If a
system can infer that a user is likely underloaded, overloaded or appropriately

challenged, it could adjust the virtual task to preserve engagement and tolerability.
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Working memory tasks are useful in this context because they provide a structured
way to manipulate load and generate task-defined labels. The N-back paradigm, in
which participants identify whether the current stimulus matches one presented N
positions earlier, has been used widely in cognitive neuroscience and applied
workload research because the N parameter offers a direct manipulation of working
memory load while keeping perceptual and motor demands relatively constant2%%: 2%,
Although N-back performance reflects multiple processes, including working memory
updating, attention control, response strategy and stimulus timing, and should not be
treated as a pure measure of any single construct?'?, its parametric structure makes
it well suited to generating labelled training data for state inference and to evaluating
whether sensor signals track graded task demand. This rationale motivates the use
of a graded VR N-back paradigm in Chapter 7.

2.3.6 Machine learning for state inference

Closed-loop VR systems require a technique to accurately infer whether complex
headset-derived signals contain sufficient information to indicate a specific task-
defined state to inform downstream adaptation logic!*>-2!!. Sensor data acquired
within VR are dynamic, multivariate and high-dimensional. Pupil size, blink
behaviour, gaze patterns and behavioural responses unfold over time and interact
with task context, and simple aggregate summaries such as mean pupil diameter or
overall blink rate may obscure dynamic structure that carries state-relevant
information. Sophisticated analytical approaches that preserve temporal structure,
such as time-series machine learning, are therefore more likely to recover the

relationships needed for inference within a closed-loop system.

Time-series classification has advanced considerably over the last decade, with
families of algorithms including dictionary-based methods, convolutional kernel
approaches, interval-based ensembles, hybrid meta-classifiers, and deep learning
models delivering benchmark performance across diverse domains?!!-2!>, A common
evaluation framework allows these contrasting inductive biases, frequency-based,
shape-based, interval-based and deep-learning representations, to be compared on
the same headset-derived data and against transparent baselines, without bespoke

implementation?!!-213,
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Two evaluation principles are central. The first is subject-independent generalisation.
Adaptive VR systems must operate on previously unseen users, and within-subject
cross-validation can substantially overestimate generalisation by allowing temporal
autocorrelation and individual idiosyncrasies to leak between training and test data.
Leave-one-subject-out cross-validation provides a more demanding test, training on
a population of subjects and evaluating on a held-out individual, and is appropriate
when the eventual deployment target is a system that has not yet observed the new
user. The second is honest baseline comparison. Benchmark studies in time-series
classification have repeatedly shown that simple baselines, including logistic
regression on engineered features, can be surprisingly competitive on small or noisy
datasets?!!:212, A classifier should not be considered useful unless it adds value

beyond a transparent feature-based baseline.

Machine learning outputs should also be interpreted with care. A model that predicts
cognitive task condition, performance state or workload-related class from eye
tracking does not prove that the underlying signal is a pure measure of any latent
construct, nor that the model identifies the mechanism of analgesia. Predictive
success demonstrates that signals available during VR use contain information
relevant to state estimation under defined task conditions, which is the kind of
evidence required before eye tracking can be considered a candidate input for future
adaptive control. This framing motivates the analytical approach taken in the VR-
FOCUS study (Chapter 7), which compares conventional and time-series classifiers

under subject-independent evaluation.
2.3.7 Alternative peripheral signals, briefly considered

Several peripheral and behavioural signals could contribute to adaptive immersive
therapeutics, including functional near-infrared spectroscopy (fNIRS),
electromyography (EMG), electrodermal activity (EDA), cardiac measures,
movement tracking, respiratory signals, skin temperature, photoplethysmography
(PPG) and multimodal wearable streams. Their relevance lies not in providing direct
measures of pain, but in capturing physiological or behavioural states that influence
whether a VR intervention is appropriately calibrated. Systematic reviews of
physiological mental workload measurement indicate that cardiac, electrodermal,
respiratory, ocular, muscular and neural signals have all been used to estimate task
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demand or mental workload, with validity varying substantially by task, sensor,

analytic method and population!88 189,214,215,

fNIRS provides a portable central neurophysiological alternative to EEG and fMRI,
measuring cortical haemodynamic responses with sensitivity to cognitive state and
workload, including in immersive VR working memory paradigms?!%-2!7, and has been
used to monitor pain-related cortical processing in prefrontal and somatosensory
regions?'8. As a pragmatic sensor to inform closed-loop systems it is limited because
it still requires additional head-mounted instrumentation, has lower temporal
resolution than EEG, is vulnerable to extracerebral physiological confounds and is
not routinely integrated into consumer VR systems. EMG can capture muscle
activation, guarding, co-contraction, relaxation and movement-related motor
patterns, and surface EMG has been used to examine flexion-relaxation behaviour
and lumbar muscle function in low back pain, with systematic review evidence
supporting its biomechanical relevance while also highlighting variability in reliability
and diagnostic utility?!®. EMG is more closely aligned with peripheral motor behaviour
than with headset-embedded cognitive state estimation, and usually requires
additional instrumentation, correct sensor placement and management of motion
artefact. Recent developments in wrist-worn surface EMG, including consumer
neural-input bands??° and large-scale work showing that generic decoding models
can support computer interaction across users without person-specific calibration??!,
suggest EMG could become a feasible sensor in future closed-loop immersive
systems, although it lies outside the scope of the present empirical work.

EDA, often described as galvanic skin response, indexes sympathetic sudomotor
activity and is widely used as a measure of physiological arousal???223, Skin
conductance may reflect arousal, stress, threat, engagement or task demand, and
could support relaxation, emotional regulation or distress monitoring. EDA is not
specific to attention or cognitive load, and its utility for rapid adaptation is constrained
by response latency, habituation, thermoregulation, movement and skin contact??*
223 Cardiac measures, including heart rate, heart rate variability (HRV),
electrocardiography and PPG-derived pulse metrics, may provide information about
autonomic regulation, arousal, cognitive effort, relaxation, recovery and intervention
tolerability!88. 18%.214.215 'HRV is relevant to relaxation and self-regulation paradigms,
where changes in parasympathetic or vagal regulation may correlate with
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downregulation rather than directly index pain relief?**. Both EDA and cardiac signals
are influenced by respiration, posture, medication, fitness, sleep and other contextual
factors, and frequency-domain HRV requires sufficient recording duration and stable
conditions, which limits utility for rapid within-session adaptation??*. Sensors for
cardiac, EDA and EMG are not routinely embedded in current VR systems, leaving

them better positioned as complementary modalities than as primary control signals.

Movement tracking is relevant to chronic musculoskeletal pain because movement
avoidance, kinesiophobia, reduced activity and altered biomechanics are central
therapeutic targets®®. VR systems already capture head and often hand and body
movement, while external or wearable inertial sensors extend tracking to trunk, limb,
gait and posture?*. Systematic review evidence in cLBP suggests that motion
sensor-based remote rehabilitation and VR may support real-time movement
tracking, biofeedback, personalised exercise and adherence, while also indicating
the need for adequately powered longitudinal trials and economic evaluation?2S.
Movement data show how a user behaves but not why, since reduced movement
may reflect fatigue, fear, pain, low confidence, biomechanical limitation or
disengagement. Movement is therefore best viewed as a readily available
behavioural signal for future multimodal systems rather than as a primary measure of

cognitive state.

Other wearable signals, including respiration, skin temperature, sleep, physical
activity and multisensor smartwatch-derived features, may be useful for between-
session adaptation and longitudinal phenotyping. Fitbit data have been used within a
10-week mind-body and quota-based pacing programme for adults with chronic pain,
where step-goal achievement was associated with improvements in physical function
and anxiety??’. Large-scale cLBP work combining ecological momentary assessment
with wearable motion sensors has shown that real-world sensor data can
characterise activity and sedentary behaviour while revealing discrepancies between
perceived and objectively measured activity*?®. Consumer and research-grade
wearables could therefore support future VR therapeutic pathways by tracking
whether repeated use is accompanied by changes in activity, sleep, pacing or
recovery outside the headset, but they lie outside the scope of the empirical work
that follows.
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2.3.8 Design requirements for future adaptive systems

Future adaptive immersive therapeutics require a design architecture that links
mechanistic rationale, deployable sensing, analytical inference and therapeutic
adaptation. The central challenge is not simply to add sensors to VR, but to
determine which measurements are suited to which translational role. Mechanistic
measures, including rsEEG, can identify neurophysiological processes that may be
altered in chronic musculoskeletal pain and modifiable through immersive
intervention. Embedded measures, including eye tracking and task performance, are
better suited to estimating user state during VR use because they can be captured

continuously within the therapeutic environment®’- 166,

Adaptive systems also require analytical approaches capable of handling temporally
structured, multivariate data. State during VR is unlikely to be captured by a single
feature or static threshold, because cognitive load, engagement, arousal, fatigue and
performance unfold over time and interact with task context. Machine learning is
relevant because it can test whether complex headset-derived signals contain
sufficient information to support subject-independent prediction of task-defined
state!3>2!!, Predictive accuracy, generalisability and robustness across individuals
are therefore important, while outputs must retain enough interpretability and clinical
meaning to guide adaptation.

The adaptation logic itself must be explicit. Future systems require defined decision
points, tailoring variables and modifiable intervention components, so that changes
in task difficulty, pacing, sensory intensity, movement demand or feedback are linked
to a plausible therapeutic purpose!?*2?°, Evaluation will need to move beyond
average effects of fixed VR packages to examine when, for whom and under what
state conditions adaptive components are beneficial**?, in keeping with established

methodological guidance for complex interventions!?>.

Adaptive VR must also remain tolerable, acceptable and deployable. Systems
designed for chronic pain populations must account for fatigue, sensory sensitivity,
disability, technology confidence and cybersickness risk!!!: 112, They must be
evaluated across diverse users and settings and designed for digital inclusion, so
that home-based delivery does not widen the inequalities to which the populations
most affected by chronic pain are already exposed.
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2.3.9 Rationale for the empirical studies

Static immersive therapeutics are poorly matched to the dynamic nature of chronic
musculoskeletal pain, and optimisation of these therapies relies upon a transition
toward closed-loop systems that adapt to measured user state. This requires three
separable competencies, each answering a different question. Mechanistic
characterisation identifies what is biologically altered in chronic pain and is therefore
worth targeting. State-sensitive measurement captures the user's functional state
during intervention delivery in a form that can inform adaptation. Predictive inference
converts temporally structured sensor data into decision-relevant estimates of that
state. These competencies are governed by different selection criteria and are
unlikely to be satisfied by any single signal.

The empirical work is organised around this decomposition. Rather than holding
population and signal constant, each study matches its cohort, measure and
analytical approach to the competency it addresses. rsEEG is used to investigate
mechanistic neurophysiology in the widespread, centrally mediated phenotypes in
which oscillatory abnormality is most plausible. Headset-derived eye tracking,
interpreted through time-series machine learning, is used to test whether a
deployable embedded signal can support inference of task-defined state across a
clinically heterogeneous pain cohort. No study attempts to deliver a working closed-
loop system; the aim is to establish the components on which one could credibly be
built.

PainWaves (Chapter 5) addresses mechanistic characterisation in chronic
widespread pain. Case-control rsEEG findings in chronic pain remain inconsistent in
direction and topography, with studies failing to account for the genetic and
environmental factors that may influence rsEEG signals, or to adjust for the aperiodic
background which can conflate results. PainWaves uses a discordant co-twin design,
which partly holds genetic and shared-environmental background constant, and
applies periodic-aperiodic decomposition to separate oscillatory effects from the
broadband background, testing which spectral differences are more plausibly pain-
related.

VIPA-EEG (Chapter 6) extends mechanistic characterisation from description toward

modulation. ldentifying candidate neurophysiology is of limited value unless that
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physiology is responsive to an intervention. VIPA-EEG examines whether candidate
rsEEG features change around immersive VR exposure in fibromyalgia, a
preliminary test of whether immersive exposure is accompanied by measurable
change in candidate neurophysiology and therefore whether any such feature could

be treated as a modifiable target.

VR-FOCUS (Chapter 7) addresses state-sensitive measurement and predictive
inference. The reliability of ocular features within VR, their interpretation in chronic
pain, and the incremental value of time-series methods over aggregate summaries
all remain underexplored. This information is important when considering deployable
systems that generalise to users for whom no training data exist. VR-FOCUS
evaluates whether headset-integrated eye tracking, analysed under subject-
independent cross-validation, can support inference of task-defined cognitive load in
adults with and without chronic musculoskeletal pain.

These studies address the three competencies with empirical evidence, while
leaving their integration to future work. The aims that follow set out what each study

was designed to achieve.
3. Aims

The overarching aim is to investigate whether sensor-derived measures, interpreted
using conventional statistical and machine learning frameworks, can contribute to the
development of future closed-loop VR therapeutics for chronic musculoskeletal pain.

The specific aims are:

1. To characterise rsEEG differences associated with CWP using a discordant
co-twin control design that partly accounts for shared genetic and

environmental background.
2. To examine whether rsEEG features change around immersive VR exposure
in people with fibromyalgia.

3. To investigate whether headset-derived eye tracking acquired during a VR
cognitive task can support subject-independent inference of task-defined
cognitive load in healthy controls and in a chronic musculoskeletal pain

cohort.
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4. Core methods: EEG, eye tracking, and machine learning

This chapter summarises common methodologies used within the empirical work,
which comprises three studies. PainWaves (Chapter 5) examines resting-state EEG
(rsEEG) in twins discordant for chronic widespread pain (CWP). VIPA-EEG (Chapter
6) measures rsEEG around immersive VR exposure in fibromyalgia. VR-FOCUS
(Chapter 7) evaluates headset-derived eye tracking during a VR cognitive task in
adults with and without chronic musculoskeletal pain. The chapter describes the
technologies, data preparation steps and analytical pipelines used, and clarifies how
these shared approaches were applied across the EEG, VR eye tracking and
machine learning components, while leaving study-specific implementation detail to

the individual chapters that follow.

4.1 EEG framework

4.1.1 Acquisition

EEG data were acquired using Brain Products LiveAmp amplifiers (Brain Products
GmbH, Germany) with BrainVision Recorder Professional software (v1.23.0003)*! at
a 500Hz sampling rate. Two electrode configurations were used across the EEG
studies, reflecting the distinct acquisition contexts of PainWaves (Chapter 5) and
VIPA-EEG (Chapter 6).

PainWaves used the 32-channel R-Net system (Brain Products GmbH, Germany)?3?,
a sponge-based passive electrode cap conductive through saline solution rather than
gel. R-Net preparation typically requires under 15 minutes, which made it feasible
within the existing TwinsUK multimodal research workflow that included downstream
MRI scanning, and within the operating constraints of acquisition by research nursing
staff without prior specialist EEG experience. The reduction in spatial sampling
relative to higher-density configurations was an accepted trade-off given the planned
sensor-level spectral focus of the study.

VIPA-EEG used the 64-channel actiCAP active electrode gel-based system (Brain
Products GmbH, Germany)?*3, selected for the higher signal stability and spatial
sampling appropriate to a controlled repeated-measures intervention design. Setup
typically required around 45 minutes per participant, which was compatible with the
parent feasibility study® workflow but would not have scaled to the PainWaves

acquisition context.
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In both studies, electrode placement followed the international 10-20 system,
impedances were checked prior to recording and adjusted as required, and event
markers were inserted to denote the onset of resting-state conditions. Analyses
focused on eyes-closed recordings throughout to minimise concurrent sensory input
and visual processing while improving sensitivity to intrinsic oscillatory activity.

Figure 4.1. EEG acquisition hardware used across the rsEEG studies

The left panel shows the Brain Products LiveAmp amplifier used with both EEG systems. The second panel
shows the R-Net sponge-based EEG cap used in PainWaves. The third panel shows a 64-channel actiCAP
gel-based EEG cap used in VIPA-EEG. The right panel shows the actiCAP gel application process. Images

provided by Brain Products GmbH and reproduced with permission.

4.1.2 EEG preprocessing pipeline

EEG data were preprocessed using an automated pipeline adapted from the
DISCOVER-EEG framework?**, implemented in MATLAB R2025b?*° using
EEGLAB?*¢ and FieldTrip?}’. Automated preprocessing was selected to reduce
operator-dependent variability, improve consistency across datasets and support
reproducibility. DISCOVER-EEG was chosen because it provides an open, fully
automated pipeline designed for biomarker discovery in clinical EEG datasets, with

documented use in chronic pain EEG research!?3: 234,

Prior to preprocessing, raw recordings were converted to BIDS format?*® using
MNE?*® and MNE-BIDS?%, with standardised subject identifiers, recording metadata,
channel information and coordinate files generated where available. Only eyes-
closed segments were retained using event markers to determine recording onset.
Where event markers were absent, a deterministic fallback offset from recording
onset was applied to preserve reproducibility. Electrode coordinates derived from
manufacturer layout files (.bvef) were remapped to a head-centred Cartesian
convention within EEGLAB?*¢ and normalised within FieldTrip?*” to ensure consistent
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scalp geometry for spatially informed analyses before formal preprocessing was
completed.

The preprocessing sequence comprised eight steps applied uniformly across
datasets. Continuous data were downsampled to 250Hz to reduce computational
load while preserving sufficient temporal resolution for spectral analyses up to 40Hz.
Line noise was attenuated using the CleanLine algorithm?*! with an additional 49-
51Hz notch filter to remove residual mains interference. Noisy or non-physiological
channels were identified using DISCOVER-EEG criteria incorporating signal
variance, flatlining and channel-wise statistical deviation, and removed before further
processing. Data were then re-referenced to the common average reference.
Independent component analysis was performed using the extended infomax
algorithm?#? with two repetitions, and components were automatically classified by
ICLabel*** with those identified as blink or muscle artefact removed. Removed
channels were reconstructed using spherical spline interpolation?#. Residual high-
amplitude artefacts were attenuated using Artifact Subspace Reconstruction?*® (ASR)
with a conservative burst criterion of 35 standard deviations, meaning that only
transient signal subspaces showing large deviations from the reference EEG
covariance structure were corrected. After ASR, residual contaminated periods were
removed when more than half of the channels in a time window exceeded an upper
abnormality threshold of 1.5 robust standard deviations from the reference windowed
amplitude/power distribution. Finally, continuous data were segmented into non-
overlapping 2s epochs. Segmentation into 2s epochs is consistent with prior rsEEG
work in chronic pain, where 2s epochs have been used to provide sufficient
frequency resolution for spectral estimation, and support robust averaging across
segments?%:247_ Qverall, conservative parameter selection after iterative testing was
used to maximise usable EEG retention while providing sufficient artefact attenuation
for spectral analysis. This was consistent with recent evidence cautioning that
unnecessarily aggressive EEG preprocessing can attenuate meaningful neural
signal as well as artefact>*:.

Preprocessed datasets were saved as EEGLAB-compatible files preserving epoched
data, channel metadata and provenance. Audit logs were generated for each
participant, recording the number of channels removed, retained post-clean duration,
proportion of rejected data and number of final epochs.
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4.1.3 Quality-control framework

Quality-control was treated as part of the analytical framework. A tiered sensitivity
approach was applied to the EEG studies, with progressively stricter inclusion
thresholds applied to the same inferential framework so that any change in findings
reflected data inclusion rather than analytical inconsistency.

Tier O represented the full preprocessed dataset with no participants excluded.
Subsequent tiers applied increasingly stringent thresholds based on number of
channels removed and retained post-clean duration, excluding participants (or twin
pairs in PainWaves) that did not fulfil these thresholds. Tier thresholds were defined
a priori based on data distributions and the requirements of downstream analyses,
with study-specific details provided in the corresponding study chapters.

Effects that remained stable or strengthened across stricter tiers were interpreted as
more likely to reflect a true physiological signal, whereas effects that attenuated
under stricter thresholds were treated more cautiously. This approach balanced
statistical sensitivity with signal stability and supported transparent reporting of

inclusion decisions.
4.1.4 Spectral analysis

Spectral analysis was used to quantify resting-state oscillatory activity within
predefined frequency bands and to provide a consistent basis for subsequent
topographical, region-of-interest (ROI), alpha peak, and aperiodic-periodic analyses
across the EEG studies. All spectral analyses were conducted using an analogous
framework to maximise comparability between datasets and to support cross-study
synthesis.

Power spectral density (PSD) was estimated from preprocessed 2s epochs using a
Fourier-based approach with Hanning tapering. Spectral estimates were calculated
at the epoch level and averaged within participants in linear power space before
conversion to decibel units, avoiding distortion that can arise when averaging log-

transformed spectra®®.

Analyses were restricted to 1-40Hz to reduce sensitivity to ultra-slow drift and non-
neural low-frequency artefact at the lower bound and to limit muscle-related
contamination at the upper bound. This frequency range therefore reflected a
balance between physiological coverage and signal reliability**’. Frequency bands
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were defined consistently across studies as delta (1-3Hz), theta (4-7Hz), alpha (8-12
Hz), broad beta (13-30Hz) with sub-bands low beta (13-20Hz) and high beta (21-
30Hz), and gamma (31-40Hz). Non-overlapping boundaries were used throughout to
avoid ambiguity in band assignment and to ensure that adjacent bands did not share
spectral bins.

ROI analyses were used to further quantify and interpret effects identified through
cluster-based testing rather than as primary inferential endpoints. A frontocentral ROI
(Fz, FC1, FC2, Cz) was selected because cluster-based EEG effects across the
thesis were often centred on, or extended into, midline/frontocentral sensors. This
region also overlaps with scalp locations commonly used to index central
sensorimotor and frontocentral oscillatory activity. The ROI choice was further
supported by chronic pain EEG studies reporting frontocentral beta and central theta
alterations in musculoskeletal pain, and beta/theta abnormalities in fibromyalgia
involving middle frontal, midcingulate and central-parietal networks?!-22, Using a
common frontocentral ROI therefore provided a biologically plausible and consistent
summary region for effect-size estimation, avoiding selection of individual peak

sensors from significant clusters, and supporting comparability across studies.

Alpha peak characteristics were examined as a complementary measure of
oscillatory activity, providing information not captured by band power alone!43: 253,
Two ROlIs were used: the posterior ROI (O1, 02, Oz, POz, Pz, PO3, PO4) to capture
canonical occipital alpha, and a secondary central ROI (C3, Cz, C4) targeting
sensorimotor alpha given prior pain research suggesting that central alpha
abnormalities may be relevant in chronic pain?*. Within each ROI, the dominant
peak in the 8-12Hz range was identified from the ROIl-averaged spectrum, with peak
frequency and peak power refined by parabolic interpolation. Alpha peak measures
were treated as secondary and interpretive, supporting differentiation between
changes in peak prominence and shifts in dominant frequency.

4.1.5 Aperiodic-periodic decomposition

EEG power spectra were also decomposed into aperiodic and periodic components
using the Fitting Oscillations and One-Over-F (FOOOF; now specparam) framework,
which addresses evidence that conventional band power can conflate genuine
oscillatory activity with shifts in the broadband 1/f-like aperiodic component!>’- 2.
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Spectral parameterisation modelled the power spectrum as the combination of an
aperiodic background characterised by an offset and exponent, and superimposed
periodic peaks fitted as Gaussians with estimates of centre frequency, power and
bandwidth. FOOOF was applied to ROIl-averaged spectra over 2-40Hz to reduce
dimensionality and improve fitting stability. The aperiodic component was modelled
using a fixed (non-knee) formulation, which assumes an approximately linear 1/f-like
relationship in log-log space and was selected because the analysis range made
low-frequency knee-like curvature unlikely to dominate the fit>>¢. Peak-fitting
parameters were chosen to balance sensitivity to physiologically plausible peaks with

robustness to noise.

This decomposition allowed spectral effects to be interpreted with greater specificity.
Offset and exponent were used to determine whether group or condition differences
were better characterised as broadband aperiodic changes. Residual, aperiodic-
adjusted band power was used as a secondary confirmatory measure to assess
whether conventional band-power effects persisted after removal of the fitted
aperiodic component. Effects that persisted after aperiodic adjustment were
interpreted as more consistent with band-limited periodic activity, whereas effects
that were attenuated after adjustment were interpreted more cautiously as potentially

reflecting broader aperiodic spectral differences rather than oscillatory activity alone.

4.2 Eye tracking and VR design framework

4.2.1 Hardware and software choices

VR-FOCUS (Chapter 7) used the Pico Neo 3 Pro Eye headset (Pico Interactive)*’, a
standalone consumer VR system with integrated Tobii binocular eye tracking®® and
onboard processing. The headset has dual 1832 x 1920 LCD displays, a 90Hz
refresh rate and a nominal horizontal field of view of 98°. Eye tracking data were
acquired at 60Hz for most participants and 90Hz for a later subset following a system
update, with subsequent harmonisation as described in 4.2.4.

The VR application was developed in Unity 2021.3.45f125° using the Universal
Render Pipeline, with the Tobii Ocumen SDK (v2024.1.0)*° used to access binocular
pupil size, gaze direction and blink-related outputs. Deployment to the headset used
the PICO XR Unity Integration SDK with Android build settings configured for
IL2CPP, ARM64 and Pico-only XR plugin management. The application ran offline on
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the headset rather than via a tethered PCVR workflow, with output mirrored to a

research laptop via USB-C for real-time researcher observation.

Temporal resolution was an important consideration in VR system selection because
the intended analyses extended beyond static gaze estimation to task-evoked pupil
and blink dynamics as candidate markers of cognitive load. Cognitive pupillometry
examines phasic, stimulus-linked changes in pupil size, making adequate temporal
granularity important despite pupil dynamics being slower than many eye-movement
measures!’ 2!, This is particularly relevant in immersive tasks, where cognitively
driven pupil changes must be interpreted alongside luminance-related responses!'®’.
A sampling rate of 60Hz was therefore treated as the minimum acceptable
acquisition rate, given that visually evoked pupil responses emerge on the order of
hundreds of milliseconds?®! and that 60Hz sampling has direct precedent in working-
memory pupillometry using N-back paradigms and pupil-based cognitive load
classification?¢> 263, An alternative VR system (HTC Vive XR Elite) was piloted during
early development but was not adopted because available pupil sampling was

insufficient for the intended analyses.

Calibration used the Tobii Ocumen workflow embedded within the Unity application.
An initial position-guide step aimed to optimise headset placement and lens
separation, followed by a 5-point gaze-based calibration. Calibration was considered
successful when all points showed bias of no more than 3° and precision of no more
than 1° for both eyes, with all samples valid. Where criteria were not met, calibration
was repeated. Calibration could also be relaunched between tasks if headset
position or visual clarity appeared to have shifted. Calibration metrics were exported
to CSV for independent quality-control review.

4.2.2 Cognitive task framework

VR-FOCUS used a graded N-back working-memory paradigm!7!-264.265 tg elicit
parametrically varying levels of cognitive load within the same immersive system
used for eye tracking acquisition. The N-back task requires participants to monitor a
continuous sequence of stimuli and indicate when the current item matches one
presented N steps earlier, with demands on working memory updating, maintenance
and attentional control increasing with N-back level. The paradigm was selected

because it provides a well-established and scalable manipulation of working-memory
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demand suitable for repeated within-session sampling under controlled visual
conditions. The specific load range, stimulus parameters, response logic, lure
structure and counterbalancing scheme used in the present study are reported in
Chapter 7.

4.2.3 Signal considerations

Pupil size, blink-related signal interruption and gaze direction are all available from
headset-integrated eye tracking. Their analytical roles within the thesis differ, and the
rationale for emphasising pupil dynamics and blink behaviour over gaze in the
present application is developed in Chapter 2 (Section 2.3.4). Briefly, pupil size is
treated as the principal signal of interest, blink-related metrics are treated as
informative both as a state feature and as a determinant of pupil signal
completeness, and gaze is recorded but not prioritised analytically given the centrally
constrained visual design of the VR-FOCUS task.

Luminance is logged as a contextual variable rather than as a primary predictor. The
VR-FOCUS task panel was deliberately designed to stabilise scene brightness
across blocks (Chapter 7), and frame-level luminance was computed from RGB
values rendered to a low-resolution 512 x 512 render texture using a standard linear
transform (Lum = 0.2126R + 0.7152G + 0.0722B). Whole-scene, Gaussian-weighted
and gaze-weighted luminance approaches were explored during development;
whole-scene luminance was used in the final workflow because the task design

rendered the more computationally intensive approaches unnecessary.
4.2.4 Preprocessing

Raw .ocumen files exported from the headset were converted in Python to
participant-level CSV representations containing pupil diameter and gaze-vector data
for both eyes, then combined into participant-level workbooks. The staged
conversion preserved raw recordings while generating progressively analysis-ready

derivatives.

Recordings acquired at 90Hz were harmonised to 60Hz using nearest-neighbour
downsampling rather than interpolative resampling. Nearest-neighbour selection

preserved empirically observed measurements within the original signal, whereas
interpolation would have introduced synthetic values. Downsampling was applied

within task blocks using the recorded time axis to construct the target 60Hz grid.
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Blink preprocessing was treated as both an artefact-handling step and a feature-
relevant operation. Candidate blink segments were identified from contiguous
missing periods in pupil or gaze channels and filtered using sampling-rate-specific
frame thresholds and physiologically plausible duration criteria (50-500ms)!74: 266,
Segments shorter than 50ms were excluded as artefactual; segments longer than
500ms were classified as data-loss periods and removed rather than interpolated.

For valid in-range blink segments, interpolation boundaries were extended beyond
the strict period of complete signal loss to account for blink onset and offset slopes,
which are commonly treated as part of the blink artefact in pupillometry?¢7-2¢. Alocal
SD-based approach was used: for each candidate blink, reference windows were
sampled at 100ms before blink onset and 150ms after blink offset, with up to five
valid samples from each side used to estimate a local median and standard
deviation. Adjacent samples were added to the interpolation mask when they
deviated by more than 3 standard deviations from the local median, allowing the
interpolation region to extend where the signal showed blink-related distortion while
retaining a local rather than global definition of onset and offset.

Blink reconstruction used cubic spline interpolation as the primary method, requiring
up to two valid anchor samples on each side of the masked interval. Where these
four anchors were unavailable, for example near task-block boundaries or where
neighbouring data-loss periods left insufficient valid samples, linear interpolation
between the nearest available bounding samples was used. The final dataset
retained channel-specific interpolation labels (0 for observed data, 1 for samples
reconstructed within the blink mask), preserving traceability of blink-affected
samples.

Two parallel feature representations were generated from the preprocessed data.
Summary features comprised mean pupil diameter and blink rate at task-block level,
with performance-derived behavioural features (hits, misses, false alarms,
discrimination index d’, response bias c and reaction times) computed using
standard signal-detection conventions and linked to the corresponding ocular
summaries. Time-series representations preserved continuous multivariate
sequences for use in machine learning analyses, with equal-length segments
enforced through padding or trimming where required, and missing values imputed
using per-case, per-channel means to avoid leakage across participants. A binary
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blink-mask channel was developed to preserve explicit blink timing within the feature

representation and was evaluated as an additional input alongside ocular signals.

4.3 Predictive modelling and machine learning framework

4.3.1 Rationale

Machine learning was used because the primary question addressed in VR-FOCUS
concerned individual-level prediction rather than population-average inference.
Mixed-effects models can establish whether measures such as mean pupil diameter
or blink rate differ across tasks at a group level, but such differences do not
demonstrate that ocular signals from a previously unseen individual contain sufficient
information to identify the task condition associated with them. This distinction is
important for adaptive VR systems intended to infer user state during use. Ocular
signals may also contain information in their temporal structure, including the timing,
magnitude and consistency of responses across a task block, which is lost when a
sequence is reduced to a single summary statistic. Time-series classification
therefore provided a means of testing whether discriminative information was

present within these temporal patterns and whether it generalised out of sample.

The machine learning framework in VR-FOCUS was consequently designed to
evaluate whether time-resolved eye tracking signals contained information relevant
to task-defined cognitive load beyond that captured by simple summary measures.
The broader conceptual rationale for state inference and subject-independent
evaluation is developed in Chapter 2 (Section 2.3.6). Several practical
considerations shaped the study-specific framework. The cohort included both
healthy controls and people with chronic pain, allowing assessment of whether task-
related ocular information remained discriminable in the presence of clinical
heterogeneity. Importantly, although continuous eye tracking generated a large
number of observations, these observations were nested within a relatively modest
number of independent participants. The effective number of independent training
exemplars was therefore determined primarily by participant number rather than by
the number of timepoints or derived sequences. This informed the choice of
algorithms, feature handling and participant-level validation procedures described in
the following sections. The intended translational endpoint was generalisation to
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previously unseen users rather than optimisation of within-sample fit, which therefore
shaped the evaluation strategy described in Section 4.3.3.

4.3.2 Model classes

The modelling framework combined a conventional summary-feature baseline with
multiple time-series machine learning approaches drawn from the AEON toolkit?!!.
The aim was not to identify a single best-performing algorithm but to compare model
families that differ in representational assumptions, computational burden and
translational practicality.

A logistic regression baseline using task-level summary features (principally mean
pupil diameter and blink rate) provided an interpretable benchmark against which the
value of time-resolved modelling could be judged. Summary features were

winsorised and z-scored prior to cross-validation.

Time-series classification used the AEON toolkit, with model inputs configured in
AEON .ts format to preserve temporal ordering. Channel configurations included
single-pupil, dual-pupil and pupil-with-blink-mask combinations. The final framework
emphasised pupil-centred inputs because gaze contributed little additional
discriminative value under the constrained visual design of the task.

The Random Convolutional Kernel Transform (ROCKET)?*!2 was treated as the
primary time-series classifier. ROCKET convolves each series with 10,000 kernels
whose length, weights, bias, dilation and padding are sampled at random, and
extracts two features from each resulting feature map, the maximum value and the
proportion of positive values, giving 20,000 features per case. In multivariate inputs
each kernel is applied to a randomly selected subset of channels. Because the
kernels are generated at random and are not fitted to the data, the transform has no
learned parameters. The features are scaled and passed to a ridge classifier, in
which an L2 penalty shrinks coefficients towards zero, with the penalty strength
selected from ten logarithmically spaced values between 103 and 102 by efficient
leave-one-out cross-validation within the training data. ROCKET captures local
temporal shape without manual feature engineering, is computationally efficient
relative to larger ensembles and is well suited to settings in which discriminative

motifs are not known a priori.
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The Diverse Representation Canonical Interval Forest (DrCIF)?*’® and QUANT?"!
were included as interval-based classifiers. DrCIF builds an ensemble of multiple
decision trees. For each tree, intervals of random position and length are sampled
from three representations of the series, the raw series, its first-order differences and
its periodogram, and ten attributes are drawn at random from a pool comprising the
catch22 features and seven summary statistics. Each tree is therefore trained on a
small, randomly constructed feature space, and predictions are averaged across
trees. QUANT computes quantiles over a fixed hierarchy of dyadic intervals from the
raw series, its first and second differences and its Fourier transform, and classifies
the resulting features with an extremely randomised ensemble of decision trees in
which each split considers a random 10% of features. QUANT offered a

computationally efficient option with rapid training and prediction times.

Rotation Forest?’> was included as a strong classifier for high-dimensional vector
inputs that, unlike the time-series classifiers above, does not explicitly model
temporal ordering. It constructs an ensemble of decision trees and, for each tree,
features are divided into random subsets and principal component analysis is
applied separately to bootstrap samples of these subsets to generate a rotated
feature space. All principal components are retained, so this transformation does not
reduce dimensionality; rather, it decorrelates and rotates the input features while
introducing diversity between trees. The rotated representations are then used to
train the individual decision trees whose predictions form the ensemble.

HIVE-COTE 2.0?” was evaluated as a high-capacity hierarchical ensemble with
state-of-the-art performance across a wide range of time-series classification
problems. It combines four components, the Shapelet Transform Classifier (STC),
the Temporal Dictionary Ensemble (TDE), DrCIF and ARSENAL, an ensemble of
smaller ROCKET classifiers that provides probability estimates. Each component's
probabilities are weighted by its training accuracy raised to the fourth power,
estimated internally on the training data, so that more reliable components dominate
the combined prediction. It was included as a methodological reference point for the
trade-off between predictive performance and deployability.

For exploratory regression of continuous subjective workload measures (NASA-
TLX), ROCKETRegressor was used?’. This algorithm applies the ROCKET random

convolutional-kernel transform to time-series inputs and fits a RidgeCV regression
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model to the transformed features. Workload regression was treated as exploratory
rather than as a primary inferential endpoint, given that subjective ratings reflect
appraisal and response style as well as task demand and are therefore conceptually

distinct from task-state classification.

The model-class framework was hierarchical in its inferential weight. Logistic
regression provided the conventional interpretable baseline, ROCKET was the
primary time-series classifier, larger ensembles and alternative classifier families
functioned as comparators, and continuous workload regression was exploratory.
This hierarchy reflected the question of whether eye tracking data captured from a
consumer VR system contains sufficient task-relevant temporal structure to support
cognitive load inference, while also considering which classes of model are most

plausible for future adaptive VR implementation.
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Figure 4.2. AEON time-series classifier families evaluated for VR eye tracking

cognitive load classification

Conceptual schematic showing how different time-series classifier families transform pupil-diameter signals into
representations for lower-versus-higher cognitive-load classification. ROCKET, the RandOm Convolutional KErnel
Transform, extracts random convolutional-kernel features that are typically classified using a linear ridge classifier.
DrCIF and QUANT extract interval-based features before classification using tree-based ensemble methods.
Rotation Forest is an ensemble classifier applied to fixed-length transformed feature representations. STC identifies
discriminative shapelet-based features before classification, while TDE represents time series as symbolic pattern
histograms within a dictionary-based ensemble. HIVE-COTE 2.0 is a heterogeneous meta-ensemble that combines
predictions from multiple time-series classifier families into a single final classification. The schematic is illustrative

rather than a direct representation of every implementation detail in the analytical pipeline.



4.3.3 Evaluation

The primary evaluation strategy was grouped leave-one-subject-out (LOSO) cross-
validation, in which all data from a given participant were held out together in the test
fold and did not appear in the corresponding training set. This approach
approximates the intended deployment problem of inferring task state in a previously
unseen user, and prevents the optimistic bias that would arise if repeated
observations from the same individual were split across training and testing folds.

Subject-level separation was particularly important because each participant
contributed multiple correlated observations, including repeated task blocks derived
from the same recording session. Random resampling at trial or segment level would
have allowed participant-specific structure, including baseline pupil characteristics,

blink tendencies and other recording-specific features, to leak across folds.

Where computational constraints made full LOSO evaluation impractical, particularly
for HIVE-COTE 2.0, contracted fold times were used to ensure feasibility. Outputs
from contracted models were interpreted as comparative evidence regarding model
behaviour and feasibility rather than as directly comparable substitutes for full LOSO
results. Model computational tractability was also evaluated, on the basis that
models requiring substantially greater runtime or specialist hardware are less
attractive for future adaptive VR implementation.

Performance metrics were derived from pooled out-of-fold predictions and included
accuracy with Wilson 95% confidence intervals, and ROC AUC for classifiers
producing probabilistic outputs. Sensitivity, specificity and confusion matrices were
reported alongside accuracy. Standard deviations across folds were not reported
because fold-level accuracies are highly discretised given small held-out test sets
per fold, which inflates variance estimates and reduces their value for assessing
model stability.

Cross-validation was applied after task and participant filtering and, where relevant,
after selection of the N-back contrast of interest. Principal classification analyses
focused on the binary contrast between 1-Back and 4-Back because this provided a
clear discrimination target between lower and higher working-memory demand while
preserving a stable class structure. Broader multiclass formulations were not treated

as the primary evaluation endpoint.
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4.3.4 Dimensionality, over-fitting and validation

The choice of input representations, model classes and evaluation strategy reflected
the need to preserve task-relevant temporal information while accounting for a
limited number of independent training examples. Continuously sampled recordings
can contain thousands of measurements within each labelled sequence, but these
measurements describe the sequence rather than constitute separate training
examples. Repeated sequences from the same participant may also share
physiological and recording-specific characteristics. The information available for
generalisation was therefore constrained by participant number, despite the volume
of recorded data. This was particularly relevant when using high-dimensional
representations, where flexible models may fit noise or sample-specific patterns in
the training data. Such over-fitting can produce strong training performance while
generalising poorly to previously unseen participants, with predictive performance

estimates remaining uncertain when the independent sample is small?’>- 276,

Input complexity was limited by emphasising signals with a physiological and
practical rationale, as described in Section 4.2.3. Continuous sequences were
retained because the timing, magnitude and consistency of responses could contain
information not represented by task-level summaries. No separate principal
component analysis or automated feature-selection stage was applied before
classification. Retaining the sequences allowed the classifiers to derive their own
representations of temporal structure without first imposing a common reduced
feature space. Dimensionality reduction and regularisation were distinguished within
this approach: dimensionality reduction decreases the number of input features,
whereas regularisation constrains fitted coefficients while retaining the feature

representation.

The model classes described in Section 4.3.2 provided different ways of extracting
information from these sequences and managing the resulting feature space.
ROCKET combined a randomly generated convolutional representation with a
regularised linear classifier, allowing temporal patterns to be represented without
learning the convolutional kernels from the limited labelled examples. Interval-based
methods used features calculated over sub-intervals, with randomised feature use
and averaging across trees introducing diversity between learners. These
approaches supported evaluation of continuous signals while providing safeguards
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against unstable fitting. Higher-capacity ensembles provided comparators for
assessing whether additional model complexity offered sufficient predictive benefit to
justify its computational burden. The established AEON implementations supported
consistent and reproducible comparisons. This balance between predictive
performance and computational tractability was relevant to the future closed-loop
infrastructure, in which state estimates would need to inform adaptation using the

processing resources available on consumer hardware.

The grouped LOSO strategy described in Section 4.3.3 addressed the corresponding
requirement for generalisation to previously unseen users. Grouped k-fold cross-
validation also maintains participant separation, but LOSO retains all other
participants for training at each iteration and evaluates every participant in turn. It
was therefore preferred when independent training examples were limited. A single
train-test split would reserve a larger proportion of participants from training and
produce an estimate dependent on one allocation, while record-wise resampling
would not preserve the separation needed for the intended prediction

requirements?76- 277,

Internal selection of regularisation parameters or ensemble weights formed part of
model fitting and was distinct from the pooled out-of-fold predictions used to estimate
performance. Any additional tuning would require a nested evaluation procedure or
an untouched independent test dataset, and preprocessing learned across
participants would similarly need to remain within the training folds278-280,
Regularisation and participant separation do not remove uncertainty arising from a
small development sample. Independent validation and assessment of inference
latency and adaptation logic would therefore be required before the models could
support closed-loop therapeutic use?®!. Study-specific implementation and limitations

are reported in Sections 7.3.13 and 7.5.

4.4 Reproducibility and data management

Reproducibility and data management were treated as part of the analytical
framework rather than as administrative considerations. The thesis combined
multiple modalities, heterogeneous acquisition contexts, automated preprocessing
pipelines and several stages of downstream analysis. Reliable inference depended
on the ability to trace data from raw acquisition to final derived outputs.
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For the EEG studies, data standardisation used the BIDS framework?**, providing
consistent naming, metadata, channel information and recording descriptors. BIDS
conversion preceded all preprocessing and supported re-execution of the analysis
pipeline. Automated preprocessing through the adapted DISCOVER-EEG framework
reduced operator-dependent variability and allowed the same workflow to be rerun
systematically across datasets and quality-control tiers. Audit logs recording channel
rejection, retained data duration, proportion of rejected data and final epoch counts
formed part of the inferential framework, supporting the tiered quality-control

sensitivity analyses.

For the eye tracking and VR work, the Unity application generated task-linked
outputs in a deterministic structured form, including raw .ocumen files (containing
ocular data), behavioural task logs, questionnaire responses, calibration metrics and
luminance records. These were written to the headset's persistent data path and
exported for staged downstream processing. Raw outputs were preserved in their
original form, with conversion to task-level CSV, participant-level workbooks and
AEON-compatible time-series representations performed through versioned Python
scripts rather than through manual handling.

Temporal alignment across data streams was managed through millisecond-
resolution timing referenced to the behavioural tracker start (using Unity's
System.Diagnostics.Stopwatch), synchronised to the onset of eye tracking recording.
System-clock-based recording was avoided because of insufficient precision and
frame-drop susceptibility.

The machine learning workflow imposed additional reproducibility requirements
because time-series classification is particularly vulnerable to inconsistent input
formatting, leakage and preprocessing variation. All time-series data were
transformed into standardised AEON .ts representations with explicit metadata
regarding channel structure, task labels, equal-length status and missing-data
handling. Preprocessing operations including winsorisation, z-scoring, and fold-wise
transformations were implemented through versioned scripts, preventing

undocumented differences in data preparation from impacting the results.

The overarching principles were preservation of raw source data, generation of

derivative datasets in parallel rather than through destructive overwriting, script-
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based deterministic processing, and structured auditability of preprocessing and
analytic steps. These principles were applied differently across EEG and eye
tracking workflows because the modalities imposed different technical demands, but

the underlying logic was consistent across the thesis.

5. Study 1: The PainWaves Study: Resting state EEG alterations

in twin pairs discordant for chronic widespread pain

This chapter presents the PainWaves study, a co-twin control investigation of resting-
state electroencephalography (rsEEG) in monozygotic (MZ) and dizygotic (DZ) twin
pairs discordant for chronic widespread pain (CWP). Within-pair spectral contrasts
are examined alongside periodic-aperiodic decomposition to clarify the oscillatory or
broadband nature of observed effects, with exploratory extension to alpha peak
properties, functional connectivity, microstate dynamics and symptom-EEG
associations. The study contributes the trait-level neurophysiological component of
the empirical work, framed within a design that accounts for shared genetic and
environmental factors that might otherwise contribute to underlying EEG differences

between individuals.

The principal finding was reduced frontocentral beta power in twins with CWP, the
most reproducible spectral effect. It persisted under stricter quality-control criteria,
was not attributable to a shift in the aperiodic background, and a beta-range cluster
remained present even in monozygotic (MZ) pairs, in whom genetic background is
fully shared. Alpha differences were weaker and less consistent and are interpreted
as a secondary signal, while no convincing delta, theta or gamma signals emerged.
Exploratory connectivity, microstate and symptom-association analyses showed no

effects surviving correction.

5.1 Introduction

Chronic widespread pain (CWP) is a prevalent phenotype with substantial clinical
impact, closely related to fibromyalgia and characterised by widespread
musculoskeletal pain, fatigue, sleep disturbance, cognitive symptoms?82-284, While
precise aetiology remains unclear, many studies support its association with centrally
mediated nociplastic pain mechanisms! > !7-40, Such mechanisms offer a tractable
target for identifying neurophysiological features that would inform future immersive

therapeutic development.
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Resting-state electroencephalography (rsEEG) provides a non-invasive, scalable
methodology to examine spontaneous neural activity in CWP. Previous studies in
chronic pain and fibromyalgia have reported alterations across multiple spectral
bands and in functional connectivity, but findings remain inconsistent in candidate
features, effect direction and reproducibility** 127-128. 147 This likely reflects
heterogeneity in clinical populations, EEG acquisition, preprocessing, regions of
interest and analytical methods. It may also reflect limitations of conventional band-
power analysis, which can conflate periodic oscillatory activity with shifts in the
aperiodic background spectrum, an issue addressed here using periodic-aperiodic

decomposition!*’.

A less frequently considered source of inconsistency is the heritability of EEG itself.
Core rsEEG traits, including spectral power and aspects of connectivity, show
moderate to high heritability in twin and family studies!>*-1¢2. CWP itself is influenced
by familial and genetic factors!'®’. Conventional case-control comparisons between
unrelated participants may therefore capture shared familial liability rather than pain-
associated neurophysiological variation. EEG studies that control for genetics in
chronic pain remain rare, limiting confidence in candidate biomarkers identified using

standard between-group designs.

The PainWaves study addresses this gap using a discordant co-twin control design
within an established adult twin registry. Monozygotic (MZ) and dizygotic (DZ) twin
pairs in which one twin met criteria for CWP and the other did not completed
standardised rsEEG acquisition, enabling within-pair comparison while partially
controlling for shared genetic and environmental background. The primary analysis
examined within-pair differences in spectral power, with secondary periodic-aperiodic
decomposition and alpha peak analyses, and exploratory analyses of functional
connectivity, microstate dynamics and EEG-symptom associations. The objective
was to identify rsEEG features of CWP that remain detectable under a design that
partially addresses EEG heritability and shared environmental exposure.

5.2 Study aims

The primary aim of this study was to determine whether CWP is associated with
reproducible alterations in rsEEG that are independent of shared genetic and

environmental influences. To address this, the study used a co-twin control design in
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twin pairs (MZ and DZ) discordant for CWP, enabling within-pair comparisons that

reduce confounding from shared genetic background and environmental exposures.

A secondary aim was to characterise the nature of any observed spectral
differences, specifically whether they were better explained by alterations in
oscillatory (periodic) activity within canonical frequency bands, or by changes in the
aperiodic background component of the EEG spectrum.

Additional exploratory aims were to examine whether alpha peak properties,
functional connectivity, and microstate dynamics were associated with CWP within
this genetically informed framework, and whether observed differences varied with

zygosity.
5.3 Methods
5.3.1 Study design and participants

This study employed a co-twin control design using MZ and DZ twin pairs discordant
for CWP recruited from the TwinsUK cohort. Participants were enrolled between
February and August 2025 while already participating in an existing TwinsUK
neuroimaging study. TwinsUK is an adult twin registry recruited from the general
population through national media campaigns and characterised by extensive
longitudinal phenotyping, including pain-related traits®®. Zygosity has been assigned

within TwinsUK using questionnaire methods?*¢ and confirmed by genotyping.

CWP status was determined using a standardised questionnaire-derived phenotype
based on the London Fibromyalgia Epidemiology Study Screening Questionnaire
(LFESSQ)?, in line with American College of Rheumatology definitions?** used in
prior TwinsUK work?#:28_ The CWP screening process included an initial question
regarding the presence of musculoskeletal pain in the preceding 3 months, followed
by a more detailed questionnaire assessing pain distribution across upper limb,
lower limb, and axial regions, together with pain duration. CWP was defined as pain
affecting both sides of the body, above and below the waist, involving the axial
skeleton, and persisting for at least 3 months. Each twin completed this screening

process independently.

For this study, twin pairs were selected using TwinsUK LFESSQ questionnaire data.
Given questionnaires were completed pre-2020, affected twins were therefore
treated as having a longstanding questionnaire-derived CWP phenotype, present for
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at least 5 years before the present EEG analysis. Discordant pairs were defined as
pairs in which one twin met questionnaire criteria for CWP and the co-twin did not.
Screening, selection and consent procedures were conducted by the TwinsUK

research team.
5.3.2 Ethics and governance

Existing ethical approval for the TwinsUK Programme of Research was applicable for
EEG data collection, participant management and data analysis conducted at King’s
College London (REC 24/NW/0107; IRAS project ID 342169, Appendix 5).
Secondary ethical approval from the University of East Anglia (UEA) Faculty of
Medicine and Health Research Ethics Sub-committee was obtained for analysis of
de-identified EEG data at UEA (REC reference ETH2425-2568, Appendix 5). A
formal data-sharing agreement was established for this collaborative study between
the Department of Twin Research and Genetic Epidemiology (King’'s College
London), and the UEA prior to data transfer and analysis. All procedures followed
relevant guidelines and regulations, including the Declaration of Helsinki. Written

informed consent was obtained from all participants prior to enrolment.
5.3.3 EEG acquisition

EEG was acquired using the 32-channel R-Net configuration described in Chapter 4
(Section 4.1.1). For the R-Net sponge-based system, impedance values of
approximately 60-100kQ are recommended with tolerance up to 150kQ>%, reflecting
the different electrode-to-scalp contact characteristics of saline-based acquisition
relative to gel-based systems. Across 72 participants, mean electrode impedance,
excluding sentinel out-of-range values, was 60.7 £20.3kQ (median 57.5kQ). On
average, 84.9% of electrodes per participant were <100kQ, 7.4% were within the
100-150kQ range, and 7.5% exceeded 150kQ or were labelled out-of-range. Only
three participants exhibited more than 25% out-of-range channels. Poorer
impedance values, defined as >150kQ or out-of-range, were distributed across the
montage rather than concentrated at a small number of systematically problematic
sites. The principal frontocentral ROl electrodes used in later effect-size analyses
were not among the most affected sites. Overall, these distributions were consistent

with stable contact quality for saline-based R-Net acquisition.
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Participants were seated comfortably in a quiet research clinic room at TwinsUK. The
acquisition protocol comprised 7 minutes of eyes-closed (EC) recording followed by
5 minutes of eyes-open recording with visual fixation. At the onset of each recording
condition, the researcher manually inserted an event marker into the acquisition
software to denote the start of the EC and EO periods. The present analysis focused
exclusively on the EC segment, consistent with the resting-state framework
described in Chapter 4.

5.3.4 Self-reported measures and participant characteristics

Existing TwinsUK study records were used to extract participant demographics, CWP
status, medication data and co-morbidity data. Questionnaire-derived medication
and co-morbidity records were linked to the PainWaves cohort using participant

identifiers and summarised descriptively for clinical context.

For co-morbidity data, the most recent relevant questionnaire record was reviewed
for each participant, with earlier questionnaire entries retained where they provided
additional historical diagnostic information. The 2024 longitudinal core questionnaire
delivered by TwinsUK as part of their twin follow-up primarily captured self-reported
doctor-diagnosed musculoskeletal and rheumatological conditions, including
osteoarthritis, rheumatoid arthritis, gout, lupus, other inflammatory arthritis,
osteoporosis and polymyalgia rheumatica, with information on age at first diagnosis
where available. Earlier questionnaires varied in scope and included some additional

non-MSK conditions.

Medication fields captured oral medications and selected topical medications judged
relevant to clinical or neurophysiological interpretation. Over-the-counter
supplements were not included, except for vitamin D or calcium/vitamin D
preparations where recorded. Medication entries were summarised using the most
recent available questionnaire record; questionnaire years were interpreted as the
medication record source rather than as treatment start dates or confirmation of use

at EEG acquisition.

Medication variables were grouped descriptively into clinically relevant, non-mutually
exclusive categories. Analgesic medication included paracetamol, NSAIDs, opioid or
opioid-combination analgesics, nefopam, lidocaine patches and methocarbamol.

Neuropathic or adjuvant pain medication included gabapentinoids and tricyclic
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antidepressants. A separate EEG-relevant centrally acting medication category was
used to capture medication with plausible effects on arousal, cortical excitability or
resting EEG rhythms, including centrally acting analgesics, gabapentinoids,
antidepressants, sedatives, hypnotics, anti-seizure or mood-stabilising medications,
dopaminergic medications and other centrally acting agents.

Co-morbidity and medication variables were used for descriptive clinical
characterisation only and were not used for formal covariate adjustment because
questionnaire timing and scope varied; medication dosage, indications and
adherence data were inconsistent; diagnoses and ongoing medication use were not

verified at EEG acquisition.

Shortly before EEG set-up on the day of testing, participants completed standardised
self-report measures to characterise current symptom burden and relevant factors
related to pain and mental health. Pain intensity and fatigue were assessed using 0-
10 VAS, where 0 indicated no pain or fatigue and 10 indicated worst possible pain or
fatigue. Depressive and anxiety symptoms were measured using the Patient Health
Questionnaire-2 (PHQ-2)*! and Generalised Anxiety Disorder-7 (GAD-7)*2,
respectively. Widespread pain and associated symptom burden were quantified
using the Widespread Pain Index (WPI) and Symptom Severity Scale (SSS),
together forming the Fibromyalgia Severity (FS) score as described in the revised
2016 fibromyalgia criteria?®?. Participants also reported total sleep duration on the
previous night. Appendix 2 provides further detail on the self-reported measures

used.

Measures were selected to characterise the pain phenotype and participants' state at
the time of recording, within the constraints of an existing multimodal TwinsUK visit in
which assessment time and participant burden were limited. CWP status was
defined using the LFESSQ to maintain continuity with the established TwinsUK
phenotype and its previous use in genetic and epidemiological studies?® 2%, As the
questionnaires used to define CWP predated the EEG visit, the WPI, SSS and
composite FS score were also collected on the day of testing to provide a
contemporary, continuous measure of widespread pain and associated symptom
burden, features relevant to the nociplastic pain phenotype?!* 23, Pain and fatigue
were rated using a VAS immediately before EEG recording because both fluctuate

over short timescales and may influence resting measures; single-item visual
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analogue ratings also provide a brief and practical means of quantifying current
symptom severity?** 2%, Depressive and anxiety symptoms were assessed using the
PHQ-2 and GAD-7 because both are commonly associated with CWP and may
influence symptom reporting and rsEEG measures. The PHQ-2 was selected in
preference to the PHQ-9 to reduce participant burden while retaining acceptable
performance as a brief depression screening measure?®!. Previous-night sleep
duration was recorded because acute sleep restriction can alter waking resting-state
spectral activity?S. Collectively, these measures captured several clinically relevant
domains recommended for chronic pain research, including pain intensity, emotional
functioning and broader symptom burden?’. Pain interference and physical function
were not assessed, however, limiting interpretation of the functional impact of pain

within this cohort.

Missing values in core study-visit self-report variables were imputed using status-
stratified median imputation, whereby missing values were replaced with the median
value calculated from participants with the same CWP status. Imputation was
restricted to core study-visit self-report variables and was not applied to EEG-derived

measures, medication or co-morbidity variables.
5.3.5 Data preparation and preprocessing

Raw EEG recordings were converted to BIDS format and preprocessed using the
automated pipeline described in Chapter 4 (Section 4.1.2). To preserve the co-twin
pairing structure throughout the workflow, participant identifiers were parsed
deterministically from source filenames and linked to family-level BIDS subject
labels. Across the dataset, 72 EC recordings from 36 twin pairs were successfully
converted. EC onset markers were available for 66/72 recordings (91.7%); where no
marker was present, a deterministic fallback start time of 10s after recording onset

was applied.

To support within-pair comparability while maximising retention, each recording was
trimmed to a fixed maximum processing window anchored to EC marker onset
where possible. Up to 390s of data were retained per participant. Where insufficient
data remained because of shorter recordings, the maximum available duration was
retained without excluding the participant (n=8, range 304.4-375.6s). Electrode
coordinate metadata were incorporated during BIDS conversion using the Brain
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Products RNP-LA-32.bvef template montage, allowing standardised electrode

positions to be written into BIDS sidecars.
5.3.6 Processed data quality

As expected for a pragmatically acquired passive-electrode dataset collected within
a broader non-EEG specific research pathway, data quality was more variable than
would typically be anticipated in a tightly controlled high-density gel-based laboratory
acquisition. Nevertheless, preprocessing audit outputs indicated that the retained
recordings remained suitable for downstream spectral analyses, with visual review of
power spectral density plots confirming preservation of plausible brain-related EEG
spectral characteristics. Across 72 recordings, a mean of 3.9 +2.7 channels per
participant were removed before interpolation (median 3, range 0-13). The number of
retained clean epochs was 93.1 £27.7 on average (median 96, range 30-145),
corresponding to a mean retained post-clean duration of 186.23 +55.5s (median
192s, range 60 to 290s). These audit outputs were used to characterise retained

data quality across participants and to support later sensitivity analyses.
5.3.7 Sample size and power

The co-twin control design provides efficiency gains relative to unmatched designs
when the outcome exhibits substantial within-pair similarity. rsEEG traits, particularly
alpha and beta power, showed high MZ twin correlation (r = 0.8-0.9) and moderate
DZ correlation (r = 0.4-0.5). Given the present sample composition (17 MZ and 19
DZ discordant pairs), the expected overall within-pair correlation for beta power was
approximately 0.60-0.65, corresponding to a relative efficiency of approximately 2.5-

2.9 compared with an unmatched design.

With 36 discordant twin pairs, the study had 80% power to detect a moderate within-
pair effect size (Cohen’s dz=0.48) using a two-tailed paired t-test (a=0.05). Under
stricter quality-control tiers, detectable effect sizes increased as expected due to
reduced sample size. For Tier 1 (n=30 pairs), 80% power corresponds to dz = 0.53,
for Tier 2 (n=22 pairs), dz = 0.63, and for Tier 3 (n=12 pairs), dz = 0.89.

5.3.8 Inferential framework

All inferential analyses preserved the matched co-twin structure of the study design,
with primary comparisons based on within-pair differences between the CWP-
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affected twin and the unaffected co-twin rather than on unmatched group

comparisons. This is an approach widely used in co-twin control studies'®.
5.3.9 Sensitivity analyses

To assess robustness to residual data-quality variation, relevant analyses were
repeated across progressively stricter quality-control tiers, excluding a pair if either
twin exceeded predefined thresholds for channel interpolation burden or retained

post-clean duration.

Tier 0 included all discordant twin pairs (n=36). Tier 1 was defined as a minimal
sensitivity tier, excluding recordings with 210 channels removed or <75s retained
data (n=30 pairs), in order to remove outliers characterised by substantial channel
loss or limited retained data while preserving a broad analysis sample for spectral
outcomes. Tier 2 applied stricter criteria, excluding recordings with 28 channels
removed or <120s retained data (n=22 pairs), and was used for more conservative
spectral analyses together with secondary aperiodic and microstate sensitivity
analyses. These parameters were chosen to reflect evidence that aperiodic
estimation and microstate metrics benefit from longer resting segments than basic
spectral power analysis, while remaining pragmatic in relation to the available
sample size?*%3%, Tier 3 was reserved for exploratory connectivity analyses only and
applied a higher retained-duration threshold (=8 channels removed or <180s retained
data; n=12 pairs), reflecting the greater data-length demands of resting-state

connectivity estimation relative to spectral power analyses?’!.

To examine potential differences by zygosity, exploratory stratified analyses were
conducted separately within MZ and DZ discordant pairs. Within-pair contrasts were
preserved in all strata, and analytical code was identical across tiers and zygosity
groups, varying only the eligible pair manifest. These stratified analyses were
considered exploratory and were interpreted cautiously.

5.3.10 Primary spectral analysis

PSD and ROI-based effect size estimation were completed in line with the
methodology described in Chapter 4 (Section 4.1.4). Statistical inference for the
primary spectral analysis was implemented in MATLAB R2025b%*° using FieldTrip?3’
and custom analysis scripts. The analysis tested within-pair differences in band-
limited sensor-level power between the twin with chronic widespread pain and the
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co-twin without chronic pain. Differences were coded as CWP1-CWPO, where
positive values indicated higher power in the twin with CWP.

Sensor-level inference used cluster-based permutation testing. The design matrix
specified the twin pair as the unit variable and pain status as the within-pair
independent variable, thereby preserving the matched-pair structure throughout
inference. Paired comparisons used a dependent-samples t-statistic. Spatially
adjacent sensors were defined using triangulation of the recorded 32-channel R-Net
electrode geometry, and clusters were formed using a cluster-forming threshold of
p<0.05. Cluster-level statistics used the sum of t-values within each spatial cluster,
and statistical significance was evaluated against a null distribution generated using
5,000 two-sided random permutations of the paired observations. Cluster-level p-
values were not subjected to additional correction, because the cluster-based

permutation procedure controls the family-wise error rate at the cluster level.

Paired frontocentral (Fz, FC1, FC2, Cz) ROI-based effect sizes were expressed as
Cohen’s dz, calculated as the mean within-pair difference divided by the standard
deviation of the within-pair difference. Bootstrap resampling of complete twin pairs
with 5,000 iterations was used to derive 95% confidence intervals. ROI-based
estimates were used to summarise the direction and magnitude of effects identified
in the sensor-level analyses and were interpreted descriptively alongside the primary

cluster-based inference.
5.3.11 Secondary aperiodic-periodic spectral parameterisation analysis

Aperiodic-periodic decomposition followed the FOOOF/specparam framework
described in Chapter 4 (Section 4.1.5) and was implemented using a custom
MATLAB pipeline integrating EEGLAB?, FieldTrip**” and Python’s FOOOF package
called from within MATLAB.

The analysis was conducted on the Tier 2 dataset using the predefined frontocentral
ROI (Fz, FC1, FC2, Cz). An ROI-based approach was used because this analysis
was intended as a secondary spectral decomposition of predefined regional activity,
rather than as a separate whole-scalp spatial discovery analysis. The frontocentral
ROI provided a biologically plausible and consistent region for parameterisation,
reduced the multiplicity and model-fit complexity associated with channel-wise
FOOOF fitting, and improved the stability of spectral estimates by averaging spectra
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across neighbouring electrodes. For each participant, ROIl-averaged power spectra
were derived from the preprocessed 2s eyes-closed epochs and parameterised over
2-40 Hz using a fixed aperiodic model. Periodic peaks were modelled as Gaussian
functions with peak width limits of 1-8Hz, a maximum of six peaks, a minimum peak
height of 0.1 and a peak threshold of 2.0. Offset and exponent parameters were
extracted from the fitted aperiodic component, and residual aperiodic-adjusted band
power was calculated within predefined frequency bands after subtraction of the
fitted background component in log10 power space.

Within-pair differences were evaluated through paired t-tests for each
FOOOF/specparam-derived outcome, with effect sizes expressed as Cohen's dz and
95% bootstrap confidence intervals based on 5,000 iterations. Holm-Bonferroni
correction was applied separately across the predefined aperiodic outcome family
(offset, exponent) and the residual band-power family (residual delta, theta, alpha,
broad beta, low beta, high beta and gamma).

5.3.12 Secondary alpha peak analysis

Individual alpha peak frequency (IAF) and alpha peak power were estimated using
the posterior (O1, O2, Oz, POz, Pz, PO3, PO4) and central (C3, Cz, C4) ROls.
Analyses were implemented using custom MATLAB and Python scripts applied to
the preprocessed eyes-closed spectra. Within-pair differences were evaluated using
paired t-tests.

Effect sizes were expressed as Cohen’s dz with 95% bootstrap confidence intervals
based on 5,000 resamples of complete twin pairs. Holm-Bonferroni correction was
applied across the alpha peak outcome family to account for testing of alpha peak
frequency and alpha peak power across the predefined ROls.

5.3.13 Exploratory connectivity analysis

Exploratory resting-state functional connectivity was implemented in MATLAB
R2025b2* using EEGLAB?3¢, FieldTrip?*” and custom analysis scripts. Connectivity
was assessed using amplitude envelope correlation (AEC), an amplitude-based
measure that quantifies the temporal co-fluctuation of band-limited oscillatory
envelopes and has prior use in chronic pain rsEEG biomarker work!?8. The analysis
was conducted on the Tier 3 dataset and was restricted to frequency bands
implicated by the primary spectral findings.
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To reduce volume conduction, data were transformed to scalp current source density
(CSD) before connectivity estimation?2. Band-limited signals were obtained by finite
impulse response (FIR) filtering, analytic envelopes were extracted using the Hilbert
transform, and channel-level Pearson correlations were calculated on concatenated
envelopes across epochs. Correlation coefficients were Fisher z-transformed prior to

ROI aggregation.

Connectivity estimates were summarised within and between four predefined sensor
groupings: frontal (Fp1, Fp2, F3, F4, F7, F8, Fz), frontocentral-central (FC1, FC2,
C3, C4, Cz), parietal (CP1, CP2, P3, P4, Pz) and occipital (O1, Oz, O2). For within-
region estimates, diagonal elements and duplicate edges were excluded so that

summary values reflected unique inter-sensor connections only.

Within-pair differences were analysed separately for each region-to-region
connection using two-sided paired sign-flip permutation tests with 5,000
permutations. Effect sizes were expressed as Cohen’s dz with 95% bootstrap
confidence intervals from 5,000 resamples of complete twin pairs. Within each
frequency band, p-values were adjusted across tested region-to-region comparisons
using the Holm-Bonferroni procedure. These analyses were interpreted as
exploratory and were not weighted equivalently to the primary spectral or aperiodic-

periodic analyses.
5.3.14 Exploratory microstate analysis

Microstate analysis was implemented in MATLAB R2025b?* using EEGLAB?*¢ and
custom scripts. The analysis was performed to characterise the temporal
organisation of quasi-stable scalp topographies over short time scales, with key
parameters aligned with prior microstate research!>* 2% It was conducted on the Tier
2 dataset using a microstate-specific 1-40Hz filtered copy of the preprocessed eyes-
closed data.

Global field power (GFP) was calculated at each time point as the spatial standard
deviation of voltage across electrodes, providing a reference-independent measure
of instantaneous scalp field strength. Local GFP maxima were used for map
sampling because these time points have higher signal-to-noise and are commonly
treated as the most stable moments for estimating scalp topographies. Candidate

maps were sampled at local GFP maxima using a minimum inter-peak distance of
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10ms and a maximum of 4,000 peaks per participant. The scalp maps sampled at
these GFP peaks were then submitted to a two-stage k-means clustering procedure
using correlation distance. In this context, k-means clusters scalp topographies
according to spatial similarity, with each cluster representing a recurring microstate
map. Candidate solutions from K=4 to K=8 were examined. K=5 was selected as the
primary descriptive solution because it offered an extension of the traditional four-
class resting-state model*** while better fitting the present data. Relative to K=4, the
five-class solution increased the mean total global explained variance and reduced
the proportion of unassigned time points, and the additional fifth class itself
accounted for a meaningful share of coverage and explained variance rather than a
negligible one. This indicated that the fifth class captured genuine structure in the
data, supporting K=5 as an interpretable intermediate solution that improved on K=4
without the greater fragmentation risk of higher-class models. The neighbouring K
solutions were examined descriptively to confirm that the interpretation did not

depend on the chosen class number.

The resulting group-level microstate templates were then backfitted to each
participant’s continuous data. Backfitting refers to assigning each time point in the
EEG recording to the template map with the highest spatial similarity. Assignment
was performed using polarity-invariant absolute spatial similarity, meaning that maps
with the same spatial configuration but opposite polarity were treated as equivalent.
A minimum similarity threshold of 0.50 was applied. Segments shorter than 30ms
were removed using minimum-duration temporal smoothing to reduce implausibly
brief class switching. For each microstate class, mean duration, temporal coverage,
occurrence rate and GFP-weighted global explained variance (GEV) were computed.
Mean duration quantified the average length of continuous segments assigned to a
class, temporal coverage quantified the proportion of recording time assigned to that
class, occurrence rate quantified how often the class appeared, and GEV quantified
how much of the GFP-weighted scalp variance was accounted for by the fitted
templates.

Within-pair differences were evaluated using paired t-tests, with Holm-Bonferroni
correction applied across tested microstate outcomes within each K solution. As with
the connectivity analysis, this work was treated as exploratory rather than as a
confirmatory test of the primary spectral findings.
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5.3.15 Clinical descriptive statistics and missing-data handling

Data normality was assessed using Shapiro-Wilk tests. All clinical measures
demonstrated significant deviation from normality (p<0.05). Accordingly, medians
and IQRs with non-parametric summary statistics are reported. Missing data were
imputed using group-specific median substitution, whereby missing values were
replaced with the median of the observed values within the corresponding group
(CWP case or co-twin control), preserving between-group distributional differences

and minimising distortion of within-pair contrasts.
5.3.16 Exploratory symptom-association analyses

Univariate ordinary least squares regression analyses were conducted in Python
(v3.12) to examine association between within-pair difference in EEG power and
within-pair difference in clinical characteristics. EEG outcomes were defined as
CWP1 minus CWPO0 band-limited power averaged within prespecified sensor-level
regions of interest. Analyses were restricted to bands implicated by the primary
spectral results: alpha (8-12Hz), broad beta (13-30Hz), low beta, and high beta (21-
30Hz). A primary frontocentral ROl (Fz, FC1, FC2, Cz) was specified a priori to
reflect the principal spatial locus of the spectral effects. A secondary parietal ROI
(CP1, CP2, P3, P4, Pz) was examined as a limited secondary region to assess
whether clinical associations extended beyond the frontocentral topography

evidence in spectral analyses.

Five clinical predictors were examined: pre-EEG pain intensity (VAS), pre-EEG
fatigue intensity (VAS), Fibromyalgia Severity (FS) score, depressive symptoms
(PHQ-2), and anxiety symptoms (GAD-7). Each predictor was entered separately
because these symptom measures were moderately intercorrelated and the sample
size did not support stable multivariable modelling. Continuous predictors were
standardised (z-scored) to facilitate comparison of regression coefficients across
models.

The exploratory zygosity analysis was performed in the full cohort using interaction
models (EEG outcome ~ predictor + zygosity + predictor x zygosity), to test whether
association differed between MZ and DZ pairs. To aid interpretation of any interaction
effects, parallel subgroup models were also estimated separately within MZ and DZ

twins. All models were estimated with heteroskedasticity-robust standard errors
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(HC3), which provide more reliable variance estimates in small samples and under
heteroskedasticity. Regression coefficients, 95% confidence intervals, R? values, and
associated p-values were reported, and model assumptions were assessed using
residual and influence diagnostics. Holm-Bonferroni correction was applied across
the five clinical predictors within each band-by-ROI analysis.

5.4 Results

A total of 36 discordant twin pairs (total n=72) were included with 17 MZ and 19 DZ
pairs. Table 5.1 summarises participant characteristics for twins with CWP and their

co-twin controls.

For the core study-visit self-reported measures included in Table 5.1, missing data
frequency was low, affecting only three participants (4%), with 46 missing values
across 3024 cohort-wide observations (2%) requiring imputation. Across participants,
those with CWP had mild symptom burden, but reported higher pain, fatigue and
anxiety ratings than participants without CWP at group level.

Questionnaire-derived co-morbidity and medication data were available for most
participants and were summarised descriptively. A dated relevant co-morbidity
questionnaire was available for 70/72 participants, comprising equal numbers of
twins with and without CWP. Most participants had a 2024 questionnaire record
(50/72), while 20 participants had only earlier questionnaire data. Co-morbidities
were predominantly musculoskeletal or rheumatological. Osteoarthritis, inflammatory
arthritis or connective tissue disease, and gout were more frequent in twins with
CWP, whereas osteoporosis was balanced between groups. Analgesic medication
and opioid or opioid-combination analgesic use were also more frequent in twins with
CWP. In contrast, neuropathic or adjuvant pain medication use was similar between
groups, while EEG-relevant centrally acting medication exposure was modestly more
frequent in twins with CWP.

Table 5.1. Participant characteristics for the PainWaves study

Twins with Twins without
Characteristic

CWP (n=36) CWP (n=36)
Age in years, mean (SD) 69.9 (8.1) 69.9 (8.1)
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Female sex, n (%) 34 (94%) 33 (92%)
Ethnicity, n (%)

White British 34 (94%) 34 (94%)
Asian British 1(3%) 1(3%)
Other (unspecified) 1(3%) 1(3%)
Widespread Pain Index (WPI) score, 3.0 (2.0-6.3) 2.0 (1.0-3.0)
median (IQR)

Symptom Severity Scale (SSS) score, 3.0 (2.0-5.0) 2.0 (1.0-4.0)
median (IQR)

Fibromyalgia Severity (FS) score, 7.0 (3.8-10.0) 3.5 (2.0-7.8)
median (IQR)

Pain VAS score, median (IQR) 1.0 (0.0-3.0) 0.5 (0.0-2.3)
Fatigue VAS score, median (IQR) 2.0 (0.0-4.0) 1.0 (0.0-3.5)
PHQ-2 score, median (IQR) 0.0 (0.0-2.0) 0.0 (0.0-1.5)
GAD-7 score, median (IQR) 2.0 (0.3-4.0) 1.0 (0.0-5.0)
Quantity of sleep on the previous night in 5.0 (4.0-6.0) 5.0 (4.0-6.0)

hours, median (IQR)

Questionnaire-derived co-morbidities, n/N (%)

Osteoarthritis

23/35 (66%)

16/35 (46%)

Osteoporosis

7/35 (20%)

7/35 (20%)

Inflammatory arthritis or connective tissue

disease

4135 (11%)

0/35 (0%)

Gout

2/35 (6%)

0/35 (0%)

Questionnaire-derived medication, n/N (%)

Analgesic medication

19/34 (56%)

7/35 (20%)

Opioid or opioid-combination analgesic

9/34 (26%)

3/35 (9%)
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Neuropathic or adjuvant pain medication 4/34 (12%) 5/35 (14%)

EEG-relevant centrally acting medication 14/34 (41%) 10/35 (29%)

Values are presented as mean (SD), median (IQR), n (%) or n/N (%), as appropriate. CWP, chronic
widespread pain; CTD, connective tissue disease; EEG, electroencephalography; FS, Fibromyalgia Severity;
GAD-7, Generalised Anxiety Disorder-7; PHQ-2, Patient Health Questionnaire-2; SSS, Symptom Severity
Scale; VAS, visual analogue scale; WP, Widespread Pain Index. FS score was calculated as WPI + SSS.
Questionnaire-derived co-morbidity and medication variables were summarised descriptively; denominators
vary by data availability. Medication categories are non-mutually exclusive and defined in Section 5.3.4.

Across 36 complete discordant pairs within the primary analysis, paired cluster-

based permutation testing demonstrated a robust reduction in beta band power (13-

30Hz) in pain-affected twins relative to their unaffected co-twins, expressed as a

broad frontocentral negative cluster (cluster-level p=0.005) with a moderate ROI-

based effect size (dz -0.57, 95% CI -0.986 to -0.260). Evaluation of beta sub-bands

(low beta 13-20Hz; high beta 21-30Hz) showed comparable cluster significance with

overlapping frontocentral distributions and similar ROI-based effect sizes. Significant

beta and sub-band clusters with comparable topography and larger ROI-based effect

sizes were seen under stricter quality-control tiers on sensitivity analyses. Alpha (8-

12Hz) and gamma (31-40Hz) also showed significant negative clusters on primary

analysis (cluster-level p-values: alpha p=0.044; gamma p=0.026), with small-
moderate ROI-based effect sizes (alpha: dz -0.38, 95% CI -0.737 to -0.050, gamma:
dz -0.46, 95% CI -0.805 to -0.152). On sensitivity analyses, clusters remained
statistically significant across Tiers 1-2. Delta and theta bands showed no significant
clusters with primary or sensitivity analyses. See Table 5.2 for full band-specific dz

and p-values across sensitivity tiers.

When analyses were stratified by zygosity, DZ twin pairs (n=19) showed significant
negative clusters in the alpha, broad beta, low beta and high beta bands (cluster-
level p-values 0.011-0.038). The largest ROI-based effect size was observed for low
beta (dz -0.683, 95% CI -1.360 to -0.253). In MZ twin pairs (n=17), significant cluster-
level effects were more selective, with a negative frontocentral high beta cluster
persisting as the only significant band-level finding (cluster-level p=0.009). ROI-
based effect size was large (dz -0.819, 95% CI -1.635 to -0.339).
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Table 5.2. Within-pair spectral effect sizes and cluster-level p-values across primary

and sensitivity quality-control tiers

Tier n Delta dz Theta dz Alpha dz Betadz Low Beta High Beta Gamma dz
(p-value) (p-value) (p-value) (p-value) dz dz (p-value)
(p-value) (p-value)

Tiero 36 -028 037  -038 057  -0.55 054  -0.46
(0.114)  (0.101) (0.044) (0.005) (0.006)  (0.003)  (0.026)

Tier1 30 -031  -039 -052  -0.70  -0.63 073 -0.48
(0.111)  (0.092) (0.015) (<0.001) (0.007)  (0.001)  (0.050)

Tier2 22 035  -045 -0.58  -0.87  -0.77 .0.92 '.0.69
(0.118) (0.088) (0.021) (0.004) (0.006)  (0.002)  (0.009)

Values show within-pair ROI-based Cohen’s dz effect sizes and cluster-level p-values for rsEEG band-power differences
between twins with CWP and their co-twins without CWP. n denotes the number of discordant twin pairs retained within
each quality-control tier. Negative dz values indicate lower band power in the twin with CWP relative to their co-twin.
Frequency bands were defined as delta 1-3Hz, theta 4-7Hz, alpha 8-12Hz, broad beta 13-30Hz, low beta 13-20Hz, high
beta 21-30Hz and gamma 31-40Hz.
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Figure 5.1. Group-level resting-state power spectral density across quality-control tiers

Mean power spectral density (PSD), averaged across all channels, for twins with CWP (CWP1, blue) and co-twins
without CWP (CWPO, red). Shaded regions indicate 95% confidence intervals around the group mean. Panels show
progressively stricter quality-control tiers: (A) Tier 0, all complete pairs (n=36 pairs); (B) Tier 1 (n=30 pairs); (C) Tier 2
(n=22 pairs).
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Figure 5.2. Band power topographies for alpha and beta bands

Topographies show mean within-pair differences in EEG band power across the scalp for alpha (8-12Hz), broad
beta (13-30Hz), low beta (13-20Hz) and high beta (21-30Hz) for Tier 0 (n=36 pairs). Blue indicates lower band
power in the co-twins with CWP (CWP1) relative to co-twins without CWP (CWPO0). The maps are presented as
descriptive spatial visualisations of the conventional spectral contrasts.



5.4.2 Secondary aperiodic-periodic spectral parameterisation

In the paired Tier 2 analysis (n=22 pairs) neither the aperiodic exponent nor offset
differed significantly between twins with and without CWP (exponent: Holm-corrected
p=0.525, dz 0.25, 95% CI -0.173 to 0.652; offset: Holm-corrected p=0.525, dz -0.23,
95% C1-0.708 to 0.193). Thus, there was no evidence for a robust between-twin
difference in the broadband aperiodic spectral background.

Following aperiodic adjustment, residual broad beta showed an uncorrected within-
pair reduction (p=0.024, Holm-corrected p=0.156, dz -0.52, 95% CI -1.080 to -0.114),
with a similar pattern in low beta (p=0.022, Holm-corrected p=0.156, dz -0.53, 95%
C1-1.097 to -0.109). Residual high beta effects were smaller and not statistically
significant (uncorrected p=0.204, dz -0.28, 95% CI -0.803 to 0.123), and residual
alpha likewise showed no reliable difference (uncorrected p=0.158, dz -0.31, 95% CI
-0.934 to 0.144). No residual gamma difference was identified (uncorrected p=0.701,
dz -0.08, 95% CI -0.410 to 0.485).

Alongside the power spectral density findings, these results are more consistent with
altered oscillatory activity than with a broad shift in the aperiodic spectral
background, given the absence of between-twin differences in either exponent or
offset. Within the aperiodic-adjusted analyses, the strongest residual signal was
observed in broad beta, with a closely similar nominal pattern in low beta.
Nevertheless, these effects did not survive Holm correction and therefore provide
only cautious, non-confirmatory support for a beta-range oscillatory reduction in
CWP. Residual high beta, alpha, and gamma showed no robust corrected effects,
indicating that inferences outside the broad beta range are particularly uncertain at
this tier. Overall, the Tier 2 aperiodic decomposition suggests a directionally
preserved but statistically attenuated beta-dominant oscillatory pattern in the
absence of evidence for a global aperiodic shift.
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Figure 5.3. Aperiodic-adjusted frontocentral broad beta power in co-twins discordant

for chronic widespread pain

Mean frontocentral ROI spectra are shown before and after aperiodic adjustment. Panel A shows the mean ROI
power spectrum and fitted aperiodic component, plotted in log10 power units. Panel B compares co-twins without
CWP (CWPO0) and co-twins with CWP (CWP1) after subtraction of the fitted aperiodic component, shown as
aperiodic-adjusted log10 power. The shaded vertical region indicates the predefined broad beta band, 13-30Hz,
used for residual broad beta extraction. Shaded ribbons indicate 95% confidence intervals around the mean.
Although spectra are displayed as group averages for visualisation, all formal analyses used paired CWP1-CWPO0

contrasts within discordant twin pairs.

n pairs = 22
0.3 4 Cohen'sdz =-0.52 [-1.08, -0.11]
Holm-adjusted p = 0.156

0.2 1

0.1 1

CWP1-CWPO residual broad beta power
(aperiodic-adjusted log10 power)

| | | |
o I o ° o
EN w [N] - =}
1 1 1 1

Twin pairs Mean delta

Figure 5.4. Within-pair difference in aperiodic-adjusted broad beta power in co-twins

discordant for chronic widespread pain

Grey points show individual twin-pair differences in residual broad beta power within the predefined frontocentral
ROI for co-twins with CWP (CWP1) relative to co-twins without CWP (CWPO). The black point shows the mean
within-pair difference, with error bars representing the 95% bootstrap confidence interval. Negative values indicate

lower aperiodic-adjusted broad beta power in the co-twin with CWP relative to the co-twin without CWP.



5.4.3 Secondary alpha peak analysis

For the occipital ROI, there was no evidence of a consistent within-pair difference in
either IAF or alpha peak power at any tier. In the primary analysis of all twin pairs,
IAF did not differ between twins with and without CWP (mean difference -0.132Hz,
p=0.469), and alpha peak power was similarly unchanged (mean difference 0.100dB,
p=0.926). This pattern remained directionally and statistically similar across stricter

tiers.

In contrast, the central ROI (C3, Cz, C4) showed a more consistent directional
pattern, with lower alpha peak measures in CWP across sensitivity tiers. In the
primary analysis, central IAF was numerically lower in CWP but did not reach
statistical significance (mean difference -0.193Hz, p=0.274), and central alpha peak
power was also not statistically significant (mean difference -0.983dB, p=0.229). At
Tier 1, both measures again showed reductions in the same direction, with a larger
reduction in central alpha peak power (mean difference -1.621dB, p=0.086),
although neither reached statistical significance. At Tier 2, central IAF was
significantly lower in CWP (mean difference -0.551Hz, p=0.028), representing the
clearest evidence in the alpha peak analyses for a within-pair central alpha
frequency reduction. Central alpha peak power at Tier 2 remained directionally lower
in CWP but did not reach statistical significance (mean difference -1.736dB,
p=0.157).

These findings do not support a systematic shift in occipital alpha peak frequency or
power, arguing against a generalised posterior alpha slowing effect in CWP. Instead,
the stricter-tier analyses provide tentative evidence for a more localised reduction in
central alpha peak frequency, with the clearest support emerging at Tier 2. Central
alpha peak power showed a directionally similar reduction across tiers, but the
statistical evidence was weaker and less consistent. Overall, the alpha peak
analyses are therefore more consistent with alteration in central or sensorimotor
alpha dynamics than with a robust global change in intrinsic occipital alpha rhythm,
although this interpretation is made cautiously given the limited and tier-dependent
nature of the central effects.
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5.4.4 Exploratory functional connectivity

Given that the primary spectral analyses identified the most consistent effects in the
alpha and beta ranges, exploratory resting-state functional connectivity was
assessed using amplitude envelope correlation (AEC) in alpha, broad beta, low beta
and high beta bands within the connectivity-only Tier 3 subset (n=12 pairs).

In the alpha band, no within-pair difference survived Holm correction across ROI-to-
ROI comparisons. The strongest uncorrected effects were observed for central-
central connectivity (mean difference z -0.082, dz -0.606, 95% CI -1.634 to -0.045,
permutation p=0.062, Holm-corrected p=0.624), frontal-central connectivity (mean
difference z -0.045, dz -0.581, 95% CI -1.282 to -0.061, permutation p=0.071, Holm-
corrected p=0.637), and central-parietal connectivity (mean difference z -0.052, dz -
0.574, 95% CI -1.136 to -0.082, permutation p=0.075, Holm-corrected p=0.637). All
indicated lower alpha envelope coupling in the twin with CWP than in the co-twin
control, but none reached corrected statistical significance. Remaining alpha-band

contrasts were smaller and not statistically significant.

In the broad beta band, again no comparison survived correction for multiple testing,
but the clearest exploratory effect was observed for central-central connectivity
(mean difference z -0.063, dz -0.791, 95% CI -2.166 to -0.217, permutation p=0.029,
Holm-corrected p=0.292). Smaller uncorrected effects in the same direction were
observed for frontal-central connectivity (mean difference z -0.027, dz -0.509, 95%
Cl-1.578 to 0.010, permutation p=0.104, Holm-corrected p=0.939) and central-
parietal connectivity (mean difference z -0.028, dz -0.516, 95% CI -2.265 to 0.057,
permutation p=0.107, Holm-corrected p=0.939). Other broad beta contrasts were

small and non-significant.

In the low beta band, no within-pair difference survived Holm correction. The
strongest uncorrected effects were again centred on central connectivity, with lower
central-central coupling in the twin with CWP (mean difference z -0.070, dz -0.659,
95% CI1-1.671 to -0.102, permutation p=0.054, Holm-corrected p=0.540) and a
similar pattern for central-parietal connectivity (mean difference z -0.041, dz -0.572,
95% CI -1.458 to -0.038, permutation p=0.075, Holm-corrected p=0.678). Frontal-
parietal and frontal-central contrasts showed smaller effects in the same direction,

while remaining comparisons were negligible.
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In the high beta band, no comparison survived multiplicity correction, but the
strongest nominal effect once more involved central-central connectivity (mean
difference z -0.062, dz -0.766, 95% CI -2.014 to -0.173, permutation p=0.033, Holm-
corrected p=0.330). Central-occipital (mean difference z -0.014, dz -0.540, 95% CI -
1.382 t0 -0.0003, permutation p=0.083, Holm-corrected p=0.749) and central-parietal
connectivity (mean difference z -0.022, dz -0.537, 95% CI -1.419 to 0.011,
permutation p=0.085, Holm-corrected p=0.749) showed weaker effects in the same
direction. All other high beta contrasts were small and clearly not statistically
significant.

Collectively, these exploratory Tier 3 AEC analyses did not identify any ROI-level
connectivity differences that survived correction for multiple comparisons.
Nevertheless, a recurrent directional pattern was evident across alpha, broad beta,
low beta, and high beta, with lower connectivity in contrasts involving central
electrodes, particularly central-central and central-parietal coupling in CWP. This
pattern was most prominent in broad beta and high beta, where the largest nominal
effect sizes were observed, with similar but slightly weaker trends in alpha and low
beta. Within the limits of this exploratory sensor-space analysis, these findings
suggest that any connectivity abnormality in CWP is likely to be modest, centred
primarily on central network coupling, and insufficiently robust at this sample size to

support strong inferential claims.
5.4.5 Exploratory microstate analysis

Exploratory microstate analyses were conducted in the Tier 2 dataset (n=22 pairs).
For the primary K=5 solution, no microstate metric demonstrated a significant within-
pair difference between twins with and without CWP. Across all microstate classes,
mean within-pair differences were small and effect sizes were uniformly low. For
example, MS1 duration was essentially unchanged (mean difference -0.01ms, dz -
0.001, p=0.669), while MS2 duration showed only a small positive difference (mean
difference 1.59ms, dz 0.175, p=0.421). Coverage, occurrence, and GEV were
similarly null across the K=5 solution, with all Holm-adjusted p-values equal to 1.0.

Findings were comparable across alternative clustering solutions (K=4, K=6, K=7,
and K=8), with no reproducible state-specific pattern emerging across the wider K

sweep. At K=4 and K=6, all effects remained small and not statistically significant,
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with paired effect sizes generally close to zero with no suggestion of a coherent
directional profile across duration, coverage, occurrence, or GEV. At K=8, the largest
effects were still modest, for example MS1 GEV (dz 0.259, p=0.238) and MS1
coverage (dz 0.255, p=0.245), but these did not approach statistical significance and
were not supported by consistent findings across related metrics.

The only signals that approached nominal statistical significance were observed at
K=7 for microstate 6, where GEV showed the strongest trend across the entire
microstate analysis (mean difference -0.0062, dz -0.413, p=0.067). However, these
effects remained not statistically significant, all Holm-adjusted p-values were 1.0, and
no corresponding robust difference was observed across the primary K=5 solution.
As such, these isolated signals are most appropriately interpreted as weak
exploratory trends rather than evidence of a stable disease-related microstate

alteration.

Overall these results provide no strong evidence that resting-state microstate
temporal organisation or explained variance differs systematically between twins with
CWP and their co-twins. In contrast to the robust oscillatory differences identified in
the spectral analyses, the present exploratory microstate analysis did not identify a
reproducible within-pair microstate signature of CWP.

5.4.6 Exploratory symptom-association analyses

Across the full cohort, there was no evidence that within-pair difference in clinical
characteristics were associated with within-pair differences in ROl-averaged alpha,
beta, low beta or high beta power, with no predictor surviving Holm correction across
both ROIs. The most prominent uncorrected pooled association was observed for
GAD-7 in the frontocentral high beta model (3 -0.97, 95% CI -1.92 to -0.03, p=0.043,
Holm p=0.217) and PHQ-2 in the parietal high beta model (3 -0.98, 95% CI -2.04 to
0.08, p=0.071, Holm p=0.355). Fatigue intensity, pain intensity and FS showed no
corrected-significant pooled association in any band or ROI, suggesting that any

effects were not uniform across the full cohort.

Interaction analyses then tested whether these associations differed by zygosity. The
clearest effect was observed for fatigue in the frontocentral low beta outcome, where
the association between fatigue discordance and EEG power discordance differed
between MZ and DZ pairs (interaction coefficient -2.68, 95% CI -4.58 to -0.77,
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p=0.006, Holm p=0.030). Directionally similar but non-significant interaction effects
were seen for fatigue in frontocentral broad beta (interaction coefficient -2.18,
p=0.013, Holm p=0.066), parietal alpha (interaction coefficient -2.51, p=0.014, Holm
p=0.069), and parietal low beta (interaction coefficient -2.08, p=0.028, Holm
p=0.139). No robust interaction effects were identified for pain intensity, FS,

depressive symptoms, or anxiety symptoms.

Further subgroup analyses indicated that this pattern was driven primarily by the MZ
cohort. In MZ pairs, greater fatigue discordance was positively associated with beta-
family power differences across both ROIls, with multiple associations surviving Holm
correction in frontocentral broad and high beta and across parietal broad, low, and
high beta (3 range 0.97 to 1.25; Holm-corrected p range 0.003 to 0.039). A similar
association was also observed for frontocentral low beta (B 1.34, 95% CI1 0.24 to
2.44, p=0.017), although this did not survive correction (Holm p=0.067). In contrast,
DZ pairs showed no Holm-significant associations in any band or ROI. Several
uncorrected effects were observed for PHQ-2 in the parietal beta-family models (3
range -1.70 to -1.89; p-value range 0.028 to 0.038), but none remained significant

after correction.

5.5 Discussion

In this co-twin control study of MZ and DZ twin pairs discordant for CWP, the primary
and most reproducible rsEEG finding was reduced frontocentral beta power in the
CWP-affected twin relative to the co-twin without CWP. This effect was evident
across broad beta and both beta sub-bands, persisted across the stricter Tier 1 and
Tier 2 spectral quality-control analyses, and showed the strongest nominal residual
effects after aperiodic adjustment in broad beta and low beta, although these
residual effects did not survive correction for multiple comparisons. Alpha also
showed significant negative clusters in the primary spectral analysis and across
stricter spectral quality-control tiers. Occipital alpha peak frequency and peak power
were not altered, arguing against a generalised posterior alpha slowing phenotype.
The clearest alpha peak finding was a Tier 2 reduction in central IAF, while central
alpha peak power showed only a non-significant directional reduction, and residual
alpha did not survive correction after aperiodic separation. Theta-band power was
not altered, arguing against a universal low-frequency spectral signature of CWP.
Gamma showed a significant negative cluster in the primary spectral analysis, but no
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residual gamma difference was identified after removal of the aperiodic component.
Aperiodic exponent and offset were unchanged, and exploratory connectivity and
microstate analyses were not statistically significant after correction. These findings
indicate that reduced frontocentral beta-range activity is the most robust
electrophysiological correlate of CWP in this sample of MZ and DZ discordant twins.

The zygosity-stratified analyses further qualified this interpretation. DZ pairs showed
broader negative clusters across alpha, broad beta, low beta and high beta bands,
whereas MZ pairs showed a more selective pattern, with high beta as the only band
retaining a significant cluster-level difference. This pattern supports beta-range
physiology as the most credible signal across analyses, but suggests that the
breadth of spectral differences is reduced when genetic background is most tightly
controlled. These subgroup findings should be interpreted cautiously because the
MZ and DZ analyses were not powered for formal interaction testing; nevertheless,
the persistence of a high beta effect in MZ pairs strengthens the interpretation that at
least part of the beta-range phenotype is associated with CWP rather than reflecting

shared inherited neurophysiological variation alone.

These findings are concordant with and refine the existing rsEEG literature in chronic
pain. Prior work has been heterogeneous, with the strongest cross-sectional support
for differences in theta and beta activity, but with marked inconsistency in direction,
topography, and reproducibility across studies** 2%, More specifically, recent
synthesis of quantitative EEG findings in fibromyalgia, chronic fatigue syndrome and
long covid concluded that the literature remains mixed and methodologically
variable!'¥’. Against that background, the present study does not simply replicate one
side of an inconsistent literature. Rather, it suggests that when shared familial and
genetic factors are tightly controlled, the most stable spectral correlate is lower
frontocentral beta power. This work raises the possibility that at least some
previously reported case-control EEG findings may partly reflect genetic liability,
sampling differences, or broader phenotypic heterogeneity rather than pain-relevant

neurophysiology alone.

This interpretation is supported to some extent by the aperiodic-periodic analysis. A
recurring concern in EEG biomarker studies is that conventional band-power
measures may conflate oscillatory changes with shifts in the aperiodic background
spectrum. In the present study, neither aperiodic exponent nor offset differed
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significantly between discordant twins, arguing against a robust between-twin
difference in the broadband aperiodic spectral background. Following subtraction of
the aperiodic component, broad beta and low beta showed the strongest residual
reductions in CWP, but these effects remained significant only at the uncorrected
level. The findings therefore provide cautious support for the view that the beta-
range signal of interest is more consistent with oscillatory alteration than with a
nonspecific shift in broadband spectral slope. This interpretation also aligns with
recent larger-scale work showing that the EEG aperiodic component did not
differentiate people with chronic pain from healthy participants, nor correlate with
pain intensity!>®. Accordingly, the current data argue against a simple model in which
CWP is characterised by a broad resting-state change in spectral background
activity, and instead support a more selective disturbance in beta-range oscillatory

dynamics.

The centrality of beta is biologically plausible. Beta oscillations are strongly linked to
sensorimotor processing, maintenance of the current sensorimotor or cognitive set,
and top-down regulation of ongoing processing!>! 132, Within sensorimotor systems,
beta activity is typically most prominent during relative stability and is reduced when
the system shifts toward change, updating, or altered state estimation!>!- 152, In that
context, lower resting frontocentral beta in CWP may be consistent with a less stable
or less efficiently regulated sensorimotor state, potentially reflecting altered
integration of bodily signals, impaired inhibitory control, or weaker top-down
constraints on ongoing somatic input. This interpretation is also broadly compatible
with prior pain literature implicating beta band activity in chronic pain
pathophysiology, including work proposing beta oscillations as candidate inhibitory or
GABA-related markers!'*¢. However, the present results do not justify a strong
mechanistic claim. Resting-state beta reduction is not specific to chronic pain, and
these data do not determine whether the observed effect indexes pain persistence,
nociplastic processing, fatigue-related burden, compensation, or another correlated
process. The most defensible conclusion is that reduced frontocentral beta identifies
a reproducible neurophysiological state associated with CWP that remains

detectable even after controlling for major shared familial confounders.

The current findings also help contextualise prior fibromyalgia-specific EEG

research. Some case-control studies have described increased beta or high-beta

117



activity and increased beta-range connectivity in fibromyalgia!*>* >4, whereas others
have reported lower beta activity or a negative relationship between beta oscillations
and pain severity!>> 156, The present co-twin design is important because it reduces
the influence of between-person confounding that may contribute to these
discrepancies. Rather than implying that prior studies were incorrect, the present
data suggest that directionality may depend in part on study design, sample
composition, and the extent to which familial or genetic background is controlled. In a
community-based twin sample with mild symptom burden, the signal that survives
the strictest comparison is lower frontocentral beta. That is arguably a more
conservative and therefore more credible biomarker candidate than effects that
depend on unmatched case-control contrasts alone.

Alpha appears to be a secondary finding rather than a co-primary signal. The
broader pain literature has often focused on peak alpha frequency, especially
posterior alpha slowing, as a putative marker of pain sensitivity or chronic pain
vulnerability!#. In the present dataset, however, occipital alpha peak frequency and
alpha peak power were not consistently altered between discordant twins, arguing
against a strong global posterior alpha slowing phenotype in this cohort. Instead, the
alpha peak analyses suggested a more localised and tier-dependent central effect.
Patterns observed in central IAF and alpha peak power are consistent with the
possibility that alpha alterations in CWP are spatially selective, potentially involving
central or sensorimotor rhythms, rather than representing a dominant global
posterior rhythm change. The residual alpha findings reinforce the need for caution,
as alpha differences weakened after aperiodic separation and did not survive
correction. Alpha therefore represents a credible candidate alteration in CWP, but
should be considered a secondary signal relative to the more robust beta-family

findings in the current study.

Gamma should be interpreted with appropriate restraint, rather than as a robust
mechanistic finding. Although cluster-corrected analyses showed significant negative
gamma-band clusters, no residual gamma difference was identified after aperiodic
adjustment. This weakens the interpretation that the gamma effect reflects a specific
oscillatory alteration. Similarly, the vulnerability of higher-frequency scalp EEG
signals to non-specific variance reduces the confidence that significant findings
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reflect true changes in CWP. Therefore, the present study does not provide
convincing evidence that gamma is a stable oscillatory feature of CWP.

Perhaps surprisingly given the previous chronic pain EEG literature, this study did
not find a significant alteration in theta-band power. Systematic review evidence
suggests that increased theta power is among the most commonly reported cross-
sectional rsEEG findings across chronic pain cohorts*, and fibromyalgia-specific
work has reported augmented prefrontal and anterior cingulate theta activity
associated with tenderness and fatigue!+’. Low-frequency theta prominence has also
been interpreted within TCD frameworks derived mainly from neurogenic or
neuropathic pain, where excess low-frequency power and slowing of the dominant
rhythm have been linked to deafferentation-related thalamocortical disturbance!#S.
However, that framework has not generalised uniformly across pain phenotypes, and
a controlled study of moderate chronic back pain did not identify a statistically
significant TCD-like group effect3**. In that context, the present null theta result is
important. It suggests that low-frequency spectral abnormalities are not a necessary
or universal rsEEG feature of CWP, particularly in a mildly symptomatic, genetically
informed sample. It is also notable that the recent mega-analysis identified the most
robust theta-related associations at the level of large-scale connectivity with pain
intensity, rather than a replicated theta power difference per se!?. The null theta
power finding therefore does not so much contradict the broader literature as refine
it, suggesting that theta may be more relevant to network-level pain processing,
specific clinical phenotypes, or more severe pain states than to within-pair spectral
power differences in CWP.

The exploratory network-level analyses are also informative because they did not
identify corrected group differences. No connectivity or microstate effect survived
correction for multiple comparisons. Prior fibromyalgia studies have reported
increased beta band connectivity across distributed networks and altered microstate
parameters!>* 1% as well as disrupted theta-band resting-state networks!#. The
current findings do not reproduce those observations at a corrected level in a co-twin
framework. This should not be interpreted as evidence that network-level alterations
are absent in CWP, particularly given recent mega-analytic results suggesting that
theta-related abnormalities may be more apparent at the level of large-scale
connectivity with pain intensity than as replicated theta power differences!?8. Rather,
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the present data indicate that any network-level signal was not sufficiently robust in
this cohort and analytical framework to support strong inferential claims. Although no
connectivity comparison survived correction, the strongest nominal effects
repeatedly involved lower central network coupling in CWP, particularly central-
central connectivity in broad beta and high beta, with weaker directional patterns in
alpha and low beta. These exploratory findings are directionally consistent with the
central beta band spectral emphasis. Within the limits of a 32-channel sensor-space
dataset, the present results suggest that sensor-level beta power may be a more
robust phenotype than higher-order connectivity or microstate features in this cohort.
An equally plausible explanation is that the study was underpowered for these more
complex measures, particularly given the reduced sample sizes in the Tier 2 and Tier

3 exploratory analyses.

The univariate analyses investigating relationships between rsEEG band power
differences and clinical variables add further nuance. Within-pair differences in pain
intensity, fibromyalgia severity, depression, and anxiety were not robustly associated
with within-pair EEG differences after correction, indicating unsurprisingly that the
beta phenotype is not simply a linear reflection of contemporaneous symptom
ratings. rsEEG may index a more trait-like physiological disposition, whereas single-
time-point self-report measures capture only part of the clinically relevant variance.
The exploratory fatigue-by-zygosity pattern is potentially interesting, particularly
because the MZ subgroup showed stronger associations between fatigue
discordance and beta band power. However, this finding should be interpreted
cautiously. It arose in exploratory analyses, subgroup sizes were modest, and the
pattern was not mirrored consistently across symptom domains. It is therefore better
framed as a signal-generating observation than as evidence of a specific fatigue-

beta mechanism.

A major strength of this study is the co-twin control design itself. rsEEG traits are
substantially heritable, particularly spectral power measures!* 161-162 gnd
conventional case-control studies therefore risk attributing to pain what may actually
reflect underlying familial or genetic variation. By comparing twins discordant for
CWP within pair, and by including both MZ and DZ pairs, the present study directly
addresses that limitation'®®. The design does not provide formal heritability
estimates, nor do the exploratory zygosity findings support a simple causal model.
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Nonetheless, it allows a materially stronger claim than is usually possible in chronic
pain EEG research, namely that reduced frontocentral beta is associated with CWP
over and above age, sex, early shared environment, and, in MZ pairs, virtually all
shared genetic variation. That substantially increases the credibility of beta as a
candidate biomarker phenotype. An additional strength is the use of an adapted
automated rsEEG preprocessing framework. In a field where methodological
heterogeneity has been a major barrier to replication, automated preprocessing
reduces analyst-dependent subjectivity and decision variability, improves
transparency and reproducibility, and supports more standardised feature extraction
across studies** 128234, Although implementation was adapted to the requirements of
this study and is therefore not directly identical to other applications of the pipeline,
the use of a standardised automated preprocessing framework strengthens
methodological rigour and enhances the interpretability of the findings within the
broader rsEEG biomarker literature. From a practical perspective, the acquisition
paradigm was also deliberately pragmatic. The brief eyes-closed recording protocol
and rapid sponge-based 32-channel setup enabled EEG collection to be embedded
within the wider TwinsUK workflow with low participant burden and limited operator
burden, making the approach feasible within a real-world registry setting. This
pragmatic design is important for future biomarker development, because scalable
longitudinal and nested cohort studies will require methods that are not only
analytically robust but also operationally deliverable across large research

ecosystems.

There are several limitations to this study. The sample, although strong for a co-twin
EEG study, remains modest for stratified and multivariate inference, especially in Tier
2 and Tier 3 analyses. The cohort was predominantly female with a mild symptom
phenotype overall, which may limit generalisability to more severe pain populations.
Relatedly, questionnaire-derived co-morbidity and medication data were available for
most participants and provided useful clinical context, but these variables were not
confirmed at the time of EEG acquisition due to feasibility challenges. Questionnaire
timing varied, some diagnoses were historical, and medication dose, indication,
adherence and ongoing use were not confirmed. Twins with CWP had greater
recorded osteoarthritis and analgesic/opioid exposure, which is clinically consistent
with the pain phenotype but also indicates individual-level clinical heterogeneity not
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controlled for. Medication exposure and acquired co-morbidities therefore remain
possible contributors to observed EEG differences. The same pragmatic 32-channel
sponge-based acquisition that supported feasibility within the TwinsUK ecosystem
also limits spatial precision and may reduce sensitivity for higher-order measures
such as connectivity and microstates. The trade-off, therefore, was between
scalability and neurophysiological granularity. Reassuringly, the principal beta
findings strengthened rather than weakened under stricter quality thresholds, which
argues against poor data quality as the explanation, although more spatially resolved
acquisitions may be needed to evaluate network-level and source-level abnormalities
more sensitively. Finally, the symptom, connectivity, microstate, and zygosity-
stratified analyses should all be regarded as secondary or exploratory relative to the

primary spectral result.

Future work should prioritise replication of the beta finding in larger genetically
informative samples and in clinically richer nociplastic pain cohorts. Furthermore,
future studies should also determine whether theta-related abnormalities in CWP are
better captured at the level of large-scale connectivity, dynamic coupling, or more
severe clinical phenotypes than by simple spectral power alone. Longitudinal
designs would be especially valuable in determining whether reduced frontocentral
beta tracks persistence of widespread pain, fatigue fluctuation, treatment response,
or transition between pain states. Denser montages, source-space modelling, and
dynamic analyses such as beta-burst quantification may also provide more
mechanistic precision than static band averages alone. More broadly, the present
results support a biomarker strategy focused on interpretable oscillatory phenotypes,
especially beta, rather than assuming that increasingly complex derived measures
will necessarily prove more robust. In this respect, beta appears to be the most
promising signal emerging from the current dataset, while alpha may reflect a
weaker secondary sensorimotor feature and gamma does not presently warrant

mechanistic interpretation.

In conclusion, this co-twin control study provides evidence that CWP is associated
primarily with reduced frontocentral beta oscillatory power at rest, with weaker and
more localised alpha abnormalities, and without evidence for a theta-band power
abnormality, a persistent gamma-band effect, or a global shift in the aperiodic

spectral background. The convergence of sensor-level and aperiodic-adjusted
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analyses indicates that beta reduction is the most reproducible electrophysiological
feature in this dataset. While this should not yet be considered a diagnostic
biomarker, it represents a biologically plausible and methodologically robust
candidate biomarker phenotype that remains detectable after substantial control for
shared familial and genetic confounding.

6. Study 2: VIPA-EEG: Investigating resting-state EEG changes

following virtual reality exposure in fibromyalgia

This chapter presents the VIPA-EEG study, a secondary analysis of repeated-
measures resting-state EEG (rsEEG) acquired around an attention-based immersive
VR intervention in fibromyalgia. Six within-session recordings support both
sequential post-activity contrasts and an overall pre-post comparison, with periodic-
aperiodic decomposition used to distinguish oscillatory modulation from broadband
spectral change, and secondary analyses examining alpha peak properties and
EEG-symptom associations. The study contributes the state-modulation component
of the empirical work, evaluating whether candidate rsEEG features are responsive

to immersive therapeutic exposure.

The principal finding was increased alpha and beta band power following VR
exposure, with alpha the clearest and most progressive within-session effect. The
aperiodic background itself was unchanged. The alpha increase survived adjustment
for the aperiodic component and was supported by higher occipital and central alpha
peak power, whereas the broad and low beta increases weakened after adjustment
and did not survive correction, appearing more activity-sensitive than the progressive
alpha response. Delta, theta, high beta and gamma were not significant. EEG-

symptom association analyses showed no effects surviving correction.

6.1 Introduction

Identifying neurophysiological features associated with chronic pain is only one part
of biomarker development. For such features to support immersive therapeutic
design, they need to be at least partially modifiable around intervention. Modifiability
is not a prerequisite for biomarker relevance, but it is essential if a candidate domain
is to act as a process indicator, an engagement marker or a target for therapeutic
adaptation.
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Fibromyalgia is an appropriate phenotype for this question as it represents an
archetypal nociplastic pain condition in which altered central nervous system
processing contributes to symptom persistence and amplification*®-4!. Although
cross-sectional rsEEG differences in fibromyalgia have been characterised in some
detail'?”- 14147 "the within-subject question of whether candidate features are
dynamically responsive to intervention has comparatively little empirical evidence. It
therefore remains unclear whether reported features represent stable trait-level

abnormalities, dynamic state-sensitive markers, or both.

Immersive VR provides a plausible context in which to examine this question. VR
can influence attention, sensory context, affective state and behavioural
engagement, all of which are relevant to chronic pain processing’® >33, Attention-
based VR has shown feasibility and preliminary signals of symptom benefit in
fibromyalgia, although responses vary across systems, environments and activities®.
Direct evidence linking VR exposure with EEG modulation in chronic pain remains
limited, with the small existing literature concentrated on populations and acquisition

designs distinct from those examined here3%.

The VIPA-EEG study addresses this gap through secondary analysis of repeated-
measures rsEEG data within a previously completed VR feasibility study in
fibromyalgia® (Appendix 1). Six within-session eyes-closed rsEEG recordings were
obtained per participant, comprising a pre-intervention baseline, four post-activity
recordings under headset-on conditions, and a final post-intervention recording
obtained after headset removal. This structure allowed separation of activity-specific
change from cumulative within-session effects, while acknowledging the asymmetry
between matched intermediate recordings and the pre-post contrast. Primary
spectral analyses are complemented by periodic-aperiodic decomposition, alpha
peak analyses and examination of associations between EEG change and symptom
measures. The objective was to test whether candidate rsEEG features in
fibromyalgia are dynamically modifiable around immersive VR exposure.

6.2 Study aims

The primary aim of this study was to determine whether exposure to an attention-

based immersive VR intervention, designed for chronic pain, was associated with
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measurable changes in rsEEG activity in individuals with an archetypal nociplastic
pain condition, fibromyalgia syndrome.

Within the context of the thesis, this study addressed whether candidate rsEEG
features identified in CWP within PainWaves and the wider chronic pain literature,
were dynamically responsive to immersive intervention. It therefore represents a
translational step from trait-level biomarker identification towards evaluation of

potential physiological modifiability.

A secondary aim was to characterise the nature of any observed spectral changes,
specifically to determine whether they were better explained by alterations in
oscillatory (periodic) within canonical frequency bands or by shifts in the aperiodic
background component of the EEG spectrum.

Additional aims were to examine whether observed EEG changes varied across
individual VR activities and/or following the overall intervention session, and to
explore whether changes in candidate EEG domains corresponded with

contemporaneous symptom measures, including pain intensity.
6.3 Methods
6.3.1 Study design and participants

This study employed a repeated-measures design in a cohort of participants with
fibromyalgia undergoing an attention-based virtual reality (VR) intervention. The
present study reports secondary analysis of rsSEEG data acquired within a previously
completed feasibility study (the VIPA Study, Appendix 1). VIPA investigated
attention-based VR interventions in fibromyalgia with comparison of different VR

systems, activities, and environments.

Participants fulfilled the 2016 fibromyalgia diagnostic criteria and were recruited
through Rheumatology services into the parent feasibility study®. The present EEG
analysis was restricted to the activity-comparison session of that study (Data
Collection Session 2), in which participants completed four interactive VR activities
within a common virtual environment. A total of 23 participants contributed complete
repeated-measures EEG data and were included in the analysis. The repeated-
measures design enabled both sequential within-session comparisons and an overall

pre-post intervention contrast within participant.
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6.3.2 Ethics and governance

The parent feasibility study received ethical approval from the Cornwall and
Plymouth Research Ethics Committee (REC reference 20/SW/0050)3, with all
procedures conducted in accordance with the Declaration of Helsinki. Written
informed consent (Appendix 6) was obtained from all participants prior to data
collection.

Further ethical approval was obtained from the University of East Anglia (UEA)
Faculty of Medicine and Health Research Ethics Sub-committee (REC reference
ETH2425-2568, Appendix 5; the same approval as Study 1) for secondary analysis
of data conducted in the present study, with appropriate data governance in place.

6.3.3 VR intervention context

The present analysis focused specifically on the activity-comparison session (Data
Collection Session 2) within the parent VIPA study (Appendix 1). Participants used a
head-mounted VR system (Oculus Rift S with hand-held controllers) to complete four
interactive tasks within a common virtual environment depicting a nature-based
scene with a cold and snowy weather system. Activities were designed to engage
attention through distinct cognitive demands, including visuospatial processing,
working memory, multitasking, and sensorimotor coordination. The order of activities

was randomised between participants to minimise systematic order effects.

Participants remained seated throughout VR use, and interaction was enabled via
controller-based input (right-handed controller) with minimal physical movement
requirements. Following each activity, participants completed brief in-headset

questionnaires, after which an rsEEG recording was obtained.

The activity-comparison session was selected for EEG analysis because it held the
VR hardware and virtual environment constant while varying the activity performed,
provided four post-activity rsSEEG recordings acquired using the same protocol within
a single continuous VR exposure, and had the largest sample size in comparison
with the environment-comparison session. The activities were developed within the
parent study as active, attention-based tasks, reflecting a well-established rationale
for VR analgesia in which engagement with competing cognitive demands may
reduce the attentional resources available for pain processing>-8. Active interaction

was prioritised over passive viewing because several experimental and clinical
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studies have reported greater analgesic effects during interactive than passive VR
exposure’- ¥ The four activities delivered different forms of engagement, including
visuomotor coordination, working memory, planning and divided attention, and
visuospatial pattern recognition (Table 6.1). This provided a broader range of
cognitive demands than a single repeated task and allowed investigation of whether
post-activity rsEEG changes were common across attention-based VR activities or
differed according to the form of engagement.

The virtual environment remained the same across activities so that activity-related
comparisons were not additionally confounded by changes in scene or
environmental context. A cold, snowy, nature-based setting was chosen within the
parent feasibility protocol, informed in part by the winter environments used in early
VR analgesia research’. The activities were not primarily designed to manipulate
cognitive load and differed in pacing and visual content as well as in their
predominant cognitive demands. Consequently, the analysis can examine whether
rsEEG changes occur consistently around attention-based VR and whether post-
activity rsEEG differs between activities with broadly different demands, but it cannot

attribute any observed difference to a specific cognitive process.

Accordingly, the repeated-measures EEG design was used to examine two related
but distinct effects: (1) short-term changes in resting-state neural activity following

individual VR activities under consistent acquisition conditions, and (2) overall pre-
post intervention changes across the full VR session.

Table 6.1. Comparison of the VR activities investigated in the parent feasibility study?®

Activity Type Main Skills Short Activity Image
Required Description

Rail-shooter Hand-eye To aim at and shoot ¢
co-ordination targets appearing in

and agility. the sky whilst
travelling steadily
along a calm river.
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Memory Short-term and  To recall sequences
working of objects emerging
memory. from plots within a
3x3 grid. Upon
correct recall,
sequences
increased in length.
Multitasking Strategic To follow a series of
planning and steps to plant,
attention maintain and
allocation. harvest trees across
five plots
simultaneously.
Match-3 Pattern To match three of
recognition, the same objects in
visuospatial a row across three
awareness and  vines by moving
strategic vines up or down.
planning.

6.3.4 EEG acquisition

rsEEG data were acquired using the 64-channel actiCAP active electrode
configuration described in Chapter 4 (Section 4.1.1). Lower impedance values are
expected with active gel-based acquisition than with the saline-based sponge system
used in Study 1, reflecting the different electrode-scalp interface?’. Impedance
information recoverable from the BrainVision header files was summarised across
the repeated-measures archive. Across 165 resting-state files, representing 10,560
channel-level observations, 60.4% of channel observations were classified as good
(£25kQ), 12.1% as acceptable (>25 to 50kQ), 1.1% as poor (>50 to 100kQ), and
1.0% as very poor (>100kQ). A further 2.1% were labelled out-of-range. Across valid
numeric entries, mean electrode impedance was 15.5 +24.6kQ, with a median of
11.0kQ. Median impedance remained stable across session stages, ranging from
10.0-12.0kQ), with interquartile ranges consistently between 3.0-22.0kQ. Poorer or
unavailable impedance values were not concentrated within the principal
frontocentral ROI channels used in later effect-size analyses, instead being more
evident at peripheral and lateral sites, particularly TP10, FT10, TP9 and FT9, with
additional burden at some posterior channels including O1, O2 and POz. Overall,
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these distributions were consistent with acceptable and stable acquisition quality

across the repeated-measures session.

Participants were seated comfortably in a quiet research room at the University of
East Anglia. The repeated-measures rsEEG protocol comprised six recording stages
across the intervention session. A pre-intervention baseline recording was acquired
before VR exposure and before placement of the head-mounted display (HMD),
comprising 2 minutes of eyes-closed recording followed by 2 minutes of eyes-open
recording with visual fixation. Four intermediate post-activity resting-state recordings
were then obtained after completion of each VR activity. These post-activity
recordings consisted of 2 minutes of eyes-closed recording only and were typically
acquired within 1-2 minutes of activity completion, after participants had completed
the brief in-headset virtual questionnaire. During these intermediate recordings, the
VR headset remained in place over the EEG cap and the headset display was set to
black. A final post-intervention resting-state recording was then acquired after the full
VR sequence had been completed and the headset had been removed, again
comprising 2 minutes of eyes-closed recording followed by 2 minutes of eyes-open

recording with visual fixation.

This acquisition structure was important for later interpretation. The four post-activity
recordings provided the most internally standardised repeated-measures
observations because they were all obtained under the same headset-on, black-
screen, eyes-closed condition. By contrast, the overall pre- versus post-intervention
comparison was informative as a session-level endpoint but differed in acquisition
context because both recordings were obtained without the headset in place.
Accordingly, the repeated post-activity sequence and the final pre-post comparison
were treated as related but not identical inferential components of the study.

At the onset of each recording condition, a manual event marker was inserted to
denote the start of the relevant resting-state segment. Analyses focused exclusively
on eyes-closed recordings, consistent with the resting-state framework described in
Chapter 4, both to maximise comparability across the six repeated-measures
observations and to preserve methodological continuity with Study 1.
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6.3.5 Self-reported measures

Participants completed a range of self-reported measures within the parent feasibility
study to characterise symptom burden, mood, and pain response. Baseline
measures included fibromyalgia severity indices, depressive symptoms (PHQ-9),
and anxiety symptoms (GAD-7)8. Pain intensity was also assessed repeatedly using
VAS ratings obtained at baseline, after each VR activity and following the
intervention. The McGill Pain Questionnaire short-form (MPQ-SF)*°” was
administered before and after the intervention to characterise changes in pain
intensity and quality.

For the present EEG analyses, pain VAS was the only clinical measure acquired
repeatedly at within-session timepoints corresponding to the repeated EEG
recordings. This enabled modelling of changes in pain response across the session
alongside neurophysiological change. A single-item rating was also practical within
the VR protocol because it could be completed between activities without removing
the headset, minimising disruption, while visual analogue ratings are sensitive to
short-term changes in pain intensity***. The MPQ-SF provided a complementary pre-
to post-intervention measure incorporating sensory and affective dimensions of
pain®’’. This was relevant to attention-based VR, where changes in the affective
experience of pain may not necessarily parallel changes in pain intensity. The FIQR,
PHQ-9 and GAD-7 were used for baseline characterisation only, providing
established measures of fibromyalgia impact, depressive symptoms and anxiety and
allowing comparison with other fibromyalgia cohorts?°%3%.3%_Collectively, these
measures captured pain intensity, emotional functioning and broader symptom
burden relevant to chronic pain research?’. Appendix 1 provides full details of all

measures used.
6.3.6 Data preparation and preprocessing

Raw EEG recordings were converted to BIDS format and preprocessed using the
automated pipeline described in Chapter 4 (Section 4.1.2). Conversion focused
exclusively on eyes-closed rsEEG recordings from the repeated-measures
intervention session. Across the analysed dataset, 138 eyes-closed recordings from
23 participants were included for downstream processing, corresponding to six
repeated-measures observations per participant. All recordings had eyes-closed
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event markers present prior to conversion, with at least 120s of eyes-closed data

available after marker onset.

To ensure comparability across repeated measures, all recordings were trimmed to a
fixed 120s eyes-closed segment anchored to the onset of the eyes-closed period
using event markers. This standardisation minimised variability arising from
differences in recording duration and ensured that downstream analyses were
performed on consistent temporal windows across all timepoints. Electrode
coordinate metadata were incorporated during BIDS conversion using the
manufacturer 64-channel actiCAP montage, allowing standardised channel locations
to be written into the BIDS sidecars.

6.3.7 Processed data quality

Across the repeated-measures dataset, retained post-clean duration was broadly
consistent across timepoints, supporting comparability of usable signal across the
intervention session. Variability in data quality was expected given the repeated-
measures design, the use of a gel-based system across multiple recordings per
participant, and the practical demands of acquisition before and after VR exposure.
However, visual inspection of power spectral density outputs confirmed preservation
of physiologically plausible EEG spectral structure. Across 138 recordings, a mean of
2.7 1.4 channels per participant were removed before interpolation (median 2,
range 0-13). The number of retained clean epochs was 28.4 +4.5 on average
(median 29, range 6-47), corresponding to a mean retained post-clean duration of
56.8 £9.0s (median 57s, range 12-94s). These audit outputs were used to
characterise retained data quality across recordings and to support the later tiered

sensitivity analyses.
6.3.8 Sample size and power

A formal a priori sample size calculation was not undertaken for EEG efficacy
outcomes given that this study reports secondary analyses of data captured during a
parent feasibility study. In the parent study, recruitment pragmatically aimed for 20-30
participants, a range considered sufficient to evaluate feasibility rather than to
provide definitive efficacy testing®. The present EEG analyses therefore included all

available participants from Data Collection Session 2.
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Accordingly, power considerations for the present manuscript are descriptive rather
than confirmatory. With 23 participants contributing complete repeated-measures
EEG data, a two-tailed paired comparison at a=0.05 would provide 80% power to
detect a within-subject effect of approximately Cohen’s dz = 0.61. In sensitivity
analyses using the stricter data-quality tier, the corresponding detectable effect
increased to approximately Cohen’s dz = 0.64 for Tier 1 (n=21). These thresholds
indicate that the study was positioned to detect moderate-to-large within-subject
EEG effects in the primary and Tier 1 analyses. These detectable-effect estimates
are presented as a guide to interpretation rather than as a formal power calculation
for every analytical component.

6.3.9 Inferential framework

All primary analyses were conducted using a within-subject repeated-measures
framework, with each participant serving as their own control. Two complementary

inferential approaches were employed.

First, a sequential contrast framework compared pre-intervention baseline recordings
with each post-activity recording and with the final post-intervention recording. This
approach assessed whether spectral changes emerged progressively across the
session and whether they persisted at the endpoint.

Second, a post-activity modelling framework examined differences among the four
post-activity recordings, enabling evaluation of activity-specific effects while

accounting for cumulative exposure across the session.
6.3.10 Sensitivity analyses

To assess robustness to residual data-quality variation, relevant analyses were
repeated across prespecified quality-control tiers. The same inferential framework
was retained across tiers so that any change in results reflected data inclusion rather
than analytical inconsistency.

Tier O was the inclusive dataset and applied no additional exclusions beyond the
main preprocessing and feature-extraction pipeline (n=23). A single sensitivity tier,
Tier 1, excluded recordings with retained post-clean duration <30s or 28 rejected
channels (n=21). Tier 1 was therefore intended to define a more stable analysis
subset through removal of clear low-quality outliers, rather than to function as part of

a multi-level quality-control ladder.
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The tiering variables were selected to capture the two features most likely to
influence the stability of the planned downstream analyses: usable post-clean data
length and channel-rejection burden. Retained post-clean duration was prioritised
because all recordings had first been standardised to a fixed 120s eyes-closed
segment, making post-clean duration the most direct index of how much analysable
signal remained after artefact attenuation. The choice of a <30s exclusion threshold
was informed by evidence that stable aperiodic spectral estimates can stabilise over
relatively short resting-state recordings, including durations on the order of 30 to
120s, while also recognising the substantially shorter repeated-measures segments
available in VIPA relative to conventional resting-state datasets**. Channel rejection
burden was included because extensive channel removal and interpolation can
reduce spatial fidelity and increase noise heterogeneity, which is particularly relevant
for ROI-based spectral summaries and repeated topographical comparisons. A
threshold of 28 rejected channels was retained as a marker of substantial spatial
attrition within the 64-channel montage, while not further reducing the analysable
sample.

Unlike PainWaves, VIPA did not use a multi-tier sensitivity framework. This reflected
both the smaller sample size and the repeated-measures structure of the study, in
which applying progressively stricter thresholds across all sessions rapidly produced
a highly depleted subset that was no longer informative as a robustness check. In
addition, the principal aims of VIPA centred on repeated spectral and aperiodic
analyses, rather than on the broader connectivity and microstate analyses
undertaken in PainWaves. A single pragmatic sensitivity tier was therefore
considered more appropriate, allowing exclusion of clear low-stability recordings
while preserving an interpretable within-subject sample.

6.3.11 Primary spectral analysis

Statistical inference for the primary spectral analysis was implemented in MATLAB
R2025b?* using FieldTrip*” and custom analysis scripts. PSD and ROI-based effect
size estimation, and cluster-based permutation testing were completed in line with
the methodology described in Chapter 4 (Section 4.1.4), analogous to methods used
in PainWaves (Chapter 5, Section 5.3.10). This included a two-sided framework with
5,000 randomisations, a cluster-forming threshold of p<0.05, paired effect size
expressed as Cohen's dz with 95% bootstrap confidence intervals from 5,000
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iterations, and frontocentral (Fz, FC1, FC2, Cz) ROI-based effect sizes used
descriptively to complement the primary cluster-based inference. Two features
distinguished the present implementation from PainWaves: the contrast structure
described below, and the sensor layout in which electrode geometry was derived
from the recorded 64-channel actiCAP positions.

The principal repeated-measures contrast structure compared the pre-intervention
baseline recording with each of the four post-activity recordings in turn and,
separately, with the final post-intervention recording. This framework was used to
determine whether spectral differences from baseline were evident after early or later
post-activity recordings, and whether any differences were present at the overall

session endpoint.

To complement these paired contrast analyses, supplementary linear mixed-effects
models were fitted to ROIl-averaged post-activity band power. These models focused
on the four headset-on post-activity observations and were used to examine whether
post-activity spectral power varied as a function of session order and/or activity
identity. This provided a separate ROI-level assessment of cumulative within-session
effects and activity-specific differences, but was treated as supplementary to the
primary sensor-level cluster-based inference. This is described further in 6.3.14.

6.3.12 Secondary aperiodic-periodic analysis

Aperiodic-periodic decomposition followed the FOOOF/specparam framework
introduced in Chapter 4 (Section 4.1.5) and was implemented as in PainWaves
(Chapter 5, Section 5.3.11), including the use of a fixed aperiodic model,
parameterisation over 2-40Hz, the same Gaussian peak-fitting parameters, and the
same Holm-Bonferroni correction structure applied separately across the aperiodic
outcomes (offset, exponent) and the residual power related to canonical frequency
bands.

Because stable estimation of aperiodic parameters depends on adequate retained
broadband spectral structure, and may be more sensitive than conventional band-
power analysis to shorter retained segments and heavier channel rejection, this
analysis was conducted on the Tier 1 dataset. For each participant and recording
state, ROIl-averaged power spectra were derived from cleaned 2s eyes-closed

epochs and parameterised using the FOOOF/specparam model.

134



Within-subject differences were calculated using the same repeated-measures
contrast structure as the conventional spectral analyses, comparing baseline rsEEG
with each subsequent post-activity recording and, separately, the final post-
intervention recording. Paired t-tests were used as the inferential test for each
FOOOF/specparam-derived outcome, with effect sizes expressed as Cohen's dz and
95% bootstrap confidence intervals (5,000 iterations).

6.3.13 Secondary alpha peak analysis

Individual alpha peak frequency (IAF) and alpha peak power were estimated as in
PainWaves (Chapter 5, Section 5.3.12), using the same posterior (O1, O2, Oz, POz,
Pz, PO3, PO4) and central (C3, Cz, C4) ROIs and methodology introduced in
Chapter 4 (Section 4.1.4). Within-subject differences were assessed using paired t-
tests across the same repeated-measures contrast structure as the conventional

spectral analyses.
6.3.14 Repeated-measures modelling of post-activity EEG effects

To examine whether post-activity rsEEG differed according to the specific VR activity
most recently experienced, linear mixed-effects models were fitted to ROIl-averaged
post-activity band power. These analyses were restricted to the four intermediate
post-activity recordings, because these observations were all acquired under the
same headset-on, black-screen, eyes-closed condition and therefore provided the

most internally standardised basis for repeated-measures modelling.

For each ROI-band outcome, models took the general form: outcome ~ activity +
order_in_session + (1|participant). Activity was treated as a four-level categorical
fixed effect and was therefore represented in the model matrix by three contrast-
coded terms, with one activity serving as the reference level. Order_in_session was
entered as a continuous fixed effect to estimate linear change across the four post-
activity recordings. This model structure allowed activity-related differences to be
estimated whilst adjusting for cumulative within-session order effects. Participant
was included as a random intercept to account for repeated observations within
individuals. Random slope was not used because each participant contributed only
four post-activity observations, making a random-intercept structure the more stable
and interpretable choice.
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The principal ROI-band outcomes examined were those most relevant to the spectral
findings, namely frontocentral alpha, low beta, high beta and broad beta, and
posterior alpha, low beta, high beta and broad beta. Where relevant, exploratory
interaction models of the form outcome ~ activity * order_in_session + (1|participant)
were also examined to assess whether any apparent activity effects were modified
by where in the session that activity occurred.

Model outputs included fixed-effect coefficients, an omnibus test of the activity factor
evaluating whether the set of activity contrasts improved model fit after adjustment
for order in session, an omnibus test of the linear order effect, and pairwise activity
contrasts derived from estimated marginal means where appropriate. Multiplicity
correction was applied to omnibus order effects, omnibus activity effects, pairwise
activity contrasts within outcome, and interaction omnibus effects across the different

dependent variables using Holm-Bonferroni adjustment.
6.3.15 Clinical descriptives and missing-data handling

Participant characteristics and self-reported clinical measures were summarised
descriptively to characterise the fibromyalgia sample and to contextualise the EEG
analyses. Continuous variables were assessed for normality using the Shapiro-Wilk
test and are reported using summary statistics appropriate to their distribution.
Categorical variables are reported as counts and percentages.

Baseline descriptive variables were drawn from the parent feasibility study and
included demographic and symptom measures relevant to fibromyalgia and mood?.
For the present EEG work package, the principal repeated self-report outcomes
were baseline pain VAS, post-activity pain VAS, post-intervention pain VAS, and
MPQ-SF outcomes.

All relevant self-reported data were complete for the analysed dataset, and no

imputation was required.
6.3.16 Models to evaluate EEG-clinical associations

Secondary EEG-clinical association analyses were performed to examine whether
the principal EEG changes related to concurrent or overall changes in pain across
the intervention session. These analyses focused on the main spectral findings
identified from the conventional PSD analyses, namely frontocentral broad beta,

frontocentral low beta, and posterior alpha. Clinical variables were selected to reflect
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either repeated within-session pain response or participant-level overall change

across the intervention session.

Repeated-measures mixed-effects analyses examined associations between EEG
measures and pain ratings collected after VR activities. These models were
restricted to the four post-activity rsEEG recordings and used current post-activity
pain VAS as the primary outcome. The principal model took the form: current activity
pain VAS ~ EEG + baseline_pain_VAS + order_in_session + activity + (1|participant),
thereby accounting for repeated observations within participant, baseline pain
severity, cumulative exposure across the session, and the identity of the immediately
preceding activity. A lag-adjusted sensitivity model additionally included previous
activity pain VAS to address short-lag pain autocorrelation across the session.
Random-intercept models were used because each participant contributed only four
post-activity observations, making more complex random-effects structures less
stable and less interpretable. Mixed-effects models were fitted in MATLAB using
restricted maximum likelihood. Holm-Bonferroni adjustment was used to account for

multiplicity.

Separate participant-level pre-post modelling analyses examined whether overall
session-level EEG change related to overall session-level change in pain outcomes.
These analyses used one row per participant and modelled the change in post-
intervention pain VAS or MPQ-SF outcomes as a function of the change in EEG
metrics. Robust linear regression was used as the principal approach because of the
modest sample size and the possibility of influential observations. Age was included
as a covariate in all participant-level models. Numeric variables were standardised
within the analysed dataset to facilitate coefficient comparability. As above,
multiplicity correction across the primary EEG predictor p-values used Holm-

Bonferroni.
6.4 Results

A total of 23 participants from Data Collection Session 2 contributed repeated-
measures EEG data to the present analysis. Baseline characteristics are
summarised in Table 6.2. Overall, the cohort comprised predominantly middle-aged,
white British females with established fibromyalgia, substantial symptom burden, and

moderate mood symptoms.
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Descriptive self-report data indicated lower pain scores during and after the VR
session. Mean pain VAS was 5.46 £2.35 at baseline, 4.00 £2.13, 4.17 £2.46, 4.09
+2.52, and 4.13 +£2.20 after Activities 1 to 4, respectively, and 4.48 £2.55 post-
intervention. Mean MPQ-SF total score decreased from 21.74 £8.79 pre-intervention
to 16.91 £10.49 post-intervention.

Table 6.2. Baseline participant characteristics for the VIPA-EEG cohort

Characteristic Total n=23
Age in years, mean (SD) 46.4 (13.8)
Female sex, n 20
Ethnicity, n

White British 21

Black/African/Caribbean 1

Other (unspecified) 1

Duration of fibromyalgia diagnosis in years, mean (SD) 4.3 (5.9)

Fibromyalgia Severity (FS) score, mean (SD) 21.7 (4.5)
FIQR total score, mean (SD) 65.4 (16.6)
PHQ-9 score, mean (SD) 14.1 (5.5)
GAD-7 score, mean (SD) 9.9 (5.6)

Values are presented as mean (SD) or n. FIQR, Revised Fibromyalgia Impact Questionnaire; GAD-7, Generalised Anxiety
Disorder-7; PHQ-9, Patient Health Questionnaire-9; SD, standard deviation. Fibromyalgia Severity (FS) score was

calculated as the sum of the Widespread Pain Index (WPI) and Symptom Severity Scale (SSS).

6.4.1 Primary spectral analysis

Across the repeated post-activity contrasts, cluster-based permutation testing
demonstrated recurrent increase in alpha and beta-family power relative to baseline,
with alpha effects becoming stronger across the session. Broad beta was the most
consistent beta-family finding across activities, with low beta also showing
reproducible significant effects. Theta and gamma changes were also observed in
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several post-activity contrasts, but these were more variable across the session and
less central to the overall pattern than the alpha and beta-family effects. Delta
showed no consistent significant change.

The temporal pattern across the repeated contrasts suggested an evolving within-
session spectral response. The earliest post-activity comparison (baseline vs post-
activity 1) was characterised mainly by changes in the low and broad beta bands,
together with additional high beta and gamma effects, indicating that spectral
divergence from baseline was already detectable after the first VR exposure but
remained relatively focused. By post-activity 2 this had broadened to include alpha
and theta, and a similar pattern was seen post-activity 3. Post-activity 4 showed the
clearest alpha effect of the session, occurring alongside continued beta-family effects
and weaker theta and gamma findings. Overall, the repeated contrasts suggested a
progressive within-session broadening of the EEG response, with alpha emerging as
the dominant later-session feature while beta-family changes were present
throughout. All findings were robust to sensitivity analyses.

Across the repeated post-activity contrasts, alpha showed a progressive spatial
expansion across the session. No significant alpha cluster was identified after the
first post-activity recording, whereas the later contrasts showed widespread positive
clusters maximal over posterior regions with increasing extension into central,
frontocentral and frontal electrodes. Broad beta and low beta were expressed
predominantly as posterior-parietal positive clusters, with variable frontocentral
extension that became more marked in the later post-activity contrasts. Low beta
was generally the more spatially extensive sub-band effect, particularly in the final
comparison. High beta and gamma were more posterior-focal in the earlier contrasts
but showed broader central and frontocentral extension by the final post-activity
comparison. Theta effects, when present, were smaller and less spatially consistent,
being largely posterior or centroparietal with variable lateralisation. ROl-based effect-
size estimates are summarised in Figure 6.3, with corresponding post-activity
change topographies shown in Figure 6.4.

The final pre-intervention versus post-intervention comparison showed a more
selective endpoint pattern than the repeated post-activity contrasts (Table 6.3 and
Figure 6.1). Significant increase was observed in alpha, broad beta and low beta, all
of which were robust to sensitivity analyses. The alpha effect was large (Tier 0 dz
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0.75, 95% CI 0.44 to 1.23), with moderate effects observed for broad beta (Tier 0 dz
0.44, 95% CI 0.04 to 0.93) and moderate-large effects for low-beta (Tier 0 dz 0.62,
95% CI 0.27 to 1.03). Delta, theta, high beta and gamma were not significant (Table
6.3). This suggests that although several bands showed transient post-activity
differences during the session, the most stable endpoint effects were concentrated in
alpha and the lower beta range. Alpha was expressed as a widespread positive
cluster, maximal over posterior regions and extending broadly into central and
frontocentral sites, with a similar topography retained in the Tier 1 sensitivity
analysis. Low beta was expressed as a broader positive cluster spanning
frontocentral, central, parietal and posterior electrodes, with this topography largely
retained in the Tier 1 sensitivity analysis. Broad beta was expressed as smaller
positive clusters involving posterior-parietal and frontocentral sites, with a less
spatially stable and more fragmented pattern in the Tier 1 sensitivity analysis. Pre-
post change topographies for alpha, broad beta, low beta and high beta are shown in
Figure 6.2.

Sensitivity analyses supported the same overall interpretation. Alpha remained the
most robust and reproducible finding across tiers and tended to strengthen under the
stricter quality-control threshold. Beta-family effects were also consistent and tended
to strengthen in Tier 1. Theta and gamma effects remained broadly consistent with
higher quality-control thresholds.

Complementary mixed-effects analyses of ROl-averaged post-activity band power
indicated that alpha was primarily characterised by a progressive order-related
increase across the session, whereas beta band differences were more activity-
specific. Fronto-central alpha and posterior alpha both increased significantly with
order in session (fronto-central: 3 0.29, 95% CI 0.13 to 0.45, Holm p=0.003;
posterior: 3 0.39, 95% CI 0.20 to 0.57, Holm p=0.001), with no corrected order
effects observed for beta band measures. No order x activity interaction survived
correction for any outcome. Robust omnibus activity effects were observed for
posterior low beta (F(3,87)=5.82, Holm p=0.009) and posterior broad beta
(F(3,87)=4.97, Holm p=0.022). Holm-corrected pairwise contrasts indicated that
posterior low-beta and broad-beta power were higher following the match-3 and

multitasking activities than following the memory/sequence recall activity.
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Table 6.3. Pre versus post-intervention spectral effect sizes and cluster-level p-
values across primary and sensitivity quality-control tiers

Tier n Delta dz Theta dz Alphadz Betadz Low Beta HighBeta Gamma

(p-value) (p-value) (p-value) (p-value) dz dz dz
(p-value) (p-value) (p-value)
Tier0O 23 -0.10 0.08 0.75 0.44 0.62 0.10 -0.29
(0.375) (0.175) (0.001) (0.006) (0.002) (0.124) (0.368)
Tier1 21 -0.02 0.1 0.76 0.58 0.65 0.28 -0.18

(0.129)  (0.214)  (0.004)  (0.013) (0.004) (0.085) (0.258)

Values show ROI-based Cohen’s dz effect sizes and cluster-level p-values for within-subject rsEEG band-power
differences pre versus post-intervention. n denotes the number of participants retained within each quality-control tier.
Negative dz values indicate lower band power post-intervention. Significant values (p<0.05) are in bold. Frequency bands
were defined as delta 1-3Hz, theta 4-7Hz, alpha 8-12Hz, broad beta 13-30Hz, low beta 13-20Hz, high beta 21-30Hz and
gamma 31-40Hz.
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Figure 6.1. Pre and post-intervention resting-state power spectral density across

quality-control tiers
Mean power spectral density (PSD), averaged across all channels, comparing pre and post-intervention. Shaded

regions indicate 95% confidence intervals around the mean. Panels A and B show Tier O (full cohort) and Tier 1

(n=21) respectively.
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Figure 6.2. Pre-post intervention differences in alpha and beta band power

topographies

Topographies show mean post-pre differences in conventional EEG band power across the scalp for alpha (8-12Hz),
broad beta (13-30Hz), low beta (13-20Hz) and high beta (21-30Hz) in tier 0 (n=22). Red indicates higher band power
following intervention relative to pre-intervention resting-state recordings, while blue indicates lower post-intervention

band power. The maps are presented as descriptive spatial visualisations of the conventional spectral contrasts.
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Figure 6.3. Repeated post-activity alpha, broad beta and low beta effect sizes across

quality-control tiers

Heatmaps show within-subject Cohen’s dz for resting-state spectral power comparing each post-activity recording to
baseline across four sequential VR activities (Activities 1—4). Values represent ROl averaged effect sizes (Cohen’s
dz) corresponding to bands in which cluster-based permutation testing identified significant sensor-level effects.
Asterisks denote cluster-level significance (p<0.05). Colour scale reflects effect size magnitude, truncated to the

observed range.
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Figure 6.4. Alpha and beta band power topographies across sequential activity contrasts

Topographies show mean within-participant differences in conventional EEG band power for each activity relative to
the pre-intervention resting-state recording. The upper row shows alpha-band power differences (8-12Hz), and the
lower row shows broad beta band power differences (13-30Hz). Panels are ordered sequentially from Activity 1 to
Activity 4. Red indicates higher band power following each activity relative to pre-intervention baseline, while blue
indicates lower band power. The maps are presented as descriptive spatial visualisations of activity-related spectral
changes.

6.4.2 Secondary aperiodic-periodic spectral parameterisation

In the pre- versus post-intervention comparison, neither the aperiodic exponent nor
offset changed significantly (exponent: Holm-corrected p=1.000, dz 0.14, 95% CI -
0.25 to 0.68; offset: Holm-corrected p=1.000, dz 0.13, 95% CI -0.29 to 0.69).
Aperiodic-adjusted residual alpha power increased significantly (Holm-corrected
p=0.006, dz 0.85, 95% CI 0.57 to 1.31, Figure 6.5). Figure 6.6 shows the
corresponding group-average FOOOF decomposition, including the original and
fitted spectra and the residual aperiodic-adjusted spectra used to quantify alpha-
band power. Residual low beta also showed an increase at the uncorrected level
(uncorrected p=0.012, dz 0.60, 95% CI 0.19 to 1.13), but this did not survive Holm
correction (p=0.070). Residual broad beta showed a similar direction of effect without

reaching statistical significance after correction (uncorrected p=0.021, dz 0.55, 95%
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C1 0.10 to 1.27; Holm-corrected p=0.106). No significant change was observed in
residual theta, high beta, or gamma.

Across the repeated post-activity contrasts, no consistent change was observed in
aperiodic offset or exponent. Exponent showed small negative shifts across
activities, with the largest effect after Activity 4 (uncorrected p=0.041, dz -0.48, 95%
Cl-1.22 to0 -0.03), but this did not survive correction (Holm-corrected p=0.081).
Offset remained not statistically significant throughout. Residual oscillatory findings
again pointed primarily toward later-session alpha-range enhancement. Residual
alpha increased at the uncorrected level after Activity 3 (p=0.022, dz 0.54, 95% CI
0.21 to 0.91) and more strongly, surviving Holm-Bonferroni correction, after Activity 4
(uncorrected p=0.002, Holm-corrected p=0.020, dz 0.74, 95% CI1 0.43 to 1.22). Other
residual band effects were not statistically significant and inconsistent in direction
and magnitude.

n=21
Cohen's dz = 0.85 [0.57, 1.31]
0.5 4 Holm-adjusted p = 0.006
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Figure 6.5. Pre-post increase in aperiodic-adjusted alpha power following VR

intervention.

Grey points show individual participant post-pre differences in residual alpha power within the predefined
frontocentral ROI. Residual alpha was defined as mean 8-12Hz log10 power after subtraction of the fitted aperiodic
component. The black point shows the mean post-pre difference, with error bars representing the 95% bootstrap
confidence interval. Positive values indicate higher aperiodic-adjusted alpha power after the intervention relative to

the pre-intervention resting-state recording.
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A. Group-average ROl spectrum and aperiodic fit B. Group aperiodic-adjusted ROI spectra
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Figure 6.6. Aperiodic-adjusted frontocentral alpha power post-intervention

Mean frontocentral ROI spectra are shown before and after aperiodic adjustment. Panel A shows the mean ROI power
spectrum and fitted aperiodic component, plotted in log10 power units. Panel B compares pre- and post-intervention
spectra after subtraction of the fitted aperiodic component, shown as aperiodic-adjusted log10 power. The shaded
vertical region indicates the predefined alpha band, 8-12Hz, used for residual alpha extraction. Shaded ribbons indicate

95% confidence intervals around the mean.

6.4.3 Secondary alpha peak analyses

For the occipital ROI, both IAF and alpha peak power increased following the
intervention. In the Tier O pre versus post-intervention comparison, IAF showed a
significant increase (mean difference 0.245Hz, p=0.018), while alpha peak power
demonstrated a larger and more robust increase (mean difference 1.932dB,
p=0.004). This pattern was robust to sensitivity analysis, with similar directional

effects observed in Tier 1.

In contrast, the central ROl showed no evidence of a consistent change in IAF (Tier
0 mean difference 0.134Hz, p=0.352), indicating stability of peak frequency in
sensorimotor regions. However, central alpha peak power increased significantly
following the intervention (mean difference 1.654dB, p=0.002), with consistent

direction and significance in Tier 1.

Across repeated post-activity contrasts, occipital IAF did not demonstrate consistent
changes across activities, with all Tier 0 comparisons remaining not statistically
significant. In contrast, occipital alpha peak power increased significantly following
each activity (mean differences ranging from 1.485 to 2.554dB; p=0.010-0.001), with

the largest effect observed following Activity 4. Central alpha peak power similarly
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increased across all activities (mean differences 1.059-1.951dB; p=0.009-0.002),
while central IAF again showed no consistent change.

6.4.4 EEG-clinical association analyses

In the primary repeated-measures models using current post-activity pain VAS as the
outcome, fronto-central broad beta showed a small positive association with pain at
the uncorrected level (f 0.24, 95% CI 0.00 to 0.48, p=0.048), whereas fronto-central
low beta (B 0.16, 95% CI -0.10 to 0.41, p=0.220) and posterior alpha (8 0.09, 95% CI
-0.15 to0 0.32, p=0.475) were not significant. After Holm correction, none of the EEG
predictors remained significant. Across these models, baseline pain VAS was a
strong positive predictor of current post-activity pain (all p<0.001), whereas order in
session and activity identity were not significant.

In lag-adjusted repeated-measures models additionally including previous post-
activity pain VAS, no significant associations were observed between EEG measures
and current pain ratings for any ROI-band outcome. Fronto-central broad beta and
low beta showed small positive effect estimates, consistent in direction with the
primary models, but these effects were attenuated and no longer approached
statistical significance after adjustment for prior pain. Posterior alpha showed no
evidence of association in either direction. Across all lag-adjusted models, previous
pain VAS remained the strongest predictor of current pain (p<0.001), confirming
substantial short-term autocorrelation within the repeated-measures pain series.
Baseline pain VAS also remained a significant covariate, while neither order in
session nor activity identity demonstrated significant effects after correction.

Participant-level pre-post models similarly provided no clear evidence that overall
change in the principal EEG domains was associated with overall change in post-
intervention pain VAS. Change in fronto-central broad beta ( 0.07, 95% CI -0.38 to
0.52, p=0.753), fronto-central low beta (8 0.07, 95% CI -0.38 to 0.52, p=0.761), and
posterior alpha (B -0.26, 95% CI -0.72 to 0.19, p=0.240) were all not statistically

significant, with no effect surviving Holm correction.

Similar null findings were observed for MPQ-SF total change for fronto-central broad
beta (B 0.05, p=0.825) and fronto-central low beta (3 -0.06, p=0.809). Posterior alpha
showed the strongest participant-level association with MPQ-SF total change (3 -
0.42, 95% CI1 -0.85 to 0.01, p=0.057), but this did not survive Holm correction. In
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additional exploratory posterior-alpha models, greater posterior alpha increase was
associated with greater reduction in MPQ-SF sensory score at the uncorrected level
(B -0.49, 95% CI -0.92 to -0.06, p=0.028), whereas no corresponding association
was observed for MPQ-SF affective change (8 -0.17, p=0.391).

6.5 Discussion

In this repeated-measures rsEEG study of participants with fibromyalgia undergoing
an attention-based immersive VR intervention, the principal findings were increase in
alpha and beta-family band power, particularly broad beta and low beta. Alpha
showed the clearest progressive within-session pattern and the strongest support
after aperiodic parameterisation, whereas broad beta and low beta showed
consistent cluster-corrected conventional band-power increases but weaker residual
evidence after separation of the aperiodic component. The final pre-post comparison
demonstrated significant increases in alpha, broad beta and low beta, while delta,
theta, high beta and gamma were not significant. Aperiodic exponent and offset did
not change, arguing against a global shift in broadband spectral background. In the
aperiodic-adjusted pre-post analysis, residual alpha remained significantly increased,
whereas residual broad beta and low beta showed only nominal increases that did
not survive correction. Alpha peak analyses further supported alpha enhancement,
showing increased occipital and central alpha peak power with little evidence for a
consistent shift in intrinsic alpha frequency. EEG-symptom association analyses did
not identify robust corrected relationships between EEG signal change and pain,
although posterior alpha showed a weak exploratory association with reduction in
MPQ-SF sensory score. These findings suggest that immersive VR exposure in
fibromyalgia is associated with measurable short-term modulation of resting-state
spectral activity, with alpha providing the clearest evidence for a residual oscillatory
change and beta-family effects representing consistent but less specifically resolved
band-power changes.

This EEG secondary analysis extends findings from the parent VIPA feasibility study
by showing that attention-based VR exposure was accompanied by measurable
changes in resting-state neurophysiology. The parent study demonstrated that VR
was acceptable and feasible in fibromyalgia, while also showing variability in
response across systems, virtual environments and activities®. The present EEG
analysis adds a mechanistic layer by demonstrating that resting-state spectral
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features can change following a VR intervention designed for chronic pain. This is
important because most therapeutic VR studies in chronic pain focus on feasibility,
acceptability or symptom outcomes, with comparatively little evidence on whether
immersive exposure is accompanied by changes in candidate neurophysiological
domains> ¢ %2, The present results therefore provide preliminary indicators of EEG
change to support future studies evaluating neurophysiological alteration with

immersive therapeutics.

The present findings sit within a small but growing literature using EEG to study
neurophysiological responses to VR. In spinal cord injury-related neuropathic pain, a
small crossover study (n=15) recorded eyes-open EEG across no-task, 2D screen
and 3D VR conditions and reported reduced relative alpha, increased low gamma
and reduced self-reported pain?!’. In healthy participants, VR modulates alpha and
beta responses during attention and emotional tasks, potentiating task-related alpha
and beta desynchronisation relative to 2D presentation?®!'!:3!2. Experimental pain work
has similarly linked VR analgesia to oscillatory change during or around immersive
exposure, including strategy-dependent gamma and beta effects?!3. The present
study differs from much of this work by examining repeated eyes-closed rsEEG after
VR activities in a fibromyalgia cohort, rather than acute task-state EEG during active
immersion or experimental pain in healthy participants. This distinction matters
because post-activity rsEEG may index residual or evolving neural state following
immersive engagement rather than the immediate electrophysiological correlates of
attention, immersion or analgesia during VR itself.

The alpha enhancement observed in this study is neurophysiologically meaningful
because it was supported by convergent alpha peak findings and a spatial
distribution consistent with established eyes-closed alpha activity. Alpha peak
analyses showed increased alpha peak power across occipital and central ROls with
little evidence of a consistent shift in intrinsic alpha frequency, suggesting increased
alpha prominence rather than a change in alpha timing. This is consistent with
models in which alpha power reflects functional inhibition, sensory gating and
regulation of cortical information flow rather than a passive resting rhythm?3!4315 and
with evidence that alpha is sensitive to immersion, attentional direction and task
difficulty in VR®!1:312_|n the transition from interactive, attentionally demanding VR
tasks to eyes-closed rest, increased alpha may therefore reflect a short-term shift
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toward reduced externally directed sensory engagement, altered attentional set or
post-task recovery. The widespread but posterior-maximal alpha cluster is consistent
with enhancement of typical eyes-closed alpha, while its central and frontocentral
extension, together with the increased central alpha peak power, raises the
possibility of sensorimotor alpha involvement, consistent with the mu rhythm as an
alpha-range oscillation over sensorimotor cortex*'®. Scalp-level resting-state
topography alone cannot, however, definitively separate mu activity from volume-
conducted posterior alpha. These alpha effects are therefore best interpreted as
short-term, state-responsive oscillatory modulation around VR exposure, not as
evidence of disease normalisation, a direct marker of analgesia or a specific

therapeutic mechanism.

Broad beta and low beta were also important spectral findings. Sensor-level cluster-
based permutation testing showed significant positive broad beta and low beta
clusters across all repeated post-activity contrasts and in the final pre-post
comparison, retained in the Tier 1 sensitivity analysis, indicating that beta-family
power changed consistently around VR exposure under conventional band-power
analysis. This is biologically plausible because beta oscillations are linked to
sensorimotor control, maintenance of the current cognitive or motor set, response
selection and top-down regulation of ongoing processing'>! all of which are engaged
by interactive VR tasks requiring visuospatial search, controller-based action,
attentional updating and goal-directed responding. Beta is similarly context-sensitive
in VR-EEG work?3!!-313 and more directly relevant to therapeutic VR, increased beta
and gamma power have been reported during VR-guided meditation in cancer-
related chronic pain, indicating beta sensitivity to the immediate immersive
therapeutic state’®’, and increases in alpha and beta power after VR-based bilateral
arm training in upper-limb rehabilitation’!”. These findings support beta-family activity
as a plausible intervention-sensitive signal, particularly in immersive tasks involving

attention, action selection and sensorimotor engagement.

The absence of consistent aperiodic change is also important. Aperiodic exponent
and offset did not change in the pre-post comparison or across repeated post-activity
contrasts, indicating that the intervention was not associated with a global shift in
broadband spectral background. This helps guard against overinterpreting
conventional band-power changes that could otherwise arise from nonspecific
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spectral slope or offset effects'>”. The persistence of residual alpha after aperiodic
adjustment strengthens the interpretation that the alpha finding reflects true
oscillatory activity rather than broadband change. By contrast, residual broad and
low beta increases were attenuated and did not survive correction. This does not
negate the consistency of beta band effects, but it does reduce confidence that these
effects can be attributed specifically to isolated beta oscillatory modulation. The beta
findings may therefore reflect a combination of oscillatory and broader spectral
influences or may have been insufficiently powered to survive correction after
spectral decomposition. This distinction reinforces the value of periodic-aperiodic
separation in EEG biomarker studies, particularly when interpreting intervention-

related changes in small repeated-measures datasets.

The temporal pattern across the VR session suggests that the neurophysiological
response was not reducible to a single immediate post-task effect. Alpha increased
progressively with order in session in both frontocentral and posterior ROls, with the
strongest post-activity effects emerging later in the session, particularly after the
fourth activity. This pattern is compatible with literature linking alpha power to
attentional gating and state regulation, as well as neurofeedback studies showing
that alpha modulation can evolve across repeated training periods rather than only
reflecting immediate task demand?!#315.318.319 " Alpha enhancement may therefore
reflect cumulative within-session exposure, post-task settling, or an evolving
participant state, rather than the specific identity of the immediately preceding VR
activity. By contrast, beta effects were present from the first activity and remained
more consistent. Mixed-effects modelling of ROIl-averaged post-activity power
identified activity effects for posterior broad beta and posterior low beta, with higher
power after the match-3 and multitasking activities than after the memory/sequence
recall activity. This activity-sensitive pattern is consistent with literature linking beta
activity to sustained visual attention, goal-directed processing, response selection,
motor output and working-memory control!>!: 320323 Match-3 and multitasking tasks
plausibly required more continuous visuospatial search, controller-based
sensorimotor coordination, response selection and updating of task set.
Memory/sequence recall, although less movement-heavy, still plausibly recruited
ordered encoding, anticipation and proactive control, but with less continuous
visuomotor engagement*?* 325, On this interpretation, beta-family activity, particularly
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low beta, may be more sensitive to the attentional-sensorimotor implementation
demands of specific VR activities, while alpha may better reflect a cumulative post-
exposure shift in resting-state balance. This remains theoretical, because activity
identity, order, fatigue, expectation, learning, novelty, relaxation and cumulative
exposure cannot be fully disentangled in this small repeated-measures intervention

study.

The final pre-post comparison should also be interpreted in relation to acquisition
context. The four intermediate post-activity recordings were obtained with the
headset in place and the display set to black, whereas the pre-intervention and final
post-intervention recordings were both obtained without the headset. This makes the
endpoint comparison useful as a session-level contrast, but not identical to the
internally standardised headset-on post-activity sequence. The fact that alpha
increased in both repeated post-activity contrasts and the final post-intervention
contrast strengthens confidence that the alpha effect is not solely a headset-state
artefact. Nevertheless, residual contextual differences remain possible. Future
studies should consider including matched headset-on and headset-off resting
baselines, or a non-VR control condition, to separate the effects of immersive
exposure, headset context, task engagement and repeated rest more clearly.

The symptom association analyses show no clear associations between EEG and
symptom reporting, including pain. Pain VAS and MPQ-SF scores decreased
descriptively across the intervention session, but EEG changes were not robustly
associated with pain outcomes after correction. In repeated-measures models, the
weak association between frontocentral broad beta and current post-activity pain did
not survive correction and was attenuated after adjustment for prior pain ratings,
while previous pain VAS was the strongest predictor of current pain. Participant-level
pre-post models similarly showed no corrected association between changes in
rsEEG signals and changes in pain outcomes. The strongest exploratory signal was
a negative association between posterior alpha increase and reduction in MPQ-SF
sensory score, but this also did not survive correction. These findings should be
interpreted in the context of a feasibility study with limited power for detecting robust
EEG-clinical associations and relatively constrained symptom variability across
individual activities. The absence of corrected EEG-symptom associations therefore
does not exclude a relationship between neurophysiological modulation and clinical
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response but indicates that such a relationship was not detectable in this dataset.
Overall, the findings support physiological responsiveness to immersive VR
exposure rather than proof of therapeutic mechanism or validation of rsEEG change

as a surrogate endpoint for analgesia.

The study has several strengths. It used a within-subject repeated-measures design,
allowing each participant to serve as their own control and increasing sensitivity to
short-term neurophysiological change. EEG was acquired repeatedly across a
structured VR session, enabling both sequential post-activity contrasts and a final
pre-post comparison. The use of a 64-channel active gel-based system provided
relatively high spatial sampling for a repeated-measures intervention study, and all
recordings were processed using an automated reproducible pipeline aligned with
the broader thesis methodology. The analysis also incorporated sensitivity testing,
cluster-based permutation inference, ROI effect quantification, alpha peak analysis
and aperiodic-periodic decomposition. These elements improve interpretability and
reduce the risk that the main findings reflect isolated analytical choices.

Several limitations temper interpretation. The study was a secondary analysis of a
feasibility dataset and did not include a non-VR control condition, sham intervention
or randomised comparator. Of importance, the observed EEG changes cannot be
attributed specifically to VR. The sample size was modest, particularly for mixed-
effects activity modelling and EEG-clinical association analyses. The intervention
session combined multiple activities, cumulative exposure and repeated
measurement, making it difficult to isolate activity-specific mechanisms. Acquisition
context differed between the intermediate headset-on post-activity recordings and
the final headset-off post-intervention recording, which complicates direct
interpretation of session-level endpoint effects. Retained post-clean EEG duration
was shorter than in many conventional rsEEG studies, although quality-control
procedures and sensitivity analyses were used to address this limitation. Finally, the
cohort consisted of participants with fibromyalgia recruited into a feasibility study,
and findings may not generalise to other chronic musculoskeletal pain conditions,

more severe clinical populations or longer therapeutic programmes.

Future work should investigate whether the alpha and beta changes observed here
can be replicated in larger controlled studies and whether they are specific to

immersive VR rather than non-immersive attention tasks, relaxation, repeated rest or
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expectancy effects. Designs including sham VR, non-immersive digital tasks and
passive control conditions would help separate the contribution of immersion,
interactivity and attentional engagement. Longer follow-up would clarify whether
EEG changes are transient post-task phenomena or whether they persist with
repeated therapeutic exposure. Future studies should also evaluate whether
individual differences in baseline EEG, symptom burden, fatigue, cognitive state or
VR tolerability predict neurophysiological response. For future closed-loop VR
development, these findings are most useful as mechanistic context rather than as
candidate real-time control signals. Alpha and beta changes may help characterise
neurophysiological responsivity to immersive VR exposure, but further work is
needed to determine their reliability, durability and relationship to therapeutic

processes or clinical outcomes.

In conclusion, this study provides preliminary evidence that attention-based
immersive VR exposure in fibromyalgia is associated with short-term modulation of
rsEEG, principally involving increased alpha, broad beta and low beta power. Alpha
showed the clearest evidence of a residual oscillatory change after aperiodic
adjustment and was supported by increased alpha peak power across occipital and
central regions. Broad beta and low beta were consistent conventional spectral
findings across the VR session but were less robust after aperiodic separation and
appeared more activity-sensitive than the progressive alpha response. There was no
consistent evidence for a global aperiodic shift, and EEG changes were not robustly
associated with pain change after correction. Overall, immersive VR exposure
appears capable of altering candidate rsEEG domains in fibromyalgia, but these
findings should be interpreted as preliminary evidence of neurophysiological
responsivity rather than evidence of mechanism, durability, clinical efficacy or closed-
loop control validity.

7. Study 3: The VR-FOCUS Study: Investigating eye tracking

during a virtual reality N-back task as a predictor of cognitive

load in chronic pain

This chapter presents the VR-FOCUS study, an experimental investigation of
headset-integrated eye tracking during a graded VR N-back task in adults with and

without chronic musculoskeletal pain. Ocular features are evaluated against
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behavioural performance and subjective workload, and time-series machine learning
classifiers are benchmarked against a conventional summary-feature baseline under
subject-independent cross-validation. The study contributes the state-sensitive
measurement and predictive inference components of the empirical work, with
attention to whether cognitive load inference generalises across a clinically
heterogeneous pain cohort.

Pupil diameter and blink rate increased systematically with task level and subjective
workload in both groups under stable luminance. The principal finding concerned
prediction. Time-series classifiers applied to continuous pupil signals discriminated
low- from high-load task conditions well in healthy controls, with accuracies broadly
comparable across classifier families, whereas the summary-feature baseline
performed close to chance. Performance was attenuated and more variable in the
chronic pain group, despite preserved group-level ocular responses to task demand,
indicating that the temporal structure supporting inference was less consistent in this
cohort. Pupil-derived signals were the most informative, with blink dynamics adding
small reproducible gains only in the chronic pain group. The ROCKET classifier
approached the performance of more complex ensembles at substantially lower
computational cost. Cognitive load inference from embedded eye tracking was
therefore feasible but cohort-sensitive, rather than uniformly generalisable across

chronic pain and healthy control participants.

7.1 Introduction

Chronic musculoskeletal pain is heterogeneous between individuals and fluctuates
within individuals across pain, fatigue, attentional capacity and cognitive effort®-!!- 3¢
37.61,205 A static immersive intervention is unlikely to remain optimally calibrated
across this variation. Cognitive load is one candidate adaptive target. Excessive load
may compromise tolerability, performance and engagement, whereas insufficient
load may reduce attentional capture and limit therapeutic content delivery® !> 3. 198,
199 Inference of cognitive load during immersion would therefore offer a basis for

dynamic adjustment of task demand, pacing or environmental complexity.

Eye tracking is an attractive candidate signal in this context. It is increasingly
integrated within commercially available VR head-mounted displays and acquired

continuously without additional wearable hardware®’- 165 167 Pypil size and blink
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behaviour have well-established associations with cognitive effort in non-immersive
paradigms!7! 173, 176, 180-183,264 " glthough their reliability and interpretability within VR,
and within chronic pain populations in particular, remain insufficiently characterised.
Chronic pain may alter attentional allocation, fatigue, medication exposure and
ocular symptoms in ways that could affect both signal quality and the mapping
between ocular features and inferred load?%>-2%7, Validation in the target population is

therefore a precondition for use in future adaptive systems.

Conventional analyses of ocular workload signals rely on aggregate summary
features such as mean pupil diameter or blink rate, which discard temporal structure
and may underrepresent information available in continuously sampled streams.
Time-series machine learning provides an alternative framework in which the
temporal shape of the signal is treated as informative rather than as nuisance
variation?!!:213, Whether such methods offer incremental value over conventional
approaches in deployable VR contexts remains underexplored, particularly in chronic
pain populations where signal heterogeneity may degrade classifier performance.
Subject-independent evaluation is essential, reflecting the operational reality that an
adaptive system deployed in a new user is unlikely to have access to extensive

within-user calibration data.

VR-FOCUS addresses these gaps using a consumer-grade VR system with
embedded eye tracking and a bespoke graded N-back paradigm. Adults with and
without chronic musculoskeletal pain completed the task under matched conditions,
with eye tracking, behavioural performance and subjective workload acquired
throughout. The N-back paradigm was chosen for its established use as a graded
working-memory load manipulation under controlled environmental conditions?%8-219,
Inclusion of a clinically heterogeneous chronic musculoskeletal pain cohort alongside
healthy controls supported evaluation of whether the same inference framework
remained informative in a population in which signal quality and feature stability
cannot be assumed. Analysis combined a conventional aggregate-feature baseline
with multiple time-series machine learning classifiers, evaluated under subject-

independent cross-validation.

The objective of this study was therefore to determine whether a deployable
embedded sensing modality, interpreted through time-series machine learning, can

support inference of cognitive load during VR cognitively demanding tasks, and
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whether that inference generalises uniformly or is cohort-sensitive across chronic

pain and healthy control participants.

7.2 Study aims

The primary aim of this study was to determine whether eye tracking signals
acquired during a VR N-back task could support inference of cognitive load in both
healthy controls and individuals with chronic musculoskeletal pain.

A secondary aim was to compare conventional summary-feature approaches with
temporally resolved machine learning approaches for the prediction of cognitive load
from eye tracking data, to determine whether temporally sensitive models provide

meaningful advantages for state inference in immersive environments.

An additional aim was to examine whether model performance differed between
healthy controls and individuals with chronic musculoskeletal pain, thereby
assessing whether cognitive load inference from eye tracking was equally
generalisable across groups.

A further exploratory aim was to characterise the relative contribution of pupil-centred
and blink-related features to cognitive load classification within VR, with particular
interest in whether blink-derived features provided incremental value beyond pupil

signals alone.
7.3 Methods
7.3.1 Study design and participants

This study employed an experimental cross-sectional design in which adults with and
without chronic musculoskeletal pain completed a single face-to-face data collection

session.

Participants were recruited into two groups: healthy controls and individuals living
with chronic musculoskeletal pain. Healthy controls were recruited purposively from
the UEA community, restricted to current students and staff within Norwich Medical
School and the School of Health Sciences. Recruitment routes included
standardised email invitations distributed through administrative channels, physical
and digital advertisements, and brief promotion during teaching sessions or
academic meetings with prior gatekeeper approval.
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Participants with chronic musculoskeletal pain were recruited purposively through
two existing UEA research databases: the Norfolk Arthritis Register (NOAR) and the
VIPA study fibromyalgia database. For recruitment through NOAR, individuals likely
to be living with chronic pain were first identified through database filtering
procedures using pain and disability-related variables in addition to relevant
diagnostic fields, in order to generate a list of potentially eligible participants for
contact. These individuals were then approached by telephone to establish interest
and to confirm they had experienced pain on most days for more than 3 months.
Those expressing interest and fulfilling this criterion were directed to the VR-FOCUS
study website for full screening, participant information, and consent procedures. For
recruitment through the VIPA study database, individuals were contacted by email
and directed to the study website. This staged approach allowed database-assisted
identification of likely eligible chronic pain participants while preserving a common

downstream screening and consent pathway across recruitment sources.

Initial screening and consent were conducted through the VR-FOCUS study website
electronically. Interested individuals were directed to the online participant
information sheet (Appendix 7), eligibility screening questions, and electronic
consent form (Appendix 6). Eligible participants who completed online consent were
asked to provide an email address, after which they were assigned a unique
participant identifier and contacted by the research team to arrange an in-person
study session. This process standardised screening and consent across participant
groups while preserving anonymity within the research dataset.

General inclusion criteria for both groups were age 18 years or older, conversational
English, and capacity to provide informed consent. For the chronic pain group,
inclusion additionally required participants to have chronic pain characterised by pain
experienced for 3 months or more. Exclusion criteria were aligned across groups and
aimed to minimise both participant risk and interpretive confounding in ocular
measurement. Participants were excluded if they had any co-morbid condition
exacerbated by exposure to flashing lights or screens, current visual or hearing
impairment preventing use of the VR system, diagnosed cognitive impairment,
current facial injury or other condition making VR use uncomfortable or impractical,

or any co-morbid condition known to significantly affect eye movements or pupil
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reactivity. Healthy controls were additionally excluded if they reported acute or

chronic pain at the time of recruitment.

Each participant attended a single in-person testing session located in a quiet,
private testing room at the UEA. The two-group design served a specific translational
purpose within the thesis. Inclusion of healthy controls allowed evaluation of whether
eye tracking signals varied systematically with graded task demand under relatively
unconstrained physiological conditions, whereas inclusion of a broader chronic
musculoskeletal pain cohort enabled assessment of whether the same state-
inference framework remained informative in a clinically heterogeneous population in
whom pain, fatigue, comorbidity, medication use, and other sources of variability
might plausibly affect signal quality or classifier performance. The design therefore
supported both proof-of-principle testing of cognitive load inference and preliminary
evaluation of its generalisability to a chronic pain context.

7.3.2 Ethics and governance

Ethical approval for the VR-FOCUS study was obtained from the University of East
Anglia (UEA) Faculty of Medicine and Health Research Ethics Sub-committee prior
to study initiation (REC reference: ETH2324-2498, Appendix 5). All study
procedures, including participant recruitment, data collection, and analysis, were
conducted in accordance with this approval and in line with the principles of the

Declaration of Helsinki.

The study involved prospective collection of behavioural, ocular, and questionnaire
data from human participants during immersive virtual reality exposure. Particular
consideration was given to potential risks associated with VR use, including motion
discomfort, visual strain, and sensory sensitivity. The protocol incorporated
predefined exclusion criteria to minimise risk, and participants were monitored
throughout testing with the option to pause or withdraw at any stage without

consequence.

Recruitment through the VIPA and NOAR databases was limited to individuals who
had previously provided formal consent to be re-contacted about future ethically
approved research. This ensured that database-assisted recruitment was conducted
within the scope of prior participant permission and institutional governance

procedures.
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All participants provided written informed consent prior to enrolment. Consent
procedures were conducted electronically via the study website following provision of
a detailed participant information sheet (Appendix 7), and were reconfirmed in
person at the start of the testing session. Participants were assigned unique study
identifiers to ensure anonymity, and no directly identifiable information was included

in the analytical dataset.

Data governance procedures were designed to ensure secure handling of both
identifiable and de-identified data. Identifiable information used for scheduling and
communication was stored separately from research data and accessible only to
authorised members of the research team. All research data, including eye tracking
recordings, behavioural task outputs, and questionnaire responses, were stored on
secure UEA systems in accordance with institutional data protection policies and
General Data Protection Regulation (GDPR) requirements.

7.3.3 VR apparatus and implementation

The hardware, software and calibration framework for VR-FOCUS is described in
Chapter 4 (Section 4.2). Within the present study, all data were collected using a
single Pico Neo 3 Pro Eye headset, deployed offline with task and eye tracking data
written directly to device storage and headset output mirrored to a research laptop
via USB-C for real-time researcher observation. Participants remained seated
throughout testing and used a handheld controller for response input. Before task
commencement, headset fit and interpupillary distance were adjusted individually,
after which the standardised five-point eye tracking calibration was performed using
the Tobii Ocumen workflow until predefined bias and precision criteria were met
(Chapter 4, Section 4.2.1).

7.3.4 VR N-back task design and virtual environment

A bespoke graded VR N-back task was developed with five conditions: Baseline, 1-
Back, 2-Back, 3-Back, and 4-Back. The conceptual rationale for the N-back
paradigm and its suitability as a working-memory load manipulation is described in
Chapter 4 (4.2.2). The Baseline condition functioned as a minimal-load control
without target-matching demands, while the 1- to 4-Back conditions provided
progressively greater active working-memory challenge. A load range up to 4-Back

was selected to provide a broad graded manipulation while remaining feasible and
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interpretable within a brief VR protocol for a pragmatic chronic pain cohort. Although
higher-load variants are reported in the experimental N-back literature, task
demands increase substantially with increasing N, and the present design prioritised

a balance between cognitive challenge, tolerability and stable repeated sampling.

Each task block presented 40 letter stimuli. This was a pragmatic design choice
rather than a fixed N-back convention, intended to provide sufficient repeated
observations for behavioural, pupillometric and time-series modelling analyses while
helping to keep total VR exposure below 20 minutes. This duration cap was informed
by prior feasibility work within the broader programme?® and consistent with guidance
suggesting that shorter VR sessions may help mitigate cybersickness and adaptation
effects3?¢. The use of letter stimuli supported a simple and familiar working-memory
structure that did not require complex semantic interpretation or visuospatial
navigation, allowed difficulty to be modulated primarily through memory demands
rather than scene content, and supported repeated ocular sampling across many
trials within each task block.

For each active N-back block, 10 target matches were inserted, corresponding to
25% of total trials. A target proportion of 25% has precedent in N-back work?¢? and
was selected here to provide enough target events for stable performance estimation
without making the task overly predictable®?’. Lures were also incorporated into the
higher-load conditions. A lure was defined as a letter appearing one step before a
true match would ordinarily occur. The rationale for including lures was
methodological rather than simply to increase difficulty. Lures increase interference
and false-alarm pressure??8, allowing task performance to be characterised using
signal-detection measures such as discrimination index (d') and response bias (c)
rather than relying on raw accuracy alone*?’. A modest lure proportion of
approximately 15-20% of stimuli was used, aimed to increase interference without

allowing lure events to dominate the sequence structure.

Letter sequences were generated algorithmically within the application rather than
being fixed in advance. Sequence generation was random but constrained so that
the required number of true N-back matches was guaranteed and lure stimuli were
inserted according to predefined task logic. As a result, repeated completion of the
same task level did not present an identical sequence, while preserving the intended
target and lure counts for that condition. This was an intentional design choice so
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that if a participant had to repeat a task, or if a repeated-task paradigm were created

within future work, identical task sequences would not bias results.

Stimulus timing was selected as a compromise between established N-back
practice, participant tolerability and downstream analytic utility. Each letter was
displayed for 750ms, followed by a 2000ms inter-trial interval. In the broader N-back
literature, stimuli are commonly presented for around 500ms3%° followed by a delay
or interstimulus interval of one to several seconds, with 2000ms intervals also
reported*°. The slightly longer 750ms display duration used here preserved
readability and comfort in-headset, particularly in a cohort that included people with
chronic pain and other comorbidities, while remaining within the timing range used in

prior N-back work.

Each task began with a 10s fixation cross. Pre-task fixation periods are
methodologically important in pupillometry because they help stabilise gaze, reduce
uncontrolled eye-position variability, and provide a local reference against which
subsequent task-evoked pupil changes can be interpreted!’ !>, In the present study,
the fixation period also served a pragmatic purpose by providing a brief baseline
immediately before each task block within a repeated multi-block VR design,
allowing ocular activity to settle after task transitions while avoiding a substantially
longer pre-task interval that might increase visual fatigue or reduce tolerability.

Participants responded using a single trigger button on a handheld controller when
they detected a stimulus identified as a match. If a letter was present on screen at
the time of response, that letter was underlined to provide input feedback, but no
accuracy feedback was given. The absence of trial-by-trial accuracy feedback was
intentional, because explicit performance feedback could influence subjective
workload ratings, emotional response or task strategy across blocks, thereby

introducing variance unrelated to the intended cognitive load manipulation.

Task ordering balanced standardisation and control of order effects. Baseline and 1-
Back were always completed first, ensuring that participants initially encountered the
least demanding conditions to support task understanding before progressing to
more difficult tasks. The 2-, 3- and 4-Back conditions were then administered
according to one of six pre-defined counterbalanced orders, reducing the risk that
systematic sequencing effects would be confounded with task difficulty while
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preserving a predictable early structure that supported familiarisation with the task
and controller response format. Before each task block, participants reviewed a short
in-headset video tutorial to ensure understanding of the current task rules and
response requirements, minimising the risk that early behavioural or ocular
responses would reflect misunderstanding rather than the intended cognitive load

manipulation.

The task was delivered within a deliberately constrained virtual environment
designed to minimise unnecessary visual variability across task blocks. The
surrounding space was neutral grey with a darker floor, and all task instructions and
letter stimuli were presented in dull white text on a darker grey rectangular panel
positioned centrally in the participant's field of view. There was no requirement for
locomotion or deliberate body movement within the scene. Participants remained

seated, and the task display remained spatially stable throughout each block.

Frame-level luminance was logged using the standard linear RGB-to-luminance
transform described in Chapter 4 (Section 4.2.3). Mean luminance, standard
deviation and coefficient of variation were derived for each task block. Luminance
remained highly stable across task conditions, supporting later interpretation of pupil-
diameter changes as primarily task-related rather than driven by scene-level

luminance differences.
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Figure 7.1. Overview of VR-FOCUS experimental setup, in-headset task display,

Trigger button
used to register
input

and N-back procedure

C. The baseline task acted as a control condition with minimal load, the 1-Back task was the least difficult
active task and the 4-Back task was the most difficult active task.

7.3.5 Data logging

Data capture and logging followed the framework described in Chapter 4. Within VR-
FOCUS, raw eye tracking exports were retained in .ocumen format alongside
behavioural task logs, calibration summaries, luminance records and questionnaire
outputs. All files were written directly to headset storage and extracted after testing,
with subsequent scripted generation of participant-level derivative datasets rather

than manual consolidation.
7.3.6 Experimental procedure

Prior to VR use, participants completed the baseline questionnaires and were briefed
on the equipment and tasks. This included being shown short tutorial videos
explaining each task. Understanding was confirmed verbally before using VR.

After putting the headset on, participants first completed the standardised eye
tracking calibration. They were given the option to refresh their memory of a task by
watching the short video tutorial again in VR before starting. Each task began with a
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10s fixation cross to collect that task’s baseline eye tracking metrics and give a
period of time for the pupil to stabilise. Participants pressed the controller trigger
when they detected a match. If a letter was present on screen at the time, that letter
underlined to provide input feedback (Figure 7.1, Panel B). No accuracy feedback

was given.

Tasks were performed in a fixed order for the first two conditions (Baseline, 1-Back),
followed by a pre-randomised allocation (counterbalanced, six pre-defined task
orders) for the order in which they completed the 2-, 3-, and 4-Back tasks. This was
to account for the risk of order effect on task difficulty, pupil metrics and cognitive

load.

After each task, participants completed brief VR questionnaires using the handheld
controller. Following all tasks, participants removed the VR system and completed
the Virtual Reality Sickness Questionnaire (VRSQ) on paper prior to debrief.

7.3.7 Measures

A comprehensive set of subjective, behavioural and physiological measures was
collected during a single in-person session to characterise baseline health status,
task performance, cognitive load and ocular responses. All questionnaires were
administered in English. Digital forms were used for all measures except the Pain
Catastrophising Scale, which was completed on paper.

Participants first completed a baseline characteristics questionnaire that captured
demographic information, previous exposure to technology, medical comorbidities
and regular medications. Individuals with chronic musculoskeletal pain additionally
completed validated patient-reported outcome measures to quantify symptom
severity and functional impact. These comprised the PROMIS Pain Intensity (Short
Form 3a)**! and PROMIS Pain Interference (Short Form 8a)**! instruments, providing
structured assessments of pain severity and its disruption to day-to-day activity. They
also completed the Pain Catastrophising Scale*** and provided single-item numeric
ratings of current pain and fatigue intensity on a 0-10 scale. Together, these
assessments enabled detailed characterisation of the chronic pain cohort and
provided data on potential covariates for subsequent analyses.

Task performance was recorded automatically for each N-back level except
Baseline. For each stimulus sequence, the system logged the number of correctly
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identified targets, those responded to that were incorrect, false alarms to lure stimuli,
and reaction times. These raw metrics were used to derive discrimination index (d’; a
participant’s ability to distinguish targets from non-targets) and response bias (c; a
participant’s tendency to respond more liberally or conservatively) according to
standard signal-detection conventions?!% 327, These measures allowed quantification
of working-memory performance and supported analyses of how behaviour related

to subjective load and physiological responses.

Continuous eye tracking data were captured during every task block, with
timestamped pupil diameter and gaze direction in three-dimensional space recorded
at 60-90Hz for both eyes and written directly to device storage. Missing samples
arising from blinks were processed according to predefined temporal criteria as
described in the Data Preprocessing section. These ocular metrics comprised the
primary physiological measures used to investigate cognitive load, evaluate
relationships with subjective and behavioural metrics, and train time-series

classifiers.

After completing each N-back block, participants remained in the VR environment
and completed a brief set of subjective ratings using a continuous sliding scale.
Cognitive workload was assessed using the NASA Task Load Index**3, which
includes six dimensions rated from 0 to 100, and an adapted version of the one-item
PAAS scale**, recorded on a 0-9 scale in VR and subsequently rescaled to align
with conventional scoring (1-9). Participants also rated current pain and fatigue
intensity using blinded 0—100 visual analogue scales. A seven-item subjective
experience questionnaire developed for this study assessed immersion, comfort,
anxiety, ability to maintain attention, difficulty focusing, motivation and engagement.
These additional measures provided contextual information about users’ experiences

and potential sources of variance in eye tracking or performance data.

Immediately after removal of the headset, participants completed the Virtual Reality
Sickness Questionnaire?*>. This nine-item measure quantified the presence and
severity of VR side effects, including disorientation, nausea and oculomotor
discomfort. These data allowed assessment of tolerability of the VR protocol and

examination of group-level differences in adverse effects.

165



Measure selection was guided by the need to characterise a clinically heterogeneous
pain cohort, capture factors that could plausibly affect ocular signals or task
performance, and keep in-headset assessment brief enough for repeated
administration after each task block. PROMIS short forms were selected because
they are calibrated using item response theory, are applicable across
musculoskeletal diagnoses and generate T-scores referenced to the US general
population, allowing participants with inflammatory arthritis, osteoarthritis and
fibromyalgia to be described using a common metric with relatively low burden, while
recognising that these reference norms may not fully reflect a UK population33!-33¢,
Pain intensity and interference were both assessed because they represent distinct
core outcome domains?’. The PCS was included because catastrophising has been
associated with pain-related attentional bias and poorer cognitive performance in the
presence of pain'®, making it a plausible contributor to variation in both task
performance and ocular responses. Current pain and fatigue were also recorded
because both may influence cognitive performance and ocular behaviour at the time
of testing independently of task demand.

Two complementary measures were used to assess cognitive workload. The NASA-
TLX is a widely used multidimensional workload instrument that distinguishes mental
demand from effort, perceived performance and frustration, while its unweighted
form reduces administration burden and has shown comparable performance to the
weighted version33* 337, The single-item PAAS scale provided a rapid measure of
invested mental effort suitable for repeated administration and sensitive to variation
in cognitive load*** 3%, The VRSQ was selected in preference to the Simulator
Sickness Questionnaire because it was developed specifically for VR-related
symptoms?*¥, while its use in the parent feasibility study® also enabled tolerability to
be considered consistently across studies. Bespoke experience items captured
immersion, comfort and engagement, for which no single brief validated instrument
was suited to repeated in-headset administration within this protocol. Standardised
measures of depressive and anxiety symptoms were not included in order to limit
pre-task burden, which restricts interpretation of mood as a potential contributor to

group differences.

Appendix 2 provides further detail on all measures used.
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7.3.8 Sample size and power

A formal a priori sample size calculation was not undertaken. Recruitment was
determined pragmatically by feasibility within the available study period, while aiming
to provide sufficient independent participants for subject-level machine learning
evaluation. The final analysed sample comprised 84 participants, including 42
healthy controls and 42 individuals with chronic musculoskeletal pain.

Post hoc sensitivity estimates were calculated to contextualise, rather than justify,
the final sample size. Under a simplified two-tailed paired-comparison framework
with a=0.05, a sample of 84 would provide 80% power to detect a within-subject
effect of approximately Cohen’s dz=0.31. Within each subgroup separately, a sample
of 42 would provide 80% power to detect a within-subject effect of approximately
dz=0.45. These estimates should be interpreted cautiously, because the main
analytical framework was not limited to simple paired comparisons and included
task-level mixed-effects models, exploratory group comparisons, and subject-

independent machine learning analyses.

For the predictive analyses, the key constraint was the number of independent
participants rather than the total number of repeated observations. Under grouped
leave-one-subject-out cross-validation, all observations from a given participant were
withheld together at each iteration, meaning that effective sample size for subject-
independent generalisation was determined by participant number. The sample was
therefore considered suitable for feasibility testing of cognitive-load classification and
for detecting moderate repeated-measures effects, but not for providing definitive
population-level effect estimates or precise estimates of out-of-sample classifier

performance.
7.3.9 Data preprocessing and feature extraction

Eye tracking preprocessing followed the framework described in Chapter 4 (Section
4.2.4). All study-specific preprocessing parameters were applied as specified in
Chapter 4, including 90Hz to 60Hz nearest-neighbour downsampling, blink duration
criteria (50-500ms), the local SD-based interpolation mask with reference windows at
100ms before blink onset and 150ms after blink offset, and cubic spline
reconstruction with linear fallback. Both summary-feature and time-series

representations were generated, with summary features comprising mean pupil
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diameter and blink rate at task-block level, and time-series representations retaining
pupil trajectories together with a binary blink-indicator channel for machine learning

analyses.

Additional derived variables were created from behavioural and questionnaire data.
Unweighted NASA-TLX scores were used. Behavioural summary variables included
discrimination index (d') and response bias (c) calculated according to standard
signal-detection conventions (Appendix 2)?!%327. These derived features were
combined with the ocular data in analysis-ready datasets for conventional statistical

modelling and time-series classification.
7.3.10 Processed eye tracking data quality

Quality of the eye tracking dataset was evaluated using structured audit outputs
generated during preprocessing. These metrics were used to characterise eye
tracking calibration quality, signal completeness, interpolation burden, and overall
usability for downstream statistical and machine learning analyses.

Calibration metrics were available for all 84 participants, comprising 142 calibration
attempts in total. Final calibration was achieved on the first attempt for 69% of
participants (n=58) with a mean of 1.69 attempts per participant (median 1, range 1-
10). Using the predefined in-study calibration criteria of bias <3°, precision <1°, and
valid samples at all calibration points, 95.2% of participants (n=80) met threshold on
their final attempt. On the final calibration, mean precision error across participants
was 0.25° £0.13, with a mean maximum precision of 0.61°, while mean bias error
was 0.62° £0.27, with a mean maximum bias of 1.21°. Here, precision reflects the
consistency or repeatability of gaze samples, whereas bias reflects the average
spatial offset from the intended calibration target. These values indicate generally
stable binocular tracking quality within the standalone VR system. Additional
descriptive review showed that 20.2% of participants (n=17) wore glasses during VR
and a further 9.5% (n=8) were usual glasses wearers who completed VR without
them. Wearing glasses during VR was not associated with more calibration attempts
or poorer final precision, although mean final bias was modestly higher (mean bias
0.76° vs 0.58°; mean maximum bias 1.54° vs 1.13°). However, final calibration pass
rates remained high in both those who wore glasses in VR (94.1%) and those who
did not (95.5%). For the four participants who did not meet all predefined calibration
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thresholds, calibration quality was reviewed visually at the point of acquisition prior to
task commencement and judged acceptable overall, with deviation limited to a
minimal domain that was not considered sufficient to compromise tracking quality for

the study outcomes. These participants were therefore allowed to proceed.

Across the analysed dataset, 61.9% of participants (n=52) were recorded at 60Hz
and 38.1% (n=32) at 90Hz, with 90Hz recordings downsampled to 60Hz prior to
analysis as described in Chapter 4. Blink interpolation burden across participants
was modest but variable, with a mean of 7.37% £ 4.27 of task time reconstructed by
interpolation (median 6.00%, IQR 4.35-10.00, range 0.59-21.49). Longer missing-
data segments exceeding 500ms were uncommon overall, contributing a mean of
0.14% = 0.32 of total task duration per participant (median 0.00%, IQR 0.00-0.16,
range 0.00-2.32), although 36.9% of participants (n=31) had at least one such
segment. No participant data were excluded, and no task blocks were removed from
the analysed dataset. Beyond blink-related interpolation and infrequent longer
deleted missing-data segments, no additional recurring source of unusable pupil
data was identified during preprocessing. Taken together, these findings indicate that
both calibration quality and processed pupil-data quality were stable across the
cohort, with expected pragmatic variability related primarily to repeated headset
fitting and blink-associated loss rather than widespread failure of ocular signal
acquisition. Visual inspection of preprocessed pupil time series confirmed
preservation of physiologically plausible signal structure, including expected peri-
stimulus dynamics and absence of sustained artefactual drift.

7.3.11 Inferential framework

The inferential strategy was structured around two complementary levels of analysis.
First, conventional descriptive analyses were used to characterise behavioural,
ocular, and subjective-workload measures across task-defined cognitive load
conditions and between groups. Linear mixed-effects models were then used to
evaluate task-related and subjective workload-related changes in eye tracking
outcomes, while also assessing group effects and group-by-task interactions. In this
framework, task level (Baseline, 1-Back, 2-Back, 3-Back, 4-Back) was treated as a
within-subject factor and group (healthy control versus chronic pain) as a between-
subject factor, with participant ID included as a random effect to account for repeated
observations within individuals. Second, predictive analyses addressed a distinct
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inferential question, namely whether cognitive load state could be classified in
unseen participants from eye tracking data under subject-level separation. In line
with the framework set out in Chapter 4, the primary predictive endpoint emphasised
subject-independent binary low versus high-load contrasts, particularly 1-Back
versus 4-Back, with broader multiclass analyses treated as secondary.

7.3.12 Statistical analysis

Conventional analyses were conducted in R (v4.4.3)*%°. Continuous variables were
assessed for normality using the Shapiro—Wilk test and summarised as mean + SD
for normal or median [IQR] for non-normal data. Categorical variables were reported
as frequencies and percentages. Associations between pupil diameter, blink rate,
and cognitive-load scores (NASA-TLX, PAAS) were evaluated using linear mixed-
effects models with participant ID as a random effect. Models adjusted for group,
age, task order, sampling resolution, and fatigue, with exploratory analyses including
anxiety, engagement, perceived difficulty, attention consistency, and performance
indices (d', c). Effect size was reported using B-coefficient with 95% confidence
intervals. Model diagnostics were inspected visually. All tests of statistical
significance were two-tailed with a=0.05 and p-values reported where appropriate.

7.3.13 Predictive models

Predictive modelling followed the framework described in Chapter 4 (Section 4.3).
Time-series classification was implemented in Python (v3.12)**° using the AEON
toolkit (v1.1)?!3. The same preprocessing pipeline was applied uniformly to both
healthy controls and chronic pain participants to preserve methodological symmetry
across groups, with all preprocessing parameters (winsorisation, z-scoring, mean
imputation) estimated on training data only and applied unchanged to the held-out
participant in each fold to avoid information leakage.

The logistic regression baseline used pre-specified task-level summary features
comprising mean left pupil diameter and blink rate, with no automated feature
selection, interaction terms or non-linear transformations applied. The primary
multivariate feature set for time-series classifiers comprised left-eye pupil diameter
and a binary blink-indicator channel. Default AEON hyperparameters were used, with
stochastic components initialised using fixed random seeds for reproducibility. For
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computational feasibility, the maximum training time for HIVE-COTE 2.0 was
contracted to eight minutes per cross-validation fold.

Principal classification analyses focused on the binary 1-Back versus 4-Back
contrast, conducted separately within healthy controls and chronic pain groups, with
N-back levels used as class labels. Performance was reported using pooled out-of-
fold metrics as specified in Chapter 4 (Section 4.3.3), including accuracy with Wilson
95% confidence intervals, alongside sensitivity, specificity and confusion matrices.
ROC AUC was computed only for classifiers producing probabilistic outputs;
ROCKET, which does not generate class probabilities, was summarised using
accuracy, sensitivity, specificity and confusion matrices alone.

To assess whether age contributed to between-group differences in classifier
performance, exploratory linear regression was used to model participant-level
classification accuracy as a function of age and group, with an age-by-group
interaction tested. Regression coefficients () and two-tailed p-values are reported.

Computational tractability was assessed pragmatically alongside predictive
performance. Runtime was not prospectively benchmarked for all models; however,
fold-level runtime logs were available for most classifiers. Where available, runtime
was recorded as seconds per cross-validation fold and summarised across grouped
LOSO folds, with reported runtimes averaged across the corresponding healthy
control and chronic pain runs to provide a single comparative estimate per classifier.
All timed analyses were run locally on a MacBook Pro with Apple M5 processor, 10-
core CPU, 24 GB RAM, running macOS Tahoe 26.3.1. These runtime estimates
were therefore treated as pragmatic local execution benchmarks rather than formal

hardware-independent measures of computational complexity.

Exploratory time-series regression of continuous subjective workload used
ROCKETRegressor*’* as described in Chapter 4 (Section 4.3.2). Each case
represented one participant completing one task level, with the pupil time series for
that task as the input and the corresponding NASA-TLX total score as the regression
target. Models were run separately in healthy controls and chronic pain participants
using grouped LOSO cross-validation, ensuring that all task-level observations from
the held-out participant were excluded from training. The input feature used across
all task levels and participants was left pupil diameter. Performance was summarised

171



using Pearson correlation between predicted and observed NASA-TLX scores and
mean absolute error (MAE) in NASA-TLX units, both reported as mean +SD across

cross-validation folds.
7.4 Results

A total of 84 participants were included with equal numbers in the healthy control and
chronic pain groups (n=42 per group). Table 7.1 summarises participant
characteristics between groups. For those with previous VR exposure (n=56, 67%),

most reported rare or one-off use (n=47, 84%).

Most participants in the chronic pain group had complex multimorbidity, with 93%
(n=39) reporting two or more long-term conditions and 95% (n=40) taking at least
two regular medications. The most common diagnoses were inflammatory arthritis
such as rheumatoid or psoriatic Arthritis (n=35, 83%), osteoarthritis (n=21, 50%),
fibromyalgia (n=12, 29%) and autoimmune connective tissue disease (n=6, 14%).
Over a quarter of participants (26%, n=11) reported an eye condition such as dry
eyes or Sjogren’s syndrome. Opioid use was reported in 45% (oral morphine
equivalent 2.11 £6.49mg, range 1.5-40mg daily). Regular eye-drop use (n=9, 21%),
medications with anticholinergic effects (n=12, 29%), and selective serotonin
reuptake inhibitors (SSRIs) or serotonin-norepinephrine reuptake inhibitors (SNRIs)
(n=13, 31%) were also frequent. In contrast, only 33% (n=14) of the healthy control
group were diagnosed with a medical condition (none of which caused regular pain),
with most on no regular medication or a single medication (Table 7.1).

Baseline symptom burden in the chronic pain group was moderate, with mean pain
and fatigue scores of 3.9 £1.8 and 5.6 +2.4 respectively. Only four participants (10%)
reported severe pain (NRS 27/10). PROMIS Pain Intensity T-scores were mildly
elevated relative to population norms (51.7 £5.9), whereas Pain Interference was in
the moderate range (61.6 +£8.3). Pain catastrophising levels were modest overall,
with mean PCS scores (20.1 £13.5) below commonly used thresholds for high

catastrophising (>30).

172



Table 7.1. Baseline participant characteristics for the VR-FOCUS cohort

Healthy controls Chronic pain
Characteristic

(n=42) (n=42)
Age in years, mean (SD) 35.3 (12.2) 57.8 (11.4)
Gender, n (%)
Male 13 (31%) 8 (19%)
Female 29 (69%) 34 (81%)
Ethnicity, n (%)
White 31 (74%) 41 (98%)
Non-white 11 (26%) 1 (2%)
Education level, n (%)
Up to A level 9 (21%) 19 (45%)
University 33 (79%) 16 (38%)
Previous VR Exposure, n (%) 34 (81%) 22 (52%)
Number of Medical Conditions,

. 0 (0-1) 5 (3-6)

median (IQR)
Number of Regular Medications,

0 (0-1) 5 (3-7)

median (IQR)

Data are n (%) unless otherwise stated. IQR, interquartile range; SD, standard deviation; VR, virtual reality.
7.4.1 Descriptive task-level outcomes across VR N-back levels
7.4.1.1 Performance indices

Performance declined with increasing task level in both groups, with the steepest

reductions occurring between 1-Back and 3-Back (Figure 7.2).

When comparing the groups, healthy controls achieved more correct responses
(“hits”) at all task levels (Figure 7.2, Panel A). Ability to discriminate between true
targets and false alarms (d') showed a similar pattern, except at the 3-Back level

(Figure 7.2, Panel B). Response bias (c) became more conservative with increasing
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Hits (median)

task load in both groups. The chronic pain group demonstrated more conservative
bias across 1-Back through 3-Back, with higher bias at lower task load (Figure 7.2,
Panel C).

Mean reaction times for both “hits” and “false alarms” were faster in the healthy
control group (difference in means 36.7ms and 17.5ms, respectively), with mean “hit”
reaction times being faster than with “false alarms” overall. Detailed task-level
medians and exploratory between-group comparisons for hits, d’, ¢ and mean hit

reaction time are provided in Appendix 4, Table A4.1.
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Figure 7.2. Performance indices across tasks and between groups

Task performance across increasing N-back load for healthy control and chronic pain participants. Panel A shows

the median number of correct target responses (“hits”) at each task level. Panel B shows discrimination index (d’),
with higher values indicating better discrimination between target and non-target stimuli. Panel C shows response
bias (c), with higher positive values indicating a more conservative response tendency and lower values indicating
a more liberal tendency to respond “target”. Points show group medians and error bars show variability around the

median.

7.4.1.2 Participant-reported cognitive load and post-task measures

Similar patterns were observed across all self-reported post-task measures of
cognitive load, with the NASA-TLX total, mental demand subscale and PAAS
measures increasing sharply from Baseline through 3-Back before stabilising (Figure
7.3, Panels A-C).

Group differences were uniformly small across all levels and measures, with similar

reporting of cognitive load in both the healthy control and chronic pain groups.
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Perceived difficulty maintaining task focus increased with the task level. Clear
between-group differences emerged from 3-Back onwards, with participants in the
chronic pain group reporting greater difficulty with the higher N-back levels.

Motivation and engagement ratings remained high across all task levels, with median
scores above 90/100 from 1-Back onwards in both groups. Additional participant-
reported task-level summaries, including pain, fatigue, workload, focus difficulty,
immersion, comfort, motivation and engagement, are provided in Appendix 4, Table
A4.2.
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Figure 7.3. Participant-reported post-task measures across tasks and between

groups

Subjective task ratings across increasing N-back load for healthy control and chronic pain participants. Panel A
shows total NASA-TLX score, Panel B shows NASA-TLX mental demand sub-score, Panel C shows PAAS
cognitive load ratings rescaled to 0-100 for comparability, and Panel D shows self-reported difficulty in focusing.
Higher scores indicate greater perceived workload, mental demand, cognitive load or difficulty maintaining focus.

Points show group medians and error bars show variability around the median.
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7.4.2 Pupil diameter and blink rate

Mean pupil diameter increased from Baseline to 2-Back in both groups and then
remained stable through 3-Back and 4-Back (Figure 7.4, Panels A-B). Blink rate
showed a similar early increase in both groups, but whereas it continued to rise
across higher task levels in the chronic pain group, it plateaued from 2-Back

onwards in healthy controls (Figure 7.4, Panel C).
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Figure 7.4. Trends in pupil diameter and blink rate across N-back levels and between
groups

Eye tracking measures across baseline and increasing N-back levels for healthy control and chronic pain
participants. Panel A shows mean pupil diameter in millimetres. Panel B shows change in mean pupil diameter

relative to baseline. Panel C shows median blink rate in blinks per minute. Points show group summary values

and error bars show variability around the summary estimate.

7.4.2.1 Relationship between eye tracking features and cognitive load

Mixed-effects models showed that higher subjective cognitive load predicted larger
pupil dilation, with significant effects for NASA-TLX total (B-coefficient 0.009, 95% CI
0.009-0.010, p<0.001) and PAAS scores (B-coefficient 0.051, 95% CI 0.045-0.058,
p<0.001). These effects were consistent across both groups, with no group
difference in overall pupil change from Baseline to 4-Back (p=0.196). Higher
cognitive load also predicted increased blink rate, with significant effects for NASA-
TLX (B-coefficient 0.187, 95% CI 0.139-0.234, p<0.001) and PAAS (B-coefficient
1.081, 95% CI 0.827-1.335, p<0.001), again with no group-level differences.

Replacing subjective ratings with N-back level as the predictor produced the same
overall pattern. Relative to Baseline, each task level was associated with greater
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pupil dilation (model-estimated mean difference in pupil diameter: 1-Back +0.252mm,;
2-Back +0.435mm; 3-Back +0.478mm; 4-Back +0.455mm); all p<0.001), with most of
the increase occurring by 3-Back. Using 1-Back as the reference condition yielded
analogous results, with pupil dilation significantly greater in the 2-, 3- and 4-Back
tasks (all p<0.001), supporting the use of these contrasts in subsequent classification
analyses. Blink rate demonstrated a similar increase with N-back level, with
significantly higher blink rate at each task level compared with Baseline (all p<0.001).
For both eye tracking features, no group effect or group-by-task interaction was
observed after adjustment.

Age was positively associated with both pupil size (p=0.019) and blink rate
(p=0.015), although including age as a covariate did not alter the task or group
effects. Pain and fatigue scores were not associated with either pupil size or blink
rate. However, several behavioural and oculomotor indicators showed associations
with both pupil size and blink rate, including performance indices (d' and c) and self-
reported difficulty focusing on the task (all p<0.001).

7.4.3 Predictive models
7.4.3.1 Logistic regression

A logistic regression model using summary eye tracking features showed limited
discriminative value for classifying low-load (1-Back) versus high-load (4-Back).
Using mean pupil size alone, accuracy was 0.56 (95% CIl 0.45-0.66, AUC 0.57) in
healthy controls and 0.51 (95% CI 0.41-0.61, AUC 0.53) in the chronic pain group.
Including blink rate provided only a small improvement, with accuracies reaching
0.60 (AUC 0.62-0.63). These values remain close to chance-level performance,
indicating that simple aggregate pupil and blink metrics have limited discriminative
value for this contrast.

7.4.3.2 Time-series classifiers

Evaluation of a diverse range of time-series classifiers (Table 7.2) showed
consistently high accuracy for distinguishing 1-Back from 4-Back task levels in
healthy controls using pupil-derived signals, with broadly comparable performance
across classifiers. In contrast, classification performance in the chronic pain group
was attenuated and showed greater inter-individual variability. Adding a blink-mask

as a second time-series feature had negligible impact in healthy controls but
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produced small, reproducible gains in the chronic pain group, suggesting additional
discriminative information carried by blink dynamics in this group.

Accuracy across classifiers ranged between 0.71-0.87 in healthy controls and 0.56-
0.66 in the chronic pain group (Table 7.2). A comparison of ROC curves between
groups for classifiers that produce probabilistic estimates is shown in Figure 7.5.
Given its computational efficiency, consistent behaviour across folds and
performance, ROCKET was selected as the primary exemplar, with corresponding
contingency tables presented in Figure 7.6. In healthy controls, ROCKET’s pooled
confusion matrix showed a clear diagonal structure with minimal misclassification,
and both sensitivity and specificity on held-out participants were substantially above

chance.

Including blinks in the form of a blink mask as an additional time-series feature made
little difference in healthy controls but yielded small, consistent gains in the chronic
pain group. ROCKET showed a modest improvement in accuracy from 0.64 to 0.70
in the 1-Back versus 4-Back comparison with similar effects observed across other
classifiers. These findings suggest that blink dynamics may provide complementary
discriminative information in chronic pain, possibly reflecting altered oculomotor

stability or compensatory blink patterns under cognitive load.

Given that earlier mixed-effects models identified age as a potential confounder,
exploratory linear regression was conducted to evaluate whether age contributed to
classification accuracy. In a model including both age and group, age showed no
meaningful association with accuracy (B-coefficient —0.0006, p=0.793), accounting
for less than 0.1% of explained variance. In contrast, group membership was
associated with accuracy after adjusting for age (3-coefficient +0.1882, p=0.018),
indicating higher classification accuracy in healthy controls than in participants with
chronic pain. No age-group interaction was observed, suggesting that age does not
differentially affect accuracy across groups.

Computational tractability differed substantially between classifiers. QUANT was
fastest (0.79s/fold; 33.1s total), followed by ROCKET (18.0s/fold; 12.6min total),
whereas DrCIF was markedly slower (21.2min/fold; 14.9h total). HIVE-COTE 2.0
was unfeasible to run uncontracted on the local development machine and was

therefore contracted to 8 minutes per fold. Estimates averaged over 30 prior
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classification experiments conducted by aeon developers suggest that an

uncontracted full run would be approximately 11.5 times slower than DrCIF

(approximately 243.8min/fold; 171.4h total).

Table 7.2. Classifier accuracy metrics for 1-Back and 4-Back class labels with left

pupil size as signal input

Accuracy ROC AUC Sensitivity Specificity
Classifier HC CP HC CP HC CP HC CP
ROCKET 0.87 064 N/A NA 0.81 0.67 0.93 0.62
HIVE-COTE2.0 083 0.61 091 0.66 0.79 0.57 0.88 0.64
DrCIF 085 0.66 0.92 0.65 0.81 0.64 0.88 0.67
Rotation Forest 0.82 0.60 090 0.72 0.76 0.50 0.88 0.69
QUANT 0.71 056 N/A N/A 0.71 0.52 0.71  0.60

Values show classifier performance for binary classification of lower versus higher load (1-Back versus 4-

Back) using continuous left pupil diameter time-series data. Accuracy represents the proportion of correctly

classified cases. ROC AUC is reported only for classifiers generating probabilistic outputs. Sensitivity

indicates the proportion of 4-back cases correctly classified, and specificity indicates the proportion of 1-back

cases correctly classified. HC, healthy controls; CP, chronic pain; ROC AUC, receiver operating characteristic

area under the curve; N/A, not available.
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Figure 7.5: ROC curves for 1-Back vs 4-Back across HIVE-COTE 2.0, Rotation
Forest and DrCIF classifiers (left pupil size only)

Receiver operating characteristic (ROC) curves for classifier performance in healthy control and chronic pain
groups using continuous left pupil diameter as the input signal. Panel A shows cross-validated out-of-fold ROC
curves for healthy controls. Panel B shows cross-validated out-of-fold ROC curves for participants with chronic
pain. Curves are shown for HIVE-COTE 2.0, Rotation Forest and DrCIF classifiers. The dashed diagonal line
indicates chance-level discrimination. Area under the curve (AUC) values are shown in the legend, with higher
values indicating better separation of 1-back and 4-back task classes.
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Figure 7.6: Normalised confusion matrices for 1-Back vs 4-Back ROCKET

classification (left pupil size only)

Normalised confusion matrices for the ROCKET classifier using continuous left pupil diameter as the input signal.
Panel A shows classification performance in healthy controls and Panel B shows classification performance in
participants with chronic pain. Rows indicate the true task class and columns indicate the predicted class. Values
represent the proportion of cases within each true class. Correct classifications are shown on the diagonal.
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7.4.3.3 Exploratory time-series regression

Exploratory regression modelling of continuous NASA-TLX scores broadly paralleled
the classification findings, with stronger performance in healthy controls than in
participants with chronic pain. Using left pupil size across all task levels, ROCKET
Regressor achieved moderate fold-level association with NASA-TLX in healthy
controls (Pearson r 0.70 £0.30; MAE 12.5 £5.2). Performance was weaker and more
variable in the chronic pain group (Pearson r 0.50 +0.40; MAE 15.0 +5.8).

7.4.4 Adverse effects and task acceptability

VR tasks were well tolerated, with overall adverse effects remaining low across
participants. Median Virtual Reality Sickness Questionnaire (VRSQ) scores were 8.3
[4.2-15.8] out of 100, indicating minimal cybersickness symptoms during the
protocol. Although participants with chronic pain reported higher VRSQ scores than
healthy controls (12.5 [6.7—17.3] versus 4.2 [4.2—12.5], p=0.006, r=0.34), absolute
symptom levels were still low in both groups. Pain and fatigue VAS scores were
higher in participants with chronic pain but remained stable across N-back levels,
with a slight downward trend in median pain scores between Baseline (18.0, [9.3-
25.3] and 4-Back (10.5, [1.0-19.0]). Domain-level VRSQ tolerability scores are
provided in Appendix 4, Table A4.3.

7.5 Discussion

This study investigated whether consumer-grade, VR-integrated eye tracking can
provide objective markers of cognitive load that could inform future closed-loop pain
therapeutics, in healthy adults and a pragmatic, clinically heterogeneous cohort with
chronic musculoskeletal pain. Increasing N-back level led to poorer performance and
higher subjective workload; in parallel, pupil diameter and blink rate changed
systematically with task level and workload under stable luminance. Simple models
based on aggregate pupil and blink features showed limited discrimination of low
versus high load, whereas time-series classifiers achieved higher participant-level
performance, particularly in healthy controls. Although mixed-effects models
indicated broadly similar mean task-evoked ocular responses across groups,
classification performance was lower and more variable in chronic pain. This
variability did not appear attributable to age and underscores the additional

challenges of modelling cognitive load in chronic pain groups, motivating cohort-
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sensitive and participant-calibrated approaches. Overall, these findings support VR-
embedded eye tracking as a feasible biosignal for cognitive-load estimation, while
highlighting the need for personalised models for translation to closed-loop

applications in chronic pain.

The present results extend a large evidence-base demonstrating task-evoked
pupillary responses (TEPRSs) as sensitive indices of cognitive effort in working-
memory paradigms, including the N-back!’¢: 1%, TEPRs are widely interpreted as
reflecting engagement of arousal and cognitive control systems, including the locus
coeruleus—noradrenergic system, with pupil diameter typically increasing with
cognitive load and stabilising or attenuating as demands approach capacity!’%34!. In
this N-back paradigm, mean pupil diameter increased from Baseline to 2-Back and
then remained comparatively stable through 3-Back and 4-Back, broadly mirroring
trajectories in performance and subjective workload, and consistent with a capacity-

related plateau at higher levels.

The magnitude of pupillary change (approximately 0.2 to 0.6 mm) falls within ranges
reported in laboratory pupillometry studies of mental workload**?. Metrological work
also indicates that video-based eye trackers can resolve sub-millimetre changes
under controlled conditions, supporting the physiological interpretability of fractional-
millimetre effects when luminance and data quality are appropriately managed?#. In
VR, additional measurement considerations apply (for example, gaze-angle
dependent pupil-size artefacts), reinforcing the value of centrally presented stimuli
and stabilised luminance across blocks!® 344, Together with prior VR studies
indicating that pupil dynamics can track cognitive load when luminance is controlled
or modelled®*:34 these findings support the practicality of headset-integrated

pupillometry for workload estimation in immersive applications.

Blink rate also increased with task level and subjective workload, but its
interpretation is more context-dependent than pupil dilation. Blink suppression is
frequently reported when continuous visual sampling demands are high!8!. 184347,
whereas other studies have shown increased blink rate with tasks requiring
sustained mental effort and internally focused processing!®* %3, In this task, blink rate
increased systematically from Baseline to 2-Back, with a relative plateau thereafter.
Notably, blink rate was higher overall in the chronic pain cohort. Exploratory clinical-

context models did not identify a consistent pattern suggesting that pain severity,
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pain interference, pain catastrophising, diagnosis, medication burden, opioid
exposure, anticholinergic medication or SSRI/SNRI use explained pupil diameter or
blink-rate outcomes (Appendix 4, Table A4.4). Despite this, higher blink rate in the
chronic pain cohort may still reflect broader clinical factors and processes, including
autonomic dysregulation, ocular surface symptoms, fatigue, medication exposure or
unmeasured co-morbidity!'®°. These results argue against blink counts as a
standalone marker of cognitive load in VR but support their inclusion within
multivariate models that account for task structure, viewing conditions, and individual

differences.

The neurobiology of blinking helps to explain why blink behaviour may carry task-
relevant information despite its limited specificity. Blinking is governed by partially
overlapping brainstem, subcortical and cortical circuits that integrate ocular-surface
input with central influences related to attention, arousal and motor control®#8.
Spontaneous blink rate has also been linked to dopaminergic function through
pharmacological, clinical and cognitive studies*#, although human PET and
pharmacological studies have not demonstrated a simple relationship with striatal
dopamine receptor availability or dopaminergic stimulation®>°. Blink rate should
therefore not be interpreted as a direct proxy for central dopamine. More
consistently, the timing of blinks varies with information-processing demands. Blinks
tend to occur before and after periods of sustained processing®! and can be adapted
strategically according to when relevant visual information is expected?>2. Blink-
related increases in default-mode network activity and decreases in dorsal attention
network activity have also been reported during attentive viewing, consistent with
transient attentional disengagement?®>3. As blinking briefly interrupts visual input and
is accompanied by neural suppression of visual sensitivity***, its timing may therefore
provide information about how attention is organised across a task rather than
indexing a single underlying neurophysiological process.

This framework provides a plausible interpretation of the present findings without
attributing changes in blink rate to a single mechanism. The 750ms stimulus followed
by a 2000ms interstimulus interval created a predictable temporal structure in which
blinks could be suppressed during stimulus presentation and occur during periods in
which visual information was less critical. Previous working-memory studies have

reported increased event-related blinking during memory updating and switching
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between maintenance and updating states*>, although these processes were
isolated using paradigms specifically designed to manipulate working-memory gating
and cannot be mapped directly onto N-back level. In the present task, increasing N-
back level increased working-memory and monitoring demands without changing the
frequency of stimulus presentation. The accompanying increase in blink rate is
therefore more cautiously interpreted as reflecting changes in task-related

processing and the temporal organisation of attention.

The chronic pain cohort showed marginally poorer task performance, slower reaction
times and greater subjective difficulty maintaining focus at higher N-back levels,
despite broadly similar group-level ocular responses. This is consistent with
evidence that chronic pain can be associated with attentional dysregulation and
impairment in working memory and executive function, particularly in older adults
and those with higher pain interference?** 2%, Experimental studies also indicate that
pain can disrupt N-back performance and increase false alarms, consistent with
competition between nociceptive and task-related processing for limited cognitive

resources3*°.

Physiologically, the absence of marked group differences in mean task-related
pupillary response suggests that chronic pain did not simply blunt pupillary
responsivity to cognitive load. Instead, the machine learning analyses highlight more
nuanced alterations in how ocular dynamics relate to task demands at the individual
level. Time-series classifiers discriminated low versus high load more reliably in
healthy controls than in the chronic pain group, with increased off-diagonal
misclassifications under leave-one-subject-out cross-validation. Despite age
differences between groups, linear regression showed no significant association
between age and classifier performance, providing reassurance that this pattern is
not solely age-driven. A plausible interpretation is that chronic pain is associated with
increased variability in the temporal coupling between cognitive demand and ocular
responses, rather than a uniform shift in mean physiology. This supports the view
that chronic pain does not represent a single cognitive phenotype, and motivates
participant-calibrated and cohort-sensitive modelling approaches for future
biomarker-informed or adaptive systems.

Immersive VR is increasingly used as a non-pharmacological adjunct for both acute
and chronic pain, typically through reallocation of attentional resources away from
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pain (attentional modulation), movement-based activities, skills training or
psychoeducational approaches®. Systematic reviews and recent randomised
controlled trials report improvement in pain-related outcomes across multiple clinical
contexts, although effect sizes are variable and uncertainty remains around dosing,
mechanisms and target populations® 7> 8%- 85 Most deployed or evaluated VR
interventions remain open-loop, with fixed content that does not adapt to patients’
cognitive load, symptom burden or fatigue.

The present findings suggest a pathway toward adaptive VR therapeutics that
explicitly monitor and regulate cognitive load. A closed-loop system could combine
pupillometry, blink dynamics and performance features to estimate whether a user is
under-challenged, optimally engaged or overloaded, then adjust task difficulty,
interaction demands, or sensory richness in real time. When load is below a
personalised engagement target or “flow range”, the system might increase goal-
directed interaction to sustain attention. When overload is detected, it could simplify
tasks or transition to calmer content to limit fatigue and disengagement. In chronic
pain populations, where baseline cognitive strain and symptoms fluctuate, the
observed variability supports the design of algorithms that accommodate
heterogeneity rather than assuming a fixed mapping between ocular dynamics and
cognitive load.

Computational tractability is also central to the translational pathway. Future closed-
loop VR systems would require models that generate reliable state estimates with
low latency and limited on-device computational burden, rather than simply
maximising offline classification performance. In the present analyses, higher-
capacity classifiers such as DrCIF and HIVE-COTE 2.0 were useful offline
comparators but imposed substantially greater runtime demands, whereas ROCKET
provided a more favourable balance between discriminative performance and
practical feasibility. This supports the view that model selection for adaptive VR
therapeutics should consider accuracy, generalisability and deployability together.

To improve prediction accuracy and real-time feasibility further, cognitive-load
estimation may benefit from integrating complementary signals that capture different
aspects of task engagement. Prior work in non-clinical domains suggests that no
single physiological measure generalises across all tasks and contexts, and that
combining complementary features may improve robustness or interpretability of
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workload estimation in certain settings!8® ¥, Multimodal approaches, including
complementary biosignals such as heart-rate variability or EEG where feasible, may
help disentangle cognitive effort from arousal and affective responses, though their
incremental benefit should be weighed against added complexity. Critically,
cognitive-load adaptation must be aligned with therapeutic intent: some interventions
may aim to sustain moderate-high demand and engagement (for example, attention-
based and CBT modules), while others may target reduced cognitive load (for
example, mindfulness-oriented VR). Closed-loop control should therefore be guided
by theory-driven therapeutic targets, not engagement alone.

Several methodological components strengthen the interpretation of this work. The
study used a consumer-available VR headset with integrated binocular eye tracking,
demonstrating that informative pupil and blink signals can be obtained within a
realistic deployment setting outside tightly constrained laboratory conditions.
Cognitive load was manipulated with a well-characterised N-back task and quantified
using complementary measures, including validated self-report instruments (NASA-
TLX, PAAS) and signal-detection performance metrics. Eye tracking was analysed
as continuous time series across task blocks to preserve temporal ocular dynamics,
luminance was logged and controlled at the block level, and preprocessing and
feature extraction were embedded within cross-validation folds to reduce leakage.
Performance was evaluated across multiple open-access, state-of-the-art time-series
classifiers under leave-one-subject-out cross-validation, providing a conservative

estimate of participant-level generalisation and supporting reproducibility.

Limitations do remain in this study. The single-session design precludes conclusions
regarding within-person stability across days and fluctuating symptom states. The
chronic pain sample was clinically representative but heterogeneous, comprising
multiple diagnoses, comorbidities, and medication exposures that influence cognition
and ocular physiology. Larger studies with stratified sampling and richer phenotyping
are needed. The absence of a demographically matched control group limits
interpretation of between-group comparisons. Pain severity and impact were
generally low-to-moderate, limiting generalisability to more severe or disabling pain.
The N-back task provides a controlled probe of cognitive load but does not capture
the full complexity of therapeutic VR experiences. While luminance was controlled
here, therapeutic VR will typically involve greater visual and luminance variability that
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will need to be explicitly modelled to support future real-world closed-loop use. The
acquired data were also heterogeneous at the signal level, combining two headset
sampling rates and requiring interpolation across blink-related gaps. This was
handled within preprocessing but made the classification problem more demanding
than a uniformly standardised laboratory dataset would present. The analytical
workflow was narrowed pragmatically toward pupil-centred inputs and binary load
contrasts to obtain stable estimates, so the classifier comparisons are best
interpreted as evidence on the feasibility and relative suitability of different model
families rather than as a definitive ranking of classifier performance. Finally, all
machine-learning models were trained and evaluated using internal cross-validation,
and no independent external dataset was available for validation. As such, the
generalisability of the classification results beyond the present sample remains to be
established. Moreover, all analyses were conducted offline on desktop hardware;
translation to real-time implementation on standalone VR devices will require

additional engineering, model optimisation and prospective validation.

Future research should prioritise replication in larger and more diverse chronic pain
cohorts, longitudinal studies across varying pain and fatigue states, and study of
alternative VR hardware and eye tracking pipelines. Prospective trials should test
whether cognitive-load-adaptive control improves engagement, tolerability, and
clinical outcomes compared with open-loop VR within ecologically valid therapeutic
applications. Translational progress will require close collaboration between
clinicians, VR developers, and machine-learning researchers to ensure robustness
to device heterogeneity and missing or noisy data, alongside acceptability,

interpretability, and strong data governance.

In conclusion, this study provides initial evidence that consumer-grade VR-integrated
eye tracking captures task-evoked changes consistent with cognitive load during a
VR N-back task in adults with and without chronic musculoskeletal pain. While
summary pupil and blink features offered limited discrimination of low versus high
load, time-series machine learning classifiers that utilise temporal dynamics
achieved higher discriminative performance, with performance attenuated and more
variable in the chronic pain group. These findings support VR-embedded eye

tracking as a practical route to estimating cognitive load in immersive settings, and
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motivate participant-calibrated, externally validated approaches as next steps toward
safe, clinically meaningful closed-loop VR interventions.

8. Synthesis

This chapter synthesises findings from the three empirical studies and considers
their joint implications for the development of future closed-loop VR therapeutics in
chronic musculoskeletal pain. Points of convergence and divergence between the
EEG and eye tracking work are drawn out, alongside their respective implications for
sensor selection, adaptation targets and decision logic in future adaptive systems.
Methodological contributions are summarised, cumulative limitations spanning
sample composition, temporal stability and multimodal integration are considered,
and priorities for the next phase of research are set out.

8.1 Outcomes from the empirical studies

Across the three studies, the central message is that mechanistic biomarker
investigation, embedded state-sensitive sensing and predictive modelling serve
different translational purposes. PainWaves and VIPA-EEG contribute mainly to
mechanistic phenotyping, where the priority is to identify candidate
neurophysiological features that may act as future stratification tools or targets for
closed-loop therapeutics, rather than to develop immediately deployable control
signals. VR-FOCUS contributes to embedded sensing and inference, where the
priority is to test whether headset-derived signals can support prediction of user state
in a form that could eventually inform adaptation. Together, the studies identify beta
band activity, alpha state-responsiveness and ocular cognitive-load inference as
candidate components for further development. This chapter synthesises the
findings by clarifying what each component contributes, what role it might play in
future adaptive VR, and what evidence is still needed before these foundations could
be translated into clinically useful immersive therapeutics for chronic musculoskeletal

pain.
8.1.1 Beta band rsEEG activity

Beta band activity recurs across the EEG studies, although its meaning differs
between them. In PainWaves, frontocentral beta power was lower in twins with CWP
with effects strengthening under stricter quality-control thresholds and surviving in
MZ pairs at high beta. In VIPA-EEG, broad beta and low beta increased after VR
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exposure in fibromyalgia, with the effect present from the first post-activity recording
and partly activity-sensitive at posterior sites. The directional contrast between
reduced beta in CWP and increased beta after immersive exposure in fibromyalgia is
suggestive of a normalisation pattern, with VR shifting beta band activity in the
opposite direction to the CWP-associated reduction observed at trait level. This
interpretation is plausible but requires caution.

The two cohorts differed in important ways. PainWaves recruited older participants
from a population-based twin registry, TwinsUK, and selected twin pairs discordant
for a questionnaire-derived CWP phenotype, with relatively mild overall symptom
burden. In contrast, VIPA-EEG recruited a clinical fibromyalgia cohort with high
symptom burden, moderate depressive symptoms and greater age variability, with a
lower mean age overall (mean age 46.4 £13.8 years, versus 69.9 +8.1 years in
PainWaves). The acquisition systems also differed, with Pain\WWaves using a 32-
channel sponge-based passive electrode system and VIPA-EEG a 64-channel gel-
based active electrode system. PainWaves examined cross-sectional within-pair
differences whereas VIPA-EEG examined within-subject pre-post change. VIPA-EEG
had no non-VR control condition, which limits attribution of the observed change to
immersive exposure specifically rather than to repeated rest, expectancy or VR-
independent task effects. Beta in VIPA-EEG was also more sensitive to aperiodic

adjustment than alpha, attenuating the strength of the residual oscillatory claim.

Despite these constraints, the recurrence of beta across two methodologically
independent EEG datasets in chronic musculoskeletal pain populations adds
incremental support to the broader literature implicating beta band alterations in
chronic pain pathophysiology, including work linking beta to sensorimotor regulation,
top-down control and indirect indices of inhibitory function!>! 152156 Beta-range
physiology emerges as the most consistent candidate domain for future mechanistic
work in chronic musculoskeletal pain across the empirical studies. Pain\WWaves
provides more confidence that the trait-level signal is indeed related to CWP rather
than being influenced by genetic or environmental factors, and VIPA-EEG provides
preliminary evidence that beta band activity is responsive to immersive intervention
in a fiboromyalgia cohort. Neither study supports a strong mechanistic claim in
isolation, but the recurrence of the same frequency band alteration in two
independent datasets is more informative than either dataset alone.
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8.1.2 Alpha as a more state-responsive rhythm

Alpha occupied a different position across the EEG studies. In PainWaves, alpha
alterations were secondary, with lower effect sizes and a more central topographic
focus. In VIPA-EEG, alpha was the strongest and most robust spectral effect of VR
exposure, with the clearest evidence for residual oscillatory change after aperiodic
separation, a progressive within-session trajectory, and convergent alpha peak
power increases across occipital and central ROIs. These findings suggest that
alpha may be more state-responsive than trait-defining in chronic musculoskeletal
pain, at least within the cohorts and acquisition contexts examined here. This is
broadly consistent with established models in which alpha is linked to functional
inhibition, sensory gating and regulation of cortical information flow rather than

representing a passive resting rhythm3!4.315,

The interpretation has translational implications. If alpha is more sensitive to within-
session context than to long-term pain status, it may be useful as an index of
immersive engagement, post-task settling or attentional reallocation rather than as a
candidate diagnostic biomarker for chronic pain. The within-session alpha increase
observed in VIPA-EEG is notable in this respect, as it dissociates alpha from
immediate task-specific responses and aligns it more closely with cumulative within-
session processes. Alpha may therefore be more appropriate as a candidate process
indicator within future adaptive systems, useful for monitoring whether an
intervention is producing the intended state shift, rather than as a target of
mechanistic engagement itself.

8.1.3 VR-embedded eye tracking as a signal for state inference

VR-FOCUS demonstrated that ocular signals captured through VR-embedded eye
tracking respond systematically to graded cognitive demand. Mean pupil diameter
and blink rate increased with N-back level under stable luminance in both groups,
mixed-effects models linked these features to subjective workload, and continuous
pupil signals supported subject-independent discrimination of cognitive load
conditions. These patterns are broadly consistent with the established cognitive load
literature, in which task-evoked pupillary dilation, blink dynamics and fixation
behaviour have been shown to index working memory load, attentional allocation
and arousal!’!:176.264.357 ‘\What VR-FOCUS contributes is the demonstration that the
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same broad pattern is recoverable from a consumer-grade head-mounted VR
system, during completion of cognitively challenging tasks in a VR environment,
under pragmatic conditions consistent with eventual deployment in a therapeutic VR

context, in both healthy controls and people with chronic musculoskeletal pain.

Despite this, there are several translational limitations that need to be addressed
before integration into a consumer-available VR therapeutic would be possible.
Acquisition was confined to a single VR eye tracking system (Pico Neo 3 Pro Eye
with Tobii binocular eye tracking) under controlled luminance, with seated
participants and standardised ambient conditions. Pupil responses are sensitive to
light, gaze direction and arousal states that may be unrelated to cognitive load, so
deployment beyond this constrained setting would need to account for these
confounds. This includes testing in more realistic, chronic pain-relevant VR
applications, where cognitive demand is likely to occur alongside visual stimulation,
movement and affective engagement. Longitudinal within-person stability across
days, symptom states, medication exposure and time of day was not characterised,
with only a cross-sectional measurement per participant collected. Generalisation to
different VR systems, different usage environments and over longer or more variable

session structures has not been tested.

The clearest population-level observation was that mean ocular responses to graded
task demand were preserved across groups, but classifier performance dropped in
chronic pain participants in a way that age did not explain. The moment-to-moment
coupling between cognitive demand and ocular dynamics is therefore more
individually variable in the chronic musculoskeletal pain population, consistent with
the wider literature on heterogeneity in chronic pain phenotypes, treatment response
and within-person symptom fluctuation®!!:3¢. VR-embedded eye tracking is therefore
a useful candidate signal for state inference in future adaptive VR systems, but its
utility in any given system will be conditioned on the cohort it is built for and on
accommodating the inter- and intra-individual variability of that cohort.

8.1.4 Machine learning in the VR-FOCUS study

Machine learning was used in VR-FOCUS as an analytical tool to evaluate whether
continuous ocular signals captured through VR-embedded eye tracking carried

enough information to discriminate between cognitive load conditions in previously
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unseen participants. It was not used as a way of explaining how cognitive load is
generated, nor was it intended to differentiate between different types of cognitive
load. The main outcome was that time-series classifiers trained on continuous data
outperformed logistic regression using summary features for binary cognitive load
discrimination in healthy controls and produced more modest but still informative
discrimination in chronic pain. VR-FOCUS investigated several time-series classifier
families, including convolution kernel-based, interval-based, vector-based, and a
meta-ensemble incorporating further dictionary-based and shapelet-based methods.
These methods extract discriminative information from the pupil time series in
different ways. Broadly comparable performance suggests that the discriminative
information was not confined to one very specific representation of the data. Instead,
it suggests that the pupil time series contained task-related temporal information that
could be detected using different modelling approaches.

ROCKET in particular offered a parsimonious, computationally efficient solution that
approached the performance of more complex ensemble approaches, suggesting
that strong predictive accuracy and plausible deployment efficiency are not
necessarily in conflict in this context. Although it produced lower accuracy in both
groups, QUANT still outperformed logistic regression and was 23 times faster per
fold than ROCKET when run on a local machine. This is encouraging for future
closed-loop VR systems that may require offline, on-device classification to support

data privacy.

Some limitations should be kept in mind when interpreting this work. Classification of
N-back level is not equivalent to direct estimation of an internal latent cognitive state.
The labels used in these analyses were operational task labels, meaning the models
discriminated between task conditions associated with differing cognitive demand
rather than measuring cognitive load itself. All VR-FOCUS analyses were also
performed offline on desktop hardware. Translation to real-time implementation will
require additional engineering, model adaptation and prospective validation. For
future closed-loop interventions, it will be necessary to evaluate on-device inference
latency, computational burden and robustness to missing or noisy data. This includes
determining whether model compression or TinyML-style deployment could support
efficient local execution on headset processors or associated embedded hardware,
and whether ‘on-chip’, edge-based or cloud-based architectures offer the best
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balance between latency, power consumption, privacy, reliability and predictive
performance. Even with these limitations, the machine learning work in VR-FOCUS
provides a foundational methodological starting point for state inference to inform

future adaptive or closed-loop VR work.

8.2 Implications for the design of future closed-loop VR therapeutics

8.2.1 Informing future system design requirements

A useful adaptive VR system for chronic pain requires three things working together:
a sense of what is biologically worth targeting, a means of measuring user state
during the intervention, and a rule for adjusting the intervention in response.
PainWaves and VIPA-EEG address the first of these requirements, VR-FOCUS
addresses the second, and partly the third. None of the completed studies address
the rule that links a state estimate to a change in the intervention itself, and the work
does not implement a closed-loop system. What it provides is groundwork for the
components that sit underneath the eventual decision logic.

This framing is broadly consistent with closed-loop and just-in-time adaptive
intervention models in which decision logic, tailoring variables and modifiable
intervention components are treated as distinct elements!?+22%:230_ 1t is also
consistent with current MRC guidance on complex intervention development, which
emphasises programme theory, feasibility, context, implementation and iterative
refinement as components of evaluation rather than as preparatory stages prior to a

single definitive trial'?>.
8.2.2 Sensor selection in light of the present findings

The sensor selection rationale developed in Chapter 2 anticipated several of the
trade-offs that emerged across the empirical work. PainWaves demonstrated that
informative rsEEG features can be acquired at scale using a pragmatic 32-channel
sponge-based system, applied by non-specialist operators, within a broader
research workflow. This provides reassurance that mechanistic EEG investigation
does not have to be confined to high-density gel-based laboratory acquisition and
supports the use of pragmatic EEG acquisition approaches for collecting data at
scale in larger participant cohorts. Limitations of the pragmatic system were also
evident, particularly in the moderately variable retained data length and quality
across participants. VIPA-EEG complemented this by showing that a 64-channel gel-

193



based system can be used effectively in a repeated-measures intervention context,
while also illustrating how VR hardware and session design can constrain EEG
acquisition. The combination of an EEG cap, VR-HMD, repeated post-activity
recordings and participant-burden considerations meant that post-clean retained

durations were modest relative to conventional resting-state datasets.

For closed-loop VR specifically, neither EEG acquisition approach is well suited to
routine use as an in-session control signal in consumer-facing systems. Use for this
purpose would require affordable, comfortable dry-electrode hardware with reliable
scalp contact, stable signal quality and sufficient robustness to movement and
headset-related artefact. These requirements are not yet available for routine closed-
loop use in consumer VR. The PainWaves and VIPA-EEG findings therefore support
the position advanced in Chapter 2 that rsEEG is most useful as a mechanistic
measure that can inform what an adaptive intervention should seek to engage or
modify, rather than as a practical real-time control signal for current headset-based
VR systems. VR-FOCUS supports the complementary positioning of eye tracking as
the principal candidate state-sensitive signal for current adaptive VR development.
Eye tracking is increasingly integrated into commercially available VR headsets, and
as shown in VR-FOCUS, signals can be acquired continuously during the same task
that delivers the intervention to support discrimination of task-defined cognitive load
in pragmatic conditions®’- 196: 167 Given these empirical findings, future closed-loop
VR interventions in chronic musculoskeletal pain should plan sensor deployment
according to translational role. In the near term, EEG is best positioned as a tool for
mechanistic phenotyping and intervention development outside of the VR headset,
whereas eye tracking is better suited as the principal embedded, state-sensitive

signal stream for within-headset adaptation.
8.2.3 Adaptation targets and decision logic

The findings from VR-FOCUS support cognitive load as a plausible adaptive target
within future closed-loop VR systems, while clarifying its limits. Cognitive load is
theoretically linked to the established attention-pain interaction, empirically
modifiable through VR task parameters, and methodologically feasible using
embedded headset sensors. The mixed-effects analyses confirmed that pupil and
blink features varied with both task level and subjective workload, and the predictive

analyses confirmed that informative state structure was recoverable from continuous
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ocular signals using time-series classifiers. The implication is that an adaptive
system could in principle use ocular state estimates to detect underload or overload
during immersive task performance and respond by adjusting task difficulty, pacing,
sensory complexity or therapeutic content. This is closer to the just-in-time adaptive
intervention framework of maintaining a therapeutic operating range than to a simple

goal of pain reduction at every moment!'?4.

The contrast between the regression and classification analyses in VR-FOCUS is
informative for what could drive that adaptation. Time-series classification of
continuous pupil signals achieved usable accuracy in healthy controls and
attenuated but still informative accuracy in chronic pain, whereas exploratory time-
series regression predicting continuous NASA-TLX scores was weaker and more
variable, particularly in the chronic pain group. The pattern indicates that discrete
state classification from objective signals provides a more reliable foundation for
adaptation than continuous prediction of subjective load. Self-report may still add
value in combination with classification, for example as ground truth during system
calibration, for periodic recalibration in use, or for resolving uncertainty in low-
confidence classifier outputs. The broader principle is that adaptation logic in chronic
pain VR is best driven by automated, passively acquired signals rather than by user-
facing input. Use of VR already brings an element of technological burden,
particularly when considering home-based delivery. Frequent in-session self-report
prompts within future closed-loop VR therapeutics risks compounding that burden
and contributing to further implementation barriers?*3-3¢0, Therefore, future closed-

loop systems should be designed as automated and user-friendly by default.

Adaptation logic is best treated as theory-aligned rather than engagement-driven.
Different therapeutic content has different cognitive demands and different intended
mechanisms, and a system that maximises engagement without reference to
therapeutic intent risks pushing users toward absorbing experiences that do not
deliver the intended therapeutic process. Behavioural skills training, attention-based
modulation, relaxation-oriented interventions, embodied movement work and graded
exposure each impose different cognitive and affective profiles, and adaptation rules
should reflect these differences. Decision rules also benefit from being probabilistic
and conservative. The ocular signals in VR-FOCUS were informative but not
specific, and the chronic pain group showed greater variability in the temporal
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coupling between task demand and ocular dynamics. State estimates are therefore
better treated as graded probabilities that inform the magnitude and frequency of
intervention adjustment, rather than as binary triggers for abrupt change.

8.2.4 Personalisation and the limits of population-level inference

At the group level, both cohorts showed task-related changes in pupil diameter and
blink rate, with no significant group-by-task interaction in the mixed-effects models.
However, these aggregate similarities did not translate into equivalent classification
performance in healthy controls and participants with chronic pain. This suggests
that the temporal structure of the ocular signal was less consistently discriminative in
the chronic pain group, potentially reflecting greater inter-individual variability, noisier
state expression or more heterogeneous physiological responses to task demand.
Practically, this means that a pre-trained classifier developed primarily in people
without pain may perform less accurately when deployed in people with chronic pain.
In a closed-loop system, inaccurate state inference could lead the system to make
inappropriate adaptations, such as increasing task demand when the user is already
overloaded or reducing engagement when additional challenge would be
appropriate. This creates a potential route to reduced efficacy, poor tolerability or
harm if cohort-specific variation is not considered during model development and

validation.

This is a real concern that requires emphasis. Although limited, evidence for VR eye
tracking inference of cognitive load across training and simulation paradigms has
largely come from healthy, student or other non-clinical samples!4 341362, Separately,
time-series classifiers such as ROCKET, HIVE-COTE 2.0 and related methods have
been benchmarked mainly on general time-series datasets rather than VR eye
tracking or chronic pain cohorts?!!-213.:273 "and the bulk of non-VR cognitive load
studies reviewed in Chapter 2 used healthy participants. A multimorbid chronic pain
population brings medication exposure, fatigue, sleep disturbance, ocular symptoms
and mood-related variation that can affect ocular behaviour in ways that are not
captured by healthy-participant training data. More broadly, inter-individual variability
in treatment response is a recognised challenge across chronic pain intervention

research, supporting the need for stratified, personalised or adaptive approaches*>
363
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The practical implication is that future closed-loop VR for chronic musculoskeletal
pain will probably need to combine population-level pre-training with some form of
per-user adaptation. The exact form of personalisation is an open question. Plausible
options include short calibration sessions to anchor the user’s baseline ocular
characteristics, hybrid models that pair a population prior with online updates from
the individual user, or fully personalised models trained on each user's data.
Microrandomised trial methodology may help evaluate which adaptation strategies
improve proximal outcomes and for which users?*’. The key point is that
personalisation should be built in from the start rather than added later as a

refinement.

8.3 Methodological contributions

8.3.1 Automated reproducible EEG pipelines

A consistent methodological approach across the EEG studies was the use of an
automated reproducible preprocessing pipeline adapted from DISCOVER-EEG?*,
with structured audit logs, tiered sensitivity analyses and consistent inferential testing
across datasets. This approach supported comparability between PainWaves and
VIPA-EEG while allowing for differences in acquisition context and data quality. It
also reduced the risk of subjectivity in preprocessing decisions and aligned with the
broader translational aim of developing scalable, reproducible EEG workflows.
Methodological heterogeneity has been a recurring barrier to replication in chronic
pain rsEEG* 127- 147 "and the use of a common automated framework across two
independent datasets within the same programme provides one example of how that
variability can be reduced.

The translational case for automated pipelines extends beyond comparability
between studies. Future closed-loop and accessible clinical applications of EEG
should not rely on manual or even semi-automated preprocessing approaches. Real-
time or near-real-time inference, whether for adaptive intervention or for clinical
decision support, requires preprocessing that is deterministic, auditable and capable
of running without human intervention. Even where deployment is offline, the same
constraints apply for reproducible biomarker estimation across sites, devices and
operators. The pipeline used across PainWaves and VIPA-EEG was not built for
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real-time use, but its design principles are consistent with what an eventual

deployment pipeline would need to provide.
8.3.2 Pragmatic acquisition approaches

The PainWaves data collection and preprocessing approach shows that mechanistic
rsEEG investigation can be embedded within broader research workflows,
conducted by non-specialist operators, and analysed through automated pipelines
without forfeiting interpretive validity. The 32-channel sponge-based R-Net system
achieved acceptable signal quality across most participants, supported the principal
spectral findings, and produced effects that strengthened under stricter quality-
control thresholds. This is translationally relevant. If rsEEG biomarker work in chronic
pain is to scale, future studies are likely to need acquisition models that fit within
existing research and clinical pathways rather than requiring dedicated specialist
EEG environments. The PainWaves pipeline provides one example of how this can

be achieved while maintaining methodological standards.

VR-FOCUS extended this pragmatic approach to a different modality and a different
deployment scenario. The Pico Neo 3 Pro Eye is a standalone consumer-grade
headset that does not require a tethered PC, and the study was designed around on-
device acquisition with a straightforward data export and storage workflow rather
than around laboratory-bound recording infrastructure. Data could be acquired,
stored and exported by a single operator in a non-specialist setting, and the
consumer availability of the headset means that this approach is replicable without
bespoke hardware. Across both studies, methodological choices were made with
translation in view, accepting some compromise in raw signal density or acquisition
flexibility in return for workflows that more closely resemble what eventual real-world

deployment would require.
8.3.3 Periodic-aperiodic separation as a routine standard

The use of FOOOF-based parameterisation across both EEG studies provided
convergent evidence that the principal spectral findings were not driven by global
aperiodic shifts. In Pain\WWaves, the absence of aperiodic differences strengthened
the interpretation of beta as an oscillatory rather than broadband phenomenon, even
though the residual broad beta effect did not survive correction. In VIPA-EEG, the

persistence of residual alpha after aperiodic adjustment strengthened the
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interpretation of the alpha effect as oscillatory, while the attenuation of residual beta-
family effects appropriately tempered the strength of the beta claim. Conventional
band-power analyses in chronic pain rsEEG remain vulnerable to confounding
between oscillatory and broadband contributions, and routine periodic-aperiodic
decomposition is a useful safeguard against that conflation!>”- 158, Although
parameterisation requires sufficient spectral quality and adequate data stability, it is
readily implementable using widely available software packages and provides
important interpretive value. Future chronic pain EEG studies should therefore plan
periodic-aperiodic decomposition at the design stage, particularly where band-power
findings are intended to support biomarker claims, mechanistic interpretation or

intervention-related modulation.
8.3.4 Subject-independent evaluation in pragmatic machine learning

The use of grouped leave-one-subject-out cross-validation in VR-FOCUS was
deliberate. Random resampling at trial level would have allowed participant-specific
structure to leak between training and test folds, producing optimistic accuracy
estimates that would not reflect realistic deployment performance. The reported
classifier performance is therefore conservative and approximates what could be
expected for a previously unseen user. The implication for the synthesis is that the
observed group difference between healthy controls and chronic pain participants is
more likely to reflect a substantive characteristic of the data than an artefact of
overfitting. The cost is that some classifiers, particularly larger ensembles such as
HIVE-COTE 2.0, required pragmatic adaptations such as contracted folds to remain
computationally tractable. These adaptations were managed transparently and do
not undermine the core finding, but they reinforce the broader principle that future
deployment-relevant machine learning evaluation should weigh predictive
performance, computational tractability and validation rigour as connected rather

than independent considerations.

8.4 Cumulative limitations of the empirical work

The individual study chapters address study-specific methodological limitations in
detail. When considering the studies as an integrated sequence of work, several

limitations apply and are worth consideration here.
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The studies provide early-stage evidence rather than definitive validation of
biomarkers, intervention mechanisms or adaptive control signals. PainWaves used a
discordant co-twin design, allowing CWP-related EEG differences to be examined
with partial control for shared genetic and environmental influences. However, the
analysed sample remained modest for zygosity-stratified, network-level and
multivariable analyses. VIPA-EEG was sufficiently powered to detect only moderate-
to-large within-subject EEG changes, given it was a secondary analysis of a
feasibility dataset. VR-FOCUS supported subject-independent model evaluation but
lacked an independent external validation dataset. Across all three studies,
therefore, the primary findings are best interpreted as candidate signals and
methodological foundations rather than validated clinical biomarkers or deployable

adaptive system components.

The cohorts were not fully representative of the populations to whom future adaptive
immersive therapeutics would ultimately be offered, with limited phenotyping depth.
Chronic pain cohorts across the three studies included predominantly White British,
middle to older age females with variable clinical characteristics and symptom
severity. This limits generalisation to more diverse populations, high-impact pain
cohorts, men, younger adults and people with different chronic musculoskeletal pain
phenotypes. PainWaves illustrates the trade-off between pragmatic cohort-based
research and detailed clinical phenotyping at the time of assessment. Medication
and co-morbidity data improved characterisation, but timing, active disease status,
medication indication, adherence and use at EEG acquisition were not fully verified.
More broadly, acquired co-morbidity, medication exposure, sleep, fatigue, mood and
symptom fluctuation remain individual-level factors that may influence EEG or ocular
physiology and are not fully accounted for within the three study designs.

The empirical work provides limited evidence about temporal stability and causal
specificity. PainWaves was cross-sectional and therefore cannot determine whether
reduced beta power precedes CWP, is a consequence of longstanding pain, tracks
symptom fluctuation or reflects treatment-related or co-morbidity-related factors.
VIPA-EEG demonstrated short-term EEG change around immersive VR exposure,
but without a sham or non-VR comparator these changes cannot be attributed
specifically to immersion, interaction, attentional engagement, expectancy, or non-

VR task-related effects. VR-FOCUS tested ocular responses during a single
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controlled session, so it cannot determine whether cognitive-load inference remains
stable across days, symptom states, medication changes, fatigue, sleep variation or
repeated home use.

The studies deliberately prioritised pragmatic and translationally plausible
acquisition, but this constrained measurement depth. The 32-channel sponge-based
EEG system in PainWaves supported scalable acquisition but limited spatial
precision and source-level interpretation. VIPA-EEG used a higher-density gel-based
EEG system but was constrained by considerations related to study length and
participant burden, with shorter retained post-clean recording durations as a result.
VR-FOCUS used an integrated consumer-grade VR eye tracking system under
controlled luminance and task conditions, whereas real therapeutic VR environments
will involve richer visual stimulation, movement, affective engagement and less
predictable use contexts. These choices strengthen deployment relevance, but they
also mean that the findings require replication under both more controlled

mechanistic conditions and more naturalistic therapeutic conditions.

Research conducted did not directly integrate EEG and eye tracking within the same
participants or implement a closed-loop adaptive system. The studies were
intentionally complementary, with EEG used for mechanistic phenotyping and
intervention-related neurophysiological response, and eye tracking used for
embedded state-sensitive inference. This supports the conceptual framework, but
multimodal integration remains theoretical rather than empirically demonstrated.
Similarly, no study tested whether sensor-derived estimates can be used
prospectively to adapt VR content and improve engagement, tolerability, pain or
function. The work therefore establishes candidate components for future closed-
loop VR therapeutics, but not the full adaptive system itself.

Finally, equity and implementation readiness remain underexplored. Digital exclusion
and home connectivity are recognised drivers of health inequalities in the United
Kingdom!2!- 122 and adaptive immersive therapeutics could exacerbate inequalities if
access, support and implementation barriers are not considered from the outset.
Future deployment would need to account for device availability, digital literacy,
sensory tolerance, usability across multiple levels of disability, private space for
home use, internet connectivity, and the capacity to engage with repeated sessions
without specialist supervision. These factors were not directly evaluated in the
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empirical studies, but they are central to whether closed-loop VR therapeutics could
be implemented safely, accessibly and without widening existing inequalities.

8.5 Priorities for future research

Several priorities follow the completed empirical work. Replication of the Pain\WWaves
beta finding in larger co-twin control studies, with denser EEG montages, source-
space modelling and dynamic analyses such as beta-burst quantification is a priority
for chronic pain mechanistic research. Combining rsEEG with functional and
structural MRI would also be valuable, given the limited evidence linking
electrophysiological alterations to brain network and structural changes in chronic
pain. Longitudinal designs would clarify whether reduced frontocentral beta tracks
symptom persistence, fatigue fluctuation, transition between pain states or treatment
response. Future studies should prioritise collection of detailed information related to
potential confounders including medication exposure, relevant co-morbidities, sleep,

mood, and fatigue to aid interpretation of candidate EEG biomarkers.

Replication of the VIPA-EEG alpha and beta findings in sham-controlled designs
would help determine whether the observed modulation is specific to components
within the VR intervention including immersion and interaction, or reflects more
general post-task or expectancy effects. Further work is also needed to evaluate
whether candidate rsEEG features can be measured reliably in repeated home-
based or clinical settings, given that scalable longitudinal phenotyping will be
necessary for any biomarker-informed adaptive therapeutic.

External validation of the VR-FOCUS classifiers on independent datasets is a priority
for the state-sensitive and inferential components of future closed-loop work. The
internal cross-validation framework provides a conservative estimate of
generalisation but does not establish robustness to changes in headset hardware,
eye tracking pipeline, task structure or population. Replication across different
chronic musculoskeletal pain phenotypes, including more severe pain populations
and stratified subgroups, is similarly needed. Studies that examine the within-person
stability of cognitive load classification across time and symptom states would help
determine whether classifiers trained at a single timepoint can be expected to remain
valid in repeated longitudinal real-world use. Multimodal sensing studies that

combine eye tracking with movement, autonomic and where feasible cortical signals
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would test whether multimodal integration improves robustness or interpretability of

state estimation in chronic pain contexts.

Personalised and hybrid modelling strategies are a related priority. The VR-FOCUS
finding that classifier performance was lower in the chronic pain group despite similar
mean ocular responses supports the case that population-level models are likely to
need to be supplemented with user-specific adaptation. Methodological work is
needed to determine the most efficient calibration procedures, the trade-offs between
transfer learning and full personalisation, and the implications for governance and

reproducibility of models that adapt to individual users.

Prospective studies are also needed to evaluate whether adaptive closed-loop
systems improve proximal outcomes such as engagement, tolerability and pain
compared with open-loop VR. Systems of this kind belong to the broader family of
just-in-time adaptive interventions developed in the mobile health literature!*, in
which the timing and content of intervention components are dynamically contingent
on the user's changing internal state or context. The microrandomised trial provides
an evaluation methodology designed for this class of intervention, estimating the
proximal effects of adaptive components and characterising how those effects vary
across time, state and context**°. The framework advanced in the present work maps
directly onto the structure such a trial requires. Parallel implementation research is
required to address real-time on-device processing, robustness to noisy and missing
data, acceptability across diverse populations, and the digital infrastructure needed
to support adaptive control outside specialist environments. This work should also
test whether adaptive VR can be delivered equitably, evaluating not only technical
performance but also who can realistically access, tolerate and sustain use of the
system when device availability, digital confidence, connectivity, disability, home
environment and remote support vary across users. Closed-loop immersive
therapeutics will ultimately require collaboration across clinical pain medicine,
neurophysiology, human-computer interaction, machine learning, implementation

and regulatory science.
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9. Conclusions

9.1 How the empirical findings addressed the aims of this work

The completed empirical work examined EEG and VR eye tracking measures that
may be relevant to future adaptive VR interventions for chronic musculoskeletal pain.
Chapter 1 identified the three competencies any such system requires: a target, a
state measure, and an inference step. The three empirical aims mapped onto this

framework.

PainWaves and VIPA-EEG addressed what might be worth targeting, examining
rsEEG features at trait level in CWP and in response to immersive VR exposure in
people with fibromyalgia. VR-FOCUS addressed the measurement and inference
elements, examining whether headset-derived eye tracking can carry usable
information about task-defined cognitive load and whether time-series classifiers can
predict task level in users the model has not seen before. Each aim was addressed
within its own design, with qualifications and limitations set out in the synthesis. The
individual components do not in themselves form a working closed-loop system,
although findings from the three studies lay the foundations for future work

evaluating such systems.

9.2 How | would have approached the research differently

Looking back, the main design limitation with the empirical work was that it did not
move earlier towards a more integrated multimodal study design. The studies were
conducted within the practical constraints of a PhD programme, including cohort
access, equipment availability, governance requirements, data sharing agreements,
participant burden, funding and time. Within those constraints, the work was feasible
and designed to be methodologically rigorous, but the translational logic became
clearer as the studies progressed. The central challenge was not EEG or eye
tracking in isolation, but how mechanistic phenotyping and state inference through
embedded sensing might eventually combine to form an adaptive therapeutic
pathway.

The clearest example is that EEG and eye tracking were collected in separate
studies. This was pragmatic, but concurrent or closely paired acquisition in the same

participants would have provided a stronger basis for examining whether rsEEG
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features, VR-related EEG modulation and ocular markers of cognitive load relate to

one another within individuals.

PainWaves also illustrates the trade-offs involved in working within an externally
embedded collaborative study. The project was conducted with a team at another
institution and integrated within an existing TwinsUK neuroimaging research study,
meaning that recruitment, assessment schedules, data access and clinical
phenotyping were shaped by wider governance and logistical requirements. More
detailed information on medication use, co-morbidities, sleep, current pain
distribution and symptom fluctuation would have strengthened interpretation,
particularly given the mild on-the-day symptom profile and the importance of
zygosity-stratified findings.

In VIPA-EEG, a sham or active-control comparator would have strengthened causal
interpretation by helping distinguish VR-specific effects from expectancy, repeated
rest or non-specific task effects. In VR-FOCUS, the N-back task provided a
controlled way to elicit different levels of cognitive load, but cognitive load was still
inferred primarily from task level rather than measured more directly. Including a
broader range of VR tasks, together with additional physiological signals such as
heart rate variability, electrodermal activity or movement features, could have
allowed cognitive load to be characterised more comprehensively and tested in
contexts closer to therapeutic VR use.

Finally, greater emphasis on diversity, longitudinal signal stability and implementation
would have strengthened the work. The chronic pain cohorts were not entirely
representative of the wider population, most measurements were single-session, and
all machine learning analyses were offline without consideration of processing closer
to acquisition as would be required by a closed-loop system. These additions were
beyond the realistic scope of the current PhD, but they define clear priorities for the
next stage of work, whilst also considering key advancements in the field that have

been realised since this work began.

9.3 How the field has changed

Since the start of the PhD in 2023, several related technologies have developed
substantially, particularly in the field of artificial intelligence following the public

launch of large language models in late 2022.
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Closed-loop technologies have started to move from research to clinical application.
An example is the Medtronic BrainSense ™ adaptive system, which adjusts deep
brain stimulation in real time from beta band local field potentials in Parkinson's
disease’®*, gaining CE Mark approvals in 2025. Akili's EndeavorOTC adaptive
cognitive training game received FDA approval for ADHD in 2024, using performance
data captured whilst completing a mobile-based game to adjust difficulty level in real
time and provide feedback to the user through a ‘focus score’*%*. In the research
domain VR closed-loop systems are now emerging, with the first real-time adaptive
cognitive load intervention designed for cognitive training reported in 2025'.

Consumer immersive hardware has also evolved considerably. The Pico Neo 3 Pro
Eye used in VR-FOCUS has been followed by newer standalone devices with higher
resolution displays, mixed-reality passthrough, improved onboard processing and
more mature integrated tracking¢6-368. Lightweight smart-glasses and augmented
reality display glasses have moved into the mainstream, including Meta Ray-Ban
Display, Snap Spectacles and XREAL devices, in form factors closer to ordinary
eyewear??-39. 370 Peripheral technologies to improve user interaction have also
emerged, including Meta's EMG-based neural wristband for gesture and micro-
gesture interpretation??® 22!, which points toward physiological signals contributing to

both intent inference and state estimation from outside the headset itself.

Above all, artificial intelligence has seen an unprecedented shift. Since the release of
ChatGPT in late 2022°7!-372, large language models have moved through multimodal
variants that process image, audio and numerical data alongside text, reasoning-
focused models that plan over multi-step problems before responding, and agentic
frameworks in which models call tools, query external systems and act over
extended tasks rather than producing single replies®’*. EEG foundation models such
as LaBraM*"* and Neuro-GPT3"> now offer fine-tuning routes for the small clinical
datasets typical of chronic pain research, time-series foundation models including
Chronos?’® are beginning to compete with bespoke classifiers, and efficient ROCKET
variants such as HYDRA?"7 have narrowed the gap between accuracy and on-device
inference. The next year is likely to bring further maturation of biosignal foundation
models and agentic systems, both of which would directly support the kind of
architecture a closed-loop VR system for chronic pain would need.
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9.4 The next phase of research: towards clinically deployable closed-loop VR
therapeutics

Moving this work from foundational evidence toward clinical deployment requires a

staged programme rather than a single next step.

The first stage is to strengthen each empirical component within its own remit. The
validation and replication requirements for PainWaves, VIPA-EEG and VR-FOCUS
were set out in Chapter 8 (Section 8.5). The purpose at this stage of the translational
pathway is to bring each signal stream to a level of robustness sufficient to
determine its eventual role in a closed-loop pathway, rather than to integrate the

components prematurely.

The next priority would be to build and evaluate a closed-loop prototype. This
requires resolving how trait-level and within-session state measurement fit together
in a potential treatment pathway. A plausible architecture would acquire rsEEG at
baseline to characterise the user, deliver an immersive intervention with within-
session adaptation driven by headset-derived ocular signals, and reacquire rsEEG at
defined intervals to test whether VR produces measurable longer-term neuroplastic
change. Microrandomised trial methodology?*° or similar approaches would then be
used to evaluate the proximal effects of adaptive decisions across time, state and

context before any definitive clinical trial is conducted against open-loop VR.

Following closed-loop system development, evaluation of clinical viability and safety
is essential. Closed-loop systems raise safety considerations beyond those of
conventional VR interventions, particularly where adaptation is driven by
physiological estimates that may be miscalibrated or transiently unreliable. Home-
based immersive therapeutics also carry risks of worsening health inequalities driven
by factors including digital exclusion!?!- 22, Implementation will also require the digital
infrastructure and interdisciplinary collaboration needed to support adaptive control
outside specialist environments. Therefore, clinical translation will require co-design
with patients and clinicians, early regulatory engagement, and equity built into
deployment from the start rather than added in retrospect.

9.5 Principal conclusions

Across the completed work, beta band activity emerged as the most consistent
candidate rsEEG domain for further investigation in chronic musculoskeletal pain. In
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PainWaves, reduced frontocentral beta-family power was observed in a co-twin
control design, suggesting that at least part of the beta-range phenotype is
associated with CWP rather than being explained only by shared genetic or
environmental background. In VIPA-EEG, beta-family power also changed around
immersive VR exposure in fibromyalgia, although the aperiodic-adjusted analyses
appropriately temper the strength of the claim that this reflects a specifically periodic
beta oscillatory effect. These findings do not establish beta as a diagnostic

biomarker, but they support further mechanistic study.

Alpha activity showed a different pattern. Rather than emerging as a stable trait-level
marker of pain, alpha was most clearly modulated in VIPA-EEG following VR
exposure and appeared more consistent with short-term within-session state
change. This suggests that alpha may be better understood as a marker of post-
exposure neurophysiological state or intervention responsiveness than as a trait-

defining pain biomarker in the contexts studied here.

VR-FOCUS showed that headset-integrated eye tracking can support subject-
independent classification of task-defined cognitive load in previously unseen users.
However, performance was lower and more variable in the chronic pain group,
despite broadly preserved group-level ocular responses to task demand. This
indicates that aggregate physiological responses may appear similar across groups
while the temporal structure required for prediction is less stable in chronic pain.
Future closed-loop VR systems should therefore treat cohort-specific and user-
specific variability as a core design problem, not as a secondary refinement.

Empirical study findings support a central thesis framework in which future closed-
loop VR for chronic musculoskeletal pain will require different forms of evidence for
different components of the system. rsEEG is best positioned as a mechanistic guide
for closed-loop therapeutics, providing information that can support patient
stratification and neurophysiological targets for interventional approaches.
Embedded eye tracking is better suited to real-time state-sensitive sensing,
informing personalised adaptive systems that respond to the user. Machine learning
provides the analytical layer that takes sensor signals, predicts cognitive state, and
drives adaptive logic.
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This work therefore provides preliminary empirical evidence and a methodological
framework for components that may contribute to future closed-loop VR therapeutics
in chronic musculoskeletal pain. It does not provide a working adaptive therapeutic
system, nor does it establish any signal as ready for clinical deployment. Translation
will require concurrent multimodal acquisition, more diverse and longitudinal cohorts,
real-time implementation studies, and prospective evaluation of adaptive control
under realistic deployment conditions. The central contribution of this work is to
clarify the signal roles, methodological requirements and evidential gaps that future
adaptive immersive therapeutics will need to address.
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11. Appendices

Appendix 1: Published parent feasibility study conducted alongside the VIPA-
EEG study

This appendix includes the published article reporting the parent feasibility study
conducted alongside the VIPA-EEG study described in Chapter 6. The publication
provides the clinical and intervention context for the VIPA-EEG analysis, including
the feasibility study design, VR system used, VR activities, acceptability outcomes,

adverse-effect monitoring and preliminary clinical outcomes.

Tsigarides J, Grove V, Chipping J, Dainty J, Miles S, Shenker N, Sami S,
MacGregor A. Feasibility of attention-based virtual reality interventions in
fibromyalgia syndrome: comparing systems, virtual environments and activities.
British Journal of Pain. 2025;19(2):71-85. doi:10.1177/20494637241310696.

Reproduced under the Creative Commons Attribution 4.0 Licence.
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Abstract

Background: Fibromyalgia Syndrome [FMS] is highly prevalent with a significant associated morbidity and
socioeconomic burden. Effective treatments for FMS remain elusive with pharmacological management
lincluding use of opioids) often proving ineffective. There is a need to develop accessible, innovative
management approaches to improve patient care.

Virtual reality (VR) interventions have shown evidence of efficacy in the management of acute pain and
chronic low back pain, but their feasibility in FMS has not hitherto been explored.

Methods: This feasibility study investigates the use of four different VR systems, four interactive VR
activities and two virtual environments in patients with FMS. Acceptability including adverse effects) and
study engagement were the main outcomes investigated. Clinical outcome data on pain and mood were
also collected to gather preliminary information for future studies.

Results: The results demonstrated good feasibility across VR systems, activities and virtual environments
with high levels of acceptability, low frequency of adverse effects, and positive perceptions of VR in patients
with FMS. Reporting of adverse effects (including fatigue) varied across different VR components, with
system comfort and virtual environmental design being particularly important.

Conclusions: The findings increase our confidence with respect to the feasibility of using VR in people with
FMS, help to inform future randomised controlled trials and emphasise the importance of tailored in-

terventional design for future VR therapeutics.

Keywords

Chronic pain, fibromyalgia, pain management, virtual reality intervention, feasibility

Introduction

Fibromyalgia Syndrome (FMS) affects between 4 and
6% of the adult population'* and is characterised by
chronic widespread pain, fatigue, sleep disturbance,
cognitive ‘fog’, and significant psychological distress.’
Despite the socioeconomic burden and associated
morbidity, effective treatments for FMS remain elusive
with pharmacological management (including use of
opioids) often proving ineffective.* The lack of phar-
macological efficacy has led to the European League
Against Rheumatism (EULAR) and National Institute of
for Health and Care Excellence (NICE) guidance

recommending non-pharmacological approaches as first-
line.>® However, the accessibility and acceptability of
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recommended therapeutic options including supervised
aerobic exercise can be challenging due to factors in-
cluding resource constraints and psychological factors.”
There is a need for novel, accessible, and well-tolerated
therapeutic strategies for this patient population.

Virtual Reality (VR) has attracted increasing interest
in pain management given evidence of analgesic effi-
cacy in acute pain.®° This novel technology immerses
users within a fully interactive, computer-generated
virtual environment through use of a head-mounted
display (HMD). The immersion in VR is achieved by
fully engaging the user’s visual and auditory senses and
effectively removing distractions from the outside
world. Pain demands attention'® and the immersive
nature of VR has great potential in re-allocating at-
tentional resources away from pain (also known as
attentional modulation) and supporting personalised
management approaches. !1+12

However, VR interventions are not uniform; they
consist of multiple modifiable parts including hardware,
virtual environments and activities. These components
can significantly influence the overall experience and
efficacy of VR as a pain management tool.”**> Small
feasibility studies investigating attention-based VR (in-
terventions primarily aimed at engaging attention through
VR activities) in heterogenous chronic pain cohorts have
shown promising results. These interventions have only
included single activities completed within one virtual
environment (often using a ‘rail-shooter’ game mechanic
within a cold virtual environment as investigated within
the acute pain literature). %7

When evaluating VR in chronic pain, the challenges
of specific patient groups need consideration to avoid a
potentially inappropriate ‘one-size-fits-all’ approach.
This is particularly important in FMS, given those
living with the condition face specific challenges in-
cluding severe fatigue, sensory hypersensitivity (in-
cluding sound, light and temperature), and cognitive
symptoms'® that will inevitably influence their expe-
rience of VR interventions. Despite highly promising
results from recent RCTs investigating VR in chronic
low back pain,lg’20 there are no studies that have
specifically investigated the feasibility of different VR
head-mounted systems (with different technical capa-
bilities), interactive activities (with different mechan-
ics), and virtual environments in FMS.

To address the lack of VR research conducted in FMS
cohorts, this feasibility study’s primary goal was to de-
termine the acceptability of different VR system config-
urations, interactive activities, and virtual environments.
This work is essential to ensure that subsequent larger
studies, designed to rigorously test the efficacy of VR pain
interventions in FMS, are built on a solid foundation of
feasibility and patient acceptability data.

Methods
Study design and ethics

This study was designed as a feasibility study aiming to
investigate the acceptability of different (1) VR systems,
(2) Virtual environments, and (3) interactive VR ac-
tivities in patients with FMS. This conforms to a ‘VR2’
design as outlined by the VR-CORE international
working group.?! Data collection sessions (i.e. sessions
in which participants completed the interventions) were
conducted within an allocated room at Norwich
Medical School, with adjustments made to the data
collection protocol to account for safety considerations
during the COVID-19 pandemic. This study was ap-
proved by the Cornwall and Plymouth Research Ethics
Committee (REC Reference 20/SW/0050) and regis-
tered with the International Standard Randomised
Controlled Trial Number registry
(ISRCTN46681140).

Participants and screening

Recruitment took place from October 2020 to April
2021. Participants were directly identified by clinicians
within general rheumatology outpatient clinics at the
Norfolk and Norwich University Hospital and Ad-
denbrookes Hospital (Cambridge). Recruitment sites
were chosen based on locality to the study site for the
convenience of researchers and participants. The in-
clusion criteria were (1) adults 218 years of age; (2)
ability to understand and speak conversational English;
(3) capacity to consent; (4) diagnosis of FMS fulfilling
the 2016 diagnostic criteria.'® Exclusion criteria were
(1) presence of co-morbid condition(s) exacerbated by
exposure to flashing lights or screens; (2) a diagnosis of
cognitive impairment; (3) current visual or hearing
impairment that would prevent the participant from
using the technology included the research.

Procedures

Overall study flow. The overall study flow is outlined in
Figure 4, with the stages in each data collection session
outlined in Figure 1. Following identification, indi-
viduals were given an invitation letter and participant
information sheet clearly explaining the study and
stating the inclusion and exclusion criteria. Those
wishing to participate returned a reply slip contained
within the invitation letter or contacted the research
team via email or telephone to express their interest.
Participants were then screened via telephone by a
member of the research team and invited to data col-
lection sessions. Each of the three data collection
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Figure 1. Flow diagram showing the steps of each data collection session, durations of each step, and total durations.

sessions investigated a different component of the VR
experience:

- Data Collection Session 1: Four different VR
systems

- Data Collection Session 2: Four different VR
activities

- Data Collection Session 3: Two different VR
environments

To minimise carryover effects, there was a manda-
tory ‘washout’ period of at least 1 week between ses-
sions. One week has been used as a washout period in
other VR studies that investigated similar interven-
tions.?? Within each session, the sequence of inter-
ventions was determined using simple randomisation,
employing random number tables to ensure an unbi-
ased distribution of the order in which interventions
were experienced.

Upon attending the first data collection session,
participants completed a written consent form and
baseline questionnaires including demographics, dis-
ease severity (including pain severity), co-morbidities

and previous exposure to VR. Capacity for participants
to provide informed consent for the procedures in-
cluded in the study was assessed by the research team at
the time of consent form completion and reassessed at
subsequent data collection sessions. Ability to read and
understand written English questionnaires was checked
with each participant by a member of the study team.
No adaptations to procedures or technologies included
within data collection sessions were required to allow
participants to take part.

Facets of feasibility tested. Acceptability (including
adverse effects) and study engagement were the main
outcomes investigated in this study. Acceptability
pertains to the degree in which participants found VR
interventions engaging, immersive, usable, comfortable
and satisfactory overall. Adverse effects are defined as
any unfavourable or harmful events that occur during
or after the VR interventions and are reasonably as-
sociated with their use (such as physical discomfort).
Study engagement relates to participants’ willingness to
participate (including rates of study recruitment and
retention), and their perceptions of VR after use.
Feasibility encapsulates all of the above, and provides
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an overall indicator of the practicality and potential for
successful implementation of the VR interventions in
larger-scale studies.®® Clinical outcome data on pain
and mood were also collected to gather preliminary
information for future larger-scale studies.

The VR application development and content. The VR
application was developed specifically for the purposes
of this research alongside industry partners (Orbital
Global Ltd) with input from the research team com-
prising of academic clinicians and researchers with
expertise in chronic pain, neuroscience, virtual reality,
game design and psychology. The application was
designed specifically for patients with chronic pain with
careful consideration of the audio-visual experience,
activity-related movement requirements, and orienta-
tion of the experiences. VR environments were set
within a tranquil forest, accompanied by relaxing
sounds to create a serene atmosphere for participants
during the activities. Similar forest settings have been
used to promote relaxation in previous VR studies such
as the ‘Virtual Meditative Walk’.?* Over-ear head-
phones were used to optimise audio quality and pro-
mote immersion, with participants always remaining
seated during VR use (although able to stand up and
move around when not using VR). Hand-held con-
trollers were used to enable interaction (Figure 2). A
starting area with a selection menu allowed the user to
choose from four activities and two virtual environ-
ments. This starting area also included a VR ques-
tionnaire that enabled collection of virtual visual
analogue scale (VAS) data for evaluation of activities
and virtual environments in Data Collection Sessions
2 and 3. Additional details are provided in Appendix 1.

Data collection session 1: The VR systems. Four head-
mounted VR systems were investigated, each with
different characteristics representing the spectrum of
commercially available technology at the time. Systems
included the Samsung Gear VR (Samsung Electronics,
Ridgefield Park, New Jersey) with a Samsung Galaxy
S8 smartphone, Oculus Go, Oculus Quest and Oculus
Rift S (Reality Labs, Menlo Park, California). One
hand-held controller specific to each VR system was
used to enable interaction (e.g. Gear VR controller,
Oculus Go controller, Oculus Quest and Rift touch
controllers). See the Appendix for a comparison of
technical specifications. Custom head mounting straps
were used with the Oculus Go and disposable fascia
covers used with the Samsung Gear VR to ensure
adequate infection control procedures between users.

Participants used each system in a random order,
experiencing the same interactive VR activity (rail-
shooter activity) within the same virtual environment

Figure 2. Participant seated, using the Oculus Rift S during
Data Collection Session 1.

(cold) with each system. See Figure 1 for the durations
of each step in this session, and sections describing data
collection sessions 2 and 3 below for descriptions of the
rail-shooter activity and virtual environments.

Data collection session 2: The VR activities. Four time-
restricted VR activities were created, each requiring the
user to utilise skills in attention but with each chal-
lenging further skills through different game ‘me-
chanics’ (Table 1).

Elements of ‘gamification’ were added to each of the
activities to encourage engagement, motivation and
entry into a psychological state of ‘flow’ which is
thought to promote task focus with increased atten-
tional modulation.?” This included a scoring system
dependent on performance, with scores displayed to the
user during the activity. The types of activities included
were carefully selected for the following reasons:

(1) Each activity type challenges different cognitive
skills (as outlined in Table 1) — Many of which can
be impaired in FMS (e.g. short-term memory).
Activity types included (rail-shooter, memory,
multitasking, match-3) are commeonly used in
other contexts as cognitively engaging,
attention-demanding tasks.

Previous VR pain research have demonstrated
immersion, engagement and pain relief in
similar tasks.%1%17:19

2

3
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(4) Each activity used the same mode of interaction
(controller-based), with a similar intensity of
interaction, and a similar low intensity of re-
quired movement (both the arms and head).
This was to ensure an even level of physical
activity intensity across the activities, and to
reduce risk of pain exacerbation in FMS par-
ticipants that commonly suffer with pain af-
fecting the head, neck and arms.

Participants used the Rift S VR system (with rift
touch controller) to complete each of the four VR
activities within the same virtual environment (cold).
The order in which they experienced the activities was
random. See Figure 1 for the durations of each step in
this session.

Data collection session 3: The virtual
environments. Two contrasting virtual environments
were investigated, one simulating a cold (snowy) world
and another a warm (sunny) world within VR
(Figure 3). These contrasting virtual environments
were designed based on previous acute pain VR
research that utilised virtual environments depicting
winter scenes®® and evidence of thermodysregulation
states in FMS.?” Each virtual environment provided a
different audio-visual experience but did not alter the
functionality or interactivity of the VR program. Par-
ticipants used the Rift S VR system (with rift touch
controller) to complete the same VR activity (rail-
shooter) within each of the two virtual environments.
The order in which they experienced the virtual envi-
ronments was random. See Figure 1 for the durations of
each step in this session.

Measures

All measures were delivered in English and completed
during the lab-based data collection sessions with no
longitudinal follow-up given the feasibility nature of the
study. Table 2 provides a summary of measures used.
The Appendix provides more detailed information on
each measure used including the calculation method
for composite scores for each outcome.

Acceptability — User experience, usability, overall com-
fort and adverse effects. Post-intervention self-report
questionnaires were used to gain information on the
overall comfort, usability and immersive nature of VR.
Written questionnaires posed a combination of rating
style (1-7 scale), multiple choice, and white space
questions. Rating question data were dichotomised;
participants reporting a rating of 5-7 were categorised
as agreeing with the statement and participants

reporting 1-3 as disagreeing. Virtual questionnaires
(completed in VR) gained VAS ratings specific to the
VR activity or virtual environment experienced.

The Virtual Reality Sickness Questionnaire
(VRSQ)>? was used post-intervention to collect data on
adverse effects. The VRSQ is a validated tool designed
to assess the physical discomfort experienced with VR
interventions and has been shown to have better psy-
chometric qualities for assessing VR applications than
the traditionally used Simulator Sickness Question-
naire (SSQ).?®> The VRSQ includes a list of nine
symptoms observed with use of VR systems, each
scored based on severity (0-3, none to severe), with a
score range of 0-100.

Study engagement and perceptions. Rating questions
within the self-report post-intervention questionnaires
were used to understand participants’ perception of VR
following each intervention. This included questions
enquiring about their openness to using VR at home for
pain management. In addition, data on participant
recruitment and retention rates were recorded.

Clinical outcomes. The McGill Pain Questionnaire
Short Form (MPQ-SF),*! pain VAS, and specific
questions within subjective experience questionnaires
were used to gain data on pain intensity and quality, as
well as changes in pain perception over the course of the
study and across different interventions. The MPQ-SF
and written pain VAS were completed at the start of each
data collection session prior to VR use. The MPQ-SF was
completed again at the end of sessions after completing
interventions. A written pain VAS was completed im-
mediately after use of each VR system within Data
Collection Session 1. A virtual pain VAS was completed
immediately after experiencing each VR activity or en-
vironment in Data Collection Sessions 2 and 3 respec-
tively, enabling participants to report pain intensity
without needing to remove VR systems. Both VAS
measures included a continuous horizontal scale in which
participants marked their pain intensity at the time of
measurement from ‘No Pain’ to “Worst Possible Pain’.
The horizontal line for the written VAS was 10 cm in
length and an equivalent non-numerical scale was used
for the virtual VAS. See the Appendix for more detailed
information on clinical outcome instruments used.

At baseline, two validated scales were used to
measure symptoms of depression and anxiety: the
Patient Health Questionnaire-9 (PHQ-9)%° and the
Generalised Anxiety Disorder 7-item scale (GAD-7).%°

Measures of mood and subjective stressfulness of
each of the two virtual environments were used, with
participants completing a blinded virtual VAS for
‘feelings of stress’ (0 least stressed, 10 most stressed)
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Table 1. Comparison of the VR activities investigated in Data Collection Session 2.

Activity type Main skills required Short activity description
Rail- Hand-eye co-ordination To aim at and shoot targets appearing in the
shooter and agility sky whilst travelling steadily along a calm
river
Memory Short-term and working To recall sequences of objects emerging
memory from plots within a 3x3 grid. Upon correct

recall, sequences increased in length

Multitasking Strategic planning and task To follow a series of steps to plant, maintain
prioritisation and harvest trees across five plots
simultaneously

Match-3 Pattern recognition, To match three of the same objects in a row
visuospatial awareness across three vines by moving vines up or |
and strategic planning down

,.‘m"m-w P s

SHEPHERD ‘r
¥ = v )
7.

Figure 3. Images of the VR application used. Top left: Starting menu area; Top right: VR data collection questionnaire with

virtual VAS; Bottom left and right: Cold and warm environments respectively.
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Table 2. A summary table describing the evaluation instruments used and their frequency of administration.

Frequency of Session
Questionnaire administration used Description
Widespread Pain Index (WPI] & Symptom Baseline only Session 1 To measure Fibromyalgia Severity (FS) and
Severity Scale {SSS} Score'® ensure participants fulfil 2016 FMS
diagnostic criteria
Revised Fibromyalgia Impact Questionnaire Baseline only Session 1 To determine the impact of FMS on activities
[FIQR}*® of daily living, overall wellbeing and
severity of symptoms
Patient Health Questionnaire-9 (PHQ-9*° Baseline only Session 1 To determine presence and severity of
depressive symptoms
Generalised Anxiety Disorder Assessment 7 Baseline only Session 1 To determine presence and severity of
(GAD-7*° anxiety symptoms
McGill Pain Questionnaire - Short Form®' Pre- and post- All To understand baseline and the changes in
intervention self-reported pain severity and character
Visual Analogue Scale - Pain Pre- and post- All To understand baseline and the changes in
intervention self-reported pain severity
Subjective experience questionnaires Post-intervention  All Specific questionnaires for each session
used to gain information on acceptability,
feasibility, tolerability and perceptions of
VR following interventions
Virtual Reality Sickness Questionnaire (VRSQ?? Post-intervention  All To guantify adverse effects experienced with
interventions
Virtual Visual Analogue Scale - Enjoyment, Post-intervention  Session 2 To quantify participant experience of different
engagement, difficulty, length of time, VR activities
motivation to perform well related to VR
activity [Virtual VAS}
Virtual Visual Analogue Scale - Enjoyment, Post-intervention  Session 3 To quantify participant experience of different

immersion, feelings of stress, changes in
mood related to virtual environment

virtual environments

and ‘changes in mood’ (0 worsened mood, 10 improved
mood) within session 3. Multiple choice and white
space questions were included within subjective ex-
perience questionnaires in sessions 2 and 3 to under-
stand post-intervention changes in mood.

Data analysis

Statistical analyses were conducted in RStudio
2022.02.1 Build 461. Given the feasibility nature of this
study, sample size was not calculated based on efficacy
outcomes. A target of between 20 and 30 participants for
recruitment was set as this sample range is large enough
to enable meaningful qualitative interpretation and to
detect obvious flaws in the study design, yet resource-
efficient considering the nature of the investigation.
Descriptive statistics were used to summarise de-
mographic data. Normality of continuous data was
assessed using the Shapiro-Wilk test. Categorical data
were reported as absolute numbers, while continuous
data were reported as means, standard deviations, and
ranges where appropriate. Changes in means with 95%
confidence intervals (to provide an estimate of the
precision of the findings) were reported for pain

outcome data within the Appendix. Data from 7-point
rating scale questions were dichotomised, with scores of
5-7 categorised as agreement with the statement, and
scores of 1-3 as disagreement.

For normally distributed data, t-tests were used, such
as in comparing acceptability rating total scores across
the two virtual environments (warm vs cold) in Data
Collection Session 3. For non-normally distributed data,
a Wilcoxon Signed Rank test was used for pairwise
comparisons, including the VRSQ total scores and total
acceptability rating scores between VR systems. To
compare acceptability ratings across multiple VR sys-
tems, a Friedman test was used. A repeated measures
correlation was conducted to examine the relationship
between baseline and post-VR fatigue reporting.

Results

See Figure 4 for a flow diagram showing participant
numbers at each phase of the study.

26 participants entered the data collection phase.
Patient demographic characteristics were similar be-
tween data collection sessions (Table 3) with the ma-
jority being female, white British and >45 years of age
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Patient recruitment via outpatient clinics. Individuals
given an invitation letter (with reply slip) and
participant information sheet

A

Completion and return of the reply slip or contact with
expression of interest followed by screening for participant
eligibility by the research team

Assessed for
eligibility (n=44)

A 4

Excluded (n=17)
- Not meeting

Withdrew prior
to data collection
(n=1)

Recruited
(n=27)

inclusion

criteria (n=3)
- Declined to

participate

(n=14)

Eligible participants invited to attend data collection

Data Collection Session 1
Investigation of the feasibility of different

VR systems
(n=26)
Withdrew prior to
Data Collection |
Session 2 v
(n=3) Data Collection Session 2

Investigation of the feasibility of different
VR activities

(0=17)

(n=23)
Withdrew prior to
Data Collection [
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(n=6) Data Collection Session 3

Investigation of the feasibility of different
VR environments

Data analysed and reported

Figure 4. Flow diagram showing overall study flow, processes and participant numbers.

(mean age at recruitment 48.2 + 14.3, range 20-72yrs).
Most had no previous exposure to VR prior to partici-
pation (z = 21 out of 26). FMS disease severity ranged
from mild to high®* (mean FIQR at baseline 65.0 + 16.2
(moderate severity), total FIQR score range 35.5-92.0).

Acceptability outcomes

See Figure 5 for a radar diagram outlining the key
acceptability findings across VR systems, activities and
virtual environments.

Virtual reality systems. Participants indicated high
levels of acceptability across the VR systems when asked
to rate their agreement with 15 statements related to
system comfort, audio-visual quality, usability (in-
cluding controllers), and immersion. The mean total
scores for these ratings ranged from 77 to 97 out of 105.
A comparative analysis between the four VR systems
indicated overall differences in reported acceptability
(p < 0.0001, Friedman test), with the Oculus Rift S
being the most acceptable VR system (p < 0.0001,
Wilcoxon Signed Rank test).
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Table 3. Participant characteristics at baseline across the three data collection sessions.

Number of participants [unless stated otherwise]

Variable Session 1: VR systems Session 2: VR activities Session 3: VR environments
n 26 23 17
BMI (kg/m?) [mean (SDI] 29.5 (6.4) 30.0 (6.9 31.0(7.3)
Duration of FMS diagnosis (years] [mean (SDI] 5.2 (7.5) 4.3 (5.9] 3.3 (5.0
FS [mean (SDJ] 215 (4.9 21.7 (4.5) 21.7 (4.2)
FIQR [mean (SDI] 65.0 (16.2) 65.4 (16.6) 67.3 (13.9)
PHQ-9 [mean (SD]] 13.7 (53] 14.1 (5.5) 13.7 (4.8]
GAD-7 [mean (SDI]] 9.5 (5.6) 9.9 (5.6) 9.5 (4.8)
Age
Age (years] [mean (SDI] 48.2 (14.3) 46.4 (13.8) 46.7 (14.9)
Sex Assigned at birth
Male:Female ratio 3:23 3:20 2:15
Ethnicity
White British 24 21 16
Black/African/Caribbean 1 1 1
Other (unspecified) 1 1 0
Previous VR exposure
No 21 19 14
(@) s (b) (c)
P Wage Dedre to Expince Exjoymant
Quality Immersion Compression of Task
Q‘(‘I‘:II:; e Attention Motivation to Feeling of Low Feeling
e s cnret s -0

Figure 5. Radar diagram to show acceptability questionnaire scores across the VR systems, activities and environments®.
? This diagram includes acceptability data collected through both rating questions (0-7 scale] and virtual VAS. Data has
been presented using a standardised scale to aid interpretation (0 = lowest, 1 = highest scores].

Directly comparing the least acceptable headset
(Oculus Go) and most acceptable headset (Oculus Rift
S) revealed differences in comfort related to the strap
and weight distribution in favour of the Oculus Rift S.

Virtual reality activities. Participants reported high
levels of acceptability with VR when reporting on their
experience with VR generally, across all activities. They
rated their agreement with 7 statements enquiring
about audio-visual comfort, usability, and engagement
within the post-intervention subjective experience

questionnaire. The mean total scores for these ratings
ranged from 40 to 49 out of 49. Most participants
agreed that being presented with a score based on their
performance within the VR activities motivated them to
perform better (2 = 19 out of 23).

Participants reported high levels of engagement
and immersion across activities, with most agreeing
that they had ‘more attention for the activities than
for their own thoughts’ and that they ‘lost track of
time whilst completing the activities’ (time com-
pression>>). Upon comparison, the rail-shooter
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activity was consistently rated the most engaging,
user-friendly, and least difficult. In contrast, the
match-3 task was rated most difficult and was less
favoured in terms of engagement and enjoyment.
When accounting for order effect within a mixed
effects model, the match-3 task engendered signifi-
cantly less attention than the rail-shooter task (p =
0.028), with no significant differences in time
compression.

Virtual environments. Participants indicated high
levels of acceptability across both virtual environments
when asked to rate their agreement with five state-
ments enquiring about audio-visual comfort, en-
gagement and relaxation within the post-intervention
subjective experience questionnaire (mean total scores
26-33 out of 35). Greater acceptability across the five
statements was seen with the warm (sunny) virtual
environment compared to the cold (snowy) environ-
ment (p = 0.003, 1 test), with superiority also seen in
virtual VAS reporting. Most of the participants re-
ported they would prefer to experience the warm
virtual environment again in the future (z = 14 out
of 17).

Adverse effects. A low rate of adverse effects were
reported across VR systems, activities and environ-
ments through the VRSQ (Figure 6). The most
commonly experienced adverse effects were ‘general
discomfort’, ‘fatigue’ and ‘eye strain’, with most being
‘mild’ or ‘moderate’ and settling upon removal of the
VR system. ‘Fatigue’ was the most likely adverse effect
to persist after removing the VR system. This showed a
general increasing trend when accounting for headset
order in Data Collection Session 1, suggesting in-
creased reporting with greater durations of VR use.
Similarly, adverse effects were more common in Data
Collection Session 2 (VR activity comparison), most
likely as a consequence of longer durations of con-
tinuous VR use (approximately 30 minutes). There
was also a positive correlation between baseline fatigue
reporting (on the symptom severity scale) and re-
porting of moderate-severe fatigue post-VR (n = 11,
r = 0.39).

When comparing VR systems, the Oculus Rift S
produced significantly lower adverse effects than the
Gear VR and Oculus Go (p = 0.013 & 0.018, Wil-
coxon Signed Rank test). When asked to specify
which VR activities led to adverse effects, similar
numbers of participants reported adverse effects with
each activity. Fewer adverse effects were reported
with the warm compared with the cold virtual envi-
ronment (VRSQ mean total scores 9.75 = 10.55 vs
17.94 + 13.62).

Other feasibility outcomes

Recruitment numbers are described in Figure 4. 14 in-
dividuals declined to participate upon contact, with the
majority either feeling too unwell to participate, or
conversely too well at the time of recruitment with
minimal pain. Overall, 10 out of 26 participants dropped
out of the study, with one participant dropping out
before data collection commenced, three participants
after Data Collection Session 1, and six participants after
Data Collection Session 2. Reasons for drop out in-
cluded ill health (z = 2), lack of time or practical diffi-
culties with attending sessions (z = 2), inability to
contact (z = 4), and other (x = 2). No participants stated
their reasons for dropping out were due to adverse effects
experienced with VR. All questionnaires were fully
completed by participants, resulting in no missing data
for the study.

Following use of all VR systems, participants re-
ported their openness to using VR in the future at home
and as part of their pain treatments. Assuming that VR
was as effective as the participants’ current method for
managing pain and was made freely available, all of the
participants agreed that they would be ‘open to using
VR technology at home regularly for the management
of [their] pain’ and most agreed that they could ‘see a
future for the use of VR as a pain management option’
following completion of Data Collection Session 1 (n =
23 out of 26).

Clinical outcomes

Clinical outcome data relating to pain and mood are
shown in the Appendix.

Reductions in both mean pain VAS and MPQ-SF
total scores were reported across all VR systems, ac-
tivities and virtual environments. In Data Collection
Session 1, the Oculus Rift S produced the greatest pain
reduction, and the Oculus Go the least. In Data Col-
lection Session 3, the warm (sunny) virtual environ-
ment produced the greatest pain reduction, and the
cold (snowy) environment the least. There was con-
siderable variability in VAS reporting between partic-
ipants after interventions. For example, one participant
reported a reduction in VAS from 7.3 (baseline) to 1.4
(post-intervention) after using all VR systems in Data
Collection Session 1, whereas another reported a small
increase in VAS.

After experiencing all VR activities in Data Collec-
tion Session 2, the majority of participants reported
either improvements or no change in their mood, with
only small differences between activities.

In Data Collection Session 3, participants reported
low subjective feelings of stress and strong feelings of
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Figure 6. Adverse effects reported following use of each VR system through the Virtual Reality Sickness Questionnaire

(VRSQ, maximum total score = 100).

relaxation with both virtual environments on the virtual
VAS, with preference for the warm (sunny) environ-
ment (Figure 5). A considerably greater number of
participants reported improvements in mood after
experiencing the warm (sunny) virtual environment
(r = 16 out of 17) compared with the cold (snowy)
environment (» = 4 out of 17).

Discussion

Study overview and context

This study is the first to specifically investigate the
feasibility of different head-mounted VR systems, en-
vironments and activities in patients with FMS. Across
this multi-faceted study, the findings indicated that
interactive VR designed to engage attention had good
feasibility in patients with FMS, as shown by high levels
of acceptability, low incidence of adverse effects, and
positive perceptions. In common with previous VR pain
studies, most patients with FMS felt interactive VR
activities were highly immersive and effective at en-
gaging attention. These findings provide additional
evidence regarding the feasibility of using VR as a future
digital therapeutic in FMS and provide information to
inform future larger-scale studies.

This study builds on previous VR research within
non-specific chronic pain!”>® and chronic low back

pain.'®2° The recent longitudinal randomised con-
trolled trials investigating VR interventions in low back
pain demonstrate the efficacy and utility of VR as a
home-based non-pharmacological treatment, leading
to one application (RelieVRx) gaining approval from
the Food and Drug Administration (FDA). However,
given people living with FMS have specific challenges
which would likely influence their experience of VR,
studies in this cohort are essential. The few studies
investigating ‘virtual reality’ specifically in FMS have
mostly used non-immersive (not head-mounted) sys-
tems such as 2D projection screens.>” These studies
were not designed to investigate modern, head-
mounted, interactive VR interventions aiming to en-
gage attention. Similarly, most therapeutic VR studies
evaluate one VR system, activity and virtual environ-
ment without considering the impact of each
component.

Challenges and considerations with VR
system components

VR interventions are ‘complex’ given they have mul-
tiple interacting components that each can influence
patient outcomes.>*>° The strength of this study lies in
its multi-faceted approach to investigate each of the
important components that make up an attention-
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based VR intervention. Despite positive acceptability
reported across VR systems, it is clear from this study
that suboptimal audio-visual quality, latency, strap
comfort and weight distribution can adversely affect
feelings of immersion, engagement of attention and
overall enjoyment in FMS. Consequently, these
system-specific features can lead to greater adverse
effects, and the possibility that this could impact clinical
outcomes should not be ignored. Although the VR
systems used in this study are now outdated by newer,
more technologically advanced versions, there remains
considerable variation in available devices with more
customisation options than even before. This study’s
findings are particularly important in this context, as
they highlight the importance of optimising comfort
through carefully considered VR system setup to en-
hance user experience and minimise adverse effects.
Clear and systematic reporting of such adverse effects is
essential yet remains inconsistent across VR studies. To
address this, future research should prioritise the de-
velopment of standardised protocols for assessing and
reporting adverse effects to ensure a comprehensive
understanding of safety, especially for populations with
specific needs like those with FMS.

Significance of the virtual environment

Study findings also demonstrated the importance of
virtual environment design when creating VR content
for patients with FMS. Perhaps as a consequence of the
early work conducted by Hoffman et al utilising cold
virtual environments for patients with burns injuries,'°
other studies have also used cold environments for
chronic pain.'” In contrast, our findings indicate im-
proved acceptability related to virtual environments
simulating warm conditions in FMS. This may be
disease-specific, given the unique sensory hypersensi-
tivity and thermodysregulatory states seen in FMS. It
may also be an indication of a more complex rela-
tionship informed by a person’s pain characteristics or
previous experiences, indicating the need to tailor the
virtual environment to the user. Qualitative responses
perhaps explain differences in reported acceptability,
with participants indicating an association with relax-
ation in warm settings and a perceived worsening of
symptoms in cold settings. This is also shown in our
mood data, with the majority indicating an improve-
ment in their mood with the warm virtual environment.
Although no studies have specifically explored the role
of patients’ phobias or past experiences in this context
within relevant chronic pain populations, this is an
important consideration that could influence the ac-
ceptability and safety of VR interventions. Regardless of
the mechanism, it is clear that the virtual environmentis

a crucial element in VR chronic pain therapeutics.
Further research should investigate a range of envi-
ronments in well-characterised pain cohorts and con-
sider evaluating factors like phobias or past experiences
before starting VR therapy to better tailor environments
to individual needs.

The importance of fatigue with VR

This study’s findings provide reassurance of the safety
of using VR in FMS, with low adverse effects reported
across VR systems, activities and environments.
However, a general increase in fatigue reporting with
longer VR sessions was noted, particularly apparent
during Data Collection Session 2 where VR use du-
ration was at its peak. Upon closer examination, there
was a relationship between baseline fatigue levels and
subsequent fatigue reporting with VR use. Considering
that fatigue is a defining characteristic of FMS and
other chronic pain conditions, these indirect findings
underscore the importance of customising VR ‘dosing’
for high-risk groups. This includes integrating safety
measures such as ‘pacing checkpoints’ and conducting
more targeted research to understand the ‘dose-
response’ relationship of VR in specific disease
subgroups.

Perceptions and tailored VR interventions

Prior to this study, the perceptions of individuals with
FMS regarding VR use for pain management were
unclear. Although only within a small, select sample of
patients, study findings demonstrated positive attitudes
towards the use of VR for future, home-based therapy.

The rapid evolution of VR in recent years, partic-
ularly with the advent of affordable and portable sys-
tems, has opened new avenues for the home-based
management of chronic pain. With the increasing
availability of VR, it is inevitable that the use of VR
therapeutics will become more widespread. Our data in
FMS highlights the risk of adopting a generalised ap-
proach with use of VR applications across disease
subtypes that are unsuitable and may lead to adverse
effects.

To ensure the acceptability and safety of VR inter-
ventions, future research and application development
should promote: (1) co-design with individuals who
have lived experience of chronic pain, (2) consideration
of each VR component’s impact on acceptability, tol-
erability, and usability, and (3) evaluation in specific
chronic pain subgroups, taking into account unique
disease-specific challenges. This approach will help
tailor VR applications to meet the diverse needs of
chronic pain patients.



Tsigarides et al.

83

Limitations and recommendations for
future research

Limitations of the present study need to be acknowl-
edged. The study was primarily designed to determine
feasibility, with a small sample size appropriate for the
study design. While the study sample was representa-
tive of the UK FMS population,?® the inclusion of
mostly white females based in the East of England limits
the generalisability of findings. Measurement of out-
comes at multiple time points provided a good un-
derstanding of intervention feasibility and helped
reduce recall bias by collecting relevant data for each
intervention as close to the intervention completion as
possible. Despite this, use of self-report questionnaires
risks recall bias, particularly with questionnaires com-
paring interventions at the end of the session. The use
of non-validated subjective experience questionnaires
and virtual scales may limit the generalisability and
robustness of the findings. These tools were specifically
developed for each data collection session to gather
targeted feedback on comfort, usability, and overall
user experience. Available validated scales were either
not specific for VR interventions, or evaluated single
constructs like immersion and lacked the specificity
needed for assessing factors such as the comfort of
individual VR system components.*! Data on the ease
of completion of the questionnaires for participants or
of data analysis for researchers was not collected. The
sequential nature of the data collection sessions in this
study leads to the possibility of intervention novelty
influencing outcomes. This should be taken into ac-
count for future studies. The one-week washout period
aimed to minimise potential carryover effects between
sessions. However, due to limited knowledge about the
duration of effects from attention-based VR, some risk
of residual influence remains. Future trials should
account for this uncertainty in their design to ensure
accurate interpretation of outcomes.

While the absence of a control intervention is not a
specific limitation for our feasibility study, it is an
important consideration for future VR trials evaluating
effect. The VR-CORE international working group
emphasise the lack of a ‘perfect’ or ‘standardised’
control condition for VR therapeutics research, with the
choice of control depending on the research question.21
Our feasibility study focused on evaluating short-term
outcomes, but future studies should consider longer
follow-up to gain insights into the sustained feasibility
of VR use, including the persistence of benefits or
potential delayed adverse effects with extended use.

The overall attrition rate of 37.0% resulted in
complete datasets for 16 participants, falling short of
our target sample size 0of 20-30. Multiple data collection

sessions organised over time may have increased the
risk of participant dropout, especially given the fluc-
tuating nature of symptoms in individuals with FMS.
While participants did not cite COVID-19 as a direct
reason for dropout, many communicated difficulties
with transport and increased anxieties related to social
contact during the pandemic. Additionally, national
lockdowns required us to pause data collection, ex-
tending the data collection period to 10 months, which
may have further influenced retention. These factors
should be considered when interpreting our attrition
rate, as they represent barriers that may not be as
prevalent in future studies. Despite these challenges,
the high rate of questionnaire completion by those who
attended suggests that the outcome measures were not
overly burdensome and could be suitable for future
research. To account for attrition in similar studies, a
larger initial sample size could help ensure that suffi-
cient data are collected. Future trials should carefully
consider using multiple lab-based data collection ses-
sions over time, and may also consider remote or hybrid
data collection methods to reduce barriers to
participation.

Conclusion

In conclusion, this study increases confidence with
respect to the feasibility of using attention-based, head-
mounted VR interventions in patients with FMS.
Strong acceptability, minimal adverse effects and
positive perceptions of using VR highlight the potential
of this technology to support future home-based, non-
pharmacological treatments in FMS. However, it is
clear that VR interventions are complex with the need
to consider the acceptability of each component of the
VR system, environment and activity when attempting
to improve clinical outcomes. It is therefore essential
that we avoid a ‘one-size-fits-all’ approach to future VR
therapeutics, and instead promote co-development and
tailoring of interventions to the patients that they are
designed for.
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Title & Description: Appendix 1 — Specifications of the VR Application and

Systems Used
VR System
Samsung Gear VR Oculus Go Oculus Quest Oculus Rift S
i\
Image q
, - e Q
ualcomm
Internal Qualcomm Q a
Chipset Exynos 8895 Snapdragon 821 Sna%c;r;gon N/A
Random-access
Memory 4gb 3gb 4gb N/A®
(RAM)
Screen
Resolution 1280x1440 1280x1440 1440x1600 1280x1440
(per eye)
Screen refresh 60hz 77hz 1z 80hz
rate
Weight 500g 468g 571g 563g

Table 4: Comparison of the VR system specifications.

* A Dell Mobile Precision 7740 laptop (Windows 10 Pro, Intel Core i9 processor, 64gb DDR4 ram, Nvidia Quadro RTX 5000

16gb GDDRS6) streamed VR content to the Rift S, tethered through a USB-Display Port cable

The VR Application Technical Specifications

The application was built and tested using Unity 2019.4. It was designed to be stereoscopic

with the ability for the user to perceive depth and three-dimensional structures. The

untethered systems (Gear VR, Oculus Go and Oculus Quest) used an Android build, whereas

the tethered Oculus Rift S used a Windows™ build. Data collected from “virtual’ VR

questionnaires and on program use (including timestamped data on environment/activity

selection and activity performance) were stored within a unique JSON file written directly to




the study computer. This data was only recorded during Data Collection Sessions 2 and 3

when using the Oculus Rift S (tethered to the study laptop).

Custom head mounting straps were used with the Oculus Go and disposable fascia covers

used with the Gear VR to enable the hygiene protocol to be completed.

The VR Activities Description

Rail-Shooter Activity — A ‘rail shooter” activity requiring hand-eye co-ordination and agility.
Travelling slowly aboard a boat down a calm river, the user is presented a variety of targets
that they are required to aim at and hit. There are two different target types, with some
moving and some remaining static. A score was earned when hitting targets, with higher

scores provided with hits closer to the centre of the target.

Memory Activity — A sequence recall activity requiring short-term memory and spatial
awareness. A 3x3 grid of soil plots presents a sequence of emerging plants to the user who
has to replicate the sequence. This sequence escalates in length (starting at 3), adding one
extra to the sequence each time the user correctly replicates the preceding sequence until
failure. Upon the first instance of an incorrect selection, the user is given a warning prior to
the sequence resetting back to 3 if they select the incorrect plot on two occasions
sequentially. The user gained a score equal to the length of the sequence upon correctly

recalling and replicating the sequence.

Multitasking Activity — A multitasking activity requiring working memory and reasoning
skills. A patch of soil with five plots, a watering can and seed container are presented to the
user. The user is challenged to follow a sequence of four tasks (digging a plot, planting a
seed, watering and harvesting) for each of the five plots in order to grow trees. Each
harvested tree provided a score for the user, with the requirement to manage multiple plots

simultaneously.



Match-3 Activity — A ‘match three’ activity requiring visual searching, visuospatial awareness
and problem-solving skills. Three vines with multiple vegetables attached are presented to the
user. Pulling each vine downwards or upwards changed the position of the vegetable and
revealed a new vegetable from above or below (depending on the direction the vine is
pulled). When the user matched three identical vegetables in a horizontal row they would
gain a positive score. An escalating ‘multiplier’ was gained for successful matching of three

items in quick succession, improving the overall score gained.



Title & Description: Appendix 2 — Detailed Description of the Outcomes

Measures Used

Disease Severity Measures (Baseline)
Widespread Pain Index (WPI) and Symptom Severity Scale (SSS) Scores:

The Widespread Pain Index (WPI) is a questionnaire enquiring about pain experienced across
19 body areas, to evaluate the presence and distribution of pain experienced by the patient

over the past week.

The Symptom Severity Scale (SSS) is a questionnaire with two parts: the first part includes
13 questions assessing the severity of fatigue, waking unrefreshed, cognitive symptoms, and
the extent of somatic symptoms in general, while the second part evaluates the number of

somatic symptoms experienced.

The sum of the Widespread Pain Index (WPI) and Symptom Severity Scale (SSS) scores are
used to calculate the Fibromyalgia Severity (FS) Score to categorise FMS symptom severity

(FS, total score 0-31).
Revised Fibromyalgia Impact Questionnaire (Revised FIQR):

Self-report questionnaire to determine impact of FMS on activities of daily living, overall
wellbeing and severity of symptoms. 21 questions rated on a 0-10 numeric rating scale (NRS)
assessing the impact of FMS on three domains (1) function, (2) overall impact, and (3)

symptoms. The total FIQR score is the sum of the three domain scores (0-100).



Depression and Anxiety Measures (Baseline)
Patient Health Questionnaire 9 (PHQ-9):

Self-report questionnaire to determine the presence and severity of depressive symptoms. 9

items each scored from 0 (not at all) to 3 (nearly every day). Total scores range between 0-27.

Generalised Anxiety Disorder Assessment 7 (GAD-7):

Self-report questionnaire to determine the presence and severity of anxiety symptoms. 7

items scored from O (not at all) to 3 (nearly every day). Total scores range between 0-21.

Subjective Experience Questionnaires (Post-Intervention)

These questionnaires included a combination of rating questions, asking participants to rate
their level of agreement with statements related to acceptability on a scale of 1-7 (1 strongly
disagree, 7 strongly agree), multiple choice questions, white space questions (to contextualise
quantitative self-report), and virtual VAS ratings (10-point blinded scale). Questionnaires

varied between data collection sessions and were tailored to the intervention:

1. VR Systems:

e After use of a VR system: 15 rating questions and 3 white space questions.

e After use of all VR systems: 6 multiple choice questions (asking the participant to
choose the best performing headset for a variety of acceptability questions) and 3
rating questions enquiring about perceptions of VR.

2. VR Activities:

e After experiencing a VR activity: 5 virtual VAS rating questions enquiring about

enjoyment, engagement, difficulty, length of time in activity and motivation to

perform the activity.



e After experiencing all VR activities: 8 initial rating questions (generic
acceptability across the activities), followed by 3 further rating questions
enquiring about perceptions of VR. This was followed by 20 rating questions (5
per activity, activity-specific acceptability), 8 multiple choice questions (asking
about specific effects on pain and mood for each activity) and 12 white space
questions (3 per activity).

3. VR Environments:

s After experiencing a VR environment: 4 virtual VAS rating questions enquiring
about enjoyment, immersion, feelings of stress and changes in mood related to the
virtual environment.

s After experiencing both VR environments: 2 multiple choice questions asking
participants about the effect of each environment on pain and mood with 2
associated white space questions. 10 initial rating questions (5 per environment)
enquiring about acceptability of the colours and sounds, in addition to
engagement, feelings of relaxation and desire to experience the environment again
in the future. 1 further multiple choice question asking the participant to choose
which one environment they would rather experience again with white space
questions to describe likes and dislikes of each. 3 further rating questions

enquiring about perceptions of VR.

The Virtual Reality Sickness Questionnaire (VRSQ, Post-intervention)

Participants completed the VRSQ after use of each VR headset in Data Collection Session 1
and after experiencing all environments/activities in sessions 2 and 3. Participants were asked

to rate the severity of each symptom on a four-point scale ranging from 'None' (0) to 'Severe'



(3). VRSQ scores were calculated by first summing the scores for each symptom in the two
categories. These raw scores were then weighted according to the procedure outlined by Kim
et al. (2018): oculomotor score was the sum of raw scores divided by 12 and then multiplied
by 100, and disorientation was divided by 15 and multiplied by 100. The total VRSQ score
was computed as the sum of the oculomotor and disorientation scores divided by 2. The
VRSQ allowed assessment of both the incidence (i.e., the number of participants reporting

symptoms) and severity (i.e., the intensity of symptoms reported) of adverse effects post-VR.

Pain Intensity (Pre/Post Intervention)

To quantify participants' perception of pain, we implemented a multimodal approach using
the McGill Pain Questionnaire Short Form (MPQ-SF), a Visual Analog Scale (VAS), and a

custom post-intervention questionnaire.

The MPQ-SF, a brief yet robust tool for pain assessment, was administered to all participants
both before (pre-exposure baseline) and after (post-exposure) intervention. This instrument
includes 15 pain descriptors (11 sensory; 4 affective), which participants rate based on their
intensity from 0 (none) to 3 (severe). The MPQ-SF yields three scores: the sensory, affective,

and total pain scores, providing a multidimensional representation of the pain experience.

The VAS, a simple and reliable tool for subjective pain measurement, was also employed.
Two forms of the VAS were used, a physical paper-based version and a “virtual® version. For
the written VAS, participants were asked to rate their pain intensity on a 10cm line, ranging
from "no pain" on one end (Ocm) to "worst possible pain" on the other end (10cm). The
“virtual” VAS replicated the written VAS but used a 10-point blinded scale (participants were
only able to appreciate the position of a marker on a line, without labelling of numbers) with

data recorded by the application. The ‘virtual” pain VAS was completed in VR after

4



experiencing each environment and activity during Studies 2 and 3. The written pain VAS
was completed at baseline and post-intervention in all studies, as well as after use of each VR
system in Study 1. Recording of VAS pre- and post-intervention, and between multiple

interventions, allowed for a direct comparison of pain levels at different time points.

Repeated measures correlation analysis demonstrates a correlation coefficient of 0.403
(p<001) when assessing the correlation of virtual and written VAS reporting in Data
Collection Session 2. In line with work by Boonstra et al (2014), interpretation of VAS scores
are reported as follows: mild pain (<3.4cm), moderate pain (3.5-7.4cm), and severe pain

(=7.5cm).

In addition to the MPQ and VAS, we included questions within the subjective experience
questionnaires to gain information about participants’ perception of pain in relation to
specific interventions. Participants indicated whether each intervention increased, decreased,
or did not change their perception of pain using a multiple-choice format. Additionally,
participants were asked to complete white space questions to explain why they felt their pain

levels were impacted.



Title & Description: Appendix 3 — Clinical Outcome Data Tables

Pain reporting

Difference in

Difference in

Pain VAS from Number | MPQ-SF MPQ-SF
Reporting Time VAS Session achieving | total score | from Session
Point [mean Baseline MCID in [mean Baseline
(SD)] [mean (95% VAS (SD)] [mean (95%
CIs)] Cls)]
Data Collection Session 1
(VR Systems, n=26)
Session 1
Baseline 5.5(1.9) - - 24.3 (9.0) -
Post-VR System: 0.8
Samsung Gear 4.7 (1.8) -13 '_0 4) 12 - -
VR T
Post-VR System: -0.6
Oculus Go 4.9 (1.8) (-1.2,-0.1) 8 i i
Post-VR System: -1.2
Oculus Quest 4.3 (1.6) (-1.9,-0.5) 13 i i
Post-VR System: -1.6
Oculus Rift S 3.9(1.8) (-2.3,-0.9) 19 i i
Post-Intervention 15 9.7
(following use of | 4.0 (1.9) P 16 14.6 (9.1) : -
all VR systems) (-2.2,-0.8) (-13.0, -6.4)
Data Collection Session 2
(VR Activities, n=23)
Session 2
Baseline 5.5(2.3) - - 21.7 (8.8) -
Post-Activity: -1.4
Rail-shooter 4124 (-2.1, -0.6) 14 i i
Post-Activity: -1.5
Memory 4024 (-2.2,-0.7) 13 i i
Post-Activity: -1.2
Multitasking | 3 @Y | (-2.0,-0.4) 13 | -
Post-Activity: -1.5
Match-3 4022 (-2.1,-0.8) 14 i i




Post-Intervention:
After -1.0 -4.8
Experiencing All 4.5@23) (-1.9,-0.1) 14 16.9(10.5) (-7.4,-2.2)
Activities
Data Collection Session 3
(VR Environments, n=17)
Session 3
Baseline 5.4 2.1 - - 21.6 (10.1) -
Post-environment: -1.2
Warm (sunny) 42020 (-2.1, -0.4) 1 i i
Post-environment: -0.8
Cold (snowy) 46(22) (-1.5,-0.1) 6 i i
Post-Intervention:
Expg'fizlrcing 4.8(2.5) 0.6 8 15.2(9.1) 6.4
Both (-1.4,0.2) (-9.0, -3.8)
Environments

Table 5: Comparison of pain outcomes across the study. Minimal Clinically Important Difference (MCID) is defined as a

reduction in VAS by 215% (as described by Salaffi et al in musculoskeletal disease®)

Mood Reporting

Tvoe of Activity or Post-intervention: Post-intervention:
yl];)nvironmen{ Number Reporting Number Reporting
Improvement in Mood Worsening in Mood
Data Collection Session 2
(VR Activities, n=23)
Rail-shooter 10 1
Memory 9 4
Multitasking 9 4
Match-3 5 4
Data Collection Session 3




(VR Environments, n=17)

Warm (Sunny) 16 0

Cold (Snowy) 4 1

Table 6: Comparison of mood-related outcome measures across the VR activities and environments.
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Appendix 2: Description of study-specific questionnaires and outcome

measures

This appendix summarises the questionnaire and self-reported outcome measures
used in the PainWaves and VR-FOCUS studies. Its purpose is to provide additional
detail on the content, scoring and study-specific role of these measures without
duplicating the methods sections in Chapters 5 and 7. Measures used in the VIPA-
EEG study are not reproduced here, as these were collected within the parent
feasibility study and are described in the published article included as Appendix 1.
Chapter 6 specifies which of those measures were used in the VIPA-EEG secondary

analysis.

PainWaves study measures

London Fibromyalgia Epidemiology Study Screening Questionnaire (LFESSQ)

Questionnaire-derived screening measure used to identify widespread
musculoskeletal pain. The LFESSQ pain component includes four items asking
whether participants had pain in muscles, bones or joints lasting at least 1 week;
pain in the shoulders, arms or hands; pain in the legs or feet; and pain in the neck,
chest or back. For the upper- and lower-limb pain items, participants also indicated
whether pain was present on the right side, left side or both sides. The LFESSQ pain
criteria were met when all four pain items were reported and pain was distributed
bilaterally, defined as either both right- and left-sided positive responses or a “both
sides” positive response. In PainWaves, existing TwinsUK LFESSQ data were used
to derive questionnaire-defined CWP status for twin-pair selection. The measure was
used as a screening-derived phenotype rather than as a clinical diagnosis of
fibromyalgia. Delivered historically as a paper version by the TwinsUK research

team.
Patient Health Questionnaire-2 (PHQ-2)

Brief self-report screening measure of depressive symptoms over the previous 2
weeks. Two items assess low mood and anhedonia. Each item is scored from 0 (not
at all) to 3 (nearly every day). Total scores range from 0-6, with higher scores
indicating greater depressive symptom burden. A score of 3 or above is commonly
used as the threshold for a positive depression screen, warranting further

assessment rather than constituting a diagnosis?®!. Delivered as a paper version.
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Generalised Anxiety Disorder-7 (GAD-7)

Self-report measure of anxiety symptoms over the previous 2 weeks. Seven items
assess nervousness, uncontrollable worry, excessive worry, difficulty relaxing,
restlessness, irritability and fear that something awful might happen. Each item is
scored from O (not at all) to 3 (nearly every day). Total scores range from 0-21.
Conventional severity categories are 0-4 minimal anxiety, 5-9 mild anxiety, 10-14
moderate anxiety and 15-21 severe anxiety. A score of 10 or above is commonly

used as a clinically relevant screening threshold?*. Delivered as a paper version.
Widespread Pain Index (WPI)

Self-report measure of pain distribution over the previous 7 days. Participants
indicated whether they had experienced pain in 19 predefined body regions: right
and left jaw, neck, right and left shoulder, right and left upper arm, right and left
forearm, chest, abdomen, upper back, lower back, right and left buttock, right and left
upper leg, and right and left lower leg. Each painful region contributes 1 point. Total
scores range from 0-19, with higher scores indicating more widespread pain. In the
revised fibromyalgia criteria, the WP contributes to classification when considered
alongside symptom severity and pain distribution?3?-283, Delivered as a paper version.

Symptom Severity Scale (SSS)

Self-report measure of fibromyalgia-related symptom burden. Participants rated the
severity of fatigue, waking unrefreshed and cognitive symptoms over the previous 7
days. Each item was scored from 0 to 3, where 0 indicates no problem, 1 indicates
slight or mild problems, 2 indicates moderate or considerable problems, and 3
indicates severe, pervasive, continuous or life-disturbing problems. Participants also
reported whether they had experienced headaches, pain or cramps in the lower
abdomen, and depression over the previous 6 months, with each scored as absent
or present. The total SSS score ranges from 0-12, with higher scores indicating

greater symptom burden?®> 283, Delivered as a paper version.
Fibromyalgia Severity (FS) score

Composite measure calculated by summing the WPI and SSS. Total scores range
from 0-31, with higher scores indicating greater combined burden of widespread pain
and fibromyalgia-related symptoms?$2-283, In the 2016 fibromyalgia criteria?®?,
fibromyalgia may be classified when symptoms have been present at a similar level
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for at least 3 months, generalised pain is present in at least 4 of 5 regions, and either
WPl is 7 or above with SSS 5 or above, or WPI is 4-6 with SSS 9 or above. In
PainWaves, these scores provided clinical characterisation of symptom burden

rather than acting as the primary grouping variable. Delivered as a paper version.
Pain and fatigue visual analogue scales

State measures of current pain and fatigue intensity were collected immediately
before EEG recording. Participants marked a vertical line on separate 10cm
horizontal scales anchored by “no pain” and “worst possible pain” for pain, and “no
fatigue” and “worst possible fatigue” for fatigue. The research team recorded the
corresponding numeric VAS value by measuring the distance in centimetres from the
left-hand anchor to the participant’s mark, with higher scores indicating greater
current pain or fatigue intensity. Published pain severity cut-offs vary across settings;
when 0-10 numeric categories are used, a common convention is 0 no pain, 1-3 mild
pain, 4-6 moderate pain and 7-10 severe pain®’®. These categories should be
interpreted cautiously and were not used as primary inferential thresholds. No
equivalent categorical severity thresholds are recognised for fatigue VAS scores.
Delivered as paper versions.

EEG-relevant contextual variables

Additional contextual variables were recorded at the time of EEG acquisition
because of their potential relevance to EEG data quality or interpretation. These
included head circumference, nasion-inion distance, whether the participant had
washed their hair in the preceding 24 hours, caffeine consumption in the preceding
24 hours, sleep duration on the previous night, and whether the participant had
woken during the night. These variables were not primary clinical outcomes, but
provided useful contextual information for interpreting acquisition quality and
potential sources of physiological variability during analysis.

VR-FOCUS study measures

Baseline questionnaire

Self-report questionnaire completed before VR exposure. ltems captured
demographic information, previous technology exposure, medical history,
comorbidities and regular medications. All participants completed the baseline

questionnaire. Participants with chronic pain completed additional pain-specific
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measures. Delivered through a Microsoft Forms electronic format using a tablet or
laptop.

Current pain and fatigue numeric rating scales

Participants with chronic pain provided current pain and fatigue ratings at baseline.
These were used to characterise symptom state shortly before VR exposure to
support interpretation of task performance, subjective workload and eye tracking
signals. For ratings on a 1-10 scale, 1 indicated minimal pain or fatigue and 10
indicated worst pain or fatigue imaginable. Delivered through a Microsoft Forms
electronic format using a tablet or laptop.

PROMIS Pain Intensity and Pain Interference

PROMIS Pain Intensity, Short Form 3a:

Completed by participants with chronic pain. The measure contains three items
assessing pain intensity: pain at its worst over the previous 7 days, average pain
intensity over the previous 7 days, and pain intensity at the time of completion. Each
item is scored from 1 to 5, with 1 indicating no pain and 5 indicating very severe

pain. Raw summed scores therefore range from 3-15%!.

PROMIS Pain Interference, Short Form 8a:

Completed by participants with chronic pain. The measure contains eight items
assessing how much pain interfered with functioning over the previous 7 days. Items
assess interference with day-to-day activities, work around the home, participation in
social activities, household chores, usual activities undertaken for fun, enjoyment of
social activities, enjoyment of life, and family life. Each item is scored from 1 to 5,
with response options ranging from not at all to very much. Raw summed scores
therefore range from 8-4033!.

PROMIS measures are commonly interpreted using T-scores, where the reference
population mean is 50 and the standard deviation is 10. Raw PROMIS scores were
calculated by summing item responses. Raw summed scores were converted to
PROMIS T-scores using the instrument-specific scoring tables. Higher T-scores
indicate greater pain intensity or burden. HealthMeasures interpretive guidance for
negatively valenced domains describes scores up to 55 as within normal limits,
scores above 55 to 60 as mild, scores above 60 to 70 as moderate, and scores
above 70 as severe. These thresholds were used descriptively to aid interpretation of
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chronic pain burden, not as primary inferential thresholds?”: 3. Delivered through a
Microsoft Forms electronic format using a tablet or laptop.

Pain Catastrophising Scale (PCS)

Participants with chronic pain completed a paper version of the Pain Catastrophising
Scale using the licensed United Kingdom/English version supplied through Mapi
Research Trust. The PCS is a 13-item self-report measure of pain-related
catastrophic thoughts and feelings, covering rumination, magnification and
helplessness. Each item is scored from O (not at all) to 4 (all the time), giving a total
score range of 0-52, with higher scores indicating greater pain catastrophising®*. A
total score of 30 or above is commonly used to indicate clinically relevant
catastrophising?®!. The PCS was used under Mapi Research Trust special terms for
the VR-FOCUS doctoral research project; as the scale is copyrighted, the full item

wording is not reproduced in this appendix.

In-VR pain and fatigue ratings

Current pain and fatigue was assessed within VR using separate interactive 10-step
sliders, completed using the VR system controllers. The scales were anchored from
minimal to worst possible (pain or fatigue). Responses were saved directly to
headset storage alongside other in-VR questionnaire outputs.

In-VR NASA Task Load Index (NASA-TLX):

Subjective cognitive workload was assessed in VR after each N-back task using the
six NASA-TLX subscale items: mental demand, physical demand, temporal demand,
perceived performance, effort and frustration. Each item was answered using an
interactive slider comprising 20 unlabelled response intervals, corresponding to the
standard NASA-TLX 0-100 scoring metric in 5-point increments. For mental demand,
physical demand, temporal demand, effort and frustration, higher scores indicated
greater perceived demand or burden, with O indicating very low and 100 indicating
very high. For perceived performance, the scale ranged from perfect performance to
failure, so higher scores indicated poorer perceived performance, with 0 indicating
perfect performance and 100 indicating failure. No established mild, moderate or

severe thresholds were applied; scores were interpreted continuously.

In-VR PAAS mental effort scale:
A single-item PAAS mental effort rating was collected in VR after each N-back task
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as an additional subjective measure of cognitive load. Participants rated the mental
effort invested in the task using an in-VR interactive slider. The PAAS scale is
conventionally scored from 1 to 9, with higher scores indicating greater perceived

mental effort.

A Unity slider implementation issue meant that scores could only be recorded using
a scale of 0-9. Values of 0 were corrected by recoding 0 to 1 before analysis. This
affected 48 of 420 PAAS ratings (11.4%), occurring predominantly in ratings related
to the baseline task (44 ratings), with 4 ratings during 1-back and none during 2-
back, 3-back or 4-back. Corrected values were similarly distributed across groups,
with 26 from the chronic pain cohort and 22 from healthy controls. No values above
the minimum score were altered. PAAS scores were analysed as continuous

subjective cognitive-load ratings without categorical severity thresholds.

In-VR subjective task-experience items

Additional in-VR ratings assessed immersion, comfort, distraction, anxiety, attention
consistency, difficulty maintaining focus, motivation and engagement. Each item was
answered using an interactive slider scored from 0 to 100 (0 indicating the lowest
rating and 100 indicating the highest rating for all questions). These items were
developed to contextualise task-defined cognitive load and to identify experiential
factors that could influence task performance or eye tracking signals. No published

severity thresholds were applied.

N-back performance metrics

Task performance was logged automatically during each N-back level and scored
using a signal detection framework. Trials were classified as hits when participants
correctly responded to target stimuli, misses when they failed to respond to target
stimuli, false alarms when they responded to non-target stimuli, including lure trials,
and correct rejections when they correctly withheld a response to non-target stimuli.
Hit rate and false alarm rate were calculated for each participant and N-back level.
To avoid infinite values when hit rate or false alarm rate equalled O or 1, loglinear
corrections were applied, such that corrected hit rate was calculated as
(hits+0.5)/(hits+misses+1), and corrected false alarm rate as (false
alarms+0.5)/(false alarms+correct rejections+1). These corrected rates were then
used to calculate discrimination sensitivity and response bias. Discrimination

sensitivity was calculated as d’ = Z(hit rate) — Z(false alarm rate), where Z is the
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inverse cumulative distribution function of the standard normal distribution. Higher

d' values indicated better discrimination between target and non-target stimuli.

Response bias was calculated as ¢ = —0.5 x [Z(hit rate) + Z(false alarm rate)].

Positive ¢ values indicated a more conservative response tendency, reflecting a

greater tendency to withhold responses or classify stimuli as non-targets, whereas

negative values indicated a more liberal tendency to respond as though stimuli were

targets. Raw hit rate and false alarm rate were retained for interpretability, while

d'and ¢ were used as the principal signal detection indices of N-back task

performance, as described in Chapter 7°?7.

Eye tracking measures:

Continuous eye tracking data were recorded during the VR N-back task. The primary

ocular measures were pupil diameter and blink-related behaviour, with gaze direction

also recorded. These signals were used to investigate whether headset-derived

measures acquired during VR could support inference of task-defined cognitive load.

Eye tracking variables were not interpreted using clinical severity thresholds.

Table A2.1. Example eye tracking CSV output from a single VR N-back task

timestamp |time_ms |pupil_|I_mm |pupil_r mm |gaze | X gaze LY gaze | Z gaze_r_X gaze r Y gaze r Z
1970-01- 0 4970632076 |4.545835494 |- - 0.99650156 | - - 0.99331974
01T00:11:5 263430 995120 0.05285393 | 0.06474073 | 49795530 |0.10379531 | 0.05042309 | 98321530
9.025956Z 446683880 (976278310 979560900 | 686541560

1970-01- 17 4972482681 |4.507942199 |- - 0.99649387 |- - 0.99322301
01T00:11:5 274410 707030 0.05293635 | 0.06479065 | 59803770 | 0.10204433 | 0.05563380 | 14936830
9.042618Z 278940200 | 120220180 649778400 | 196690560

0
1970-01- 33 4972607135 |4.538609981 |- - 0.99646329 | - - 0.99313312
01T00:11:5 772710 536870 0.05351888 | 0.06478196 | 87976070 |0.10235671 | 0.05665585 | 76893620
9.059279Z 388395310 | 382522580 699047100 | 398674010
0

Example of the task-level eye tracking CSV structure generated from the raw headset output. The table shows the first three recorded

samples from one task file. timestamp denotes the absolute sample timestamp, time_ms denotes elapsed time from task onset in

milliseconds, pupil_|_mm and pupil_r_mm represent left and right pupil diameter in millimetres, and gaze_|_X/Y/Z and gaze_r_X/Y/Z

represent left and right eye gaze-direction vectors.

Virtual Reality Sickness Questionnaire (VRSQ):
Post-VR measure of adverse effects and tolerability. The VRSQ was completed after

headset removal and assessed VR-related symptoms across oculomotor and

disorientation-related symptom domains. The VRSQ uses nine items scored from 0

to 3, corresponding to none, slight, moderate and severe symptom ratings, and can
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be summarised as oculomotor, disorientation and total scores scaled to 0-100. No
universally accepted mild/moderate/severe cut-offs for the total VRSQ score were
applied; higher scores were interpreted as greater VR sickness burden. Delivered

through a Microsoft Forms electronic format using a tablet or laptop.
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Appendix 3: Additional rsEEG data and figures from PainWaves and VIPA-EEG

This appendix provides supplementary rsEEG data supporting Chapters 5 and 6.

Tables and figures are included where they provide additional transparency for

quality control, sensitivity analyses, secondary EEG analyses or exploratory

outcomes, without duplicating the primary results presented in the main chapters.

Table A3.1. PainWaves quality-control tier composition

Median retained Median
Pairs
EC duration in channels
Tier Inclusion criteria retained
seconds (IQR; interpolated
(MZ, DZ)
range) (IQR; range)
0 No criteria 36 (17,19) 192 (153-226; 60- 3 (2-5; 0-13)
290)
<10 channels removed 30 (15,15) 195 (153-235; 88- 3 (2-5; 0-8)
1 AND retained duration 290)
>75s
<8 channels removed 22 (12,10) 196 (163-236; 122- 3 (2-4; 0-7)
2 AND retained duration 290)
2120s
3 <8 channels removed 12 (6,6) 227 (206-247; 184- 3 (2-4; 0-7)
AND retained duration 290)
=>180s

Retained eyes-closed (EC) duration and number of interpolated channels are summarised at participant level

within each retained paired dataset. Values are presented as median (IQR; range). MZ, monozygotic; DZ,

dizygotic.
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Table A3.2. PainWaves zygosity-stratified spectral results

Cluster direction Cluster- Cohen’s dz (95%
Zygosity Frequency
and topography level p- Cl)
group band
value
MZ 17 Delta N/A N/A -0.19 (-0.80, 0.28)
Theta N/A N/A -0.16 (-0.71, 0.33)
Alpha N/A N/A -0.11 (-0.69, 0.36)
Broad beta N/A N/A -0.61 (-1.3,-0.15)
Low beta N/A N/A -0.40 (-0.97, 0.06)
High beta  Negative, <0.05 -0.82 (-1.63, -0.34)
frontocentral
Gamma N/A N/A -0.51 (-0.97, -0.11)
DZ 19 Delta N/A 0.09 -0.35 (-0.96, 0.09)
Theta N/A 0.05 -0.50 (-1.21, -0.10)
Alpha Negative, bilateral 0.02 -0.56 (-1.21, -0.13)
frontocentral-central
Broad beta Negative, 0.01 -0.58 (-1.25, -0.13)
frontocentral-
centroparietal
Low beta Negative, bilateral 0.01 -0.68 (-1.36, -0.25)
frontocentral-central
High beta  Negative, left 0.04 -0.44 (-1.09, <0.05)
frontotemporal-
centroparietal
Gamma N/A 0.08 -0.42 (-0.99, 0.02)

Sensor-level cluster-based permutation results are shown separately for monozygotic (MZ) and dizygotic (DZ) twin pairs.

Cluster direction and topography describe significant sensor-level clusters only; negative clusters indicate lower spectral

power in the twin with CWP relative to their co-twin control. ROI-based effect sizes are reported as Cohen’s dz with 95%

confidence intervals (95% CI). CWP, chronic widespread pain; DZ, dizygotic; MZ, monozygotic.



Table A3.3. PainWaves exploratory connectivity summary

Direction Cohen’s dz (95% Uncorrected p-
Band Contrast

of effect Cl) value
Alpha (8- Central-central Lower in -0.61 (-1.63, - 0.06
12Hz) connectivity CWP 0.05)
Alpha (8- Frontal-central Lower in -0.58 (-1.28, - 0.07
12Hz) connectivity CWP 0.06)
Alpha (8- Central-parietal Lower in -0.57 (-1.14, - 0.08
12Hz) connectivity CWP 0.08)
Broad Central-central Lower in -0.79 (-2.17, - 0.03
beta (13- connectivity CwpP 0.22)
30Hz)
Broad Frontal-central Lower in -0.51 (-1.58, 0.01) 0.10
beta (13- connectivity CWP
30Hz)
Broad Central-parietal Lower in -0.52 (-2.27,0.06) 0.107
beta (13- connectivity CWP
30Hz)
Low beta Central-central Lower in -0.66 (-1.67, - 0.05
(13- connectivity CWP 0.10)
20Hz)
Low beta Frontal-central Lower in -0.47 (-1.45,0.08) 0.13
(13- connectivity CWP
20Hz)
Low beta Central-parietal Lower in -0.57 (-1.46, - 0.08
(13- connectivity CWP 0.04)
20Hz)
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High beta Central-central Lower in -0.77 (-2.01, - 0.03

(21- connectivity CWP 0.17)

30Hz)

High beta Frontal-central Lower in -0.44 (-1.08, 0.06) 0.14
(21- connectivity CWP

30Hz)

High beta Central-parietal Lower in -0.54 (-1.42,0.01) 0.09
(21- connectivity CWP

30Hz)

The table summarises selected ROI-level amplitude envelope correlation (AEC) findings from the Tier 3
connectivity dataset. Contrasts are shown for alpha, broad beta, low beta and high beta bands, focusing on
central, frontal-central and central-parietal connections because these were the most recurrent nominal patterns in
the exploratory analyses. Direction of effect refers to the within-pair contrast between the twin with CWP and the
co-twin control; lower in CWP indicates reduced connectivity in the twin with CWP. Effect sizes are reported as
Cohen’s dz with 95% confidence intervals. P-values are uncorrected and should be interpreted descriptively, as no
connectivity result survived correction for multiple comparisons. AEC, amplitude envelope correlation; CWP,

chronic widespread pain; ROI, region of interest.

Figure A3.1. PainWaves supplementary spectral topographies across all frequency

bands
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gamma (31-40Hz)

Table A3.6. VIPA-EEG quality-control characteristics by recording state

Median retained Median
Inclusion Participants EC duration in channels
Tier Recording state
criteria retained seconds (IQR; interpolated
range) (IQR; range)
0 No criteria 23 Pre-intervention 62 (47-74, 30-78) 2 (1-3, 0-10)
Post-activity 1 58 (50-68, 28-78) 2 (1-4, 0-11)
Post-activity 2 58 (49-63, 14-84) 2 (1-6, 0-11)
Post-activity 3 58 (49-69, 12-94) 3 (1-5, 0-9)
Post-activity 4 54 (46-67, 26-88) 3 (2-4, 0-13)
Post-intervention 54 (41-64, 22-84) 2(1-3,0-7)
1 <8 channels 21 Pre-intervention 64 (48-74, 40-78) 2(1-3,0-7)
removed Post-activity 1 58 (50-68, 38-78) 2 (1-3, 0-5)
AND retained _
duration 230s Post-activity 2 58 (52-64, 36-84) 2 (1-5, 0-7)
Post-activity 3 60 (56-70, 42-94) 2 (1-3, 0-7)
Post-activity 4 54 (46-68, 34-88) 2 (2-4, 0-7)
Post-intervention 54 (44-68, 36-84) 1(1-3, 0-5)

Retained eyes-closed (EC) duration and number of interpolated channels are summarised at participant level
within each retained paired dataset. Values are presented as median (IQR; range). MZ, monozygotic; DZ,

dizygotic.



Appendix 4: Additional performance and self-reported data from VR-FOCUS

This appendix provides additional descriptive and exploratory data supporting the

VR-FOCUS results reported in Chapter 7. Tables summarise task-level performance,

participant-reported outcomes, tolerability and exploratory clinical-context analyses

by group and N-back level where relevant. Values are presented as median (IQR)

unless otherwise stated. Between-group comparisons are exploratory and

unadjusted unless specified.

Table A4.1. Exploratory between-group comparisons for task performance indices

N-back HC, median CP, median p-value Rank-
Measure
level (IQR) (IQR) biserial r
Hits (out of 1-Back  10.0 (9.0- 9.0(7.3-9.8) <0.05 -0.46
10) 10.0)
2-Back 8.0(7.0-9.0) 6.0(4.0-70 <0.05 -0.42
3-Back 4.0 (3.0-6.0) 3.0(2.0-4.0) 0.08 -0.22
4-Back 4.0(2.0-43) 3.0(2.0-4.0) 0.18 -0.17
d’ 1-Back 3.8(3.2-3.8) 3.2(2.6-3.8) <0.05 -0.46
2-Back 2.4(1.9-2.9) 16(1.2-22) <0.05 -0.40
3-Back 1.2(1.0-1.7) 1.2(0.7-14) 0.46 -0.09
4-Back 1.3(0.9-1.7) 1.0(0.6-1.4) 0.04 -0.26
c 1-Back 0.2 (0.2-0.5) 0.5(0.2-0.8) <0.05 0.46
2-Back 0.5(0.3-0.7) 0.7 (0.5-0.9) <0.05 0.37
3-Back 0.8(0.7-1.1) 0.9(0.8-1.1) 0.06 0.24
4-Back 1.0(0.8-1.2) 1.0(0.8-1.2) 0.74 0.04
Mean hit 1-Back  501.1 (476.4- 537.8 (508.4- <0.05 -0.45
reaction 529.5) 579.2)
time (MS) 5 Back 5396 (4975- 5580 (515.8- 0.12 _ -0.19
580.3) 604.5)
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3-Back 547.9 (499.6- 588.0 (537.0- 0.03 -0.28
599.6) 640.0)

4-Back 5453 (467.4- 589.4 (529.4- 0.05 -0.25
616.1) 637.7)

Values are presented as median (IQR) for healthy controls (HC) and participants with chronic pain (CP). Between-

group p-values were calculated using two-sided Mann-Whitney U tests. Rank-biserial r is reported as the effect

size; positive values indicate higher values in CP and negative values indicate higher values in HC. d' represents

discrimination sensitivity and c represents response criterion.

Table A4.2. Participant-reported questionnaire data by group and task

Gro 1-Back 2-Back 3-Back 4-Back
Measure Baseline

up
Posttask  HC 0.0 (0.0-0.0) 0.0(0.0-0.0) 0.0(0.0-0.0) 0.0(0.0-0.0) 0.0 (0.0-0.0)
PainVAS,  “ep T 180(93-  150(15-  135(00- 105(1.0- 1.0 (25
median 25.3) 22.3) 29.0) 19.0) 32.5)
(IQR)
Posttask  HC  0.0(0.0-2.3) 0.0(0.0-9.3) 05(0.0-8.0) 15(0.0-7.8) 1.5(0.0-
fatigue VAS, 10.0)
median CP  260(9.8-  230(7.8-  260(103- 29.0(83-  27.5(7.0-
(IQR) 63.0) 50.0) 68.0) 67.5) 68.3)
NASA-TLX HC 171 (16.7- 25.8 (20.0- 44.2(383- 529 (47.5- 56.7 (49.0-
total score, 18.5) 31.9) 50.8) 57.5) 60.2)
median CP 175(16.7- 30.8(23.3- 50.0(40.6- 57.5(483- 62.5(52.1-
(IQR) 23.3) 39.6) 59.4) 65.2) 67.9)
PAAS score, HC 1.0 (1.0-1.0) 2.0 (1.0-5.0) 7.0(6.0-8.0) 8.0 (7.0-9.0) 8.0 (7.0-9.0)
median CP_ 1.0(1.0-1.0) 2.5(1.06.0) 7.0(6.0-8.0) 8.0(7.0-9.0) 8.0 (3.0-9.0)
(IQR)

HC 815(50.0- 96.0(76.0- 98.0 (845 995 (89.8- 995 (86.8-

100.0) 100.0) 100.0) 100.0) 100.0)
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Immersion, _CP__ 665 (38.0- 735 (558- 885 (765- 935 (77.8- 965 (82.8-
median 89.0) 93.8) 100.0) 100.0) 100.0)
(IQR)
Comfort, HC  100.0 (89.8- 100.0 (92.0- 100.0 (92.8- 100.0 (99.3- 100.0 (90.0-
median 100.0) 100.0) 100.0) 100.0 100.0)
(IQR) CP 935 (743- 865 (723~ 830 (563- 845 (625  80.0 (350-
100.0) 97.3) 94.3) 95.8) 95.0)
Anxiety, HC 00(0.0-03) 50(00- _ 200(00- 51.0(08-  50.0 (12.5-
median 13.3) 62.3) 74.5) 67.5)
(IQR) CP  20(0.0-  145(30- 425(180- 66.0(235- 625 (250-
21.3) 50.0) 72.3) 80.5) 85.0)
Attention,  HC 825 (478- 875(803- 87.0(67.8- 835(603- 845 (49.3-
median 92.3) 100.0) 100.0) 100.0) 100.0)
(IQR) CP  84.0(660- 840 (648 820(618- 780(325- 835 (61.0-
92.8) 97.3) 91.0) 93.3) 96.0)
Difficulty HC 20048 11048  255(35-  355(23- 315 (18-
focusing, 39.5) 24.0) 60.5) 82.0) 73.3)
median CP  135(35-  205(7.5-  37.0(18.0- 67.0(308- 79.0 (250-
(IQR) 31.3) 38.0) 66.3) 85.5) 89.3)
Motivation,  HC _ 995 (74.3- 100.0 (92.0- 100.0 (90.5- 100.0 (91.5- 855 (56.3-
median 100.0) 100.0) 100.0) 100.0) 100.0)
(IQR) CP  975(783- 97.0(80.0- 97.5(88.0- 980(87.8- 99.0(915-
100.0) 100.0) 100.0) 100.0) 100.0)
Engagement, HC 855 (56.3- 100.0 (91.5- 100.0 (88.3- 100.0 (86.0- 100.0 (87.5-
median 100.0) 100.0) 100.0) 100.0) 100.0)
(IQR) CP 840 (658 91.0(80.8- 945 (843- 915(788- 925 (833-
100.0) 100.0) 100.0) 100.0) 100.0)

Values are presented as median (IQR) for healthy controls (HC) and participants with chronic pain (CP). Post-task pain and

fatigue VAS scores, immersion, comfort, anxiety, attention, difficulty focusing, motivation and engagement were recorded to

characterise subjective task experience, tolerability and perceived workload across increasing N-back levels. NASA-TLX,

NASA Task Load Index; PAAS, PAAS Cognitive Load Rating Scale; VAS, visual analogue scale. Baseline values are shown

where available.



Table A4.3. VRSQ tolerability scores by group

VRSQ measure Healthy Controls Chronic Pain p-value Rank-biserial r
VRSAQ total score, 4.2 (4.2-12.5) 12.5(6.7-17.3) 0.006 0.33

median (IQR)

Oculomotor domain 8.3 (8.3-25.0) 25.0 (8.3-25.0) 0.008 0.33

score, median (IQR)

Disorientation domain 0.0 (0.0-6.7) 0.0 (0.0-6.7) 0.142 0.16
score, median (IQR)

Values are presented as median (IQR). Between-group p-values were calculated using two-sided Mann-Whitney U
tests. Rank-biserial r is reported as the effect size, with positive values indicating higher scores in the chronic pain

group. VRSQ, Virtual Reality Sickness Questionnaire.

Because the chronic pain group had substantial multimorbidity and medication
exposure, exploratory models examined whether selected clinical factors were
associated with pupil diameter or blink rate. These analyses did not identify a
consistent pattern suggesting that pain severity, pain interference, pain
catastrophising, diagnosis, medication burden, opioid exposure, anticholinergic
medication or SSRI/SNRI use dominated the ocular outcomes.

Table A4.4. Exploratory linear regression associations between clinical factors and

ocular outcomes in the chronic pain group

Pupil diameter, Blink rate,
Clinical factor

p-value p-value
PROMIS Pain Intensity T-score 0.423 0.403
PROMIS Pain Interference T-score 0.356 0.675
Pain Catastrophizing Scale total score 0.520 0.448
Inflammatory arthritis 0.153 0.689
Fibromyalgia 0.894 0.428
Autoimmune connective tissue disease 0.279 0.479

285



Specific eye disease mentioned 0.409 0.321
Number of regular medications 0.617 0.187
Current opioid use 0.440 0.815
Opioid use in previous 12 hours 0.244 0.379
Eye-drop use 0.245 0.712
Drugs with anticholinergic effects 0.150 0.396
Drugs that can increase blink rate 0.410 0.940
SSRI/SNRI use 0.375 0.844

P-values are from exploratory linear regression models restricted to participants with chronic pain. Pupil
diameter p-values refer to the task period. Analyses were uncorrected and are included as contextual
checks rather than primary inferential outcomes. PROMIS, Patient-Reported Outcomes Measurement

Information System; SSRI, selective serotonin reuptake inhibitor; SNRI, serotonin-norepinephrine

reuptake inhibitor.
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Appendix 5: Ethics Approval Forms

NHS

Health Research
Authority

North West - Liverpool Central Research Ethics Committee
2 Redman Place

Stratford

London

E20 1JQ

09 May 2024

Professor Claire Steves

Clinical Director

King's College London

Department of Twin Research & Genetic Epidemiology
3rd Floor, South Wing, Block D

St. Thomas' Hospital Campus

SE1 7EH

Dear Professor Steves

Study title: TwinsUK Programme of Research
REC reference: 24/NW/0107

Protocol number: N/A

IRAS project ID: 342169

Thank you for your letter of 24 April 2024, responding to the Research Ethics Committee’s
(REC) request for further information on the above research and submitting revised
documentation.

The further information has been considered on behalf of the Committee by the Chair.
Confirmation of ethical opinion

On behalf of the Committee, | am pleased to confirm a favourable ethical opinion for the above
research on the basis described in the application form, protocol and supporting documentation
[as revised], subject to the conditions specified below.

Good practice principles and responsibilities

The UK Policy Framework for Health and Social Care Research sets out principles of good

practice in the management and conduct of health and social care research. It also outlines the
responsibilities of individuals and organisations, including those related to the four elements of
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research transparency:

1. registering research studies
2. reporting results

3. informing participants

4. sharing study data and tissue

Conditions of the favourable opinion

The REC favourable opinion is subject to the following conditions being met prior to the start of
the study.

Confirmation of Capacity and Capability (in England. Northern Ireland and Wales) or NHS
management permission (in Scotland) should be sought from all NHS organisations involved in
the study in accordance with NHS research governance arrangements. Each NHS organisation
must confirm through the signing of agreements and/or other documents that it has given
permission for the research to proceed (except where explicitly specified otherwise).

Guidance on applying for HRA and HCRW Approval (England and Wales)/ NHS permission for
research is available in the Integrated Research Application System.

For non-NHS sites, site management permission should be obtained in accordance with the
procedures of the relevant host organisation.

Sponsors are not required to notify the Committee of management permissions from host
organisations

Registration of Clinical Trials

All research should be registered in a publicly accessible database and we expect all
researchers, research sponsors and others to meet this fundamental best practice standard.

It is a condition of the REC favourable opinion that all clinical trials are registered on a public
registry before the first participant is recruited and no later than six weeks after. For this
purpose, ‘clinical trials’ are defined as:

clinical trial of an investigational medicinal product
clinical investigation or other study of a medical device
combined trial of an investigational medicinal product and an investigational medical
device

« other clinical trial to study a novel intervention or randomised clinical trial to compare
interventions in clinical practice.

A 'public registry' means any registry on the WHO list of primary registries or the ICMJE list of
registries provided the registry facilitates public access to information about the UK trial.

Failure to register a clinical trial is a breach of these approval conditions, unless a deferral has
been agreed by the HRA (for more information on registration and requesting a deferral see:
Research registration and research project identifiers).
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Where a deferral is agreed we expect the sponsor to publish a minimal record on a publicly
accessible registry. When the deferral period ends, the sponsor should publish the full record on
the same registry, to fulfil the condition of the REC favourable opinion.

If you have not already included registration details in your IRAS application form you should
notify the REC of the registration details as soon as possible.

Where the study is registered on ClinicalTrials.gov, please inform deferrals@hra.nhs.uk and the
Research Ethics Committee (REC) which issued the final ethical opinion so that our records can
be updated.

Publication of Your Research Summary

We will publish your research summary for the above study on the research summaries section
of our website, together with your contact details, no earlier than three months from the date of
this favourable opinion letter. Where a deferral is agreed, a minimum research summary will still
be published in the research summaries database. At the end of the deferral period, we will
publish the full research summary.

Should you wish to provide a substitute contact point, make a request to defer, or require further
information, please visit: Research summaries - Health Research Authority (hra.nhs.uk)

It is the responsibility of the sponsor to ensure that all the conditions are complied with
before the start of the study or its initiation at a particular site (as applicable).

After ethical review: Reporting requirements

The attached document “After ethical review — guidance for researchers” gives detailed
guidance on reporting requirements for studies with a favourable opinion, including:

. Notifying substantial amendments

. Adding new sites and investigators

. Notification of serious breaches of the protocol

. Progress and safety reports

. Notifying the end of the study, including early termination of the study
. Final report

. Reporting results

The latest guidance on these topics can be found at Managing your approval - Health Research
Authority (hra.nhs.uk)

Ethical review of research sites

NHS/HSC sites

The favourable opinion applies to all NHS/HSC sites taking part in the study, subject to
confirmation of Capacity and Capability (in England, Northern Ireland and Wales) or
management permission (in Scotland) being obtained from the NHS/HSC R&D office prior to the
start of the study (see "Conditions of the favourable opinion" below).

Non-NHS/HSC sites
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| am pleased to confirm that the favourable opinion applies to any non-NHS/HSC sites listed in
the application, subject to site management permission being obtained prior to the start of the

study at the site.

Approved documents

The final list of documents reviewed and approved by the Committee is as follows:

Document Version Date

Covering letter on headed paper [Cover Letter] 15 March 2024
Covering letter on headed paper [Cover Letter] 2 24 April 2024
Evidence of Sponsor insurance or indemnity (non NHS Sponsors 26 July 2023
only) [Sponsor Insurance ]

Other [Data Linkage Information] v0.1 13 March 2024
Other [MPE Report for DXA] N/A 13 March 2024
Other [UKLLC Fair Processing Expansion] N/A 13 March 2024
Other [Substudy1 Protocol] vl2 13 March 2024
Other [Substudy1 VIS] vl 13 March 2024
Other [Substudy?2 Protocol] vl 13 March 2024
Other [Substudy?2 VIS] vl 13 March 2024
Other [Substudy3 Protocol] v0.1 13 March 2024
Other [Substudy3 VIS] v0.1 13 March 2024
Other [Substudy4 Protocol] v0.1 13 March 2024
Other [Substudy4 VIS] v0.1 13 March 2024
Other [Substudy5 Protocol] v01 13 March 2024
Other [Substudy6 Protocol] v01 13 March 2024
Other [Substudy7 Protocol] v0.1 13 March 2024
Other [Substudy7 VIS] v0.1 13 March 2024
Other [Substudy8 Protocol] v0.1 13 March 2024
Other [Substudy5 VIS] 1.0 18 April 2024
Other [Substudy6 VIS] 1.0 18 April 2024
Other [Substudy8 VIS] 1.0 18 April 2024
Other [Substudy 6 Twinclusion Microbiome Questionnaire] 40 18 April 2024
Other [Substudy 6 Twinclusion Oral Inflammatory Load 3.0 18 April 2024
Questionnaire]

Other [Substudy 7 Ageing Immune ChrX Questionnaire] 0.1 23 April 2024
Other [TwinsUK Study Recruitment Email] 0.1 18 April 2024
Participant consent form [Young People Assent 6-15 Yrs] v0.1 13 March 2024
Participant consent form [Parents Consent] 10 18 April 2024
Participant consent form [Adult Consent] 10 18 April 2024
Participant information sheet (PIS) [10-15 Yrs VIS ] v01 13 March 2024
Participant information sheet (PIS) [6-9 Yrs VIS] v0.1 13 March 2024
Participant information sheet (PIS) [Under 6 Yrs VIS] v0.1 13 March 2024
Participant information sheet (PIS) [Adult VIS] 10 18 April 2024
Participant information sheet (PIS) [Parents VIS] 10 18 April 2024

REC Application Form [REC_Form_21032024]

21 March 2024
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Research protocol or project proposal v0 1 13 March 2024
Research protocol or project proposal 10 18 April 2024
Summary CV for Chief Investigator (CI) [Cl's CV] 13 March 2024

Statement of compliance

The Committee is constituted in accordance with the Governance Arrangements for Research
Ethics Committees and complies fully with the Standard Operating Procedures for Research
Ethics Committees in the UK.

User Feedback

The Health Research Authority is continually striving to provide a high quality service to all
applicants and sponsors. You are invited to give your view of the service you have received and
the application procedure. If you wish to make your views known please use the feedback form
available on the HRA website: Quality assurance - Health Research Authority (hra.nhs.uk)

HRA Learning

We are pleased to welcome researchers and research staff to our HRA Learning Events and
online learning opportunities— see details at: Learning - Health Research Authority (hra.nhs.uk)

| IRAS project ID: 342169 Please quote this number on all correspondence |

With the Commiittee’s best wishes for the success of this project.
Yours sincerely

Cina Guavatiors

On behalf of

Mr Paul Mooney
Chair

Email: liverpoolcentral.rec@hra.nhs.uk

Enclosures: “After ethical review — guidance for researchers”
After ethical review guidance for sponsors and investigators -
Standard Conditions for Programmes of Research

Copy to: Professor Bashir Al-Hashimi
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University of East Anglia
Norwich Research Park

+ Norwich. NR4 7TJ
Email: ethicsmonitor@uea.ac.uk

University of East Anglia Web: www.uea.ac.uk

Study title: VR-FOCUS: Leveraging sensor-based technologies and machine learning for real-time optimisation of cognitive load
within virtual reality.

Application ID: ETH2324-2498
Dear Jordan,

Your application was considered on 23rd August 2024 by the FMH S-REC (Faculty of Medicine and Health Sciences Research
Ethics Subcommittee).

The decision is: approved.
You are therefore able to start your project subject to any other necessary approvals being given.

If your study involves NHS staff and facilities, you will require Health Research Authority (HRA) governance approval before you
can start this project (even though you did not require NHS-REC ethics approval). Please consult the HRA webpage about the
application required, which is submitted through the IRAS system.

This approval will expire on 1st July 2025.

Please note that your project is granted ethics approval only for the length of time identified above. Any extension to a project
must obtain ethics approval by the FMH S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee)
before continuing.

It is a requirement of this ethics approval that you should report any adverse events which occur during your project to the FMH
S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee) as soon as possible. An adverse event is one
which was not anticipated in the research design, and which could potentially cause risk or harm to the participants or the
researcher, or which reveals potential risks in the treatment under evaluation. For research involving animals, it may be the
unintended death of an animal after trapping or carrying out a procedure.

Any amendments to your submitted project in terms of design, sample, data collection, focus etc. should be notified to the FMH
S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee) in advance to ensure ethical compliance. If the
amendments are substantial a new application may be required.

Approval by the FMH S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee) should not be taken as
evidence that your study is compliant with the UK General Data Protection Regulation (UK GDPR) and the Data Protection Act
2018. If you need guidance on how to make your study UK GDPR compliant, please contact the UEA Data Protection Officer

(dataprotection @uea.ac.uk).

Please can you send your report once your project is completed to the FMH S-REC (fmh.ethics @uea.ac.uk).
I would like to wish you every success with your project.

On behalf of the FMH S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee)
Yours sincerely,

Dr Paul Linsley
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University of East Anglia
Norwich Research Park

+ Norwich. NR4 7TJ
Email: ethicsmonitor@uea.ac.uk

University of East Anglia Web: www.uea.ac.uk

Study title: PainWaves: An Investigation of EEG Biomarkers in Chronic Pain to Inform Future Targeted Treatments
Application ID: ETH2425-2568
Dear Jordan,

Your application was considered on 12th September 2025 by the FMH S-REC (Faculty of Medicine and Health Sciences
Research Ethics Subcommittee).

The decision is: approved.
You are therefore able to start your project subject to any other necessary approvals being given.
This approval will expire on 30th September 2030.

Please note that your project is granted ethics approval only for the length of time identified above. Any extension to a project
must obtain ethics approval by the FMH S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee)
before continuing.

It is a requirement of this ethics approval that you should report any adverse events which occur during your project to the FMH
S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee) as soon as possible. An adverse event is one
which was not anticipated in the research design, and which could potentially cause risk or harm to the participants or the
researcher, or which reveals potential risks in the treatment under evaluation. For research involving animals, it may be the
unintended death of an animal after trapping or carrying out a procedure.

Any amendments to your submitted project in terms of design, sample, data collection, focus etc. should be notified to the FMH
S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee) in advance to ensure ethical compliance. If the
amendments are substantial a new application may be required.

Approval by the FMH S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee) should not be taken as
evidence that your study is compliant with the UK General Data Protection Regulation (UK GDPR) and the Data Protection Act
2018. If you need guidance on how to make your study UK GDPR compliant, please contact the UEA Data Protection Officer

(dataprotection@uea.ac.uk).

Please can you send your report once your project is completed to the FMH S-REC (fmh.ethics @uea.ac.uk).
1 would like to wish you every success with your project.

On behalf of the FMH S-REC (Faculty of Medicine and Health Sciences Research Ethics Subcommittee)
Yours sincerely,

Dr Paul Linsley
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NHS
Health Research Authority

South West - Cornwall & Plymouth Research Ethics Committee
Level 3

Block B

Whitefriars

Lewins Mead

Bristol

BS12NT

Telephone: 02071048033/53

Please note: This is the
favourable opinion of the

REC only and does not allow
you to start your study at NHS
sites in England until you
receive HRA Approval

01 June 2020

Dr Jordan Tsigarides

NIHR Academic Clinical Fellow (Rheumatology)
Norfolk and Norwich University Hospital

Norfolk and Norwich University Hospital

Colney Lane, Norwich

Norfolk

NR47UY

Dear Dr Tsigarides

Study title: Investigating Virtual Immersive Experiences in the
Management of Chronic Widespread Pain — The VIPA
Study

REC reference: 20/SW/0050

Protocol number: 2.0

IRAS project ID: 271209

Thank you for your responding to the Committee’s request for further information on the above
research and submitting revised documentation.

The further information has been considered on behalf of the Committee by the Chair.
Confirmation of ethical opinion
On behalf of the Committee, | am pleased to confirm a favourable ethical opinion for the above

research on the basis described in the application form, protocol and supporting documentation
as revised, subject to the conditions specified below.
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Confirmation of Capacity and Capability (in England, Northern Ireland and Wales) or NHS
management permission (in Scotland) should be sought from all NHS organisations involved in
the study in accordance with NHS research governance arrangements. Each NHS organisation
must confirm through the signing of agreements and/or other documents that it has given
permission for the research to proceed (except where explicitly specified otherwise).

Guidance on applying for HRA and HCRW Approval (England and Wales)/ NHS permission for
research is available in the Integrated Research Application System.

For non-NHS sites, site management permission should be obtained in accordance with the
procedures of the relevant host organisation.

Sponsors are not required to notify the Committee of management permissions from host
organisations

Regqistration of Clinical Trials

It is a condition of the REC favourable opinion that all clinical trials are registered on a
publicly accessible database. For this purpose, ‘clinical trials’ are defined as the first four project
categories in IRAS project filter question 2. Regqistration is a legal requirement for clinical trials
of investigational medicinal products (CTIMPs), except for phase | trials in healthy volunteers
(these must still register as a condition of the REC favourable opinion).

Registration should take place as early as possible and within six weeks of recruiting the first
research participant at the latest. Failure to register is a breach of these approval conditions,
unless a deferral has been agreed by or on behalf of the Research Ethics Committee ( see here
for more information on requesting a deferral:
https://www.hra.nhs.uk/planning-and-improving-research/research-planning/research-registration-rese
arch-project-identifiers/

As set out in the UK Policy Framework, research sponsors are responsible for making
information about research publicly available before it starts e.g. by registering the research
project on a publicly accessible register. Further guidance on registration is available at:
https://www.hra.nhs.uk/planning-and-improving-research/research-planning/transparency-responsibilit

ies/

You should notify the REC of the registration details. We will audit these as part of the annual
progress reporting process.

It is the responsibility of the sponsor to ensure that all the conditions are complied with
before the start of the study or its initiation at a particular site (as applicable).

After ethical review: Reporting requirements

The attached document “After ethical review — guidance for researchers” gives detailed
guidance on reporting requirements for studies with a favourable opinion, including:
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. Notifying substantial amendments

. Adding new sites and investigators

. Notification of serious breaches of the protocol

. Progress and safety reports

. Notifying the end of the study, including early termination of the study
. Final report

The latest guidance on these topics can be found at
https://www.hra.nhs.uk/approvals-amendments/managing-your-approval/.

Ethical review of research sites
NHS/HSC sites

The favourable opinion applies to all NHS/HSC sites listed in the application subject to
confirmation of Capacity and Capability (in England, Northern Ireland and Wales) or
management permission (in Scotland) being obtained from the NHS/HSC R&D office prior to the
start of the study (see "Conditions of the favourable opinion" below).

Non-NHS/HSC sites

| am pleased to confirm that the favourable opinion applies to any non-NHS/HSC sites listed in
the application, subject to site management permission being obtained prior to the start of the
study at the site.

Approved documents

The final list of documents reviewed and approved by the Committee is as follows:

Document Version Date

Evidence of Sponsor insurance or indemnity (non NHS Sponsors |1 11 February 2020
only) [Professional Indemnity Letter]

GP/consultant information sheets or letters [The VIPA Study - 2 15 April 2020
Appendix 19 - Letter to GP (Ver 1.0)]

IRAS Application Form [IRAS_Form_07052020] 07 May 2020
Letter from funder [Letters from Funders] 1 29 November 2019
Letter from sponsor [Letter from Sponsor] 1 11 February 2020
Letters of invitation to participant [The VIPA Study - Appendix 3 - 2.0 15 April 2020
Invitation Letter (Ver 2.0) - Updated for REC]

Non-validated questionnaire [The VIPA Study - Appendix 6 - 2.0 15 April 2020
Baseline Questionnaire (Ver 2.0) - Updated for REC]

Non-validated questionnaire [The VIPA Study - Appendix 13 - 1 15 April 2020
Experiment 1 Survey (Ver 1.0)]

Non-validated questionnaire [The VIPA Study - Appendix 15 - 1 15 April 2020
Experiment 2 Survey (Ver 1.0)]

Non-validated questionnaire [The VIPA Study - Appendix 16 - 1 15 April 2020
Experiment 3 Survey (Ver 1.0)]

Non-validated questionnaire [The VIPA Study - Appendix 17 - 1 15 April 2020
Experiment 4 Survey (Ver 1.0)]

Other [GANTT Chart] 2.0 15 April 2020
Other [Information Document for Participants - EEG] 1 15 April 2020
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Other [The VIPA Study - Amendments following REC meeting (Ver (1.0 15 April 2020
1.0)]

Participant consent form [The VIPA Study - Appendix 4 - Consent |2.0 15 April 2020
Form (Ver 2.0) - Updated for REC]

Participant information sheet (PIS) [The VIPA Study - Appendix 5 - |2.0 15 April 2020
Participant Information Sheet (Ver 2.0) - Updated for REC]

Research protocol or project proposal [The VIPA Study - Research |2.0 15 April 2020
Protocol]

Summary CV for Chief Investigator (Cl) [J Tsigarides CV] 1 31 January 2020

Summary, synopsis or diagram (flowchart) of protocol in non 20 15 April 2020
technical language [The VIPA Study - Appendix 1 - Flow Chart (Ver
2.0) - Updated for REC]

Validated questionnaire [The VIPA Study - Appendix 8 - Widespread|1 15 April 2020
Pain Index (WPI) (Ver 1.0)]

Validated questionnaire [The VIPA Study - Appendix 9 - Revised 1 15 April 2020
Fibromyalgia Impact Questionnaire (Ver 1.0)]

Validated questionnaire [The VIPA Study - Appendix 10 - McGill 1 15 April 2020
Pain Questionnaire (Ver 1.0)]

Validated questionnaire [The VIPA Study - Appendix 11 - Patient 1 15 April 2020
Health Questionnaire 9 (PHQ-9) (Ver 1.0)]

Validated questionnaire [The VIPA Study - Appendix 12 - 1 15 April 2020
Generalised Anxiety Disorder 7 (GAD-7) (Ver 1.0)]

Validated questionnaire [The VIPA Study - Appendix 14 - Pain 1 15 April 2020

Visual Analogue Scales (Ver 1.0)]

Statement of compliance

The Committee is constituted in accordance with the Governance Arrangements for Research
Ethics Committees and complies fully with the Standard Operating Procedures for Research
Ethics Committees in the UK.

User Feedback

The Health Research Authority is continually striving to provide a high quality service to all
applicants and sponsors. You are invited to give your view of the service you have received and
the application procedure. If you wish to make your views known please use the feedback form
available on the HRA website:
http://www.hra.nhs.uk/about-the-hra/governance/quality-assurance/

HRA Learning

We are pleased to welcome researchers and research staff to our HRA Learning Events and
online learning opportunities— see details at:
https://www.hra.nhs.uk/planning-and-improving-research/learning/
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I IRAS project ID: 271209 Please quote this number on all correspondence

With the Committee’s best wishes for the success of this project.

Yours sincerely

N

pp Dr Stephen Coles
Chair

Email:cornwallandplymouth.rec@hra.nhs.uk

Enclosures: “After ethical review — guidance for
researchers”
Copy to: Mr Graham Horne
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Appendix 6: Consent Forms

Norf.olk a!nd Norv_vich !lZlB Addenbrooke’s [\75]
University Hospitals NHS Trust

University of East Anglia Hr2Eedncation It

The VIPA Study
STUDY CONSENT FORM

Study Title: Investigating Virtual Immersive Experiences in the Management of Chronic Pain — The
VIPA Study

IRAS Project ID: 271209
Responsible Researcher: Dr Jordan Tsigarides (Principal Investigator)

Additional Researchers: Miss Vanessa Grove (Co-investigator), Dr Susan Miles (Co-investigator),
Dr Toby Smith (Co-investigator), Prof lain McNamara (Co-investigator), Dr Nicholas Shenker (Co-
investigator), Dr Saber Sami (Research Supervisor), Prof Alexander Macgregor (Research

Supervisor)

Please read statements 1-10 below and initial in the boxes to confirm that you agree
with the corresponding statement. On the back of this page, please print your
name/sign/date where indicated to confirm that you agree with statements 1-10. To be

considered for participation, you must agree to all of statements 1-10.
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At the end of this consent form please read the additional statements 11-12 and initial
in the boxes if you agree. It is not mandatory that you agree with these statements to

be considered for participation.

Please

initial
Statements 1-10

boxes

| confirm that | have read and understand the Participant Information Sheet
dated February 2020 (version 1.0) for the above study. | have had the
opportunity to consider the information, ask questions and have had these

answered satisfactorily.

| confirm that | have been fully informed of the nature and extent of any risk to

my health or well-being from participation in this study

| understand that my participation is voluntary and that | am free to withdraw at

any time,

without giving any reason, without my medical care or legal rights being

affected.

| understand that The VIPA Study research team will hold personal details
collected during the study for the purposes of carrying out the research project
as detailed in the Participant Information Sheet. If | withdraw from the study
after my data is analysed, | understand that my rights to access, change or
move my information are limited. The VIPA Study researchers need to
manage my information in specific ways in order for the research to be reliable
and accurate. Prior to data analysis, unless | specifically request for my data
to be removed, data collected up until the point of withdrawal will remain part

of the study.

| understand that the data from this research will be stored for a period of 10
years as per current University of East Anglia (UEA) data protection protocol

and Medical Research Council (MRC) guidelines.

| understand that personal information collected for the study will be kept on a
secure database as described in the Participant Information Sheet. Authorised

members of The VIPA Study research team will access personal information

only where necessary and will not share any personal details with anyone
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outside of the study. With the exception of a reasonable request from a
regulatory authority.

7. | agree to take part in the above study.

8. | agree to participate in at least one of the experiments outlined in the
Participant Information Sheet.

0. | agree to my GP being informed of my participation in the study.

10. |l understand that after | sign and return this consent form, it will be retained by
The VIPA Study research team. If | am eligible for participation, one of the
research team will check this form with me prior to participation in any of the
experiments.

Participant Name in Block Capitals Date Signature

Name of Research Team Member in Block Capitals Date Signature

Original to be retained by the research team

Copy to be given to the participant

Additional Statements 11-12

11 |l agree that my anonymised data can be shared with research collaborators
undertaking other ethically approved research both in the UK and
internationally.

12 || agree that the research team may use my details to contact me about other
research projects that may be relevant to me.
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[E\ The VR-FOCUS Study: Participant Information, Eligibility and Consent

University of East Anglia

* Required

Study Consent Form (A

Study Title: VR-FOCUS: Leveraging sensor-based technologies and machine learning for real-time optimisation of
cognitive load within virtual reality pain management interventions

Responsible Researcher: Dr Jordan Tsigarides (Principal Investigator)

Additional Researchers: Prof Anthony Bagnall (Co-investigator), Dr Jennifer Bowler (Secondary Research Supervisor),
Prof Alexander Macgregor (Primary Research Supervisor).

Please read the following statements and select "yes" to confirm your agreement. To be considered for participation, you

must agree to all of the following statements and print your name at the end.

| confirm that | have read and understand the Participant Information Sheet for the above study. |
have had the opportunity to consider the information, ask questions and have had these answered
satisfactorily. * 1}

O Yes

| confirm that | have been fully informed of the nature and extent of any risk to my health or well-
being from participation in this study. * [T}

O Yes

| understand that my participation is voluntary and that | am free to withdraw at any time, without
giving any reason, without my medical care, educational provision or legal rights being affected. *
0

O Yes
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| understand that The VR-FOCUS research team will hold personal details collected during the study
for the purposes of carrying out the research project as detailed in the Participant Information
Sheet. If | withdraw from the study after my data is analysed, | understand that my rights to access,
change or move my information are limited. The VR-FOCUS research team need to manage my
information in specific ways in order for the research to be reliable and accurate. Prior to data
analysis, unless | specifically request for my data to be removed, data collected up until the point of
withdrawal will remain part of the study. * [T}

O Yes

| understand that the data from this research will be stored for a period of 10 years as per current
University of East Anglia (UEA) data protection protocol and Medical Research Council (MRC)
guidelines. * 1}

O Yes

| understand that personal information collected for the study will be kept on a secure database as
described in the Participant Information Sheet. Authorised members of The VR-FOCUS research
team will access personal information only where necessary and will not share any personal details
with anyone outside of the study, with the exception of a reasonable request from a regulatory
authority. * 1}

O Yes

| agree to take part in the VR-FOCUS study. * [T}

O Yes

| agree that my anonymised data can be shared with research collaborators undertaking other
ethically approved research both in the UK and internationally. * [T}

(O Yes
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| agree that the research team may use my details to contact me about other research projects that
may be relevant to me. * [1}

O Yes

I understand that upon completion of this consent form, a record of my consent will be retained by
the VR-FOCUS research team and, prior to participation in data collection sessions, one of the
research team will re-confirm my consent to participate with me. * [T}

O Yes

Please print your name below to confirm your consent to participation in the VR-FOCUS study. *

0

Enter your answer

Back Page 3 of 4
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Appendix 7: Participant Information Sheets

Participant Information Sheet

Norfolk and Norwich m ) m
University Hospitals Addenbr()Nf)‘SkTe f
NHS Foundation Trust L

University of East Anglia

Study Title: Investigating Virtual Immersive Experiences in the Management of
Chronic Widespread Pain — The VIPA Study

IRAS Project ID: 271209
Date & Version: 15t October 2020, Version 2.0

Principal Investigator: Dr Jordan Tsigarides

Dear Sir/Madam,

We are inviting you to take part in a research study. Before you decide if you want to
be involved, it is important that you understand why we are conducting the research

and what your participation will involve.

Please read the following information carefully and take time to consider if you would
like to take part. After reading this information sheet, any questions about the study
can be directed to the main researcher (contact details below).

The project will be supervised by Professor Alexander Macgregor, Consultant
Rheumatologist and lead researcher at the University of East Anglia Centre for
Epidemiology Versus Arthritis, Norwich.

Why is this research being done?
The Burden of Chronic Pain in the UK

Chronic pain affects up to 50% of people in the UK and is a major cause of suffering
and disability worldwide. In the future, with the increasing age of the population, it is
likely that this percentage will continue to rise. At the moment, chronic pain is mostly
managed with medications, with morphine-like drugs being commonly prescribed.
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Unfortunately, these medications can cause a range of side effects that can worsen
the suffering of people with an already affected quality of life. Additionally, in chronic
widespread pain conditions such as Fibromyalgia Syndrome (FMS), evidence shows
that these medications are not very effective. Current guidelines from the European
League Against Rheumatism (EULAR) recommend other ‘non-drug’ treatments such
as exercise and psychological therapies. However, the availability of these treatments
to the people that need them is varied throughout the UK. It is important that new,
innovative and accessible therapies are developed to help to treat people suffering

from chronic pain.
Virtual Reality — A Potential New Treatment

Virtual reality (VR) is an innovative form of technology in which a person becomes fully
immersed within a 360-degree, computer generated, 3D, ‘virtual’ environment. The
visual element of a modern VR experience is achieved through the use of a head-
mounted display (HMD) with built in motion sensors that can detect different
movements of the head (see figures 1 & 2 below). When the head is moved in a VR
experience, the virtual environment adapts to this movement, allowing the user to see
a different aspect of the scene. The use of headphones attached to the HMD allows
the user to experience the scene through both audio and visual features. Finally,
depending on the VR experience, users can interact with the virtual environment in
different ways, most commonly achieved with the use of hand controllers. With these
three elements (visual immersion, auditory immersion and interactivity), the user can

have a feeling of presence within the virtual world.

The unique multi-sensory experience offered by VR has been shown to reduce
unpleasant symptoms, including pain and anxiety. We therefore believe that VR
therapy has exciting potential as a new treatment to benefit both the physical and
psychological wellbeing of patients with Fibromyalgia Syndrome. Multiple studies have
shown that use of VR can significantly reduce the amount of pain experienced in
people with acute (short term) painful conditions such as burns. However, we know
that chronic (longer term) pain is different from acute pain. Early research looking at
using VR for chronic pain is encouraging, although only a small number of research
studies have been reported so far. At this early stage in the study of this technology, it
is important that we find the best way of using this potential future therapy when using
it for people with Fibromyalgia Syndrome specifically. To determine this, we aim to
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conduct multiple small experiments to understand more about which VR technologies,
environments and activities show the most promising influence on pain and are most
acceptable to people suffering from Fibromyalgia Syndrome. It is important that we
study both how the VR therapy influences symptoms and also whether people with
Fibromyalgia Syndrome find this technology ‘acceptable’ (can tolerate and use the
technology).

Why have | been invited to take part?

You have been invited to join the study because you have a diagnosis of Fibromyalgia
Syndrome made by a Rheumatologist and are currently suffering from chronic pain
which is thought to be caused by this condition.

Do | have to take part?

No, choice to participate in the study is entirely voluntary and you can freely choose
not to take part in the study. Even if you are included as a participant in this study, you
may withdraw at any time without needing to provide a reason. You may also decide
to refuse to answer any question(s) involved in the study if you feel uncomfortable with

answering them.
Who are you looking for?

We are looking for volunteers who have a diagnosis of Fibromyalgia Syndrome above
18 years of age, have time to take part, and have a good understanding of English.
This is to ensure that participants can fully understand the study proceedings and what
is expected of them before consenting to take part. To take part, you must have been

suffering from persistent or recurrent pain for the last 3 months or more.
You will not be able to take part in the study if you have:

e Any condition in which the symptoms can be brought on by flashing lights or
screens

e Adiagnosis of cognitive impairment or dementia

e A seeing or hearing impairment that would prevent use of the VR included in
the experiments

If | don’t take part, will it affect my treatment?

No, if you decide not to be involved in this study, your treatment will be in no way
affected. Similarly, if you decide to take part at first, but decide to withdraw from the
study, your treatment will be in no way affected. Withdrawing from the study will also
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have no effect on your legal rights, employment or participation in other research

projects.
If | do take part, will you inform my general practitioner (GP)?

If after the screening process you are selected to take part in this study, we will inform
your GP. Your GP will be sent a letter informing them of your participation and
summarising the research project, including a short explanation of your involvement.
This is so that they are aware of your participation in the unlikely event that you need

to seek their medical input because of any ‘side effects’ from being involved.
What will | have to do if | agree to take part?

This study is going to be split into four individual experiments, each with different
elements to them. On the reply slip located at the bottom of the invitation letter you will
be asked to indicate which of the following experiments you would like to take part in.
You may choose to participate in any of the four experiments listed below. The number
of the below experiments that you choose to participate in is also your choice (you can
participate in all four of the experiments if you wish to). For each of the experiments,
you will be asked to attend a face-to-face session with a member of the research team
at the University of East Anglia (UEA).

Prior to starting the first experiment that you attend, you will be asked to read, complete
and sign a consent form to indicate that you consent to participation in this research
study. This will be withessed and countersigned by a member of the research team.
At the beginning of your first experiment, you also be asked to complete some initial
questionnaires asking about your condition, wellbeing and lifestyle. Before starting to
use the equipment in each of the experiments that you attend, you will be given a
safety briefing, and introduction to each of the pieces of technology that you will be
using. A research team member will be present throughout each experiment and will
answer any questions that you have. You will also have access to this information
sheet.

Here are the outlines for each experiment individually:
Experiment 1 — Different VR Technologies

What do you aim to achieve with Experiment 1?
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o This experiment aims to compare four different types of commercially
available VR technology and determine which of these that people with
Fibromyalgia Syndrome prefer and tolerate best.

What does Experiment 1 involve me doing?

o During this experiment, you will be asked to use each piece of VR
technology to complete a short activity. After completing the activity using
one of the pieces of VR technology, you will be given some time to reflect
on your experience and will be asked to complete a questionnaire describing
your thoughts/feelings. You will then be asked to complete the same activity
using a different piece of VR technology. After using all four of the pieces of
VR technology, you will be asked to complete a final questionnaire in which
we will ask you specific questions to compare your experience with each
piece of technology. Completion of this questionnaire will signal the end of
this experiment. Your visit will take about 2-3 hours from arrival to this end
point.

Experiment 2 — Different Virtual Environments
What do you aim to achieve with Experiment 2?

o This experiment aims to compare which of our two different virtual
environments are most preferred and tolerated in people with Fibromyalgia
Syndrome.

o Also, we aim to compare how two different environments can affect the pain
levels and brainwave patterns in people with Fibromyalgia Syndrome. This
experiment will use electroencephalography (EEG) to record the brainwave
patterns before, during and after using VR (there is more information about
the EEG technology further below).

What does Experiment 2 involve me doing?

o Before using the technology, you will be asked to rate your level of pain on
a visual analogue scale (VAS). The EEG equipment will then be placed on
your head. Following this, we will ask you to again rate your level of pain so
that this can be matched with the signals recorded by the EEG. At this stage,
we will record your brainwaves at rest for a short period of time. There may
be some adjustment of the EEG equipment during this time to ensure your
brainwaves are being recorded clearly. You will then be asked to wear the
VR equipment and use it to complete a short activity using the first virtual
environment. After this, you will be asked to rate your level of pain within the
VR technology and answer some short questions about your experience.
You will then be asked to complete the same activity using the second virtual
environment. Following this, you will again be asked to rate your level of
pain within the VR technology and answer the same short questions about
your experience. You will then be asked to remove the VR technology and
we will record your brainwaves at rest for a short period of time. Finally, a
member of the research team will assist you with removing the EEG
equipment. You will then be asked rate your pain for a final time and
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complete a questionnaire, asking you specific questions on your
experience/feelings of each of the virtual environments. Completion of this
questionnaire will signal the end of this experiment. Your visit will take about
2-3 hours from arrival to this end point.

Experiment 3 — Different Virtual Activities

What do you aim to achieve with Experiment 37

O

O

This experiment aims to compare which of our four different VR activities
are most preferred and tolerated in people with Fibromyalgia Syndrome.
Also, we aim to compare how the different activities can affect the pain
levels and brainwave patterns in people with Fibromyalgia Syndrome. This
experiment will use electroencephalography (EEG) to record the
brainwave patterns before, during and after using VR.

What does Experiment 3 involve me doing?

Before using the technology, you will be asked to rate your level of pain on
a visual analogue scale (VAS). The EEG equipment will then be applied to
your head. Following this, we will ask you to again rate your level of pain so
that this can be matched to the signals recorded by the EEG. At this stage,
we will record your brainwaves at rest for a short period of time. There may
be some adjustment of the EEG equipment during this time to ensure your
brainwaves are being recorded clearly. You will then be asked to use the VR
equipment to complete each of the four short activities. After each activity,
you will be asked to rate your level of pain within the VR technology and will
be asked some short questions about your experience. After completing the
final VR activity you will be asked to remove the VR technology and we will
record your brainwaves at rest for a short period of time. Finally, a member
of the research team will assist you with removing the EEG equipment. You
will then be asked rate your pain for a final time and complete a
questionnaire, asking you specific questions on your experience/feelings of
each of the VR activities. Completion of this questionnaire will signal the end
of this experiment. Your visit will take about 2-3 hours from arrival to this end

point.

Experiment 4 — The Brain-Computer Interface

310



What do you aim to achieve with Experiment 4?

o This experiment aims to see if using a brain-computer interface (BCI) with
VR is acceptable (tolerated) in people with Fibromyalgia Syndrome.

o Also, we aim to look at how BCI affects the pain levels and brainwaves in
people with Fibromyalgia Syndrome. This experiment will use
electroencephalography (EEG) to record the brainwave patterns before,
during and after using VR.

What does Experiment 4 involve me doing?

o Before using the technology, you will be asked to rate your level of pain on
a visual analogue scale (VAS). The EEG system will then be applied to your
head. Following this, we will ask you to again rate your level of pain. At this
stage, we will record your brainwaves at rest for a short period of time. There
may be some adjustment of the EEG equipment during this time to ensure
your brainwaves are being recorded clearly. You will then be asked to use
the VR/EEG equipment to perform a short ‘training’ session. This will involve
using your brainwaves to control the VR environment. When you and the
research team are satisfied that you are able to control the environment
effectively, you will be asked to rate your pain level. Following this, you will
be asked to complete a short activity using the VR/EEG equipment to control
elements of the environment with your brainwaves. After this activity you will
be asked to rate your pain levels again. You will then be asked to remove
the VR technolog and we will record your brainwaves at rest for a short
period of time. Finally, a member of the research team will assist you with
removing the EEG equipment. You will then be asked rate your pain for a
final time and complete a questionnaire, asking you specific questions on
your experience/feelings of using the VR BCIl. Completion of this
questionnaire will signal the end of this experiment. Your visit will take about
2-3 hours from arrival to this end point.

After you have selected the experiment(s) that you would like to participate in (on the
return slip at the bottom of the invitation letter) and returned this to us, the research
team will contact you using the contact information that you provide and offer you

dates/times of available sessions. You will then be asked to select a date/time which

is most convenient for you.
Why are you using EEG in your experiments?

Using EEG allows us to look at the electrical activity across the brain, which can help
us to understand more about certain medical conditions or symptoms and how our
brains process information. Similarly, looking at how these brainwave patterns change
with different conditions (such as when using VR) can help us to understand how our
therapies are working. Gaining information on the brainwave patterns of lots of people
with Fibromyalgia Syndrome allows us to look for similarities that may be due to the
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condition. We can also potentially look for similarities in other data sets that have been
collected by other researchers, allowing us to build up a picture of how this condition
affects the brain and how VR can be used to help with symptoms.

| am interested in participating in one of the experiments with the EEG, what is
the procedure of using this?

Throughout the experiment, one of our research team will be there to assist you with
putting on the EEG equipment and applying the electrodes to your head to measure

your brainwaves.

Firstly you will be asked to put an EEG cap on your head. The cap will have holes in
it to allow for the EEG sensors (also called “electrodes”) to be applied to the head.
After parting the hair over the location of each of these holes, the research team will
use a small cotton swab to clean the skin around where the electrodes will be placed.
The electrodes will then be applied to the scalp with use of a small amount of gel to
allow for a good signal. After each electrode has been secured, the research team will
confirm that the computer is receiving a clear signal from the EEG equipment. There

may be some readjustment or re-application of electrodes required to ensure this.

You are using a “brain-computer interface” (BCl) in Experiment 4, could you tell

me more about this?

Brain-computer interfaces (BCI) are systems that enable communication between the
brain and technological devices like computers. Firstly, electrical signals are collected
from the brain with EEG using the procedure described above. These signals are sent
to a high-powered computer which translates them into commands to control the
computer program/device. By encouraging the user to think about performing a certain
task lots of times, the user can start to control elements of the computer program with
just the use of their ‘brainwaves’. This may be controlling the cursor of a computer
mouse, or typing on a virtual keyboard with the use of brainwaves alone. Within the
experiment, the EEG will be linked to a VR program and, through use of brainwaves

alone, our participants will use this to control elements of the VR environment.
What are the possible benefits of taking part?

There have only been a small number of research studies that have looked at using
VR as a therapy for chronic pain. Some of the participants in these studies found that

their pain levels were reduced whilst using VR and for a short time afterwards.
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However, these studies were small and included people with a range of different
chronic pain conditions. Although research looks promising and you may experience
short-term reductions in your pain when using VR, it is important to know that we are
still experimenting with the use of VR technologies as treatments for chronic pain and

cannot guarantee any changes in your symptom levels.

Brain-computer interfaces (BCI) are relatively new and, although they have been
studied before in rehabilitation, this will be one of the first studies to use BCI in people
with chronic pain. Although we think that using BCl with VR could help with the
symptoms in Fibromyalgia Syndrome, we are still experimenting with this technology
and cannot guarantee any changes in your symptom levels.

Ultimately, your participation will help us to target the future development of our VR
programs. This may help us to produce a more effective and acceptable intervention
in the future. The results from your participation in this study will help to inform the
scientific community on these types of interventions. The results will also help to inform
further research trials. In the future, by adding to the current research base, we can
move closer to developing a VR therapy that could be used in the management of

Fibromyalgia Syndrome.
What are the possible risks and discomforts of taking part in this research?

All of the VR technologies used in this study are commercially available and used
regularly by millions of people all over the world. The risks of participating in this
research study are minimal, and similar studies have shown very low rates of side-
effects when using similar technologies. Despite this, it is important to know any

potential risks before agreeing to participate.

In a small number of people, using VR technology can cause a feeling of nausea and
dizziness, similar to motion sickness. This is usually mild and settles quickly once the
headset has been removed. With modern VR technology this is minimised, but if you
feel any discomfort when using any of the technology, please let the research team

know and you can stop using it.

Whilst using VR, people lose awareness of their surroundings. In rare circumstances,
the user could sustain an injury from hazards within the room. To address this problem,
you will only use the VR technology whilst sitting down on a chair that is able to rotate.

The room will also be cleared of potential hazards.
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The VR activities may involve some fast movements of your arms and upper body.
There will also be an element of rotation of the head required to look around the VR
environment. These movements could potentially cause increased pain in people with
Fibromyalgia Syndrome. Additionally, people with Fibromyalgia Syndrome can
experience pain when objects make contact with their skin. Use of the VR/EEG
equipment could potentially cause pain in some people as they are worn on the head.
If you feel discomfort at any time during the experiment, you are free to stop using the

equipment.

There are some medical conditions (such as migraines and seizures) where symptoms
can triggered when viewing screens or experiencing flashing lights. If you do suffer
from a condition like this, you will be excluded from the study as a safety precaution.

In certain individuals it is possible that the special conductive gel used to attach the
EEG electrodes may cause some minor discomfort due to skin irritation. If this causes
discomfort at the time of the testing, we will move the electrode to an unaffected area.
This gel can also leave a flaky residue on the skin but can be removed following a hair

wash.

Will my involvement in the study be confidential and how will you manage my
data?

All data will be handled in accordance with the General Data Protection Regulation
(GDPR; see end of document for further information). After collection, all personal
details supplied by you will be stored securely on an encrypted university server and
will only be used for the purposes of carrying out the research project as detailed in
this participant information sheet. Your personal details will be entered onto an
encrypted spreadsheet alongside your participant number. This data will be kept on a
secure server, separate from other study data and will only be accessible to the
research team when absolutely necessary. All other data collected will be
anonymised to ensure your confidentiality as a participant. Again, this data will be
kept on a secure university server. The research team will not share your identifiable
details with anyone outside of the study, with the exceptions of a reasonable request
from a regulatory authority or if there are significant concerns over the safety of you
or another party. With your consent, the research team may use your details to

contact you about other relevant research projects.
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All electronic data and written consent forms will be kept available for 10 years as
per current UEA data protection protocol and Medical Research Council (MRC)
guidelines. After this 10-year period expires, data will be securely deleted by the
research team. Other forms of written data such as the questionnaires will be stored
securely for the duration of the study period. After the study period has ended, this
written data will be securely disposed of.

Who has reviewed this study?

An independent group of people called a Research Ethics Committee have reviewed
the research proposal. These groups look at the ethical and safety implications of
research to protect participants. This study has been reviewed and approved by an
NHS research ethics committee.

Am | getting paid for participating in the study?

Although we really appreciate your interest and participation, unfortunately we do not
have the budget available to pay our participants. However, there will be a small
amount of money available to each participant for help towards travel costs to get
to/from the study location. We will also provide water refreshments when you attend

for your experiment(s).
Who is funding/sponsoring this study?

The British Society of Rheumatology (BSR) have provided a grant to fund this study.
The Norwich Academic Training Office (NATO) and our industry partner (Orbital Media)
are also providing smaller amounts of funding. The Principal Investigator is an
Academic Clinical Fellow (ACF) and his salary is funded by the National Institute for
Health Research (NIHR). The University of East Anglia (UEA) are also providing
financial support and the regulatory infrastructure for the research to take place.
Orbital Media are a digital health company providing the VR program for use in the

experiments.
What will happen to the results of the research study?

The research team intend for the anonymised results to be presented at
national/international conferences and submitted for publication in peer-reviewed

scientific journals.

What will happen if | decide to withdraw from the study?
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You may withdraw from the study at any time and do not have to give a reason for
doing so. We may ask you for the reason you decided to withdraw to help inform the
design of our future studies, but you should not feel obliged to give a reason.

Any data collected while you were taking part in the study will be retained in line with
GDPR. If you were to withdraw before the data analysis has taken place, you have the
right to ask for your data to be excluded from the final analysis. If you do not specifically
ask for your data to be excluded, it may still be included in the final analysis.

What do | do now?

If you wish to take part in the study, we would now ask you to complete and return the
reply slip located at the bottom of your invitation letter. Alternatively, you can email
vipa.study@uea.ac.uk to declare your interest in taking part. Either with this reply slip,

or within the email, please indicate which of the experiments you would like to be
involved in (see above for more details of each experiment). Please also provide your
telephone number and email address so that we can contact you regarding the next
steps.

After receiving your response, a member of the research team will contact you (using
the details that you provide) to confirm that you are eligible to participate in the study
and offer you dates/times to attend the experiment(s). At this stage and throughout the

study, the research team will answer any questions that you may have.

If you have any further questions relating to this study, please get in touch with the

main researcher using the contact details below.

If you do not wish to take part, please ignore this communication.

Contact details of the main researcher:

Dr Jordan Tsigarides

University of East Anglia Centre for Epidemiology Versus Arthritis
Bob Champion Research and Education Building (BCRE)
Colney Lane

Norwich

NR4 7UQ

Tel: 01603 591793
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Email: vipa.study@uea.ac.uk

This page explains how health researchers use information from
patients. If you are asked to take part in research, you can ask what

will happen in the study.’

What is patient data?

When you go to your GP or hospital, the doctors and others looking after you will
record information about your health. This will include your health problems, and the
tests and treatment you have had. They might want to know about family history, if you
smoke or what work you do. All this information that is recorded about you is called
patient data or patient information.

When information about your health care joins together with information that can show
who you are (like your name or NHS number) it is called identifiable patient
information. It's important to all of us that this identifiable patient information is kept
confidential to the patient and the people who need to know relevant bits of that
information to look after the patient. There are special rules to keep confidential patient

information safe and secure.
What sort of patient data does health and care research use?
There are lots of different types of health and care research.

If you take part in a clinical trial, researchers will be testing a medicine or other
treatment. Or you may take part in a research study where you have some health tests
or answer some questions. When you have agreed to take part in the study, the
research team may look at your medical history and ask you questions to see if you
are suitable for the study. During the study you may have blood tests or other health
checks, and you may complete questionnaires. The research team will record this data
in special forms and combine it with the information from everyone else in the study.

This recorded information is research data.

In other types of research, you won’t need to do anything different, but the research
team will be looking at some of your health records. This sort of research may use
some data from your GP, hospital or central NHS records. Some research will combine
these records with information from other places, like schools or social care. The
information that the researcher collects from the health records is research data.
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Why does health and care research use information from patients?

In clinical trials, the researchers are collecting data that will tell them whether one
treatment is better or worse than other. The information they collect will show how safe
a treatment is, or whether it is making a difference to your health. Different people can
respond differently to a treatment. By collecting information from lots of people,
researchers can use statistics to work out what effect a treatment is having.

Other types of research will collect data from lots of health records to look for patterns.
It might be looking to see if any problems happen more in patients taking a medicine.
Or to see if people who have screening tests are more likely to stay healthier.

Some research will use blood tests or samples along with information about the
patient’s health. Researchers may be looking at changes in cells or chemicals due to
a disease.

All research should only use the patient data that it really needs to do the research.
You can ask what parts of your health records will be looked at.

How does research use patient data?

If you take part in some types of research, like clinical trials, some of the research
team will need to know your name and contact details so they can contact you about
your research appointments, or to send you questionnaires. Researchers must always
make sure that as few people as possible can see this sort of information that can

show who you are.

In lots of research, most of the research team will not need to know your name. In
these cases, someone will remove your name from the research data and replace it
with a code number. This is called coded data, or the technical term is pseudonymised
data. For example, your blood test might be labelled with your code number instead
of your name. It can be matched up with the rest of the data relating to you by the code

number.

In other research, only the doctor copying the data from your health records will know
your name. They will replace your name with a code number. They will also make sure
that any other information that could show who you are is removed. For example,
instead of using your date of birth they will give the research team your age. When

there is no information that could show who you are, this is called anonymous data.
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Where will my data go?

Sometimes your own doctor or care team will be involved in doing a research study.
Often, they will be part of a bigger research team. This may involve other hospitals, or
universities or companies developing new treatments. Sometimes parts of the
research team will be in other countries. You can ask about where your data will go.
You can also check whether the data they get will include information that could show
who you are. Research teams in other countries must stick to the rules that the UK

uses.
All the computers storing patient data must meet special security arrangements.

If you want to find out more about how companies develop and sell new medicines,
the Association of the British Pharmaceutical Industry has information on its website

(https://www.abpi.org.uk/).
What are my choices about my patient data?

e You can stop being part of a research study at any time, without giving a reason,
but the research team will keep the research data about you that they already
have. You can find out what would happen with your data before you agree to
take part in a study.

e In some studies, once you have finished treatment the research team will
continue to collect some information from your doctor or from central NHS
records over a few months or years so the research team can track your health.
If you do not want this to happen, you can say you want to stop any more
information being collected.

o Researchers need to manage your records in specific ways for the research to
be reliable. This means that they won'’t be able to let you see or change the
data they hold about you. Research could go wrong if data is removed or
changed.

What happens to my research data after the study?

Researchers must make sure they write the reports about the study in a way that no-

one can work out that you took part in the study.

Once they have finished the study, the research team will keep the research data for
several years, in case they need to check it. You can ask about who will keep it,
whether it includes your name, and how long they will keep it.

Usually your hospital or GP where you are taking part in the study will keep a copy of
the research data along with your name. The organisation running the research will
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usually only keep a coded copy of your research data, without your name included.
This is kept so the results can be checked.

If you agree to take part in a research study, you may get the choice to give your
research data from this study for future research. Sometimes this future research may
use research data that has had your name and NHS number removed. Or it may use
research data that could show who you are. You will be told what options there are.
You will get details if your research data will be joined up with other information about

you or your health, such as from your GP or social services.

Once your details like your name or NHS number have been removed, other
researchers won'’t be able to contact you to ask you about future research.

Any information that could show who you are will be held safely with strict limits on

who can access it.

You may also have the choice for the hospital or researchers to keep your contact
details and some of your health information, so they can invite you to take part in future
clinical trials or other studies. Your data will not be used to sell you anything. It will not

be given to other organisations or companies except for research.
Will the use of my data meet GDPR rules?

GDPR stands for the General Data Protection Regulation. In the UK we follow the
GDPR rules and have a law called the Data Protection Act. All research using patient

data must follow UK laws and rules.

Universities, NHS organisations and companies may use patient data to do research
to make health and care better.

When companies do research to develop new treatments, they need to be able to
prove that they need to use patient data for the research, and that they need to do the
research to develop new treatments. In legal terms this means that they have a
‘legitimate interest’ in using patient data.

Universities and the NHS are funded from taxes and they are expected to do research
as part of their job. They still need to be able to prove that they need to use patient
data for the research. In legal terms this means that they use patient data as part of ‘a
task in the public interest’.
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If they could do the research without using patient data they would not be allowed to

get your data.

Researchers must show that their research takes account of the views of patients and
ordinary members of the public. They must also show how they protect the privacy of
the people who take part. An NHS research ethics committee checks this before the
research starts.

What if | don't want my patient data used for research?

You will have a choice about taking part in a clinical trial testing a treatment. If you
choose not to take part, that is fine.

In most cases you will also have a choice about your patient data being used for other
types of research. There are two cases where this might not happen:

1. When the research is using anonymous information. Because it's anonymous,
the research team don’t know whose data it is and can’t ask you.

2. When it would not be possible for the research team to ask everyone. This
would usually be because of the number of people who would have to be
contacted. Sometimes it will be because the research could be biased if some
people chose not to agree. In this case a special NHS group will check that the
reasons are valid. You can opt-out of your data being used for this sort of
research. You can ask your GP about opting-out, or you can find out more on
the HRA’'s website (https://www.hra.nhs.uk/information-about-patients/).

Who can | contact if | have a complaint?

If you want to complain about how researchers have handled your information, you
should contact the research team. If you are not happy after that, you can contact the
Data Protection Officer. The research team can give you details of the right Data

Protection Officer.

If you are not happy with their response or believe they are processing your data in a
way that is not right or lawful, you can complain to the Information Commissioner’s
Office (ICO) (www.ico.org.uk or 0303 123 1113).

1 https://www.hra.nhs.uk/planning-and-improving-research/policies-standards-legislation/data-
protection-and-information-governance/gdpr-guidance/templates/template-wording-for-generic-

information-document/
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LEA

University of East Anglia

Study Title: VR-FOCUS: Leveraging sensor-based technologies and machine learning for

real-time optimisation of cognitive load within virtual reality pain management interventions
Date & Version: July 2024, Version 1.0

Principal Investigator: Dr Jordan Tsigarides

Research Supervisor: Prof Alexander Macgregor

Dear Sir/Madam,

We are inviting you to take part in a research study. Before you decide that you want to be
involved in the study, it is important that you understand why we are conducting the research

and what your participation will involve.

Please read the following information carefully and take time to consider if you would like to
take part. After reading this information sheet, any questions about the study can be directed

to the main researcher (contact details below).

Why is this research being done?

The Burden of Chronic Pain in the UK

Chronic pain affects up to 50% of the UK population and is a major cause of suffering and
disability worldwide. Unfortunately, many of the recommended non-drug treatments are hard
to access in the UK, meaning that people living with pain often have few treatment options.
Virtual Reality (VR) offers a new and promising way to deliver effective non-drug treatments
in the home setting. VR has been shown to help manage pain in various settings and in various

ways, including engaging the user’s attention away from pain.
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Virtual Reality — A Potential New Treatment Needing Personalisation

VR is a novel technology in which a person becomes fully immersed within a 360-degree,
computer generated, three-dimensional, ‘virtual’ environment through use of a head-mounted
system. Previous research at the University of East Anglia (UEA) has tested VR for chronic
pain management. These studies showed that VR is both acceptable to patients and can be
effective in reducing pain. However, not everyone in these studies experienced the same level
of pain relief. This variation is thought to be due to the lack of personalisation of the VR

experience to each individual's needs.

Using Sensors To Personalise VR

Everyone’s experience of pain is different, influenced by many factors such as their biology,
psychology, and social situation. Therefore, a “one-size-fits-all” approach to VR pain
management fails to consider the individual. To address this, we can use advanced technology
embedded in VR systems to collect real-time data about how each person responds to the VR
content. This data includes information like changes in pupil size, which can tell us about
cognitive processes (such as their cognitive load) whilst using VR. By combining this data with
information provided by the users themselves, supported by advanced artificial intelligence
techniques, we have the potential to develop highly personalised VR therapies of the future.
These therapies can adapt in real-time to meet the specific needs of each individual, making

treatment more tailored and hopefully more effective.

The VR-FOCUS Study

To achieve this goal, our study aims to create a reliable method for measuring cognitive load
using VR and eye-tracking technology. We will test this method in people both with and without
chronic pain to understand how well it works and how it can be improved. This foundational
research is essential for developing future VR treatments that are tailored to the individual’s
unique experiences.

Who are we looking to include in this study?

We will be looking for individuals to participate in this study if they are either:

1) A current student or staff member based at the UEA who is NOT suffering from acute
or chronic pain.

OR

2) An individual who is currently living with chronic pain (pain experienced for =3
months) that has participated in previous ethically approved research studies at the UEA.
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Those included need to be 18 years or older, have conversational English language skills

and the capacity to consent.

Who are we excluding from participation in this study?
People will not be able to take part if they:

a) Suffer with any conditions that are triggered or made worse by exposure to flashing
lights or screens.

b) Have a current visual or hearing impairment that would prevent them from using the
VR technology included. This would include severe near sightedness (-6 diopters or
worse).

c) Have a current facial injury or condition that may make use of a VR system
uncomfortable or impractical

d) Have any other conditions or are taking any medication that is known to affect
the movements of either eye, or the reactivity of the pupil.

What will | have to do if | agree to take part?
(1) Signing Up to Participate

If you do choose to participate, you will be directed to the study’s website where you will be
asked a few questions to ensure you are eligible for the study. There will also be access to
this participant information sheet and a consent form to confirm your consent to participate.
You will then be asked to provide your email address, after which you will be emailed by the
research team with your participant ID number and a weblink to choose a suitable time to

attend for your data collection session at the UEA.
(2) Your Data Collection Session — Practical Information and Introduction

Your session will be conducted in a room at the UEA (confirmed by the research team via
email in advance). Your session should take approximately 1 hour from start to finish. Upon
meeting the research team, you will be welcomed to the session and will gain an introduction
to the relevant technologies, questionnaires and activities involved. Prior to using the VR
systems you will be asked to complete some short questionnaires using either a laptop or
tablet. You will also be offered refreshments from the start (and throughout), will have access
to this participant information sheet to review at any time, and will be able to ask questions to

the research team.

(3) Your Data Collection Session — Setting up the VR System for You
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You will then be supported by the research team to use the VR head-mounted display (with
integrated eye tracking) and start the relevant
application. To ensure the eye tracking system is set
up for your eyes, you will complete a short
calibration exercise where you will be asked to gaze
at various dots in the virtual environment. This will
also adjust the VR system for your focal length.

Prior to completing any further activities, the

research team will make sure you are comfortable

with the VR system and can see elements of the environment clearly.

Figure 1: An example VR eye tracking system
(HTC VIVE XR Elite). Note: This may not be the

VR system used in your data collection session.

(4) Your Data Collection Session — The First VR Activity (VR N-Back Task)

Following set-up, you will be asked to complete the first VR activity. This activity is a VR
version of a validated psychometric task called the N-Back task; a simple memory game that
helps us to understand how the brain works whilst you are focusing, remembering and

responding to things in the environment.

The N-Back task is split into different challenge ‘levels’ from 0-Back to 4-Back. You will start
with the 0-Back task, but after this the order in which you complete the levels will be random
(e.g. you may perform the 2-Back task next, followed by the 1-Back, 4-Back and finally the 3-
Back tasks). Each N-Back task will present a sequence of letters to you within a large square
in the centre of your vision. Each letter will be presented for a short period of time, with a
slightly longer (but still short) period of time between letters. Your task will be to decide if the
current letter matches the one that appeared a few steps earlier and press a button on the
controller when you think it does. This will depend on the level of the task you’re completing,
more specifically:

e (0-Back Task: You will be asked to respond (press a button) every time the X letter
appears. This is a baseline task and does not require you to remember previous
letters.

e 1-Back Task: You will be asked to respond when the same letter appears twice in a
row (e.g. a B letter followed by another B).

e 2-Back Task: You will be asked to respond when the same letter appears two steps
after it appeared previously (e.g. a B letter, followed by a C, followed by a another B)

o 3-Back Task: You will be asked to respond when the same letter appears three steps
after it appeared previously (e.g. B, C, A, B)
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e 4-Back Task: You will be asked to respond when the same letter appears four steps
after it appeared previously (e.g. B, C, A, Z, B)

For each task, there will be a short ‘demo’ run first to give you a chance to practice and
familiarise yourself with the task. Please note, although your performance on these tasks will
be monitored for the purposes of the study, this is NOT a test of your ability to complete the
tasks successfully. The tasks are used to provide different levels of cognitive load (difficulty)
to challenge your working memory. See Figure 2 below for a visual representation of the

tasks.

Press button

0-Back when the X A - S - F - X - T - D

appears

Press Button

Press button
when a letter

1Back M 'B > A - W > B > F 5 F
in a row

Press Button

Press button

2Back W T o G > T » W > A > M

2 steps after

Press Button

Press button
3Back “reetr A5 N |> F > A > K 5| D
3 steps after

Press Button

Press button
_ when a letter
4-Back re-appears R - E - R - L - Z - E

4 steps after

Press Button

Figure 2: The First Activity: VR N-Back Task - Explanation of the different levels.

Eye tracking data will be captured throughout the tasks within the VR system, and after
completing each ‘level’ you will be asked to complete a short questionnaire within the VR
system. After completing all of the tasks, you will be asked to remove the VR system,
complete a short questionnaire and given a break (with refreshments) before completing the

second VR activity.

(5) Your Data Collection Session — The Second VR Activity (VR Pain Management Task)
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Following your break, you will be supported to use the VR system for a second time by the
research team. You will be asked to re-complete the short eye tracking calibration prior to
starting the VR Pain Management activity. This activity was designed initially for people living
with chronic pain as a fun, but challenging memory task and was studied in previous
research at the UEA (The VIPA and RIVET studies). The activity is a simple sequence
memory task set in a farm-based environment (see Figure 3 below). You will undergo a
tutorial before starting to familiarise you with
the task. Then, you will be given 4 minutes to
complete the task in which you will be
challenged to remember the sequence of
trees appearing from different plots ina 3 x 3

grid. After a sequence is shown to you, you

will need to remember the order and use the

Figure 3: The Second Activity: VR Pain

Manaaement Memorv-based Task
the same order as the sequence. The sequence will start with three and will increase by

VR controller to point at and click the plots in

steps of one with each successful recall. You will also receive a score based on the number

of successful recalls achieved.

As with the first activity, your eye tracking data will be collected throughout completion of the
activity. After completing the activity once you will be asked to complete a short VR
questionnaire prior to removing the VR system, with a further short questionnaire after

removing the VR system.
(6) Your Data Collection Session — The End of the Session

After completing the second VR activity and associated questionnaires, the research team
will check you comfortable before explaining how your data will be processed and inviting

any questions. Following this, the research team will close the session.
Do | have to take part?

No, choice to participate in the study is entirely voluntary and you can freely choose not to
take part in the study. Even if you are included as a participant in this study, you may withdraw
at any time without needing to provide a reason. You may also decide to refuse to answer any

question(s) involved in the study if you feel uncomfortable with answering them.
If | don’t take part, will it affect my treatment or education?

If you decide not to be involved in this study, your treatment or educational provision will be in
no way affected. Similarly, if you decide to take part at first, but decide to withdraw from the

study, these will be in no way affected.
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Why are you using eye tracking in your experiments?

Using eye tracking allows us to look at small changes in the way your eyes adapt to various
tasks as a reflection of your cognitive processes. We feel that these changes in the eyes can
be used in the future as an objective marker of things like the user’s ‘mental effort’ and
‘attention’ which can be used to support a personalised VR therapy. Collecting data like this in
the context of VR pain management has not been done before, and we are looking to collect
a rich dataset within this study to support development of advanced analysis models (powered

by artificial intelligence) and inform future work.
What are the possible benefits of taking part?

Although not a direct benefit for people taking part in the study, your participation will help us
to inform the future development of VR programs and will support new ways or providing
personalised VR therapeutics. This may aid in the production of more effective and acceptable
VR interventions in the future. The results from your participation in this study will help to
inform the scientific community on these types of intervention. The results will also help to
inform further research trials. In the future, by adding to the current research base, we can
move closer to developing personalised VR treatments that could be used in the management

of chronic pain.

For those experiencing pain at the time of the study, there is early evidence that use of VR
technology can help to reduce pain in people with chronic pain. Within this study, you may
experience short-term relief of pain or other symptoms when using the VR technology. It is
also possible that this relief of your symptoms could last for an extended period after removing

the VR technology.
What are the possible risks and discomforts of taking part in this research?

The risks of participating in this research study are minimal, and both our previous work and
similar studies have shown very low rates of side-effects when using similar VR technologies.

Despite this, it is important to know any potential risks before agreeing to participate.

In a small number of people, using VR technology can cause a feeling of nausea and
dizziness, similar to motion sickness. This is usually mild and settles quickly once the headset
has been removed. With modern VR technology this is minimised, but if you feel any
discomfort when using any of the technology, please let the research team know and you can

stop using it at any time.

Whilst using VR, people lose awareness of their surroundings. In rare circumstances, the user

could sustain an injury from hazards within the room. To address this problem, you will only
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use the VR technology whilst sitting down on a chair that is able to rotate. The room will also

be cleared of potential hazards.

The movement and attention required for the VR activities could theoretically cause increased
pain in people with chronic pain conditions. If you feel discomfort at any time during the

experiment, you are free to stop using the equipment.

There are some medical conditions (such as migraines and seizures) where symptoms can
triggered when viewing screens or experiencing flashing lights. You will be asked about this in
our initial eligibility questions. If you do disclose that you suffer from a condition like this, you

will be excluded from the study as a safety precaution.
Will my involvement in the study be confidential and how will you manage my data?

All data will be handled in accordance with the General Data Protection Regulation (GDPR).
After collection, all personal details supplied by you will be stored securely on an encrypted
university server and will only be used for the purposes of carrying out the research project
as detailed in this participant information sheet. Your personal details will be entered onto an
encrypted spreadsheet alongside your participant number. This data will be kept on a secure
server, separate from other study data and will only be accessible to the research team
when absolutely necessary. All other data collected will be anonymised to ensure your
confidentiality as a participant. Again, this data will be kept on a secure university server. Eye
tracking data collected can not be used to identify you. The research team will not share
your identifiable details with anyone outside of the study, with the exceptions of a reasonable
request from a regulatory authority or if there are significant concerns over the safety of you
or another party. With your consent, the research team may use your details to contact you

about other relevant research projects.

All electronic data will be kept available for 10 years as per current UEA data protection
protocol and Medical Research Council (MRC) guidelines. After this 10-year period expires,

data will be securely deleted by the research team.
Who has reviewed this study?

An independent group of people called a Research Ethics Committee have reviewed the
research proposal. These groups look at the ethical and safety implications of research to
protect participants. This study has been reviewed and approved by the UEA's Faculty of

Medicine and Health research ethics committee.

Am | getting paid for participating in the study?
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Although we really appreciate your interest and participation, unfortunately we do not have the
budget available to pay our participants. However, we will provide a variety of refreshments

when you attend for your experiment(s).
Who is funding/sponsoring this study?

This study forms part of a PhD project conducted by Dr Tsigarides, funded by the UEA and a
local digital health company acting as an industry sponsor (Revolve Labs Ltd). One of the VR
activities used has been provided free-of-charge by a second industry partner for use in this
study (Orbital Global Ltd).

What will happen to the results of the research study?

The research team intend for the anonymous results to be presented at national/international

conferences and submitted for publication in peer-reviewed scientific journals.
What will happen if | decide to withdraw from the study?

You may withdraw from the study at any time and do not have to give a reason for doing so.
We may ask you for the reason you decided to withdraw to help inform the design of our
future studies, but you should not feel obliged to give a reason.

Any data collected while you were taking part in the study will be retained in line with GDPR.
If you were to withdraw before the data analysis has taken place, you have the right to ask for
your data to be excluded from the final analysis. If you do not specifically ask for your data to

be excluded, it may still be included in the final analysis.
What to do now

If you wish to take part in the study, we would now ask you to complete the eligibility
questionnaire on our study webpage (see below for a QR code/link to access), prior to
confirming your consent and providing your email address. Depending on how you were
informed of the study, you may have already been directed to the study webpage to access
this participant information sheet — in which case please progress to the eligibility

questionnaire.

https://forms.office.com/e/NFS3G5YA2s
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If you have any further questions relating to this study, please get in touch with the main
researcher using the contact details below. We have also provided contact details for the

supervising researcher if required.

If you do not wish to take part, please ignore this communication.

Contact details of the main researcher and supervising researcher:
Dr Jordan Tsigarides

University of East Anglia Centre for Epidemiology Versus Arthritis

Bob Champion Research and Education Building (BCRE)

Colney Lane

Norwich

NR4 7UQ

Email: J.Tsigarides@uea.ac.uk

Prof Alexander Macgregor

University of East Anglia Centre for Epidemiology Versus Arthritis
Bob Champion Research and Education Building (BCRE)
Colney Lane

Norwich

NR4 7UQ

Email: a.macgregor@uea.ac.uk
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